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Abstract

Clustering Japanese handwritten characters can organize unlabeled collections
for subsequent annotation and retrieval, but visually similar categories, diverse
writing styles, incomplete strokes, and degraded images can produce unreliable
pseudo-labels during self-training. Existing calibrated deep clustering methods
reduce overconfidence through calibrated confidence; however, this signal reflects
only the current prediction space. We propose STR-DC, a Spatio-Temporal
Reliability-Guided Deep Clustering framework that combines calibrated semantic
confidence with cross-epoch feature stability. STR-DC first performs class-wise
calibrated selection to obtain semantic candidates and then measures tempo-
ral reliability by comparing each current weak-view feature with its predecessor
from the previous epoch. A strict fusion rule retains only samples satisfying both
criteria, reducing the influence of confident but dynamically unstable pseudo-
labels. On K49, ETL8-Hira75, and ETL9-Hira71, STR-DC achieves ACC scores
of 57.68%, 78.46%, and 82.11%, respectively, exceeding the calibrated-confidence
baseline by 5.52%, 9.50%, and 1.83%. Experiments on four general image bench-
marks further demonstrate the generalization ability of STR-DC. Ablation and
visualization results indicate that calibrated semantic confidence and tempo-
ral feature stability provide complementary evidence for reliable pseudo-label
selection.

Keywords: deep clustering, Japanese handwritten characters, pseudo-label learning,
confidence calibration, spatio-temporal reliability, feature stability



1 Introduction

Organizing Japanese handwritten character collections by character identity is useful
for browsing, retrieving similar examples, and preparing data for subsequent annota-
tion. When instance-level labels are unavailable, manually assigning each image to a
character category can require substantial effort, particularly for unfamiliar or ambigu-
ous handwritten forms. Unsupervised clustering offers a way to group these samples
before manual labeling, providing a basis for inspecting related character images
together. Clustering has been widely studied in image analysis and pattern recogni-
tion [1-4], but Japanese handwriting poses a particular difficulty: samples of the same
character can differ across writers, while different characters may share local stroke
structures. Faint or incomplete strokes can further obscure the distinctions between
categories. The objective is therefore to recover groups corresponding to character
identity despite variations in appearance. Recent deep clustering methods combine
representation learning, pseudo-label generation, and clustering optimization [5-7].
A common pipeline first learns visual representations through self-supervised pre-
training, then generates pseudo-labels from current predictions, and finally uses these
pseudo-labels to refine the model. In this setting, however, early confusion between
similar character shapes can produce incorrect pseudo-labels that are repeatedly
reinforced, leading to confirmation bias and incorrect cluster boundaries [8-13].

Calibrated Deep Clustering Network (CDC) addresses this issue by introducing
confidence calibration into deep clustering. It uses a calibration branch and a dynamic
sample-capacity strategy to select high-confidence pseudo-labels [14]. The key insight
of CDC is that clustering models should not only predict cluster assignments, but
also estimate whether the predictions are trustworthy. However, high confidence from
a single forward pass is still insufficient. In Japanese handwritten character images,
samples with incomplete or faint strokes, unusual writing styles, or structures shared
by visually similar characters may still receive deceptively high probabilities. Such
samples appear certain in the current prediction snapshot but may not provide reli-
able semantic evidence for cluster formation. Thus, CDC mitigates miscalibration
but can still suffer from softmax-induced and overfitting-induced high-confidence false
positives [15-18].

From another perspective, instead of relying solely on confidence estimated from
the current prediction snapshot, recent studies have explored sample reliability from
the viewpoint of training dynamics. Along this direction, Li et al. proposed the
LFSS framework, which provides a complementary temporal cue for reliable sample
selection. LF'SS shows that the representation stability of the same sample across
consecutive epochs is strongly correlated with clustering correctness; therefore, cross-
epoch feature similarity can be used to identify unstable samples [19]. This idea is
consistent with studies on memorization and training dynamics, which show that typ-
ical, long-tail, noisy, and hard examples often follow different learning trajectories
[20, 21]. Nevertheless, LFSS alone is also imperfect. High stability does not necessarily
imply semantic value. In handwritten character clustering, a faint or incomplete char-
acter may yield a stable representation that lacks the strokes needed to distinguish
its identity. Similarly, a character can remain consistently assigned to an incorrect



cluster whose members share a similar shape. These cases motivate checking seman-
tic confidence together with temporal stability before treating a sample as reliable
pseudo-label supervision.

These limitations motivate us to characterize pseudo-label reliability for Japanese
handwritten character clustering from both semantic and temporal perspectives.
CDC-style calibrated confidence provides a semantic reliability signal in the current
prediction space, but it may still include high-confidence false positives. In contrast,
LFSS-style feature stability provides a temporal reliability signal along the training
trajectory, but it may retain samples that are stable yet semantically weak. Motivated
by this consideration, we propose STR-DC, a Spatio-Temporal Reliability-Guided
Deep Clustering framework for Japanese handwritten characters. STR-DC first uses
class-wise calibrated selection to obtain semantically confident candidates within each
predicted cluster. It then introduces cross-epoch feature stability to further exam-
ine whether these candidates remain stable during training by measuring the cosine
similarity between the current weak-view features and their predecessor features
from the previous epoch. Finally, a strict reliability fusion rule retains only samples
that satisfy both calibrated semantic confidence and temporal stability for pseudo-
label-based self-training. This design aims to limit the reinforcement of ambiguous
character assignments by requiring both category-level evidence and consistent feature
evolution.

