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ABSTRACT

This study constructs f(c,e), a complex-valued function in a polar form as a measure
of relevance and semantic orientation between claims and evidence, where the
modulus component represents semantic relevance and the angle component
represents semantic orientation, which reflects the direction of the relationship
between claims and evidence. The function is proven to have four mathematical
properties: well-definedness, boundedness, continuity, and symmetry. Particle Swarm
Optimization (PSO) is used to determine the angular boundaries that partition the
semantic orientation space into support, not enough information, and refute relation
zones. This approach ensures that the resulting zone boundaries reflect the
characteristics of the empirical data distribution. The angular boundary calibration
experiment was conducted using two datasets, namely SNLI and FEVER, and with
two embedding models, namely all-MiniLM-L6-v2 and mxbai-embed-large-v1. The
F1-macro objective was used for PSO-based angular boundary calibration, and the
calibrated boundaries were subsequently evaluated on held-out test subsets. The held-
out F1-macro values ranged from 0.41350 to 0.59385, with the combination of SNLI
and mxbai-embed-large-v1 producing the highest value. In this experiment, zone
separation was descriptively clearer for SNLI than for FEVER, based on the observed
semantic orientation distributions.

Keywords: complex numbers, cosine similarity, numerical optimization, particle
swarm optimization, polar representation

1. INTRODUCTION

Claim and evidence are two fundamental, interconnected elements used in various
contexts of information-based decision-making, such as claim verification of
supplement benefits using scientific evidence in the health sector [1] and rubric-based
automated essay scoring in the education sector [2]. This indicates that the assessment
of the relationship between claim and evidence is an emerging need that can be
leveraged across domains.

Under ideal conditions, this assessment relies on human labels as the gold standard.
However, the process requires significant resources and is subject to subjectivity,
meaning that disagreements among experts can still occur [3]. Therefore, various
automated metrics have been developed to replicate that assessment in a measurable
way.

In Natural Language Processing, this need is formulated through several tasks,
including Natural Language Inference (NLI), fact verification, and evidence
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extraction, all of which require a component capable of representing the relevance and
semantic relationship between claim-evidence pairs. When labeled data is available,
this component can be trained using a Natural Language Understanding (NLU)
framework to produce assessments that closely approximate human annotations [3].
Existing approaches typically represent the relationship between claims and evidence
by measuring the degree of similarity between the two texts [4], [5], most commonly
using cosine similarity [6], [7].

In general, cosine similarity value is directly used as a scalar measure of semantic
similarity. This value can be used as a measure of linguistic and semantic alignment,
thus being able to capture implied meaning [8]. In claim-evidence analysis, cosine
similarity between the vector representations of claim and evidence can capture the
degree of semantic relation [9], which in turn can be used as a measure of evidence
relevance to the claim [10]. However, the cosine similarity value derived from learned
vector representations may be influenced by model regularization and therefore may
not always reflect meaningful semantic similarity [11]. The use of cosine similarity
as a scalar value also has geometric limitations. In addition to that, the use of cosine
similarity as a single scalar measure also presents geometric limitations. Previous
work has shown that cosine similarity has a saturation zone, where changes in the
angle between vectors result in only minor changes in cosine values [12]. This
potentially reduces the sensitivity of cosine similarity in distinguishing between types
of semantic relations when represented as a single scalar value. This limitation is
related to the nature of cosine similarity as a scalar measure, which does not directly
provide a formal representation that simultaneously encodes magnitude and
orientation angle within a single mathematical object. Therefore, the angle formed
between two vectors becomes an important aspect to investigate, as it can provide
more explicit geometric orientation information than the cosine similarity value itself.

