Journal of Neutrosophic and Fuzzy Systems

¢ ISSN:2771-6449 Vol: 11, No.01,2026 ¢ PP.17-24
4 Article DOI: https://doi.org/10.54216/INFS.110103

FULL LENGTH ARTICLE

Hesitation-Gated Fuzzy—Neutrosophic Prototype Learning under

Asymmetric Label Noise

Necati Olgun  Ahmed Hatip'
I Department of Mathematics, Gaziantep University, Gaziantep, Turkey

Emails: Olgun@gantep.edu.tr - kollnaar5 @ gmail.com

ABSTRACT

Label corruption is difficult for prototype classifiers because a mislabeled observation does two things at once: it
perturbs the prototype vy, associated with the supplied label and obscures whether the observation is genuinely
ambiguous or simply inconsistent with its assigned class. This paper develops an adaptive fuzzy—neutrosophic
prototype learning algorithm that separates these effects. For each training observation, the membership vector
u; = (uj1,...,uix) € AK~1 induced by the current prototypes is converted into the evidence state z; = (T;,1;, F;) €
[0,1]3: truth is the membership assigned to the observed class, falsity is the strongest competing membership,
and indeterminacy is the normalized membership entropy. These quantities drive three coupled mechanisms:
a contradiction margin ¢; = [F; — T;]; that attenuates unreliable labels, an entropy-dependent fuzzy exponent
m; € [Mmin, Mmax] that adapts membership weighting near class overlap, and a conservative soft-label correction
activated only when F; > T; and the hesitation /; is sufficiently small. The resulting Adaptive Fuzzy—Neutrosophic
Prototype Learning (AFNPL) algorithm remains a lightweight prototype method with linear cost in the number of
observations, classes and features per iteration. A reproducible three-class study evaluates 0-40% cyclic asymmetric
label corruption under low, medium and high class overlap. At medium overlap and 40% corruption, AFNPL
obtains 91.54% test accuracy and 91.55% macro-F1, compared with 72.52%/72.37% for noisy class means and
80.23%/80.17% for trimmed class means. Its internal contradiction score also detects corrupted labels with mean
AUC between 0.959 and 0.971 across the contaminated settings. The contribution is therefore not only a robust
prototype update, but a fuzzy learning mechanism in which neutrosophic truth, indeterminacy and falsity have
explicit algorithmic roles in label reliability and adaptive fuzzy weighting.
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1. INTRODUCTION

Fuzzy learning was introduced to avoid the brittle assump-
tion that an observation must belong entirely to one class
or cluster, replacing a hard indicator 1{y; = k} by graded
memberships u;; € [0, 1]. In fuzzy c-means (FCM), member-
ship degrees distribute an observation over several prototypes
rather than forcing a hard assignment [1]. Possibilistic clus-

tering later relaxed the unit-sum membership constraint to
reduce sensitivity to atypical points [2], while type-2 fuzzy
sets provided an additional layer for representing uncertainty
in the membership function itself [3]. These ideas remain
relevant whenever the data geometry is uncertain, boundaries
overlap, or supervision cannot be treated as completely reli-
able; in such cases, a membership vector with maxy u; < 1
conveys information that a hard label suppresses.
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Label noise introduces a different uncertainty source. A train-
ing point can be geometrically typical of a latent class y*
while carrying an observed label y; # y7. In high-capacity
learning systems, corrupted labels can be memorized, mo-
tivating loss correction, sample selection, co-teaching and
noise-aware objectives [4, 5, 6, 7, 8, 9]. Prototype meth-
ods do not memorize in the same way as deep networks,
but they suffer a direct geometric distortion: mislabeled ob-
servations displace class representatives, and the resulting
prototypes then produce distorted memberships for otherwise
clean points. A method that merely assigns fuzzy member-
ships is therefore not automatically a method for reasoning
about label reliability: the condition u;y, < maxj.y, u; must
be interpreted differently from ordinary boundary ambiguity.

Neutrosophic representations offer a useful vocabulary for
this problem. Single-valued neutrosophic information de-
scribes truth, indeterminacy and falsity independently on
[0,1] [10]. Recent research has proposed similarity, entropy
and distance measures [11, 12, 13, 14], new aggregation and
score functions [15, 16, 17], dynamic formulations [18], hy-
brid decision models [19, 20], and neutrosophic cognitive-
map applications [21]. Most of this literature treats a neu-
trosophic triple z = (7,I,F) as the input to a decision or
aggregation procedure. The present work uses it differently:
z; = (T;,I;, F;) is generated internally by the fuzzy learner and
controls how strongly each training label is trusted.