2 Related Work

2.1 Self-Supervised Representation Learning

Self-supervised representation learning provides the visual foundation for modern deep
clustering. MoCo-v2 improves instance discrimination through contrastive learning
[22]. BYOL learns representations by training an online network to predict the target-
network representation of another augmented view, without using negative pairs [23].
Barlow Twins reduces redundancy between embedding dimensions, while VICReg
combines invariance, variance, and covariance regularization to prevent representation
collapse [24, 25]. These methods learn strong generic features, but they usually do
not decide which pseudo-labeled samples should be trusted during clustering self-
training. For Japanese handwritten characters, the learned features must support
grouping by character identity despite differences in writing style. Reliability-aware
sample selection is therefore needed to prevent ambiguous character assignments from
dominating self-training.

2.2 Deep Image Clustering

Deep image clustering couples representation learning with cluster assignment. Deep-
Cluster and IIC establish early paradigms based on deep embedding optimization,
alternating pseudo-label training, and mutual-information maximization [6, 7]. SCAN,
Contrastive Clustering (CC), Graph Contrastive Clustering (GCC), IDFD, ProPos,
and CoNR improve clustering structures through neighborhood consistency, seman-
tic pseudo labels, instance- and cluster-level contrast, feature decorrelation, prototype



constraints, and contextual neighborhood refinement [8, 9]. Recent studies further
investigate supervision sources and hard samples: TAC uses external semantic guid-
ance, IDC mines valuable boundary samples through limited interaction, ConMix
addresses long-tailed clustering by representation-level mixup, and ULDC models clus-
tering from an uncertainty perspective [10-13]. Within these advances, pseudo-label
reliability and sample stability are especially relevant. CDC shows that confident
pseudo labels should be calibrated, but its probability signal may still include high-
confidence false positives [14]. LFSS shows that sample stability reflects training
dynamics, but stability alone may retain low-information samples without semantic
value [19]. Our work addresses these limitations in Japanese handwritten character
clustering, where similar stroke patterns can cause both confident errors and stable
but incorrect assignments, by combining spatial confidence and temporal stability.

2.3 Confidence Calibration

Confidence calibration studies show that neural network probabilities can be mis-
aligned with true correctness. Guo et al. systematically demonstrated that modern
neural networks can be overconfident on wrong predictions [15], and later work
revisited calibration under recent architectures and training recipes [16]. Logit
normalization, polynomial alternatives to softmax, and gradient-decay analysis in
large-margin softmax further explore ways to reduce overconfidence and improve pre-
dictive conservativeness [17]. Prediction-error-based classification also suggests that
non-softmax reliability signals can reduce the dependence on inter-class relative prob-
ability competition [18]. Calibration is more difficult in deep clustering because no
validation labels are available to correct probability estimates. CDC is an important
step toward calibrated unsupervised clustering [14]. However, calibrated confidence
still describes certainty at the current prediction snapshot. For Japanese handwriting,
shared stroke patterns or missing discriminative strokes may still lead to confident
but incorrect character assignments. We therefore combine confidence calibration with
temporal training evidence.

2.4 Advantages of This Method

The main idea of our method is to use the complementarity between CDC and LFSS
to improve pseudo-label reliability in Japanese handwritten character clustering. The
calibrated confidence component selects candidates with strong evidence for a pre-
dicted character cluster, but it may still admit errors caused by similar character
shapes or incomplete strokes. The feature stability component checks whether each
candidate’s representation remains consistent across epochs, but stability alone cannot
establish character identity. STR-DC retains candidates satisfying both conditions.
This joint selection aims to reduce the influence of ambiguous character samples
and provide more reliable supervision for organizing different handwritten forms into
character-level groups.



3 Preliminaries

3.1 Problem formulation

Given an unlabeled training dataset D, = {x;}; of Japanese handwritten character
images, the goal is to assign each sample x; to one of C' predefined clusters correspond-
ing to character categories without using ground-truth labels during training. The
desired grouping places different handwritten forms of the same character together
while separating characters with similar stroke structures. The proposed framework
takes D,, as input and learns a feature extractor, a clustering head, and a calibration
head. During training, calibrated semantic confidence and cross-epoch feature stabil-
ity are jointly used to select reliable pseudo-labeled samples. After training, the model
outputs the final cluster assignment y”"“* for each sample. Cluster indices express the
learned partition rather than named character transcriptions. The same formulation is
also applied to general image datasets in the supplementary generalization evaluation.

3.2 Calibrated Deep Clustering

Calibrated Deep Clustering (CDC) [14] is a pseudo-label-based deep clustering method
proposed to mitigate the overconfidence problem in self-training. Instead of directly
trusting the raw confidence produced by the clustering head, CDC introduces a
dual-head architecture, consisting of a clustering head and a calibration head. The
calibration head estimates more reliable confidence scores for pseudo-label selection,
while the clustering head is optimized using the selected pseudo-labels.

Given an unlabeled dataset D,,, CDC first applies weak and strong augmentations
to each sample, denoted as W(x;) and A(z;), respectively. A shared feature extractor
f(©;-) maps them into latent representations:

z' = f(O;W(r:)), 2z = [f(6; Alx:)). (1)

The weakly augmented view is used to estimate calibrated confidence and generate
pseudo-labels, whereas the strongly augmented view is used to train the clustering
head. The clustering head gej, (0c10; -) predicts the cluster distribution of the strongly
augmented sample:

p?du =0 (gclu (gclu; Zf)) ) (2)
where o(+) denotes the softmax function. Meanwhile, the calibration head gcqi(0car; )
produces the calibrated prediction for the weakly augmented sample:

w,cal __

b; =0 (gcal(ecaﬁ Z:U)) . (3)

Based on the calibrated prediction, CDC selects reliable pseudo-labeled samples in
a class-wise manner. For each cluster ¢, samples are ranked according to p;T'fécal, and
the top | B/C| samples form TOP(c). The number of selected samples for cluster c is
determined by

