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Abstract

Chinese Spelling Correction (CSC) is a fundamental task in Natural Language Processing
(NLP) aimed at identifying and correcting character errors in Chinese texts. It significantly
enhances text readability and semantic accuracy. Most deep learning-based CSC methods
focus on isometric correction, ensuring identical lengths for input and output sequences.
However, they struggle with variable-length errors like splitting errors—where a single
character is incorrectly divided into two (e.g., splitting “H” into “H” and “H”). These er-
rors are challenging because they disrupt token alignment, preventing standard sequence-
labeling models from mapping inputs to outputs effectively. To overcome this limitation,
we propose KSEC (Knowledge-enhanced Splitting Error Corrector), a novel framework tai-
lored for variable-length corrections. KSEC automatically constructs a splitting character
knowledge base from public corpora to provide factual validation for correction outcomes.
Furthermore, we design a variable-length architecture integrating an attention mechanism
and introduce an alignment-aware loss function that optimizes sequence-to-sequence to-
ken mapping. Extensive experiments on standard CSC and CSEC benchmarks demon-
strate that KSEC achieves state-of-the-art performance among lightweight models of simi-
lar size and outperforms existing methods across multiple evaluation metrics.

Keywords: Chinese spelling correction; attention mechanism; deep learning; natural
language processing

1. Introduction

Chinese Spelling Correction (CSC) automatically detects and corrects spelling errors

W) Check for updates ‘ in text. Itis an essential preprocessing step for various downstream applications, including

search engines [1], optical character recognition (OCR) [2], automatic speech recognition
(ASR) [3], and large language models (LLMs) [4]. However, traditional CSC models carry
a strict limitation: they rely heavily on an equal-length assumption, meaning the input and
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For example, the character “#f” (good) might be split into “Z” (woman) and “¥” (child).
Such errors severely damage semantic coherence. Because splitting errors result in mis-
matched input and output lengths, they directly violate the equal-length assumption of
conventional CSC systems, creating a major performance bottleneck.

To address this challenge, Liang et al. [6] formally introduced the Chinese Splitting Er-
ror Correction (CSEC) task. We note that the same acronym CSEC has been independently
used by Huang et al. [7] to refer to a Chinese Semantic Error Correction dataset for written
correction; to avoid any ambiguity, we clarify that throughout this paper CSEC exclusively
denotes the Chinese Splitting Error Correction task and benchmark of Liang et al. They con-
structed a dual-domain dataset covering both news and social media content, establishing
abenchmark for future model evaluation. Figure 1 illustrates a real-world example of these
errors, highlighting misspelled tokens and their correct form, where misspelled characters
are marked in red and their corrections in green.

Error Type Sentence

e AR (1) R4
Remember to late (eat) breakfast on time.
BRMRAAET R (42) #.

The weather in summer is very talk(hot).

FAFRANR () IR
I get up at six days (o'clock) every day.

B E b feis = 71 (F) .
His hobby is cloud power(sports).

Phonetic error

Visual error

Common error

Splitting error

Figure 1. Examples of spelling and splitting errors. Incorrect characters are highlighted in red, and
correct characters are highlighted in green.

Early CSC methods primarily focused on combining phonetic and glyph features to
correct spelling errors [8-10]. These approaches developed specialized encoders to capture
both character pronunciations and visual shapes [8,9]. To handle multiple concurrent er-
rors and prevent over-correction, subsequent methods introduced multi-round and error-
guided mechanisms [11,12]. These frameworks isolate errors through iterative process-
ing [11] or targeted position masking [12]. KSEC is related to edit-based grammatical error
correction methods, such as edit-operation tagging and copy-and-generate models, which
also handle variable-length edits. However, KSEC is designed for Chinese spelling cor-
rection rather than general grammatical error correction, and its novelty lies in combining
source-aligned deletion with a splitting-character knowledge base for Chinese character-
level merging. In the field of Chinese grammar error correction (CGEC), edit-based gram-
mar error correction methods, such as edit-operation tagging [13], and copy-and-generate
mechanisms [14-16] also handle variable-length edits. Since the two tasks involve differ-
ent types of errors, the underlying correction logic is also different. Generic variable-length
GEC mechanisms do not explicitly model the structural relation between Chinese charac-
ter components and their merged character. GECToR lacks graphic decomposition knowl-
edge for multi-to-one merges, while copy-and-generate models do not explicitly ground
such merges in component structure. Recent approaches use large language models to
extract contextual information, outperforming traditional confusion sets [17]. However,
general-domain models and GPT-4 [18] often show poor cross-domain performance in
specialized fields [19]. To improve model interpretability, some advanced frameworks
align neural networks with structured knowledge associations [18]. Others shift from tradi-
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tional sequence labeling to a sentence-rewriting paradigm to mimic human-like cognitive
patterns [19].

