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Abstract

The explainability and interpretability of learned latent spaces remain important and active avenues of investiga-
tion. In this work, we examine the effect of various materialization techniques that we hypothesize rigorously
and consistently impact learned representations of knowledge graphs. In particular, we examine the effect of
materializing the transitive closure for various relations over numeric literals-as-objects. We also consider the
impact of subsumptive windowing techniques. We test these theories through a series of controlled experiments
over synthetic knowledge graphs (SKGs) representing persons and their ages. Our results demonstrate consistent
ordering in the latent space, and the capacity to learn mappings across different monotonic number distributions.
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1. Introduction & Motivation

Knowledge Graph Embeddings (KGEs) facilitate the exploration of data and are a convenient learned
representation for a variety of tasks (e.g., link prediction [1] or entity clustering [2]). However, there
is a plethora of models, often grouped by machine learning task or differentiated based on target
graph characteristics. What information (or semantics) is preserved from the structure of our data
into the vector itself still remains unclear [3]. This work is motivated by the deeper investigation
between the “actual” semantics and the “learned” results the KGEs produce. We examine techniques for
enforcing distinct structures1 in a learned latent space. Generally speaking, we search for a contrived
scenario which is amenable to this, but is still representative of a real-world KG, and as such produce
recommendations to impact KGE outcomes. More specifically, we explore how numerical may be
preserved in the embedding, so as to have a better understanding on how this “learning” is effectuated.

To isolate the behavior of knowledge graph embeddings on numerical information, we construct
Synthetic Knowledge Graphs (SKGs) in which age is represented as a numeric literal. Age offers a
continuous, monotonic attribute with known ground-truth ordering, allowing us to systematically
evaluate both structure preservation and numeric inference. Consistent removal of age relations further
enables simulation of different supervision levels while maintaining a controlled experimental setting.

We build upon the state of the art in understanding and evaluating KGEs [4, 5, 6, 7, 8]. This work aims
to address the following research questions (RQs), at a broad level:

Third Workshop on Knowledge Graphs and Neurosymbolic AI (KG-NeSy 2026), in ISWC 2026 Workshops Joint Proceedings, October
25–26, 2026, Bari, Italy
*Corresponding author.
$ christou.2@wright.edu (A. Christou); castro.31@wright.edu (D. Castro); cogan.shimizu@wright.edu (C. Shimizu)
� 0009-0003-0428-2439 (A. Christou); 0009-0006-8593-4188 (D. Castro); 0000-0003-4283-8701 (C. Shimizu)

© 2026 Copyright © 2026 for this paper by its authors. Use permitted under Creative Commons License Attribution 4.0 International (CC BY 4.0).
1For lack of a better term, we use structure to refer to 2D-shapes (or 3D-clouds) of vector terminals, which we posit can then
be interpreted.

mailto:christou.2@wright.edu
mailto:castro.31@wright.edu
mailto:cogan.shimizu@wright.edu
https://orcid.org/0009-0003-0428-2439
https://orcid.org/0009-0006-8593-4188
https://orcid.org/0000-0003-4283-8701
https://creativecommons.org/licenses/by/4.0/deed.en


RQ1. To what extent can the order of a monotonic sequence of numeric literals be preserved in the
latent space?

RQ2. How does the materialization of a different ontology commitments (i.e., hierarchical window
construction and transitive closure over relations) influence the latent space projections?

RQ3. How accurately can numeric values be inferred from the latent space, at various levels of
supervision restriction?

To systematically investigate these RQs, we have formulated corresponding hypotheses, providing the
basis for our empirical evaluation.

H1. Materialization of monotonic numeric relations reduces ordering inconsistencies between the
ground-truth numeric values and their corresponding latent representations.

H2. Encoding transitive relations before training a KG with a specific KGE model results in stable
numeric representations in the latent space.

H3. Numeric information encoded within the latent space remains recoverable under partial supervi-
sion.