M()=| > po, e=12....C (4)
z; €TOP(c)



where B is the batch size and C' is the number of clusters. CDC then selects the M (c)
highest-ranked samples from each predicted cluster ¢ to construct the pseudo-labeled
set S§. The pseudo-label of each selected sample is assigned as

7; = arg maxp;”cml. (5)

Given the selected pseudo-labeled set S, the clustering head is optimized by the
cross-entropy loss:

acles
The calibration head is trained by eXp101t1ng local consistency in the feature space.
Specifically, CDC partitions the batch features into K mini-clusters {Qk}le using
K-means. For each mini-cluster @)y, the average prediction of the clustering head is
used as a locally smoothed target:

(jk = i Z g (gclu(aclu; f(ea xl))) . (7)

|Qk| ;€EQk

The calibration loss is then defined as

cal 7*2 Z Qk logpcal’ (8)

k z;€Qr

where

pzcal = 0 (geal(Ocar; f(O;21))) - 9)

To prevent trivial cluster collapse, CDC further adds an entropy regularization term:

C
l —cal scal _ l
6 Z ~ca 10g ca , ca Zplcg ) (1())

Thus, the calibration objective is
Ecali = Ecal + wenﬁen- (11)

In summary, CDC uses the calibration head to provide more reliable confidence
estimates for pseudo-label selection, and then uses the selected samples to train the
clustering head. This calibrated pseudo-labeling mechanism provides an important
basis for our subsequent reliability-aware sample selection strategy.

4 Proposed STR-DC Framework

4.1 Overview of the proposed framework

Although CDC provides calibrated pseudo-label selection, applying it to Japanese
handwritten characters still requires distinguishing category evidence from visual



ambiguity. Characters sharing local stroke structures, as well as samples with faint
or incomplete strokes, may receive high confidence under the current model. Since
this confidence reflects a single prediction snapshot, it does not show whether the
corresponding representation is consistently learned across epochs. Selecting such
ambiguous samples can reinforce incorrect character assignments during self-training.

To address this limitation, we propose a Spatio- Temporal Reliability-Guided Deep
Clustering framework for Japanese handwritten character clustering, termed STR-
DC. The overall framework is shown in Fig. 1. Given an unlabeled character image
z;, STR-DC constructs weakly and strongly augmented views and uses them for reli-
ability estimation and clustering optimization, respectively. The main idea is to select
character images using two complementary components: the calibrated confidence
component evaluates evidence for the predicted character cluster, and the feature
stability component verifies consistency across training epochs.

As illustrated in Fig. 1, STR-DC estimates reliability from both spatial and tem-
poral perspectives. Specifically, the spatial semantic reliability is estimated by the
calibration head using the weakly augmented view W(z;), which provides calibrated
evidence for the predicted character cluster. Meanwhile, the temporal reliability is
measured by comparing the current weak-view feature with its predecessor feature
from the previous epoch, so as to evaluate whether the sample representation remains
stable during training. These two reliability signals are then combined through the
reliability fusion component, and only samples satisfying both semantic confidence
and temporal stability are retained for self-training.
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Fig. 1 Overview of STR-DC for Japanese handwritten character clustering. Given an unlabeled
character image x;, the calibrated confidence component and the feature stability component jointly
select reliable pseudo-labeled samples for clustering optimization.

The strongly augmented view A(z;) is used for clustering optimization. The reli-
able pseudo-labeled set obtained from the spatio-temporal reliability selection is used
to supervise the clustering head, while the calibration objective is maintained to sup-
port reliable confidence estimation. In this way, STR-DC does not directly trust all
calibrated high-confidence samples. Instead, it further filters them through cross-epoch



stability verification, thereby reducing the risk of learning from high-confidence but
unstable pseudo-labels.

4.2 Spatial semantic reliability from calibrated confidence

As described in Section 3.2, CDC estimates the calibrated prediction of each weakly
augmented sample through the calibration head, as shown in Eq. (3), and assigns
the corresponding pseudo-label according to Eq. (5). Based on these calibrated
probabilities, CDC further performs class-wise pseudo-label selection using Eq. (4).

In STR-DC, we retain the calibrated semantic selection process introduced in the
preliminary section, and use its selected pseudo-labeled character images as the initial
spatial semantic candidates. Here, semantic reliability refers to evidence for character-
category membership, rather than the linguistic meaning of a character. Let Ssem
denote the sample set retained by the calibrated class-wise selection:

Ssem = {(zi,9;) | x; is selected by Eq. (4)}. (12)

For subsequent reliability filtering, we define the spatial semantic reliability mask
as
mfem =1 ((l‘i, ?)z) € Ssem) ) (13)
where I(-) is the indicator function. The set S, represents samples that are reliable
from the perspective of calibrated semantic confidence. However, this reliability is still
estimated from the current prediction space and therefore reflects only an instanta-
neous semantic judgment. It does not indicate whether the feature representation of
the same sample remains stable during training. To address this limitation, STR-DC
further introduces temporal feature stability as an additional reliability criterion to
refine Sg.,, before using it for self-training.

4.3 Temporal reliability from cross-epoch feature stability

To refine the spatial semantic candidate set Sgen, the feature stability component
evaluates whether each candidate character image is consistently represented during
training. A handwritten sample may be confidently assigned based on a shared stroke
pattern even when its character identity remains ambiguous. Comparing its features
across consecutive epochs supplies an additional check on this instantaneous judgment.
A large representation change suggests that the current high-confidence assignment
may not yet be reliable.