Although these three paradigms—ranging from multi-modal feature encoding [8,9]
and iterative positioning [11,12] to advanced LLM-based context modeling [17,19-21]—
have advanced the field, they all operate under a rigid, equal-length substitution assump-
tion. These existing models lack the mechanism to process sequence length variations, ren-
dering them ineffective against splitting errors where a single character is fragmented into
multiple tokens. Therefore, a knowledge-enhanced splitting-error corrector model is ur-
gently required to break the rigid length constraints of traditional networks by leveraging
structured radical and glyph knowledge, thereby enabling the framework to dynamically
reconstruct split characters without sacrificing standard spelling correction precision.

In this paper, we propose the Knowledge-enhanced Splitting Error Corrector (KSEC)
to simultaneously correct Chinese spelling and splitting errors. Evaluated on the public
benchmarks, KSEC achieves highly competitive performance. KSEC operates as a text-
level corrector: it takes an existing character sequence as input and outputs the corrected se-
quence, regardless of whether the text originates from keyboard input, OCR, handwriting,
or social media decomposition. Consequently, OCR engine accuracy and input method
specifics are upstream concerns outside the scope of this work. Our main contributions
are as follows:

1.  We construct a splitting knowledge base using radical and structural features to pro-
vide explicit linguistic constraints. Based on this, we design a soft pre-detection mod-
ule that combines the knowledge base with MacBERT to score candidate splitting
spans. This soft mechanism guides the corrector effectively while preventing the ac-
cidental removal of valid characters.

2. Weintroduce a variable-length correction framework using source-length-aligned la-
bels and a specialized deletion token [DEL]. This design enables the model to alter the
output length and fix splitting errors in a single forward pass, completely removing
the traditional equal-length constraint.

3. We propose a comprehensive loss function that jointly optimizes character prediction,
length prediction, and knowledge-guided merging. This cooperative training objec-
tive balances standard spelling correction and sequence length changes, significantly
reducing both over-correction and under-correction.

2. Methodology

In this section, we detail KSEC, a unified framework that jointly handles conventional
Chinese spelling errors and the comparatively under-studied splitting errors.

2.1. Splitting Knowledge Base

We construct a Splitting Knowledge Base (SKB) designed to map sequences of two
or three adjacent source characters—the visual sub-components generated by a splitting
error—back to their intended unified compound characters. Formally, this knowledge
base is defined as shown in Equation (1).

K(xixl-+1 ... xiJrk,l) =c ke {2, 3}, (1)

where x; denotes a fragmented component sequence (e.g., {F, 3K}) and ¢ represents the
target merged character (e.g., {3k}).

The SKB is systematically assembled from two complementary sources. An example
of the knowledge base is shown in Figure 2. Crucially, the SKB automatically integrates
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static structural character data with dynamic error patterns mined from public corpora via
alignment models.

ID Chinese character C ;
. onfusion set of
T e Tl B 17 Split character .
. split character
Chinese character P
3198 i S 3288 |1 3299 H 4680 H
5495 it 13333 F 3100) H 14635 5
2561 f+ 11397 It N 2127
2189 B
8021 ff 2191 I
6741 /7 6815 11
12250 il 1326 Ji5
1325 1
5490] I 220 oh
= 1143 7]  Jas ]
1257 i 1213 4
T

Figure 2. Examples of the splitting knowledge base.

The Chinese splitting errors frequently exhibit top-to-bottom and multi-component
patterns (e.g., “H»” forms “}8” and the three-component “37. H 4" forms “7&"). To cap-
ture these diverse variations, our model extracts splitting confusions directly from an
aligned error-correction corpus. Specifically, we apply a character-level diff algorithm to
align each source—target training pair, isolating edit spans where two or three contiguous
source characters collapse into a single target character. Spans where all constituent units
constitute valid Chinese characters are retained as candidate entries. To mitigate alignment
noise, a mined entry is incorporated only when its corpus frequency is at least 2.