A representation that can formally encode the cosine similarity value as a
magnitude and the cosine angle as an orientation component within a single
mathematical object is a complex-valued function represented in polar form. Polar
representations have been used in text processing to encode different aspects of textual
information in separate components [13]. In addition, rotation in complex space has
been used to model various relation patterns by leveraging the geometric properties
of complex numbers [14]. Previous work has shown that optimizing the angle between
text-pair representations in complex space can better explore semantic similarity
within cosine similarity saturation zones [12]. These findings suggest that angle
components in complex-valued representations may provide an alternative basis for
analyzing semantic relations beyond what is captured by cosine similarity as a scalar
measure. However, the application of such angle-based characteristics to claim-
evidence relation interpretation has received limited attention. This raises the question
of whether different claim-evidence relation categories exhibit distinct angle
distributions. If such differences exist, boundaries separating relation zones may be
determined empirically from the observed data distribution. Therefore, an empirical
optimization approach is required. Particle Swarm Optimization (PSO) is an effective
optimization method for a wide range of nonlinear functions [15]. PSO has been used
for data-driven threshold optimization [16] and in combination with cosine similarity
[17], [18], [19].

Despite these findings, limited attention has been given in the literature to a
complex-valued function that represents the semantic relevance and relation between
claims and evidence, combining both magnitude and orientation angle into a single
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mathematical object. Similarly, the boundaries that separate semantic relation zones
within this angular space have not yet been widely explored through an empirical
optimization procedure. This study attempts to address these two gaps. First, a
complex-valued function representing claim-evidence relevance and semantic
relation is constructed in the manner described above. Second, PSO is applied to
determine the angular boundary values that divide the semantic orientation space into
distinct claim-evidence relation zones based on empirical data. The resulting function
may offer a useful basis for further development of methods for analyzing claim-
evidence semantic relations.

2. MATERIAL AND METHODS

This research combines two approaches aligned with its objectives: an analytical
approach to construct a complex-valued function representing the semantic relevance
and relation between claim-evidence pairs, and an empirical approach using PSO to
calibrate the angular boundaries that divide this function's angular range into distinct
relation types. The focus is on formulating the complex function and calibrating these
boundaries, rather than on developing specific embedding models or datasets. The
overall method is illustrated in Figure 1 below.

Compute _, Compute Z for Complex-
Cosine Similarity valued Function

w Evaluation — Boun%dsrixggggrdtlon «—extract 8 from Z

FIGURE 1. Overview of the proposed method, from preprocessing to evaluation.

START ——  Preprocessing —— Vectorization E—

2.1 VECTOR AND COSINE SIMILARITY

Let c,e € R™ represent the vector representations of the claim-evidence texts,
respectively. The cosine similarity between ¢ and e is defined as follows [6]:

c-e
s =sim(c,e) = cos = ———— (1)

liclillell

Where ||c|| and ||e]| represent the Euclidean norms of ¢ and e, respectively, and s €
[—1,1] for all ¢c,e # 0 [20].

2.2 TEXT REPRESENTATION TECHNIQUES

Text vectorization was performed using two sentence embedding models with
different training approaches. First, all-MiniLM-L6-v2 [21], [22], which was trained
contrastively on NLI data (entailment, neutral, contradiction). Second, mxbai-embed-
large-v1 [12], [23], which was optimized to distinguish angles between similar and
dissimilar text pairs and is therefore theoretically more sensitive to subtle semantic
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differences. Both models are configured to produce unit-norm vectors, allowing
cosine similarity to be obtained directly from the dot product.
2.3 DATASETS

The experiments utilized test subsets from two datasets featuring distinct semantic
relation schemes: SNLI [24] and FEVER [25], [26]. To avoid label distribution bias
during PSO calibration, 3000 samples per label were drawn from each dataset,
resulting in a total of 9000 pairs for each dataset.

SNLI consists of premise-hypothesis pairs labeled as entailment, neutral, and
contradiction [24]. The dataset was selected because NLI is widely regarded as a
fundamental framework for claim verification and has been used as an approach to
claim verification when claims are evaluated against available evidence [1]. In this
study, premises are treated as evidence and hypotheses as claims. Accordingly,
entailment, neutral, and contradiction are interpreted as supports, not enough
information (NEI), and refutes relations, respectively, following the use of NLI for
claim verification [10]. These labels represent different semantic polarities, ranging
from support to contradiction, with a neutral category in between, making SNLI a
suitable proxy for evaluating semantic relation zones between claims and evidence.