According to the weak-view feature definition in Eq. (1), the feature representation
of x; at epoch t is denoted as

270 = F(OW; W(xy), (14)

where ©(1) denotes the feature extractor parameters at epoch t. At the end of each
epoch, STR-DC stores the weak-view feature representation of each sample as a pre-
decessor feature memory. Therefore, the feature representation of the same sample

from the previous epoch is denoted as z;””’(t_l).



The temporal stability score of x; is measured by the cosine similarity between its
current and predecessor representations:

.
(z;“”’(t)) Lws(t=1)

K2
w @[ =0
O

(t)

sy =

-
A larger sz(-t) indicates that the representation of x; changes only slightly between
two consecutive epochs, suggesting that the sample has been learned in a more stable
manner. In contrast, a smaller value indicates stronger feature drift, which implies
that the sample may still be ambiguous or not yet reliably organized in the current
feature space.
Instead of using a fixed stability threshold, STR-DC adopts an adaptive percentile-
based threshold. For each mini-batch, the temporal stability threshold is computed
as

(15)

95;2“) = Percentile ({sgt)}f;l, ’Tpct) , (16)

where 7, is a percentile hyperparameter controlling the proportion of samples with
low temporal stability to be filtered out. The temporal stability mask is then defined
as

mitet =1 (s > 60),). (17)

This adaptive design allows the stability criterion to change with the training stage
and the feature drift distribution of the current mini-batch, rather than relying on a
manually fixed similarity threshold. This is useful for handwritten character collections
whose feature variation may differ with writing style and stroke visibility.

4.4 Spatio-temporal reliability-guided sample selection

After obtaining the spatial semantic reliability mask m;*"™ from the calibrated class-
wise selection in Eq. (4) and the temporal stability mask mftab from the cross-epoch
feature comparison, STR-DC selects the final reliable pseudo-labeled samples through
a strict conjunctive rule:

mi = m3em A mstab, (18)

The final reliable pseudo-labeled set is then defined as
Srer = {(i, 1) | mit =1} (19)

This spatio-temporal selection rule is the key mechanism of STR-DC. The cali-
brated confidence component checks whether a candidate has sufficient evidence for
its predicted character cluster, while the feature stability component checks whether
its representation remains consistent during training. A visually ambiguous character
with high confidence but unstable features is excluded, as is a stable sample lacking
calibrated category evidence. Their intersection therefore provides character images
with both semantic and temporal support for self-training.



4.5 Optimization objective

For each sample retained in S,.;, the pseudo-label g; is generated from the weakly
augmented view through Eq. (5). The strongly augmented view A(z;) is then used
to optimize the clustering head. According to Eq. (1), the corresponding strong-view

s,clu

feature is zf = f(©;A(z;)), and the clustering prediction p; is obtained from
Eq. (2). The following loss is evaluated for mini-batches with |S,¢;| > 0.

Based on the original CDC clustering loss in Eq. (6), STR-DC replaces the CDC-
selected set with the spatio-temporally reliable set S,.¢;. The reliable clustering loss is
therefore defined as 1

Lrel = _W Z logpi’gfu_ (20)
rel (%i,9i)ESrer
Thus, L, is not a new supervision form, but a reliability-guided refinement of Eq. (6).
The clustering head is updated only using samples that have passed both calibrated
semantic confidence selection and temporal stability verification.

The calibration head is optimized using the calibration objective defined in

Eq. (11). Therefore, the overall objective of STR-DC is formulated as

L= ‘Crel + Acaliﬁcaliy (21)

where A.q; is a trade-off parameter. The first term encourages the clustering head to
learn from spatio-temporally purified pseudo-labels under strong augmentation, while
the second term preserves the calibration ability of the calibration head. Through this
joint objective, STR-DC learns to separate handwritten character categories using the
selected pseudo-labels while maintaining calibrated confidence estimation.

4.6 Training procedure

The training procedure of STR-DC is designed to progressively refine the pseudo-
labeled set of Japanese handwritten character images by integrating calibrated
semantic confidence and cross-epoch feature stability. Specifically, STR-DC first con-
structs a spatial semantic candidate set Ssen, based on calibrated confidence, and then
further verifies the temporal reliability of these candidate samples before using them
for self-training. In this way, only samples that are both semantically confident and
temporally stable are retained for optimizing the clustering head.

Before iterative training, the feature extractor f(©;-), the clustering head
Jeiu(Oeru; ), and the calibration head geqi(0cqr; ) are initialized. Then, STR-DC per-
forms a full forward pass over the unlabeled training set D, and stores the weak-view
feature representation Z;U’(O) of each sample as the initial predecessor feature memory.
This memory provides the temporal reference for measuring feature stability in the
subsequent epoch.

At epoch t, for each mini-batch, the weakly augmented view W(z;) is first used to
obtain the calibrated prediction p;”’cal and the pseudo-label ;. Based on the calibrated
class-wise selection strategy, STR-DC constructs the spatial semantic candidate set
Ssem and the corresponding semantic reliability mask m7“™. Meanwhile, the current

() w, (

. w . . . w,(t—1
weak-view feature z; is compared with its predecessor feature z; ) to compute
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the temporal stability score sgt). The adaptive threshold H‘Ettlb is then used to obtain the
temporal stability mask mft“b. Finally, STR-DC combines m ™ and mft“b to obtain
the final reliability mask mzeﬂ and only samples satisfying mzel = 1 are retained in
the reliable pseudo-labeled set S,.;.

For model optimization, the strongly augmented view A(z;) of each sample in S,.;
is fed into the feature extractor and clustering head to produce pf’d“. The reliable
clustering loss L,.¢; is computed only on S,.;, while the calibration head is optimized by
the calibration objective L.4;;- The whole model is updated by minimizing the overall
objective L. After all mini-batches in the current epoch are processed, the predecessor
feature memory is refreshed using the latest weak-view features, so that temporal
stability in the next epoch can be evaluated with updated historical representations.
The detailed procedure is summarized in Algorithm 1.