We test these hypotheses via a series of experiments that investigate how knowledge graph construction
and materialization strategies influence the information preserved within learned latent representations.
These ultimately result in a set of concrete deliverables that make these experiments measurable and
reproducible, as follows:

D1. Method: A Synthetic Knowledge Graph construction (SKG) framework; Modeling numeric literals
(ages) including relational removal patterns that can be tweaked. This is in order to simulate differ-
ent supervision levels. This includes materialization strategies for numeric values, implementation
of window-based lessThan relation hierarchies and transitive order relations (ages between people).

D2. Evaluation: A systematic framework for evaluating monotonicity preservation, inference per-
formance, statistical significance (paired t-tests and Wilcoxon signed-rank tests), and scalability
(experiments across varying dataset sizes).

D3. Code and Reproducibility: All of our experiments, instructions, results and figures are gathered
and displayed in our repository https://github.com/kastle-lab/KGE-Neurosymbolic-AI.

The rest of the paper is organized as follows. Section 2 gives information regarding aspects of related
work that have influenced this work, with statements on how we differ. Section 3 presents the method-
ology, including the construction of our SKGs and how we encoded our numeric information. Section 4
defines the metrics we used to investigate our method. Section 5 state the results we obtained along
with figures showcasing visualization of those results. Section 6 summarizes the findings and states
future directions.

2. Related Work

This section briefly reviews related or parallel efforts to this work, including surveys on KGE models
that encode literals, neurosymbolic and logic-based approaches, and other latent space analysis.

KGE Models and Structural Design. Gesese et al. [9] survey literal-aware KGE models, emphasizing
methods that incorporate textual and numerical literals to improve link prediction, while Christou et
al. [7, 4] demonstrate that graph modeling choices, such as contextual nodes, reification, and shortcuts,
significantly influence embedding performance. Gelal et al. [10] further show that increased model com-
plexity does not necessarily improve downstream application performance, highlighting the importance
of both embedding architecture and graph design.

Our work investigates how graph construction, materialization, and hierarchical numerical literals
influence the structural properties encoded in the latent space, extending the evaluation beyond
predictive performance to include numerical ordering, consistency, and interpretability, shifting the
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solely focus from which models perform better to what information is actually encoded in the latent
space.

NeurosymbolicReasoning andLatent Space Interpretability. Research conducted by Ben Chaabene
et al [11] presents a neurosymbolic framework that enhances the explainability and interpretability
of model predictions by combining KGEs with logical reasoning. Along with that, Munda et al. [12]
explore the use of vector space transformations to extract structured knowledge graphs from the latent
representations of neural language models. Another approach by Hubert et al [13], examines the
prospective benefits of using domain and range constraints in negative sampling in order to optimize
link prediction results.

Our research takes a complementary approach, introducing symbolic structure at the graph construction
level and examining how the learned embedding space reflects these created constraints.

3. Methodology

This section reports the construction method of our two SKG variants: SKG 𝐾𝐺𝑠 and SKG 𝐾𝐺𝑝.
This incorporates details on how we created the KGs along with visualizations of their entities and
relationships.

3.1. Numeric Value Encoding

Understanding how structured and symbolic information is reflected in latent spaces is a common
objective of our work, but instead of using pre-trained KGS or any commonly used benchmarks, we
investigate how controlled graph construction and materialization strategies affect retention of such
structure during the training process. We construct two synthetic KGs: SKG 𝐾𝐺𝑠 and SKG 𝐾𝐺𝑝 where
we encoded continuous numeric information in order to properly investigate the preservation of that
after training.