The central idea is to distinguish ambiguity from contradic-
tion. Suppose the current fuzzy memberships of observation
iare u;y,...,u;x and the observed label is y;. A point near a
class boundary may have high normalized membership en-
tropy I; ~ 1, and this should be interpreted as indeterminacy
rather than as evidence that its label is wrong. By contrast,
if F; — T; > 0 while the membership vector is sharp (I; < 1),
the observation provides stronger evidence of contradiction.
The proposed method encodes these two situations separately
and uses them to regulate both the fuzzy membership-power
exponent and the prototype update.

The paper makes four contributions, all expressed through
the coupled state (u;,z;,ri,m;,y;) updated at each iteration.
First, it introduces a sample-wise fuzzy—neutrosophic evi-
dence state derived directly from prototype memberships,
without requiring externally supplied neutrosophic labels.
Second, it proposes a hesitation-adaptive membership-power
exponent and a contradiction-dependent reliability weight,
creating a fuzzy learning rule whose prototype weighting
varies with local ambiguity. Third, it develops a conser-
vative soft-label correction that moves mass away from a
contradicted observed label only when the competing fuzzy
evidence is sufficiently decisive. Fourth, it evaluates classi-
fication robustness, prototype displacement, noise-detection
ability and convergence behavior under controlled asymmet-
ric corruption. The emphasis is therefore algorithmic learning
and classification: neutrosophic evidence is generated within
the learning loop rather than supplied as a fixed decision
descriptor.

The remainder of the paper is organized as follows, with
the mathematical development proceeding from u;; to z; =
(T;,I;, F;) and finally to the prototype update v;*". Section 2
reviews fuzzy clustering, neutrosophic uncertainty and noisy-

label learning. Section 3 defines the fuzzy membership and

evidence quantities used by the method. Section 4 presents
AFNPL and its main properties. Section 5 describes the exper-
imental protocol. Section 6 reports classification, prototype
and diagnostic results with graphical analysis. Section 7 dis-
cusses the scope and limitations, and Section 8 concludes the
study.

2. RELATED WORK

2.1 Fuzzy and possibilistic prototype learning

The FCM objective assigns memberships u;; and prototypes
v by minimizing a membership-weighted within-cluster dis-
tortion, conventionally of the form ¥; ¥ u |lx; — vi||3 [11.
The exponent m > 1 controls fuzziness: values close to one
approach hard assignments, whereas larger values flatten
membership differences. The same global m is normally ap-
plied to all observations, even though geometric uncertainty
can vary considerably across the feature space. Possibilistic
c-means removes the probabilistic partition constraint and
interprets membership more as typicality [2]. Intuitionis-
tic fuzzy clustering adds a hesitation component and has
motivated algorithms that distinguish membership from non-
membership [22, 23]. Type-2 fuzzy sets similarly emphasize
uncertainty about membership itself [3].

The proposed method shares the prototype efficiency of
FCM but differs in two respects: the global scalar m is
replaced by m;, and the update weight becomes a func-
tion of z; = (7;,I;,F;). The membership-power exponent
is observation-specific rather than global, and its value is
not tuned from distance alone: it is driven by a normalized
uncertainty measure of the full membership vector. More
importantly, the observed class label participates in a neutro-
sophic evidence calculation, so contradictory supervision can
be attenuated instead of being treated as unquestioned ground
truth.

2.2 Neutrosophic information in learning and decision sys-
tems

Fuzzy sets [24] and intuitionistic fuzzy sets [22] progressively
expanded the representation of partial membership and hesi-
tation. Single-valued neutrosophic sets provide three indepen-
dent coordinates (T,1,F) € [0,1]? for truth, indeterminacy
and falsity [10]. Subsequent work has investigated entropy
and similarity [11, 12], distance measures for pattern recog-
nition [13, 14], algebraic operators and scoring mechanisms
[15, 16, 17], dynamic formulations and cognitive-map appli-
cations [18, 21]. Hybrid MCDM methods continue to extend
the use of neutrosophic information in structured decision
problems [19, 20].