After training, the final cluster assignment of each sample is obtained from the

clustering head:

yg)red = arg m?XO’ (gclu <eclu§ f(®7 xi)))c : (22)

4.7 Time complexity analysis

We analyze the time complexity of STR-DC according to the training procedure in
Algorithm 1. Let N denote the number of training samples, B the mini-batch size, C
the number of clusters, and d the dimension of the latent feature representation. Let
K denote the number of mini-clusters used by the calibration objective, and let Ik
denote the number of K-means iterations. We use C,,¢; to represent the per-sample cost
of the network forward and backward computations during mini-batch training, and
Ctwa to represent the per-sample cost of the additional forward pass used to refresh
the predecessor feature memory.

For each mini-batch, the forward and backward computations of the feature extrac-
tor, clustering head, and calibration head require O(BC,.:). Computing calibrated
predictions, pseudo-labels, clustering predictions, and probability-based losses over C'
clusters costs O(BC'). The calibrated class-wise selection ranks the samples for each
cluster and therefore requires O(C'Blog B) under a sorting-based implementation. In
addition, the K-means procedure used by the calibration objective has a complexity
of O(Ix BKd).

The additional computation introduced by STR-DC mainly arises from tem-
poral reliability estimation. Computing the cosine similarity between the current
and predecessor features requires O(Bd) per mini-batch. Computing the percentile-
based stability threshold costs O(Blog B) using sorting, whereas constructing
the semantic, stability, and final reliability masks requires only O(B). There-
fore, after absorbing the lower-order terms O(BC), O(BlogB), and O(B) into
the dominant terms, the time complexity of STR-DC for one mini-batch can be
written as O (B (Chet + Ik Kd + Clog B+ d)). Since each epoch contains approx-
imately [N/B] mini-batches, the mini-batch training complexity per epoch is
O (N (Chet + Ik Kd + Clog B + d)) . At the end of each epoch, STR-DC refreshes the
predecessor feature memory by performing an additional forward pass over all training
samples. This operation requires O(NCy,,q). Consequently, the overall time complexity

11



Algorithm 1: Training procedure of STR-DC

Input: Unlabeled dataset D, = {:zl}fvzl, number of clusters C; maximum epoch T; batch size B;

percentile parameter Tpc¢; trade-off parameter Acqii.

Output: Final cluster assignments {yipmd 1{\1:1'

Initialize f(®7 ')1 gclu(eclu; ')7 and gcal(ecal; ');

Initialize the predecessor feature memory by storing z;"‘([)) for all x; € Dy;

for t =1 to T do

for each mini-batch sampled from D, do

Generate weakly augmented views W(x;) and strongly augmented views A(xz;);

Compute calibrated predictions p;”’cal

Assign pseudo-labels §; from p;”’cal;
Construct the spatial semantic candidate set Sgerm by calibrated class-wise selection;
Obtain the semantic reliability mask mj®™;

»(1),

using the calibration head;

Compute the current weak-view feature z;ﬂ

;"‘(tfl) from the feature memory;

[ON

i

Compute the adaptive stability threshold Gg?ab using Tpet;
b

stab,

Generate the final reliability mask m]¢" = m$¢™ Am

Construct the reliable pseudo-labeled set S,..i;

Retrieve the predecessor feature z

Compute the temporal stability score s

Obtain the temporal stability mask m

stab,
i 5

Compute strong-view clustering predictions pf’d“ for samples in S,q;;
Compute the reliable clustering loss L,.c;;

Compute the calibration objective L.qi4;

Update ©, 0.1y, and 0.4; by minimizing L;

Refresh the predecessor feature memory by storing the latest weak-view features z:f)’(w for all
z; € Duy;

Obtain final cluster assignments {yfred}fil from the clustering head;

for T training epochs is O (T'N (Cpet + Crwa + Ik Kd + C'log B + d)) . The initializa-
tion of the predecessor feature memory before the first epoch incurs a one-time cost
of O(NCjyq), which does not change the asymptotic complexity over T epochs. Rela-
tive to the CDC training pipeline, STR-DC additionally performs cross-epoch feature
comparison, percentile-based thresholding, and predecessor feature memory refresh.
Therefore, its additional time complexity over CDC is O (T'N (Cfyq + d + log B)) .

If the predecessor features are updated online during mini-batch training, the term
O(T'NCjyq) can be omitted. However, the cached features within the same epoch
may then correspond to different network parameter states. The epoch-level memory
refresh adopted in STR-DC provides a more consistent temporal reference at the cost
of one additional forward pass per epoch.

5 Experiments and Analyses

5.1 Experimental settings
5.1.1 Evaluation metrics

Following common practice in deep clustering, we evaluate how closely the predicted
character groups match the reference character categories using three widely used met-
rics: clustering accuracy (ACC), normalized mutual information (NMI), and adjusted
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Rand index (ARI). All results are reported as percentages (%), and higher values
indicate better clustering performance.

5.1.2 Datasets

We conduct the primary experiments on three Japanese handwritten character
datasets, namely Kuzushiji-49 (K49) [29], ETL8-Hira75, and ETL9-Hira71 [30]. K49 is
an imbalanced dataset containing 232,365 training images and 38,547 test images from
49 character classes. ETL8-Hira75 and ETL9-Hira71 comprise 75 and 71 Hiragana
categories derived from ETL8 and ETLY, respectively. ETL8-Hira75 contains 9,600
training images and 2,400 test images, while ETL9-Hira71 contains 11,360 training
images and 2,840 test images. All three datasets are resized to 64 x 64 pixels. Ground-
truth labels are used only for evaluation. To evaluate whether STR-DC generalizes
beyond Japanese handwritten characters, we additionally retain four commonly used
general image clustering benchmarks: CIFAR-10 [26], CIFAR-20 [26], ImageNet-10
[28], and ImageNet-Dogs [28]. The dataset statistics are summarized in Table 1.