3.1.1. Creating SKG𝐾𝐺𝑠

We define 𝐾𝐺𝑠 as follows. First, we define any 𝐾𝐺 to have the form 𝐾𝐺 = (𝑁,𝑅, 𝑇 ), where
𝑁 is a set of nodes, 𝑅 is a set of relations, and 𝑇 is a set of triples over 𝑁 × 𝑅 × 𝑁 . For 𝐾𝐺𝑠,
𝑅 = {lessThan, partOf}, each 𝑛𝑖 ∈ 𝑁 is augmented with a value 𝑥𝑖 ∼ 𝑈 [0, 1], and define a function 𝑓
such that 𝑓(𝑛𝑖) = 𝑥𝑖. We continue by defining an ordering over 𝑁 from 𝑓 . where lessThan triples are
therefore built for each value-augmented node 𝑛𝑖 ∈ 𝑁 pairwise to every other node that satisfy the
lessThan condition. That is,

{(𝑛𝑎, 𝑛𝑏) ∈ 𝑁2|𝑓(𝑛𝑎) < 𝑓(𝑛𝑏)} =⇒ (𝑛𝑎, lessThan, 𝑛𝑏) ∈ 𝐾𝐺𝑠. (1)

More formally, “ =⇒ ” demonstrates how to transform the ordering into a KG triple, and “∈” simply
means the triple is to be inserted into the KG. For example, if 𝑛1 is randomly assigned a value of 0.5 and
𝑛2 is randomly assigned a value of 0.2, then a triple is generated consisting of:

(𝑓(𝑛2) < 𝑓(𝑛1)) =⇒ (𝑛2, LessThan, 𝑛1) ∈ 𝐾𝐺𝑠 (2)

Moreover, the set of value-assigned nodes was divided recursively at depth 𝑑 based on their assigned
values, and each assigned-value node was associated to a “window” node to construct connections.
In other words, the entire set of assigned-value nodes are each related to the window_root node; the
lower half of nodes are each related to window_root_left, and conversely, the right half are related to
window_root_right after ordering nodes according to their assigned values. Let n_median denote the



Figure 1: Example of the window construction for SKGs

node whose assigned value is the median of the ordered node values within the current partition:

(𝑛𝑎 < 𝑛𝑚𝑒𝑑𝑖𝑎𝑛 < 𝑛𝑏) =⇒ (𝑛𝑎, partOf, 𝑤𝑙𝑒𝑓𝑡) ∈ 𝐾𝐺𝑠 ∧
(𝑁𝑏, partOf, 𝑤𝑟𝑖𝑔ℎ𝑡) ∈ 𝐾𝐺𝑠

(3)

Every half is further split in the same order, leading to 2𝑑 sub-windows + 1 root-window. Once all
LessThan and partOf relationships have been settled, the assigned values are set aside while keeping
the structure from lessThan and partOf relations as they are. Essentially, we are strictly defining their
position relative to each other and ensuring this is preserved in the embedding itself.

3.1.2. Creating SKG𝐾𝐺𝑝

To further examine the potential structures in the latent space, we embed an SKG with a similar structure
to 𝐾𝐺𝑠. This new SKG, which we call 𝐾𝐺𝑝 follows can be interpreted as an example. Previously, 𝐾𝐺𝑠

is simply an ordering over a uniform distribution of real values on the unit interval. However, now, we
can consider that this sampling was instead a normalization over some meaningful data. In this case, it
is easy to understand these as ages. 𝐾𝐺𝑝 can be considered to be a “supergraph” of 𝐾𝐺𝑠. Specifically,
let 𝐾𝐺𝑝 = (𝑁𝑝, 𝑅𝑝, 𝑇𝑝) and similarly for 𝐾𝐺𝑠. Then, 𝑁𝑠 ⊂ 𝑁𝑝 and 𝑇𝑠 ⊂ 𝑇𝑝. Additionally, we add
two new relations to 𝑅: youngerThan and hasAge. Of course, there are not always as exactly as many
things (in this case, people) as there are ages, so we also parameterize 𝐾𝐺𝑝,𝑛, where 𝑛 is the size of the
population of entities with an age. To simplify our construction from now, instead of treating data as a
real value, we define as an integer in [0, 100] These ages follow the same construction as above.