A common pattern is to begin with a neutrosophic description
z=(T,I,F) supplied by a decision maker or derived from
an application-specific mapping, then define operations on
z. AFNPL instead constructs (7;,1;, F;) from fuzzy prototype
memberships during learning. Thus the neutrosophic state

(

is transient and endogenous: zitH) #+ zgt) whenever the pro-
totype update changes the induced membership geometry.
This allows truth, falsity and indeterminacy to act as control
variables in the learning algorithm rather than only as values
to be aggregated after elicitation.
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2.3 Learning with corrupted labels

Noisy-label learning has produced several broad strategies.
Loss-correction approaches estimate or use corruption struc-
ture [4]; robust losses modify how difficult or contradictory
observations contribute to the objective [5, 8]; co-teaching
uses peer networks to exchange small-loss examples [6]; prob-
abilistic methods infer clean/noisy states [7]; and sample-
selection frameworks analyze when filtering improves gen-
eralization [9]. These methods demonstrate that confidence
alone is not sufficient: uncertainty must be interpreted relative
to the observed label y; and the evolving model state, rather
than through maxy u;; alone.

AFNPL transfers this principle to a lightweight fuzzy proto-
type setting by mapping (u;,y;) — (Ti,I;, i) = (ri,mi, 3i). 1t
does not estimate a full transition matrix and does not dis-
card observations. Instead, it continuously decomposes the
compatibility of an observed label into truth, falsity and inde-
terminacy, then uses those values to set the effective fuzziness
and contribution of the sample.

3. MATHEMATICAL PRELIMINARIES

3.1 Supervised prototype setting
Let the training set be

2 = {(xi,yi) Y1,

where y; is the observed label and may differ from the unob-
served true class. Let V = (vq,...,vk) be class prototypes
with v; € RY. Define squared Euclidean dissimilarity

xeRY yie{l,.. K}, (1)

dix = ||xi — vie|13. )

Rather than the classical inverse-distance FCM membership,
we use a temperature-scaled soft prototype membership

= expldi/(A9)]
K — )

i1 exp[—di;/(As)]
where s > 0 is the median nearest-prototype squared distance
in the current iteration and A > 0 is fixed. Hence uy, € (0,1)
and Y puy = 1.

3

3.2 Fuzzy-neutrosophic evidence state

For the observed class y;, define

]‘l' = uiy,-7 (4)
F; = maxu, )
k#yi
1 K
I =— logK k; uiloguj, (6)

The triple z; = (T;,1;, F;) lies in [0, 1]?; as usual, 0log0 is in-
terpreted as 0 by continuity. No condition 7; +; + F; = 1 is
imposed, consistent with the single-valued neutrosophic rep-
resentation [10]. Here the three components have operational
meanings: 7; is geometric support for the supplied class, F;
is the strongest geometric opposition, and /; is membership
hesitation.

Define the positive contradiction margin
ci = [F—Tj)y =max(0,F;— T;). (7)

A high ¢; is not sufficient by itself to conclude that a label
is corrupted, because the membership vector may be diffuse,
i.e., [; may simultaneously be close to 1. We therefore define
the diagnostic contradiction score

gi = ci(1-1), (®)

which is large only when an alternative class dominates and
the fuzzy assignment is comparatively decisive.

Proposition 1 (Bounded evidence). For every observation,
Ti,Fi, 1, ciyqi € 0,1].

Proof. Memberships are in [0, 1], so T;, F; € [0,1] and there-
fore ¢; € [0,1]. The Shannon entropy of a K-category proba-
bility vector lies in [0,log K], giving I; € [0, 1]. Finally, g; is
the product of two values in [0, 1]. O

4. PROPOSED METHOD

4.1 Hesitation-adaptive fuzzy exponent

A fixed fuzzy exponent m applies the same transformation
u;; — u}y to a central point and a boundary point. AFNPL
instead sets

M = Mmin + (mmax - mmin)1i7 &)

with 1 < mpyin < mmax. Low-entropy observations therefore
use a smaller membership-power exponent in the prototype
update, while uncertain boundary observations use a larger
one. The preliminary memberships in (3) are not recomputed
with m;; instead, m; controls how strongly those memberships
enter the effective weights in (13). This is the principal fuzzy
contribution of the method: the strength of fuzzy membership
weighting becomes a sample-specific response to the current
hesitation state rather than a single global exponent.