FEVER, in contrast, directly annotates claim-evidence pairs with supports, not
enough info (NEI), and refutes labels [25]. Although FEVER exhibits a similar three-
category semantic polarity structure, it encodes factual claim-evidence relations rather
than the logical premise-hypothesis relations represented in SNLI. The FEVER data
used in this study were obtained from the NLI-style reformulation of FEVER [26]. In
the reformulated dataset, the original FEVER claim is stored in the premise field,
whereas the paired textual context is stored in the hypothesis field [26]. Several
instances in the NLI-style FEVER data contain an empty hypothesis field, including
instances labeled NEI. Since the present study analyzes semantic relations between
claims and textual context, instances with an empty hypothesis were excluded, and
only non-empty pairs were retained for the experiments. After this filtering step, 3000
pairs were sampled for each FEVER label to maintain a balanced class distribution.

2.4 COMPLEX-VALUED FUNCTION CONSTRUCTION

The embedding vectors were normalized during the vectorization process. Since
llcll = lle]l = 1, Equation (1) can be simplified as:

s=s(c,e)=c-e (2)

Based on (2), two components of the complex-valued function are defined as:
r=]|s| (3)
6 = arccos(s) € [0, 7] or [0°,180°] (4)
Where r represents the semantic relevance between a claim and evidence as the
intensity of geometric similarity, which is always non-negative. Previous studies have

used cosine similarity as a measure of semantic similarity in claim verification and
related semantic matching tasks [8], [10]. In this study, r in Equation (3) adopts the
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same interpretation while preserving the non-negativity property required for a
geometric magnitude. The value of 6 represents semantic orientation, reflecting the
direction of the relationship between a claim-evidence pair. Smaller values of 0
indicate supporting relations, whereas larger values of 8 indicate refuting relations.

Based on these two components, the complex-valued function f: R® X R" — C
is constructed as follows:

f(C, e) =r: ei‘g = |S| . ei~arccos(s) (5)

Equation (5) represents the function in Euler exponential form, where r as modulus
represents magnitude and 6 represents the orientation angle in the complex plane [27].
By applying Euler's formula, e® = cos 6 + i sin 8, Equation (5) can be expressed in
Cartesian form through trigonometric substitution as follows:

cos 8 = cos(arccos(s)) = s (6)

Since sin? 8 + cos? 6 = 1, it follows that:

sin 8 = sin(arccos(s)) =+/1 — s2 (7)

Substituting (3), (4), (6), and (7) into Equation (5) yields the polar form in (8) and the
Cartesian form in (9), respectively:

f(c,e)=1-e® =7r-(cosf +isinh)
= |s| - (cos(arccos(s)) + i sin(arccos(s))) (8)

=Isl-(s+iv1—s2)=Isl-s+i-Is|- Y1 -5 )

Equation (8) represents the polar form of the function, which is visualized in the
complex plane in the Results section, whereas Equation (9) represents the Cartesian
form used for numerical computation.

The value of 6 provides a continuous measure of semantic orientation between
claim-evidence pairs based on their embedding geometry. It does not directly
determine the semantic relation label of a claim-evidence pair, such as supports, NEI,
or refutes. To partition the semantic orientation space into these three relation zones,
two angular boundaries, 8¢ and 6,, with 0° < 65 < 6, < 180°, are required. These
boundaries determine how the continuous semantic orientation space is partitioned
into three relation zones, which are then used to assign the supports, NEI, and refutes
labels to claim-evidence pairs. The values of 8, and 0, are determined empirically in
the next section.