(𝑓(𝑛𝑎) < 𝑓(𝑛𝑏)) =⇒ (𝑛𝑎, lessThan, 𝑛𝑏) ∈ 𝐾𝐺𝑝 (4)

Then, we generate 𝑛 nodes (i.e., 𝑛 people) that have an age. Rather than the “augmentation method”
used in for 𝐾𝐺𝑠, these are defined explicitly. For each person, they are assigned a random age, and the
following triple is added.

(𝑃𝑖) =⇒ (𝑃𝑖, hasAge, 𝑛𝑗) (5)

Then, the person nodes are ordered based on their explicitly associated age triple:

(𝑃𝑎 < 𝑃𝑏) =⇒ (𝑃𝑎, youngerThan, 𝑃𝑏) ∈ 𝐾𝐺𝑝 (6)



Figure 2: Construction of 𝑆𝐾𝐺𝑝, 3 indicating the encoding of the ages along with lessThan and youngerThan
relationships. The blue entities represent the people and the pink ones represent the ages.

4. Evaluation

To formally assess our modeling choices, answer our RQs, and confirm our hypotheses we took the
followed steps for each SKG and chose a variety of suitable metrics that measure how “well” do the
projected values lie in the latent space.

4.1. Experimental Setup

This section describes the experimental procedures and evaluation criteria used to assess whether
numeric information is preserved and recoverable within the learned latent representations. We
evaluate the embeddings from both SKGs through complementary analyses: structural preservation,
which examines whether the original numeric ordering is retained, and structural coherence, which
evaluates the ability to infer missing numeric information under varying levels of supervision.

4.1.1. Embedding𝐾𝐺𝑠 and𝐾𝐺𝑝

We chose MuRE [14] as the most appropriate KGE model since it incorporates relation-specific scaling
and translation operations. While we tried models such as TransE [15] and TransR [16], the results
were not as prominent. Those results reside in our repository for comparison. MuRE adapts better in
more complex hierarchical structures like the age relationships between different people.

For example, for a query such as:

(person42, hasAge, ?)

MuRE transforms the embedding of the head entity using the learned representation of the relation:

𝑅⊙ ℎ+ 𝑟 (7)



where:

1. ‘h‘ is the embedding of the head entity
2. ‘R‘ is a relation-specific scaling vector
3. ‘r‘ is a relation-specific translation vector
4. ‘⊙‘ represents element-by-element multiplication

4.1.2. Structural Preservation Metrics

Structural Preservation Metrics aim to measure the extend of which hierarchical and numeric structure
is preserved within the embedding space. Assigned-value embeddings from SKG 𝐾𝐺𝑠 are analyzed
using both learned nonlinear projections and linear dimensionality reduction techniques. Specifically,
embeddings are projected onto an MLP-fitted curve as well as a one-dimensional PCA projection,
enabling comparison between the induced latent ordering and the ground-truth ordering derived from
assigned values.

• PCA Projection: Evaluates whether the embedding space naturally contains a linear direction
corresponding to the ordering of the encoded numeric values. The first principal component is
used as a one-dimensional projection of the embeddings, where higher rank correlation with the
original values indicates stronger linear preservation of numeric structure.

• MLP Projection: Evaluates whether a nonlinear function can recover the ordering of the encoded
numeric values from the learned embeddings. The MLP learns a mapping from the embed-
ding space to the original values, where stronger correlation between the predicted values and
ground-truth ordering indicates that the numeric structure is recoverable through nonlinear
transformations.

4.1.3. Measures of Structural Coherence

Experiments are conducted across multiple graph variations with differing levels of supervision and
materialization. These include fully supervised graphs as well as progressively sparse configurations
where subsets of hasAge relations from SKG 𝐾𝐺𝑝 are removed prior to training. Evaluations are
performed both over all entities and specifically over removed relations to isolate true inference behavior.

Our evaluation was conducted across three variants of 𝐾𝐺𝑝: 100, 200, 500 𝑃 nodes: 𝐾𝐺𝑝100, 𝐾𝐺𝑝200,
and 𝐾𝐺𝑝500. These variations are essential to ensure that our experiments are reliable by reducing
dependence on a single experimental configuration.