4.2 Contradiction gate and soft-label repair

The reliability gate is

ri=e *{0.55+0.45(1 - 1)}, k>0. (10
Thus contradiction decreases reliability exponentially,
dri/dc; = —Kr; < 0, while high indeterminacy also reduces
the gate but does not force it to zero. This distinction prevents
ambiguous boundary points from being treated exactly like
confidently contradicted labels.

Let ey, denote the one-hot vector for the observed label. The
correction strength is

ai:min{0.95, Z.ZYC,'(I—I,')}, OS’}/S 1, (11)
and the repaired soft target is

)ﬁ)vl': (l—a,-)eyiJraiui. (12)

When the observed class remains at least as plausible as
every alternative, F; < T; implies ¢; = ; = 0 and hence no
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Algorithm 1 Adaptive Fuzzy—Neutrosophic Prototype Learn-
ing (AFNPL)

Require: X, observed labels y, K, muyin, Mmax, K, Y, 6, A
1: Initialize each v; by the mean of observations carrying
label k
2: repeat
Compute d;; and scale s; obtain memberships u;
from (3)
Compute T;, F;, I; from (4)—(6)
Set ¢; = [F; — T;]+ and m; from (9)
Compute r; from (10) and o; from (11)
Form repaired targets y; using (12)
Compute wj;, from (13)
Update all prototypes with (14)
10: until prototype change is below tolerance or the iteration
limit is reached
11: return prototypes V and diagnostic scores g; = ¢;(1 —I)

(95}

0 2R

correction occurs. A correction is activated only when F; > T;,
and it is weakened when membership entropy is large.

Proposition 2 (Conservative correction). If F; < T;, then
yi = ey,. If F; > T, the total mass moved away from the
observed one-hot label is at most 0.95 and is nonincreasing
in I; for fixed T;, F;.

Proof. The first statement follows from ¢; = 0. For the sec-
ond, a; < 0.95 by construction. Before clipping, ¢; is propor-
tional to (1 — I;); clipping preserves nonincrease with respect
to 1;. O

4.3 Prototype update
For class k, AFNPL assigns observation i the effective weight

wi = rivauy +8(1—ri)ul, (13)

where 0 < 0 < 1 retains a small geometry-only contribution
when the supplied label is strongly distrusted. The prototype
update is

v %?:1 Wikki_ (14)

Y wik+€

The first term in (13), r;jyxu;’, preserves supervised informa-
tion when it is compatible with the prototype geometry. The
second term avoids complete sample deletion and permits a
contradicted point to support the class toward which its fuzzy
membership already points.

4.4 Interpretation and computational cost

The method can be read as a closed feedback loop, |74 LN
U®W — 70 5w - vt Prototypes generate fuzzy
memberships; memberships generate neutrosophic evidence;
evidence controls fuzziness, label reliability and correction;
and those quantities generate the next prototypes. Unlike
hard filtering, all observations remain available. Unlike an
ordinary fuzzy prototype learner, however, an observed label
is not granted the same authority at every iteration because
its effective contribution is modulated by ; € (0, 1].

For n observations, K classes and d features, distance cal-
culation and prototype accumulation both require O(nKd)
arithmetic. All evidence and gating operations are O(nK)

or less. Hence one AFNPL iteration is O(nKd) in time and
O(nK + Kd) in working memory if the membership matrix
is retained. Thus the method retains linear per-iteration scal-
ing in n, K and d, while its learned state consists only of
the K prototypes in addition to the sample-wise quantities
computed during each iteration.

5. EXPERIMENTAL SETUP

5.1 Controlled data model

A controlled experiment is used because the true labels y;
and uncontaminated class centers ; must be known in order
to measure both classification and prototype displacement.
Three bivariate Gaussian classes have means

i = (—1.65,-0.55), = (1.55,-0.50),

15
usz = (0,1.70). (15)
and common base covariance
0.78 0.22
Y= . (16)
0.22 0.68

The covariance is multiplied by a* with overlap multiplier a €
{0.78,1.00,1.25}, denoted low, medium and high overlap.
Each training panel contains 90 observations per class; each
independent test panel contains 500 per class.