2.5 BOUNDARY CALIBRATION USING PSO

The angular boundaries 8 and 8, were calibrated empirically using PSO. A PSO
variant with inertia weight was employed, where w as the inertia weight that controls
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the balance between global exploration and local exploitation [28]. The optimization
variables consist of the pair (6, 6,), subject to the constraint 0° < 6, < 6, < 180°.
Particle positions were randomly initialized with 65~ U(0°70°) and
6, ~ U(60°,100°), chosen based on the angle ranges relevant to the experimental data
distribution, and updated iteratively according to:

Vig =W - Vig+¢1 -1y Pig — Xia) + 212 - (Pga — Xia) (10)
Xig = Xig + Via (11
The resulting semantic relation zones are defined as follows:

Supports, 6 € [0°,04]
Zona (8) = NEI, 6 € (6s,6,) (12)
Refutes, 6 € [6,,180°]
The objective function is the F1,,,., score over the semantic relation labels:

3
1 2 - precisiony, - recally,
F1 = —Z 13

macro 3 £ precision, + recally (13)

where k € {Supports, NEI, Refutes} represents the semantic relation zone index.
In the implementation, the optimization objective is expressed as the negative
F1,,40r0 SCOTE, SO minimizing the objective is equivalent to maximizing Equation

(13):
minimize — Fl,,40r0(6s, 6,) (14)

Calibration was performed separately for each dataset-embedding combination,
resulting in four sets of (6, 6,) values. The PSO configuration consisted of a swarm
size of (npartikel) = 30, a maximum of (n;) = 200 iterations, inertia weight (w) =
0,9, and coefficients (¢;) = 2,0 and (c,) = 2,0.

2.6 EXPERIMENTAL PROCEDURES

The experiments were conducted separately for each dataset-embedding
combination. The data for each dataset were divided into a calibration subset and a
held-out test subset using an 80:20 stratified. The calibration subset was used
exclusively for PSO-based angular boundary calibration, while the remaining 20%
was reserved as the held-out test subset and was not used during boundary calibration.

For each dataset-embedding combination, the claim and evidence texts were
encoded using the corresponding embedding model. The resulting embeddings were
normalized before cosine similarity was calculated. For each claim-evidence pair, the
cosine similarity s was used to obtain the modulus r = |s| and the semantic
orientation angle 6 = arccos(s), which were then used to construct the complex-
valued representation.
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PSO was applied only to the calibration subset to determine the angular boundaries.
For each dataset-embedding combination, calibration was performed separately,
resulting in four sets of angular boundary values. The PSO configuration consisted of
a swarm size of 30 particles, a maximum of 200 iterations, an inertia weight of (w) =
0,9, and coefficients (c¢;) = 2,0 and (c,) = 2,0. The angular boundaries obtained
from the calibration subset were then fixed and applied to the held-out test subset
without further optimization.

3. RESULTS AND DISCUSSION
3.1 PROOF OF PROPERTIES OF COMPLEX-VALUED FUNCTION

Four mathematical properties of the complex-valued function f (¢, e) constructed
in the previous section are formally proven here: well-definedness, boundedness,
continuity, and symmetry.

Proposition 1

The function f(c, e) is defined for all ¢,e € R™ with c,e # 0.

Proof. Since ¢, e # 0 and the vector representations are normalized, ||c|| = |le|| = 1,
giving Equation (2): s = ¢ - e with s € [—1,1]. Based on Equation (9), f(c,e) =
|s|-s+i-|s|-V1—s2. Since both the real component |s|-s and the imaginary
component |s| - V1 — s? are defined for s € [—1, 1], the function f(c, e) produces
exactly one complex value for every ¢, e # (0,0) pair. m

Proposition 2

Forall c,e # 0, |f(c,e)| € [0,1].

Proof. Based on Equation (9):

Fee)l = Asl -5 + (sl -VT=57) = [Isl2- (52 + (1 —52) =I5 = Is

Since s € [—1, 1], it follows that |s| € [0, 1], and therefore |[f(c,e)| € [0,1]. m
Proposition 3

The function f(c, e) is continuous on {c,e | c,e € R"; c,e # 0}.

Proof. Equation (2), s = ¢ - e is continuous on {c, e | ¢,e # 0} since ||c|| = |le|| =
1. The real component in Equation (9), |s|:s is continuous as the product of
continuous functions. The function V1 — s? is continuous for s € [—1,1], so the

imaginary component, |s|-v1—s?, is likewise continuous as the product of
continuous functions. Since both components are continuous, f (¢, e) is continuous on
its domain. m

Proposition 4

Forallc,e # 0, f(c,e) = f(e,c).