We calculated both Spearman rank correlation (𝑟ℎ𝑜) [17] and Kendall rank correlation (𝑡𝑎𝑢) [18], to
determine the numerical agreement between the resulting embedding ordering and the underlying truth
ordering. While Kendall’s 𝑡𝑎𝑢 assesses pairwise ordering consistency using compatible and dissimilar
pairs, Spearman’s (𝑟ℎ𝑜) evaluates the degree of consistency among a pair of ordered sequences.

We have also formulated a Prediction Task as an effort of assessing how well is the age information in
the latent space when we have partial supervision. Essentially, we formulated said task as predicting
the missing age relationships for the Person nodes that are in the form :

(𝑝𝑒𝑟𝑠𝑜𝑛𝑖, ℎ𝑎𝑠𝐴𝑔𝑒, 𝑣𝑗) (8)

Where 𝑣𝑗 represents the node corresponding to age 𝑗. During modified runs, some of these relations
are removed before training. The removal patterns were as followed:

• 0%: no relations removed
• 15%: 15% of relations removed
• 30%: 30% of relations removed
• 45%: 45% of relations removed



• 60%: 60% of relations removed
• 75%: 75% of relations removed

The evaluation was performed under progressively increasing levels of missing supervision, ranging
from complete information to the removal of 75% of age relations. Therefore the evaluation was per-
formed under two scopes: across all relations and specifically on the missing relations only, with the
missing-only condition isolating the true inference capability of the models. We also monitored the dif-
ference between “Window” vs “Without Window results. In this paper, we showcase the Window results
across all relations instead of missing-only to provide a consistent overview of inference performance
across different supervision levels. The rest reside in our repository for completeness.

In order to determine whether learned mappings or geometric transformations are better at preserving
age structure, we compared two prediction approaches. Using the MuRE Query-Point Method, The
transformed query point is:

𝑞𝑖 = 𝑝𝑖 ⊙𝑅+ 𝑟 (9)

While the predicted age is:

𝑦𝑖 = argmin
𝑣𝑗

‖𝑞𝑖 − 𝑣𝑗‖ (10)

This evaluates whether the relational geometry alone encodes numeric structure. On the other hand,
the learned linear mapping method predicts age through:

𝑦𝑖 = 𝑓(𝑞𝑖) (11)

Where 𝑓 is a ridge regression model trained on available hasAge relations.

Moreover, we measured Prediction Error using the absolute error between the actual and predicted age
values, which is defined as:

|𝑦𝑖 − 𝑦𝑖| (12)

Afterwards we summarized the overall performance with calculating the Mean Absolute Error :

MAE =
1

𝑛

𝑛∑︁
𝑖=1

|𝑦𝑖 − 𝑦𝑖| (13)

Where lower values indicate better performance.

Along with that, we provide the standard deviation (SD) of the absolute prediction errors to quantify
the variability of each method’s predictions around its mean error. For each prediction approach, the
reported SD is calculated as the sample standard deviation of the individual absolute errors:

𝑆𝐷 =

⎯⎸⎸⎷ 1

𝑛− 1

𝑛∑︁
𝑖=1

(|𝑦𝑖 − 𝑦𝑖| − 𝑒)2 (14)

where |𝑦𝑖 − 𝑦𝑖| represents the absolute prediction error for instance 𝑖, and 𝑒 is the mean absolute error.

From those we computed the Delta MAE to quantify the improvement of the learned regression method
relative to the query-point method. It is computed as the difference between the mean absolute errors
of the two approaches:

ΔMAE = MAE𝑄𝑃 − MAE𝐿𝑅 (15)

where MAE𝑄𝑃 represents the error of the query-point method and MAE𝐿𝑅 represents the error of
the learned regression method. Positive values indicate that the learned regression method achieves
lower prediction error and therefore outperforms the query-point approach, while negative values



indicate that the query-point method performs better. Larger positive values correspond to greater
improvements obtained by the learned regression method.