Training labels are corrupted asymmetrically. Independently
for each training observation, corruption occurs with prob-
ability 1 € {0,0.1,0.2,0.3,0.4}. A corrupted class k is
changed cyclically to k+ 1 modulo three. This construc-
tion is intentionally not symmetric: with the corruption map
k — (k mod 3) + 1, cyclic contamination induces directional
prototype bias and therefore tests whether reliability weight-
ing can resist systematic displacement.

For every overlap—corruption combination, 120 independent
replications are generated. All pseudo-random seeds are
fixed in the supplied code. Reported metrics are test accuracy,
macro-F1 and mean prototype displacement

1 K
DV:EZ (Ve = tell2- (17)
k=1

5.2 Comparators and parameters

Four prototype estimators VM), M €
{NCM, Trimmed, Fuzzy-PL, AFNPL}, = are = compared.
NCM uses the ordinary mean of all observations carrying
each noisy label. Trimmed-NCM removes the farthest
20% of observations within each noisy label group before
recomputing the class mean. Fuzzy-PL is a supervised
fuzzy prototype learner using a fixed exponent m = 2 and
the observed one-hot label in its update. AFNPL uses
Algorithm 1. The fixed AFNPL settings are myj, = 1.55,
Mmax = 2.75, Kk =5, y=10.90, § = 0.08 and A = 0.8. These
values are held constant across all corruption and overlap
conditions.

Noise-detection ability is evaluated only for AFNPL, because
its contradiction score ¢; = ¢;(1 — ;) in (8) is an explicit
diagnostic output whose ranking can be compared with the bi-
nary corruption mask. The area under the ROC curve (AUC)
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Table 1. Medium-overlap classification results. Values are means
over 120 independent replications.

Noise Method Accuracy Macro-F1
0.0 NCM 0.9184 0.9185
Trimmed-NCM 0.9178 0.9179
Fuzzy-PL 0.9176 0.9177
AFNPL 0.9176 0.9177
0.2 NCM 0.8980 0.8980
Trimmed-NCM 0.9141 0.9142
Fuzzy-PL 0.9165 0.9166
AFNPL 0.9167 0.9167
0.3 NCM 0.8441 0.8439
Trimmed-NCM 0.8931 0.8931
Fuzzy-PL 0.9156 0.9157
AFNPL 0.9160 0.9161
0.4 NCM 0.7252 0.7237
Trimmed-NCM  0.8023 0.8017
Fuzzy-PL 0.9150 0.9151
AFNPL 0.9154 0.9155

is calculated against the known corruption mask. An addi-
tional ablation study uses medium overlap and 1 = 0.3 with
200 independent replications. The complete source code,
replicate-level CSV files and figure-generation procedure are
included in the submission package.

6. RESULTS

6.1 Classification under asymmetric corruption

Table | summarizes the medium-overlap experiment. In the
clean setting, all methods are within about one tenth of a
percentage point: NCM gives 91.84% accuracy and AFNPL
gives 91.76%. The robust mechanism therefore does not
create a meaningful clean-data penalty: the absolute accu-
racy difference is [0.9184 —0.9176| = 8 x 10~*. The be-
havior changes as corruption becomes directional. At 30%
corruption, NCM falls to 84.41% and Trimmed-NCM to
89.31%, whereas Fuzzy-PL and AFNPL remain at 91.56%
and 91.60%. At 40%, AFNPL reaches 91.54% accuracy and
91.55% macro-F1, while NCM reaches 72.52%/72.37% and
Trimmed-NCM 80.23%/80.17%.

Figure 1 shows the complete corruption trajectory as a func-
tion of 1 € [0,0.4]. The principal separation is between meth-
ods that continue to trust the noisy label group geometrically
and methods that use fuzzy compatibility. AFNPL is not
designed to manufacture a large advantage over a strong
fuzzy prototype baseline when that baseline is already ro-
bust; rather, its contribution is to retain comparable predictive
performance while producing the interpretable sample-level
quantities (7;,;, F;, g;)-

6.2 Effect of class overlap

Figure 2 reports AFNPL macro-F1 across the three overlap
regimes. Increasing geometric overlap lowers the attainable
classification rate, as expected, but the curves remain nearly
flat with respect to label corruption. At 40% corruption,
AFNPL obtains macro-F1 values 0.9692, 0.9155 and 0.8476
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90 |-
~ 875
X
\g;_ 85
g 82.5 |-
2 80| —e—NCM
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Training-label corruption (%)