These corpus-derived entries are subsequently integrated with the structural dictio-
nary. The mined entries are then merged with the structural table, with corpus evidence
taking precedence where the two disagree, since it reflects errors that actually occur in
practice. The structural part of the SKB is built from the compound-character table of the
General Standard Chinese Characters list, which provides about 2043 left-right structural
entries. After merging these entries with corpus-mined splitting patterns, the final SKB
contains about 2469 entries covering component sequences of lengths two and three. The
SKB serves dual downstream objectives: it facilitates the pre-detection module (Section 2.2)
by suggesting candidate splitting spans, and it guides the confusion loss (Section 2.3.4) to
regularize the corrector toward knowledge-supported merges. Importantly, since a signif-
icant portion of this knowledge base is constructed from observed real-world errors, its
coverage adaptively aligns with the error distribution of the target task rather than being
restricted to a fixed, a priori configuration.

2.2. Knowledge-Based Splitting Error Pre-Detection

To identify potential splitting errors within the input sequence, the model first scans
the sentence using sliding windows of lengths 2 and 3 to search for matches in the splitting
knowledge base. While character n-gram models are computationally efficient, they can-
not detect splitting errors where components form valid high-probability sequences, nor
can they perform the variable-length merging operations required for correction. These
structural limitations motivate our knowledge-based approach, which grounds candidate
detection in a structured splitting knowledge base rather than surface-level co-occurrence
statistics. However, the candidate spans identified during this initial scan frequently over-
lap and conflict (for instance, a single character cannot belong to two distinct merging op-
erations simultaneously). To resolve this, we employ a greedy conflict resolution strategy.
We assign priorities based on the candidate spans’ co-occurrence frequencies in the corpus,
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prioritizing high-frequency candidates and immediately discarding any other options that
intersect with their positions. After this filtering process, the remaining candidate spans
are mutually exclusive. We define this conflict-free candidate set as a collection of triplets:

C = {(ipjprcp)}pey @)

where [i,, j,| denotes the start and end indices of the potential splitting error in the original
sentence, and ¢y, is the correct merged character provided by the knowledge base.

To prevent the model from blindly applying knowledge base rules out of context,
which could lead to over-correction, we further introduce a secondary confirmation mech-
anism powered by a masked language model (MLM). Specifically, we replace the selected
candidate spans with mask tokens and observe the predictions of MLM based on the sur-
rounding context. In our implementation, we set k = 3. If the target character ¢, appears
among the top 3 characters with the highest predicted probabilities, we consider the split-
ting error valid within the current context. This semantic confidence evaluation process
can be expressed by the following equation:

conf(ip, jp,cp) = 1 [CP < Topk(PMLM (' | X[ipifp]ﬁ[MASKO)} ©)

Finally, this verified candidate set C helps us determine the length range of the cor-
rected sentence. Assuming the original sentence length is n and the set contains |CI in-
dependent potential errors, the sentence would shorten by at most |C| characters in the
extreme case where all candidates require merging. Accordingly, we can establish a pre-
cise search interval for the length prediction head:

Rien = [7’1— | C |,I’l] 4)

Defining this interval not only provides the corrector with reasonable physical bound-
aries for sentence contraction but also significantly reduces the computational complexity
of the subsequent decoding process.

It is important to emphasize that the SKB serves as a soft guidance mechanism
rather than a hard constraint. When the pre-detection module proposes no candidate, the
predicted length offset defaults to zero and KSEC reduces exactly to a standard length-
preserving CSC model (Section 2.3.2). An undetected out-of-vocabulary (OOV) splitting
therefore does not cause catastrophic failure —the sentence is simply handled as in conven-
tional CSC, and the correction/detection paths remain fully functional.

2.3. Knowledge-Enhanced Splitting Error Corrector

Although a splitting error changes the sentence length, the change is always a contrac-
tion that can be expressed as deletions over the source sequence. We therefore abandon
the conventional masked language model with a separate length-changing decoder and
instead build the corrector on an encoder-only pretrained backbone, aligning every pre-
diction to a source position and realizing length change through an explicit deletion mech-
anism. This makes the entire model a single-pass, end-to-end trainable network, while two
knowledge-injection channels carry the external splitting knowledge into the encoder. We
initialize the backbone from MacBERT and extend its vocabulary with two special tokens,
[LENGTH] and [DEL], whose roles are detailed below. The overall architecture of KSEC
is shown in Figure 3.
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Figure 3. Overview of the proposed KSEC framework. Chinese characters in the figure serve as ex-
emplary sentences and knowledge base entries to demonstrate the splitting error correction process.