We continued with applied statistical tests as well to detect consistency and any performance differences
across methods. One of those is the Paired t-test [19], used to assess whether the mean difference
between paired errors is significantly different from zero, computed as:

𝑡 =
𝑑

𝑠𝑑/
√
𝑛

(16)

Followed by the Wilcoxon Signed-Rank Test, which evaluates consistent differences without assuming
normality.

We have additionally included an effect size to measure the degree of performance differences between
the two approaches, independent of sample size.

𝑑𝑧 =
𝑑

𝑠𝑑
(17)

Where 𝑑 is the mean of the paired differences and 𝑠𝑑 is the standard deviation. his complements the
statistically significant tests by providing a consistent measure of how much one approach performs
better than the other. We interpret the values as follows:

|𝑑𝑧| Interpretation

0.2 Small Effect
0.5 Medium Effect
0.8 Large Effect

Last but not least, we computed Confidence Intervals to calculate the level of uncertainty in both methods
measured performance differences.

[𝐶𝐼𝑙𝑜𝑤, 𝐶𝐼ℎ𝑖𝑔ℎ] (18)

Where intervals excluding zero indicate stable differences.

5. Results & Discussion

The embedding evaluation results, including PCA-based projections for SKG 𝐾𝐺𝑠, quantitative infer-
ence metrics contrasting Query-Point and Learned Regression techniques under various experimental
circumstances for SKG 𝐾𝐺𝑝, are shown in this section along with interpretation and discussion on
them. Mappings of results and RQs/Hs are also stated in this section.

5.1. Structure Preservation Results with respect to SKG 𝐾𝐺𝑠

We first take a look at PCA component combinations in order to determine how well the learned
embeddings align with the underlying ordered structure. Thus, we evaluate RQ 1 and RQ 2 defined in
Section 1.

3D PCA Figure 3a demonstrates how the first three principal components are aligned with the original
random initialization values (0 to 1), which are represented by the color gradient from blue to red, and
a clear, sequential 1D path (the purple curve). The fact that the data points exhibit a clear, non-linear
direction across the PC space, indicates that the structural relations; more specifically both the lessThan
and hierarchical partOf constraints were successful in guiding the high-dimensional embeddings to
maintain the original initialized underlying numerical form.



(a) 3D PCA projection. (b) PC1 versus PC2 projection.

Figure 3: Principal Component Analysis (PCA) visualizations of the learned embeddings. (a) shows the three-
dimensional projection onto the first three principal components, while (b) presents the two-dimensional
projection onto the first and second principal components.

2D PCA Figure 3b displays pairs of principal components, offering different perspectives on the
embedding space. The projections display the geometric structure of the embeddings, with nonlinear
shapes and continuous arcs discernible throughout the point ranges. These shapes are closely followed
by the corresponding MLP fit, which demonstrate the projection’s general shape without entirely
depending on particular embedding positions. They indicate that the embedding model has learned a
structured latent space that preserves the ordered relationships present in SKG 𝐾𝐺𝑠.

The above, support both H 1 and H 2 qualitatively, by showcasing the impact of materializing the
monotonic relationships using hierarchical windows and theretofore maintaining a consistent geometric
organization after training. Figure 4a showcases the plot of the first Principal Component (PC1) against
the ground truth initial value across the population sizes. We can see a nearly linear monotonic
correlation where lower PC1 values correspond to the red larger age groups and the larger PC1
values correspond to the blue lower age groups. This representation demonstrates that the underlying
numerical encoding is indeed reflecting the result that is dominant by the ordering of the numbers
rather than the windowing aspect.

To complement the PCA visualizations, we quantitatively evaluated whether the learned latent ordering
agrees with the ground-truth ordering by reporting high Spearman and Kendall correlation numbers
𝜌= 0.975 and 𝜏= 0.868 respectively as seen in Figure 4b. We also notice that the Multi-Layer Perceptron
(MLP) line tracks and captures smoothly the age progression . This further confirms that the ordering
induced by the embeddings closely matches the original numeric ordering.