Table 1 Summary of Japanese handwritten character
datasets and general image clustering benchmarks.

Dataset Samples Classes Image size
K49 270,912 49 64 x 64
ETLS8-Hira75 12,000 75 64 x 64
ETLY9-Hira71 14,200 71 64 x 64
CIFAR-10 60,000 10 32 x 32
CIFAR-20 60,000 20 32 x 32
ImageNet-10 13,000 10 224 x 224
ImageNet-Dogs 19,500 15 224 x 224

5.1.3 Comparison methods

For the three Japanese handwritten character datasets, we compare STR-DC with
MoCo-v2 [22], BYOL [23], LFSS [19], and CDC [14]. These baselines respectively rep-
resent contrastive representation learning, self-distillation, stability-guided clustering,
and calibrated pseudo-label selection. All methods in the Japanese handwritten char-
acter experiments are trained for 100 epochs under the same evaluation protocol. For
the generalization experiments, we retain the broader comparison methods used on
the four general image benchmarks, including ProPos [8], CoNR [9], DMICC |[35],
BYOL, MoCo-v2, and LFSS. LFSS denotes the published baseline, whereas “Feature
Stability Only” in Table 3 is an internal STR-DC variant that uses only the feature
stability component for reliable sample selection.
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Table 2 Clustering performance on three Japanese handwritten character
datasets. All methods are trained for 100 epochs. The best results are
highlighted in bold, and the second-best results are underlined.

Dataset Metric MoCo-v2 BYOL LFSS CDC STR-DC
ACC 44.34 46.04 35.98 52.16 57.68
K49 NMI 53.27 54.13 42.14 67.46 69.39
ARI 29.94 32.17  21.08 39.46 44.92
ACC 64.33 18.21 39.96 68.96 78.46
ETLS8-Hira75 NMI 79.76 42.06 65.11 90.51 92.54
ARI 53.23 6.67 28.55  69.66 76.49
ACC 65.60 18.27 46.80 80.28 82.11
ETL9-Hira7l NMI 78.29 40.25 65.37 91.97 93.33
ARI 53.55 7.02 33.60 75.74 79.47

5.2 Clustering performance

Table 2 reports the clustering results on K49, ETL8-Hira75, and ETL9-Hira71.
STR-DC achieves the best ACC, NMI, and ARI on all three datasets, while CDC
consistently ranks second. The consistent advantage across datasets with different
numbers of character categories demonstrates the effectiveness of the proposed method
for Japanese handwritten character clustering.

The improvements are particularly evident on K49 and ETL8-Hira75. On K49,
STR-DC obtains 57.68% ACC, 69.39% NMI, and 44.92% ARI, outperforming CDC
by 5.52, 1.93, and 5.46 percentage points, respectively. On ETLS8-Hira75, STR-DC
improves over CDC by 9.50 percentage points in ACC and 6.83 percentage points in
ARI. STR-DC also increases the ARI on ETL9-Hira71 from 75.74% to 79.47%. These
improvements, especially in ARI, indicate that STR-DC produces more consistent
sample-to-cluster assignments. In contrast, the competing methods do not explicitly
combine semantic confidence with temporal stability when selecting pseudo-labels and
therefore show less consistent performance across the three datasets.

Overall, the results suggest that calibrated confidence and cross-epoch feature
stability provide complementary evidence. The calibrated confidence component
supplies semantic candidates, while the feature stability component removes dynam-
ically unstable samples. Their joint use improves clustering of handwritten forms by
character identity despite visual ambiguity.

5.3 Ablation study

Table 3 evaluates the calibrated confidence component and the feature stability com-
ponent. Each single-component variant uses only the named component for reliable
sample selection. The complete STR-DC achieves the best ACC, NMI, and ARI on
all three datasets, showing that both components contribute to the final performance.
The calibrated confidence component provides category-level evidence, whereas the
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Table 3 Ablation study on three Japanese handwritten character
datasets. The best results are highlighted in bold.

Dataset Variant ACC NMI ARI
Calibrated Confidence Only 52.16 67.46 39.46
K49 Feature Stability Only 50.59 67.00 39.00
STR-DC 57.68 69.39 44.92
Calibrated Confidence Only 68.96 90.51 69.66
ETLS8-Hira75 Feature Stability Only 31.00 66.91 22.07
STR-DC 78.46 92.54 76.49
Calibrated Confidence Only 80.28 91.97 75.74
ETL9-Hira7l Feature Stability Only 76.44 91.30 74.59
STR-DC 82.11 93.33 79.47

feature stability component verifies whether the representation remains consistent
across epochs.

On K49, the complete model improves upon the calibrated-confidence-only variant
by 5.52, 1.93, and 5.46 percentage points in ACC, NMI, and ARI, respectively. The
distinction between the two components is most evident on ETL8-Hira75: the feature-
stability-only variant obtains 31.00% ACC, whereas the calibrated-confidence-only
variant reaches 68.96%. Thus, feature stability is more effective as a verification com-
ponent applied after semantic candidate selection than as an independent selection
criterion.

Similar improvements are observed on ETL9-Hira71. Overall, the results support
the AND fusion in Eq. (18): the calibrated confidence component selects semanti-
cally plausible candidates, and the feature stability component filters candidates with
inconsistent representations.