Figure 1. Test accuracy versus asymmetric training-label corruption
at medium class overlap.
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Figure 2. AFNPL macro-F1 under low, medium and high geometric
overlap.

for low, medium and high overlap, respectively. The corre-
sponding NCM values are 0.7689, 0.7237 and 0.6774. This
indicates that the dominant performance loss for AFNPL
comes from intrinsic class overlap a rather than from the
imposed label corruption level 1 over the investigated grid.

Prototype displacement Dy = K'Y, ||vx — t]|2 provides a
complementary view. Under medium overlap and 40% cor-
ruption, mean displacement is 1.1543 for NCM, 0.9760 for
Trimmed-NCM, 0.2351 for Fuzzy-PL and 0.2239 for AFNPL.
At low overlap the same corruption level gives 1.1578,
0.9317, 0.1503 and 0.1220, respectively. In the high-overlap
regime, AFNPL does not uniformly minimize displacement:
its mean value 0.3743 is above the Fuzzy-PL value 0.3445
even though its classification accuracy is slightly higher
(0.8475 versus 0.8463). This is useful evidence against over-
interpreting prototype distance as a universal surrogate for
classification quality: in this setting, D{}F NPL > DE“ZZY_PL c
coexist with AccagnpL > ACCFuzzy-PL«

an

6.3 Corrupted-label detection from neutrosophic evidence

The contradiction score g; = ¢;(1 —I;) is not used as a hard
rejection rule, but it can be evaluated as a corruption indicator.
Figure 3 shows mean AUC across the contaminated medium-
overlap settings. Mean AUC is 0.9672, 0.9709, 0.9682 and
0.9592 at corruption levels 10%, 20%, 30% and 40%, respec-
tively. Thus the same fuzzy—neutrosophic quantities used
to control the update also provide a useful diagnostic rank-
ing g; of suspicious labels. Variability is modest at 10-30%
corruption (standard deviations 0.0263, 0.0178 and 0.0151),
whereas the 40% setting has a larger standard deviation of
0.0853 because of one rare low-AUC replication; its median
AUC remains 0.9697.
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Figure 3. AUC of the AFNPL contradiction score for identifying

corrupted training labels. Error bars show one standard deviation
over 120 replications.

Weighted prototype distortion
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Figure 4. Representative AFNPL weighted-distortion trace at
medium overlap and 30% asymmetric label corruption.

This diagnostic property illustrates why /; is separated from
F;: for fixed ¢;, g; = ¢;(1 — I;) decreases linearly as hesitation
increases. A boundary point can have moderate or even high
competing membership, but its high entropy reduces 1 —I;
and therefore suppresses the corruption score. A sharply clas-
sified point whose supplied label disagrees with the strongest
prototype receives a much larger score.

6.4 Ablation and iterative behavior

The ablation study at medium overlap and 30% corruption is
intentionally reported even though differences are small. Full
AFNPL obtains mean accuracy 0.91694. Fixing the fuzzy
exponent at m = 2 gives 0.91687, removing the contradic-
tion gate gives 0.91687, and disabling label correction gives
0.91693. These results show that the classification gain is not
attributable to one dominant switch in this controlled setting,
since all ablated accuracies differ from the full value by less
than 10~*. The components mainly affect how evidence is
interpreted and how suspicious observations are weighted;
the underlying fuzzy prototype geometry is already a strong
source of robustness.

Figure 4 shows the weighted prototype distortion for a rep-
resentative 30%-corrupted panel. It drops from 2.3460 at
the first recorded iteration to 1.1161 by iteration four and
stabilizes near 1.1159. A very small rebound appears after
the fifth iteration because ngtc) and ml(t) change with yl ); the
plotted quantity is therefore a diagnostic distortion, not a

fixed objective J(V) with a claimed monotonicity theorem.