Proof. Since the dot product is commutative, ¢ - e = e - ¢, it follows that s(c,e) =
s(e, c). Based on Equation (9), f(c,e) = |s|-s+i-|s|-V1—s? depends on the
value of s. Substituting s(c, e) = s(e, c¢) directly gives f(c,e) = f(e,c). m

Together, these propositions support the use of f (c, ) as a representation of claim-
evidence relevance and semantic relations.
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3.2 ANGULAR BOUNDARY CALIBRATION RESULTS

The PSO calibration results are summarized in Table 1, which presents the
calibrated angular boundaries (s, 6,) and the corresponding F1,,,.-, scores for each
dataset-embedding combination. Since calibration was performed separately for each
combination, the resulting boundaries reflect the semantic orientation distribution
characteristics of the corresponding dataset and embedding model. The calibrated
angular boundaries were then fixed and applied to the held-out test subset, with the
resulting test performance presented in Table 2.

TABLE 1.
Experimental Results of Angular Boundary Calibration using PSO
Dataset Embedding 0, 0, Flyacro F1; Flyg; F1,
SNLL all-MiniLM-L6-v2 52,34° 68,07° 057586  0,63075 0,46108 0,63574
mxbai-embed-large-vl  39,69° 53,06° 0,59871 063957 046477  0,69180
FEVER all-MiniLM-L6-v2 41,25° 50,00° 041399 047553 0,34795 0,41848

mxbai-embed-large-v1 36,42° 50,00° 0,41331 057729  0,47549 0,18713

TABLE 2.
Experimental Results of Held-Out Test Evaluation Using Calibrated Boundaries

Dataset Embedding Fliacro F1g Flyg; F1,
SNLI all-MiniLM-L6-v2 0,57928 0,60927 0,46923 0,65934
mxbai-embed-large-v1 0,59385 0,62420 0,45425 0,70310
FEVER all-MiniLM-L6-v2 0,41350 0,48945  0,32455  0,42649

mxbai-embed-large-v1 0,43347 0,58389 0,49641 0,22011

To further examine the separation patterns reflected by the calibrated boundaries,
Table 3 presents the distribution of semantic orientation angles 6 for each claim-
evidence relation across the various dataset and embedding model combinations.
These distributions can be examined through two key characteristics, namely the
width of the NEI zone (6, 6,) and the distance between the Mean 6 values of the
three claim-evidence relations. A wider NEI zone indicates greater separation among
the relation distributions in the semantic orientation space.

TABLE 3.

Distribution of Semantic Orientation Angles Across Claim-Evidence Relation
Dataset Embedding Relation Mean 6 Std. 0 Min. 0 Max.0
Supports 47,4° 12,7° 3,8° 90,5°

all-MiniLM-L6-v2 NEI 57,4° 12,5° 12,4° 92,5°
SNLI Refutes 69,7° 13,0° 124°  101,9°
mxbai-embed-large-v1 Supports 3477 10,5° 18° 63,8°

& NEI 43,2° 10,3° 6,2° 71,4°

Refutes 56,4° 11,2° 12,7° 85,2°

all-MiniLM-L6-v2 Supports 43,7° 13,2° 3,1° 94,3°

FEVER NEI 53,8° 17,1° 13,4° 95,2°
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Refutes 50,8° 13,7° 17,0° 98,7°

. Supports 36,5° 9,1° 4,4° 73,4°
mxbai-embed-large-v1 NEI 4550 12,3° 15,6° 75,20
Refutes 44,0° 9,3° 13,9° 76,1°

Figure 2 visualizes the distribution of 8 of f(c, e) in polar coordinates, where point
colors indicate relation zones, radial lines denote the calibrated angular boundaries,
and star markers represent the Mean 6 of each relation zone. The figure provides a
visual representation of the distributions summarized in Table 3, showing the overlap
and separation among relation zones.