5.4 Visualization analysis

Figs. 2—4 analyze the relationship between cross-epoch feature stability and clustering
correctness from distributional and geometric perspectives. In all three stability-
distribution plots, the curve for correctly clustered samples is shifted toward higher
cosine-similarity values, while the incorrectly clustered samples occupy a wider low-
stability tail. This common pattern supports the central assumption of STR-DC:
samples whose representations change substantially between consecutive epochs are
more likely to carry unreliable pseudo-labels. At the same time, the two distributions
overlap over a considerable interval. Stability therefore provides useful reliability evi-
dence but cannot by itself determine semantic correctness, which is consistent with
the ablation results in Table 3.

The t-SNE visualizations in subfigure (b) of Figs. 2—4 provide a complementary
geometric view. ETL8-Hira75 and ETL9-Hira7l contain many compact and well-
separated local groups, while the K49 embedding includes more mixed, elongated,
and partially overlapping structures. Low-stability samples frequently appear near
apparent cluster boundaries, along transitions between groups, or in sparse regions
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Fig. 2 Visualization results on K49. Subfigure (a) compares the cross-epoch feature-stability dis-
tributions of correctly and incorrectly clustered samples; the dashed line denotes the 10th-percentile
threshold. Subfigure (b) shows the t-SNE embedding colored by ground-truth classes and by stable
versus low-stability samples.
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Fig. 3 Visualization results on ETL8-Hira75. The definitions of subfigures (a) and (b) are the same
as those in Fig. 2.

surrounding dense cluster cores. These regions may contain samples with ambiguous
cluster assignments. Low-stability points also occur inside several apparently compact
groups, showing that temporal instability is not equivalent to being a simple geomet-
ric outlier. The feature stability component therefore contributes information that
cannot be obtained from a single t-SNE snapshot alone.

Fig. 5 further compares samples from the high- and low-stability ends of the rank-
ing. Highly stable samples generally contain visible and coherent stroke structures
and maintain a consistent foreground pattern. Low-stability samples more frequently
exhibit faint strokes, partial cropping, fragmented components, severe deformation,
or ambiguous character shapes. However, a small number of visually clear characters
are also assigned low stability, which indicates that visual quality alone does not fully
explain the temporal signal. Taken together, the distribution plots, t-SNE embed-
dings, and sample gallery show that temporal stability identifies both visibly degraded
inputs and less obvious representation-level ambiguities. When combined with cali-
brated confidence, this signal allows STR-DC to focus self-training on samples that
are simultaneously semantically plausible and dynamically stable.
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Fig. 4 Visualization results on ETL9-Hira71. The definitions of subfigures (a) and (b) are the same
as those in Fig. 2.
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Fig. 5 Representative stable and unstable samples on K49, ETL8-Hira75, and ETL9-Hira71. For
each dataset, the five samples on the left have high cross-epoch feature stability, while the five samples
on the right have low stability.

5.5 Generalization ability

Following the primary evaluation on Japanese handwritten characters, we examine
the generalization ability of the reliability mechanism on four general image cluster-
ing benchmarks. These additional experiments cover coarse-grained object categories,
fine-grained semantic categories, and different image resolutions, and test whether the
same components remain effective outside the target character-clustering task.

5.5.1 Comparison with state-of-the-art methods

To evaluate the generalization ability of STR-DC beyond Japanese handwritten
characters, we compare it with a broad range of representative deep clustering
methods, including ProPos, CoNR, DMICC, BYOL, MoCo-v2, and LFSS. These
comparison methods cover several major paradigms in deep clustering, such as mutual-
information-based clustering, neighbor-consistency-based clustering, contrastive rep-
resentation learning, pseudo-label-based self-training, and stability-guided clustering.
Among them, LFSS is a particularly relevant baseline because it also considers
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sample stability during clustering. Therefore, comparison with LFSS allows us to
examine whether the proposed spatio-temporal reliability-guided selection can fur-
ther improve clustering performance beyond stability-only sample selection. Table 4
reports the clustering performance of STR-DC and existing state-of-the-art methods
on four benchmark datasets. Overall, STR-DC achieves the best performance across
all datasets and evaluation metrics.

Table 4 Generalization performance on four general image clustering benchmarks. The metrics
are reported in the order of NMI, ACC, and ARI (%). The best results are highlighted in bold, and
the second-best results are underlined.

Method CIFAR-10 CIFAR-20 ImageNet-10 ImageNet-Dogs
NMI ACC ARI NMI ACC ARI NMI ACC ARI NMI ACC ARI
ProPos 85.6 92.0 84.1 549 51.8 37.8 81.2 89.0 787 54.8 639 45.2
CoNR 781 853 71.1 53.5 499 358 79.2 87.7 75.0 527 62.2 42.1
DMICC 72,2 83.1 67.5 40.0 41.8 24.3 84.3 925 85.2 55.1 54.2 39.8
BYOL 723 833 68.0 519 493 345 732 821 674 51.8 59.7 413
MoCo-v2 82.8 90.1 80.6 60.0 59.9 456 753 T77.8 66.1 715 70.6 59.4
LFSS 87.2 934 86.6 599 587 435 85.6 93.2 857 61.7 69.1 53.3

STR-DC (Ours) 87.5 94.2 87.8 60.4 61.1 459 93.1 97.2 94.0 77.3 76.1 65.6

On CIFAR-20, a more challenging dataset with fine-grained semantic ambiguity,
STR-DC achieves 61.1% ACC, 60.4% NMI, and 45.9% ARI. These scores correspond
to relative improvements of 2.0%, 0.7%, and 0.7% over the second-best ACC, NMI,
and ARI, respectively. This indicates that the proposed reliability-guided selection
remains effective when inter-class semantic boundaries are less distinct. The advan-
tage of STR-DC becomes more evident on ImageNet-10. On ImageNet-10, STR-DC
reaches 97.2% ACC, 93.1% NMI, and 94.0% ARI, corresponding to relative improve-
ments of 4.3%, 8.8%, and 9.7%, respectively. These results show that STR-DC can
substantially enhance clustering quality when the learned feature space contains clear
but still potentially noisy semantic structures. On ImageNet-Dogs, which contains
15 visually similar dog subclasses, STR-DC also achieves strong improvements. This
demonstrates that STR-DC is particularly effective in fine-grained clustering sce-
narios, where unreliable pseudo-labels are more likely to arise from visually similar
categories.