7. DISCUSSION

The experiments support three conclusions across the investi-
gated grid (a,m) € {0.78,1.00,1.25} x {0,0.1,0.2,0.3,0.4}.
First, structured asymmetric label corruption can substan-
tially damage ordinary prototypes. When corrupted classes
preferentially move in one direction, class means are system-
atically displaced rather than receiving only nondirectional
perturbations. Trimming helps but is insufficient when the
contaminated observations are not extreme in feature space.
Fuzzy compatibility is particularly effective because a point
carrying the wrong label can still satisfy u;y, < max.y, i
even when it is not a Euclidean outlier.

Second, the main value of the neutrosophic layer is not a
dramatic increase over every fuzzy baseline. Fuzzy-PL is
already highly robust in the present geometry, and AFNPL
improves its classification results only slightly. The added
contribution is representational and algorithmic: AFNPL dis-
tinguishes observed-label support (7;), boundary hesitation
(I;) and opposing-class support (F;), then gives each quantity
a direct role in the learning rule. The resulting contradiction
score g; = ¢;(1 —I;) achieves high corruption-detection AUC
without training a separate detector. This distinction is impor-
tant because an incremental numerical gain alone would not
justify introducing additional uncertainty machinery.

Third, the adaptive fuzzy exponent should be interpreted as
local regularization of prototype weighting. Equation (9) in-
creases the power applied to preliminary memberships when
the prototype geometry is uncertain and reduces it when one
prototype dominates. This differs from selecting a single
global FCM exponent. It also differs from type-2 fuzzy mod-
eling, where uncertainty is represented in the membership
function itself [3]. AFNPL remains a type-1 membership
model, but the membership-power exponent becomes the
endogenous function m; = Mmin + (Mmax — Mmin ) 1i-

Several limitations define the appropriate scope of the claims,
particularly because the present design fixes d =2, K = 3,
and 1 < 0.4. The study uses Gaussian synthetic data in
two dimensions so that corruption, overlap and true pro-
totypes are exactly controlled. The resulting evidence is
strong for mechanism validation but is not a substitute for
benchmark studies on high-dimensional empirical datasets.
The cyclic noise model is deliberately structured; instance-
dependent and open-set label noise may behave differently.
Euclidean prototypes also assume that classes can be rep-
resented reasonably by centers in the chosen feature space.
Kernelized, metric-learning or multi-prototype extensions
would be needed for strongly nonconvex classes. Finally, the
current parameter constants were fixed across experiments
but not estimated from theory. A future version could connect
K, Mpin and mpmax to measurable separation statistics such as
inter-prototype distances ||v; — v¢||2 or membership entropy
summaries.

These limitations suggest several extensions within the scope
of fuzzy and neutrosophic systems, replacing the present map
u; — (T;,1;, F;) by richer uncertainty constructions where ap-
propriate. The evidence triple could be built from interval
type-2 memberships, graph-based local memberships, or mul-
tiple prototypes per class. Dynamic evidence could be in-
troduced for streaming settings, concept drift or changing
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annotator reliability, paralleling recent interest in dynamic
neutrosophic models [18]. The diagnostic score could also
trigger relabeling when ¢g; > 7, for an application-defined
threshold 7, rather than automatically changing labels, which
would be attractive in human-in-the-loop classification.

8. CONCLUSION

This paper introduced AFNPL, a fuzzy—neutrosophic pro-
totype learning algorithm for classification when observed
labels y; may differ systematically from latent classes y7. The
method generates a neutrosophic evidence state from current
fuzzy memberships: membership in the observed class is
treated as truth support, the strongest competing membership
as falsity support, and normalized membership entropy as
indeterminacy. These three values are then used to compute
m;, r; and y;, respectively governing adaptive membership
power, contradictory supervision and conservative soft-label
correction.

The controlled experiments show that the method preserves
the clean-data behavior of ordinary prototype learners while
resisting cyclic asymmetric label corruption. At medium over-
lap and 40% corruption, AFNPL maintains 91.54% accuracy
compared with 72.52% for noisy class means and 80.23%
for a trimmed estimator. Its internal contradiction score also
provides strong discrimination between corrupted and clean
labels, with mean AUC close to or above 0.96 across all con-
taminated settings. The results therefore support the use of
the endogenous state z; = (7;,1;, F;) as an active component of
fuzzy learning rather than only as a representation passed to a
downstream decision rule. Future work should test the mech-
anism on empirical high-dimensional benchmarks, extend it
to non-Euclidean prototypes and develop parameter-selection
rules tied to observed class geometry.
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