SNLI - all-MiniLM-L6-v2 SNLI - mxbai-embed-large-v1
50° 90°
Category
120° 60° 120° 60° « Supports
p NEI
P *
s Refutes
150° 150° z 30°
’ 7 - = 6_s
! rd .
s - =8_r
’, & x
7 ?\ Mean 8 (Supports)
180° ¥ 180° » °
0 0.2 04 06 08 1 0 02 04 06 08 1 Y Mean @ (NEI)
FEVER - all-MiniLM-L6-v2 FEVER - mxbai-embed-large-v1 Mean 8 (Refutes)
50° 50°
1200 60° 1200 60°
/-‘-
P
150° 150° z 300
7 - 4
-
o S
s, 1
P 3
180° B 180° - 0°
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FIGURE 2. Angular Boundaries Across Dataset-Embedding Combinations

In addition, the PSO convergence curves in Figure 3 show that the F1,,,.., score
increased from the initial particle positions and stabilized within 200 iterations across
all combinations, indicating improvement over the initial solutions.

SNLI Dataset FEVER Dataset

e Embedding Model
’_/J 0.41 |—J_ all-MiniLM-L6-v2

0.4
0.56

0.39

mxbai-embed-=large-v1

0.54

Macro F1
Macro F1

0.38
0.52

0.37|

0.48 0.36!

FIGURE 3. Comparison of F1-macro Across Dataset-Embedding Combinations
3.3 INTERPRETATION OF SEMANTIC RELATION ZONES

Based on the PSO calibration results in Table 1, all dataset-embedding
combinations yielded angular boundaries satisfying constraint 0° < 65 < 6, < 180°,
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with supports, NEI, and refutes occupying the lower, intermediate, and higher
orientation-angle regions, respectively. The highest F1,,,.-, value (59,871%) was
obtained for SNLI dataset with mxbai-embed-large-vl embedding, with calibrated
boundaries (8, 6,) = (39,69° 53,06°), while the lowest value (41,331% ) for
FEVER dataset with mxbai-embed-large-vl embedding, with (6,,0,) =
(36,42°;50,00°). In three of the four combinations, the NEI relation yielded the
lowest F1 score. The only exception was FEVER with mxbai-embed-large-v1, for
which the lowest F'1 score was observed for the refutes relation. To complement the
calibration results, the calibrated angular boundaries were then fixed and applied to
the held-out test subsets, with the resulting performance reported in Table 2. Since the
held-out pairs were not used during boundary calibration, the test results provide an
independent evaluation of the calibrated relation zones on unseen data. The same
pattern across the three semantic relations was observed in the held-out results, with
NEl yielding the lowest F1 score in three combinations and refutes yielding the lowest
F1 score for FEVER with mxbai-embed-large-vl. These results suggest that
distinguishing the NEI and refutes relation zones remains the most challenging aspect
of the resulting partition.

To better understand this pattern, the distributions of 6 prior to calibration are
presented in Table 3 and Figure 2. For the SNLI dataset, the Mean 0 values follow
the expected ordering of the relation zones, namely supports, NEIL, and refutes. In
contrast, for the FEVER dataset, the Mean 6 of the NEI relation exceeds that of
refutes and is accompanied by a larger standard deviation. In addition, for the FEVER
and mxbai-embed-large-v1 combination, the NEI and refutes relations show similar
Mean 6 values, while the minimum 6 value of NEI exceeds that of refutes. Together,
these observations suggest overlap between the two distributions. This pattern is
consistent with the relatively low F1 scores obtained for the two relations in Table 1.

As shown in Figure 2, the calibrated angular boundaries obtained by PSO do not
always align with the Mean 6 values of the relation distributions. In some dataset-
embedding combinations, 6; and 6, are located between the centers of adjacent
relation distributions, whereas in others they are shifted away from those centers. This
observation suggests that Mean 6 alone may not be sufficient to explain the location
of the calibrated angular boundaries, as the relation distributions differ in both spread
and overlap.