5.2. Structural Coherence results with respect to SKG 𝐾𝐺𝑝

The quantitative results for structural consistency are reported in Table 1, which summarizes QP and
LR inference performance across varying population sizes and removal percentages, followed by visual
analyses of the corresponding embedding structures. Metrics are introduced in Section 4.1.3 along with
how are “good” results defined. Thus we evaluate RQ 3 defined in Section 1.

The numbers shown in Table 1 showcase that the Learned Regression (LR) Approach outperforms the
Query-Point (QP) one across all population sized and removal percentages. At complete supervision
i.e. 0% Removal across all population sizes reduced the MAE achieved with LR. As the removal of
relation progressed, so did the error for LR. The opposite happened with QP. The Δ was the lowest



Population
Size

Removal
(%)

QP
MAE/SD

LR
MAE/SD

Δ MAE
(QP–LR)

95%
CI

Paired
𝑡 𝑝

Wilcoxon
𝑝

Cohen’s
𝑑𝑧

500 0% 1.632, 3.333 0.929, 0.726 0.703 [0.418, 1.011] <0.0001 0.0029 0.207

500 15% 2.698, 4.910 0.871, 0.801 1.827 [1.416, 2.268] <0.0001 0.0096 0.378

500 30% 3.530, 5.101 1.355, 1.768 2.175 [1.758, 2.617] <0.0001 <0.0001 0.443

500 45% 4.982, 6.600 1.603, 2.132 3.379 [2.811, 3.960] <0.0001 <0.0001 0.521

500 60% 5.160, 5.822 1.896, 2.268 3.264 [2.763, 3.796] <0.0001 <0.0001 0.545

500 75% 8.754, 8.203 1.736, 1.810 7.018 [6.322, 7.751] <0.0001 <0.0001 0.871

200 0% 1.290, 3.740 0.471, 0.518 0.819 [0.328, 1.362] 0.0022 <0.0001 0.219

200 15% 1.920, 4.139 0.835, 1.619 1.085 [0.608, 1.597] <0.0001 0.0124 0.313

200 30% 2.905, 5.074 1.313, 2.257 1.592 [0.973, 2.271] <0.0001 0.9854 0.337

200 45% 4.480, 5.545 1.834, 2.741 2.646 [1.924, 3.409] <0.0001 <0.0001 0.496

200 60% 5.835, 6.914 2.022, 2.531 3.813 [2.939, 4.735] <0.0001 <0.0001 0.580

200 75% 8.730, 8.397 2.446, 2.492 6.284 [5.133, 7.484] <0.0001 <0.0001 0.739

100 0% 2.790, 5.470 0.209, 0.374 2.581 [1.592, 3.646] <0.0001 0.7129 0.478

100 15% 3.490, 5.663 0.765, 1.844 2.725 [1.751, 3.787] <0.0001 0.0077 0.519

100 30% 6.200, 7.333 1.107, 2.158 5.093 [3.791, 6.393] <0.0001 <0.0001 0.751

100 45% 8.620, 8.430 2.163, 3.066 6.457 [4.873, 8.051] <0.0001 <0.0001 0.800

100 60% 12.020, 10.111 2.620, 3.257 9.400 [7.432, 11.296] <0.0001 <0.0001 0.951

100 75% 12.410, 12.256 3.321, 3.473 9.089 [6.781, 11.410] <0.0001 <0.0001 0.774

Table 1
Numeric inference performance comparison between the Query-Point (QP) and Learned Regression (LR) ap-
proaches across different population sizes and supervision removal percentages. Reported metrics include MAE,
standard deviation, MAE difference (Δ), confidence intervals (CI), Statistical tests (paired t-test & Wilcoxon text),
and Cohen’s 𝑑𝑧 .

when population is at 500 and the highest was at population size of 100 at 60% removal rate. Overall,
these numbers are giving a good indication that our approach was successful in preserving the structure
we initially gave. In addition, the Confidence Intervals (CI) also indicate stable differences adding on
to the overall success rate. That is also backed up by the statistical tests and Cohen’s 𝑑𝑧 ; showcasing
robust results.