These improvements can be attributed to the stricter reliability criterion used in
STR-DC. Confidence-based pseudo-labeling can identify samples with strong seman-
tic predictions, but such samples may still be unstable across epochs. Stability-based
filtering can identify samples whose representations evolve smoothly, but stability
alone does not guarantee semantic correctness. STR-DC combines these two com-
plementary criteria through a spatio-temporal reliability-guided selection mechanism,
thereby reducing the risk of using high-confidence but unstable pseudo-labels during
self-training.
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5.5.2 Visualization analysis

To qualitatively evaluate the generalization behavior of STR-DC, we conduct visu-
alization experiments on CIFAR-10, CIFAR-20, ImageNet-10, and ImageNet-Dogs.
First, we compare feature-space similarity relative to the MoCo backbone for cor-
rectly and incorrectly clustered samples. Second, we visualize the relationship between
ground-truth labels and the stability-based selection mask in the t-SNE feature space.
Third, we present examples from the high- and low-stability ends of the sample
ranking. Together with the direct cross-epoch analyses on the Japanese handwrit-
ten character datasets, these visualizations provide complementary evidence about
reliability-guided sample selection across different visual domains.

" - N round Tr 1556 Selection Mask (Thresh Default 0.1
Feature Stability: Cosine Similarity with MoCo Features sizaund I Claves 5w C )

3

(a) Stability distribution (b) t-SNE embedding
Fig. 6 Generalization visualization on CIFAR-10. Subfigure (a) shows the feature similarity distri-
bution between STR-DC and MoCo for correctly and incorrectly clustered samples. Subfigure (b)
compares the t-SNE embeddings colored by ground-truth labels and by the stability-based selection
mask.

Ground Truth Classes Selection Mask (Thresh Default 0.1)

Feature Stability: Cosine Similarity with MoCo Features

(a) Stability distribution (b) t-SNE embedding

Fig. 7 Visualization results on CIFAR-20. The definitions of subfigures (a) and (b) are the same as
those in Fig. 6.

As shown in Figs. 6-9, subfigure (a) reports the cosine similarity between the fea-
tures learned by STR-DC and those extracted by MoCo. Correctly clustered samples
are generally concentrated in the higher-similarity region, whereas incorrectly clus-
tered samples show wider and more left-shifted distributions. Because this comparison
uses MoCo features as an external reference rather than consecutive-epoch features,
it should be interpreted as a representation-consistency analysis that complements,
but does not replace, the direct temporal-stability measurements used by STR-DC.
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Fig. 8 Visualization results on ImageNet-10. The definitions of subfigures (a) and (b) are the same
as those in Fig. 6.
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Fig. 9 Visualization results on ImageNet-Dogs. The definitions of subfigures (a) and (b) are the
same as those in Fig. 6.

The t-SNE plots in subfigure (b) of Figs. 6-9 further illustrate the geometric dis-
tribution of the stability-based selection in the learned feature space. The left panel
shows the t-SNE embeddings colored by ground-truth labels, while the right panel
distinguishes selected stable samples from filtered low-stability samples. Filtered sam-
ples appear more frequently near apparent cluster boundaries, overlapping regions, or
sparse outlier areas. This pattern is consistent with the use of temporal stability as
an additional verification signal after calibrated semantic selection.

6 Conclusions

In this paper, we proposed STR-DC for unsupervised clustering of Japanese handwrit-
ten characters, motivated by the need to organize character images when instance-level
annotations are unavailable. The method addresses unreliable pseudo-labels arising
from ambiguous character shapes and variation in handwriting by combining two com-
ponents. The calibrated confidence component selects candidates with category-level
evidence, and the feature stability component verifies their representation consistency
across consecutive epochs. Only candidates satisfying both conditions are used for
self-training, supporting more reliable grouping by character identity.

Experiments on K49, ETL8-Hira75, and ETL9-Hira7l demonstrate the effec-
tiveness of STR-DC for Japanese handwritten character clustering. The ablation
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results further show that the calibrated confidence component and the feature sta-
bility component are complementary, and their combination is more effective than
either component alone. Experiments on CIFAR-10, CIFAR-20, ImageNet-10, and
ImageNet-Dogs additionally demonstrate that the proposed reliability mechanism
generalizes beyond handwritten character images. The visualization results provide
complementary evidence for reliable sample selection. These findings support cluster-
ing as a step toward organizing unlabeled Japanese handwritten character collections
for subsequent inspection and annotation.

Despite its effectiveness, STR-DC still has several limitations. The current tempo-
ral reliability estimation mainly relies on short-term feature stability between adjacent
epochs, and the stability threshold still requires empirical selection. In addition, main-
taining and updating feature memory may introduce extra computational cost for
large-scale datasets. In future work, we will explore more adaptive temporal reliabil-
ity modeling strategies, more efficient memory update mechanisms, and extensions to
Japanese handwritten character collections with imbalanced category frequencies or
previously unseen character categories.
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