The width of the NEI zone, defined by the difference between the support and
refute boundaries, varies across the dataset-embedding combinations. For SNLI, the
NEI zone widths are 15,73° for all-MiniLM-L6-v2 and 13,37° for mxbai-embed-
large-v1, while for FEVER they are 7,48° and 13,58°, respectively. FEVER therefore
has a narrower NEI zone than SNLI for all-MiniLM-L6-v2, but a slightly wider NEI
zone for mxbai-embed-large-v1. Although the SNLI combinations obtained higher
F1,,4cr0 Scores than the FEVER combinations, the zone widths do not show the same
consistent ordering across the two embedding models.

The differences between SNLI dan FEVER datasets should also be considered
when interpreting the observed results. FEVER more directly represents the claim-
evidence setting considered in this study, whereas SNLI represents premise-
hypothesis relations and was included as an NLI-based proxy for claim verification
[10], [24], [25]. Therefore, the higher F1,,,., observed for SNLI should not be
interpreted as evidence that SNLI is more representative of the claim-evidence context
motivating the proposed complex-valued representation. The observed difference in
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zone separation should also be considered in relation to the NLI task formulation and
annotation process.

Previous work has shown that SNLI contains annotation artifacts, where linguistic
patterns in the hypothesis are associated with the annotated relations. A classifier
using only the hypothesis was able to predict SNLI labels above the majority baseline,
and patterns related to lexical choice and sentence length were found to be associated
with the labels [29]. Such patterns may be reflected in the embeddings of SNLI
hypotheses. If so, these patterns could be one factor associated with the observed
separation between the angular distributions of the SNLI relations and the higher
F1,,4cr0 Observed for SNLI. However, this possible relationship was not isolated or
directly evaluated in the present study, so its contribution to the observed performance
cannot be determined from the current experiments.

At a more general level, the distribution of 8 across all experiments shows that the
observed claim-evidence pairs are concentrated within a limited portion of the
theoretical 0° — 180° semantic orientation space. The maximum observed 8 value is
101,9°, whereas all calibrated angular boundaries lie below 90°. Furthermore, the
mean values of 6, and 6, across the four dataset-embedding combinations are
42,7425° and 55,2825°, respectively. These observations suggest that, for the
examined datasets and embedding models, the derived semantic orientation values are
concentrated within a relatively narrow angular range. This pattern is specific to the
datasets and embedding models examined in this study, and further evaluation across
other datasets and embedding models is needed to determine whether similar angular
distributions are observed.

For the evaluated datasets and embedding models, the calibration results provide
an empirical interpretation of the semantic orientation space constructed by the
proposed complex-valued function. The magnitude and angular components represent
semantic relevance and semantic orientation, respectively, while the calibrated
angular boundaries provide an empirical partition of this continuous representation
into semantic relation zones.

4. CONCLUSION

This study introduced a complex-valued function that represents claim-evidence
relevance and semantic orientation within a single mathematical object. The proven
mathematical properties of the function indicate that the proposed representation
behaves consistently on its domain, providing a formal basis for describing claim-
evidence relations through both magnitude and angular components. This
construction enables semantic relevance and semantic orientation to be represented
simultaneously within a single mathematical object. In addition, the semantic
orientation angle derived from the embedding geometry provides the continuous
coordinate on which empirically calibrated boundaries can be used to partition claim-
evidence relations into supports, NEI, and refutes zones.

The calibrated angular boundaries do not always align with the Mean 6 values of
the respective relations, suggesting that Mean 6 alone is insufficient to explain the
resulting boundaries. The spread and overlap of the relation distributions also appear
to contribute to the quality of the resulting partitioning. The calibrated boundaries
were subsequently evaluated on held-out test subsets, providing an independent
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evaluation of the resulting relation zones. Nevertheless, the separability between
relation zones in the evaluated datasets remains limited. Future research could
examine the stability of calibrated angular boundaries across different embedding
models and claim-evidence domains, as well as investigate the influence of dataset-
specific annotation characteristics and explore alternative complex-valued function
constructions with more independent real and imaginary components.
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