To summarize, the consistently low LR errors suggest that the latent representations preserve enough
information to accurately retrieve numeric values even under significant supervision loss, while the
increasing error gap as supervision decreased shows that the learned regression approach is significantly
more resilient to missing age relations than direct geometric query-point inference.

These findings support H 3, as the learned representations enabled accurate numeric inference under
varying levels of supervision restriction. The consistently lower LR MAE, increasing ΔMAE advantage
over QP, and statistically significant differences across removal settings indicate that the latent space
preserves recoverable numeric information beyond explicitly observed hasAge relations.



(a) PC1 of the age embeddings plotted against the
original instantiated age values discarded after
KG materialization.

(b) PC1 and PC2 of the age embeddings with an
MLP curve, illustrating the recoverable struc-
ture in the embedding space.

(c) PCA visualization of the learned age embedding
space showing the global organization of the
projected representations.

(d) Top five nearest embedding neighbors for age
entities, demonstrating local preservation of age
similarity relationships.

Figure 4: Visualizations of the learned age embedding space.

Figure 4c and Figure 4d, give us a closer look in the mappings of the person groups and their projected
age targets. The top 5 triples provide us an even closer look, where we can see that they land very close
to their ground truth age. Therefore, we validate even more the geometric inference methodology we
adopted.

Taken together, these results provide two complementary forms of evidence that the materialized
numerical knowledge is preserved in the MuRE representations. First, the PCA projections, rank
correlations, and local neighborhood structure make the monotonic organization directly observable in
the embedding geometry. Second, the learned regression model recovers the corresponding numerical
values with low person-level prediction error, including when direct hasAge supervision is progressively
reduced. The encoded knowledge is therefore not only visible as an ordered geometric structure, but
also quantitatively recoverable through a downstream machine-learning model.

6. Conclusion & Future Work

In conclusion, this work investigated whether numerical semantics are preserved within KGEs and
whether those semantics can be recoverable after training. To answer these questions, we introduced
synthetic knowledge graphs that encode monotonic numerical information and hierarchical constraints,



allowing the behavior of KGEs to be evaluated under controlled conditions through different population
and supervision numbers.

Overall, the experimental findings support all three hypotheses. H1 was supported, demonstrating that
materializing the transitive closure of an ordering over numeric literals reduces ordering inconsistencies
between the ground-truth numeric values and their corresponding latent representations. Qualitative
PCA analyses in Figures 3a, 4c and 3b together with quantitative rank-correlation results in Figure 4b
showed that the original numeric ordering was consistently preserved in the learned embedding space.
H2 was also supported, indicating that encoding transitive and hierarchical relations before embedding
training produces stable latent representations. The resulting embedding geometry showcased consistent
structural organization across multiple PCA projections, suggesting that symbolic materialization
influences the learned latent space beyond the embedding model alone. Finally, H3 was supported
through the numerical inference experiments showcased in Table 1. Across all population sizes and
supervision levels, the Learned Regression approach consistently achieved lower prediction errors than
the Query-Point method, demonstrating that numeric information encoded in the latent space remains
recoverable even under substantial supervision loss.

Future work will continue investigating the behavior of KGEs using these synthetic knowledge graphs
while eventually extending the proposed methodology to real-world datasets. We furthermore plan
to evaluate whether the preservation of numerical semantics observed in this work generalizes to
domain-specific knowledge graphs in areas such as manufacturing, polymer science and healthcare,
where numeric literals (e.g., physical property values or health indicator readings) and their hierarchical
relationships play an important role. Ultimately, we aim to develop a deeper understanding of how
different KGE models encode symbolic and numerical information, enabling more interpretable latent
representations and providing guidance on selecting and designing embedding approaches for real-world
applications.
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