2.3.1. Splitting Error Aware Encoder

We treat the correction process as a marking task for each position of source alignment.
Given a source-target sentence pair, we align them using a character-level difference algo-
rithm and assign a label to each source position. For regular positions that require no
modification or involve equal-length substitutions, we directly label them with the correct
target characters. Conversely, for a splitting span where k source characters are merged
into a single target character, we assign the merged character to the start position and la-
bel the remaining k — 1 positions with a deletion token, [DEL]. Consequently, the label
sequence strictly aligns with the source sequence in length. During inference, the model
predicts the [DEL] tokens for redundant components, which are then trivially removed
in a post-processing step to naturally realize character merging. The total length of the
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predicted target sentence is simply the original sequence length n minus the number of
predicted [DEL] tokens. The equation is as follows:

c ifi=nh
yi= 4 [DEL] ifh<i<h-+k (5)
ti otherwise

where y; denotes the target label assigned to the i-th position of the source sequence; h and
k represent the start index and the length of the potential splitting span, respectively; and
c is the target compound character mapped by the knowledge base, while t; refers to the
correct target character for regular positions (i.e., copy or equal-length substitution). The
special deletion token [DEL] is utilized to pad the redundant source positions during the
merging operation.

To accommodate this process, the model’s input sequence is formatted as [CLS]
[LENGTH] x1 x2 ... Xn [SEP]. The backbone network encodes this sequence in a single
forward pass. Subsequently, a masked language model classification head outputs the
target-character probability distribution at each source position. At this stage, we inject a
split-aware signal: rather than modifying the self-attention matrix with explicit masks, we
leverage the encoder’s token-type input to directly mark positions that fall within candi-
date splitting spans (using gold spans during training and pre-detected spans during infer-
ence). Through the standard token-type embedding mechanism, this mark translates into
an additive bias on the hidden states of the corresponding positions, guiding the model
to actively attend to potential splitting components. This implementation is computation-
ally lightweight, requires no modification to the underlying attention computation, and is
trained end-to-end jointly with the rest of the network. The key calculation processes are
shown in Equation (6):

1 = Exoc(x;) + Epos () + Exype(si), s; € {0,1} ©)

In the input representation, hgo) is defined as the initial hidden state vector of the
i-th token fed into the 0-th layer of the backbone network. This vector is constructed by
summing the token embedding E;y of the input character x;, the absolute position embed-
ding Epos, and the token-type embedding Etype. The binary split-aware indicator signal
is denoted by s;: s; = 1 if the i-th position falls inside a candidate splitting span, and
s; = 0 otherwise.

2.3.2. Scoped Length Prediction

Since parallel non-autoregressive generation cannot rely on an end-of-sequence token
to terminate decoding, the degree of sequence contraction must be modeled explicitly. To
this end, we prepend a [LENGTH] token to the input sequence and project its contextu-
alized hidden state through a dedicated linear classification head. Rather than predicting
the absolute target length, this head estimates the deletion count—defined as the offset
between the source and target lengths—over a discrete set of possible offset classes. This
predicted offset corresponds precisely to the total number of [DEL] tokens emitted for the
sentence, thereby establishing a direct coupling with the source-aligned deletion mecha-
nism detailed in Section 2.3.1 and providing sentence-level supervision for sequence con-
traction. In parallel, the pre-detection module described in Section 2.2 introduces a com-
plementary prior by defining a plausible contraction range [n — |Cl, n]. The inclusion
of weak candidates within m deliberately loosens this range’s boundaries, ensuring that
this prior guides rather than rigidly restricts the final merging decision. In the absence of

https://doi.org/10.3390/electronics15143238


https://doi.org/10.3390/electronics15143238

Electronics 2026, 15, 3238

8 of 22

any detected splitting anomalies, the target offset defaults to zero, whereby the framework
seamlessly reduces to a standard and length-preserving CSC model.

The [LENGTH] head is not redundant with the per-position classification head. While
the classification head makes independent local decisions at each source position, it can be
noisy or inconsistent during early training stages. The [LENGTH] head provides com-
plementary sentence-level supervision that regularizes the total contraction degree and
prevents the model from arbitrarily shortening the sentence. This global signal stabi-
lizes training and narrows the decoding search space, working in tandem with the local
[DEL] predictions.

2.3.3. Knowledge-Based Decoding

At each source position, the model outputs the token with the highest predicted prob-
ability from the character classification head. Specifically, positions predicted as [DEL] are
directly dropped, naturally realizing a many-to-one character merge. Positions predicted
as other regular characters undergo in-place substitution to address conventional spelling
correction, while those matching the original source characters remain unchanged.

With this design, the number of dropped positions directly determines the final length
of the generated sentence. Consequently, a single decoding pass can seamlessly accommo-
date both length-preserving character substitutions and length-reducing merge operations,
eliminating the need for additional complex decoding stages. Notably, because the charac-
ter classification head is explicitly optimized via a tailored confusion loss during training,
it is heavily biased towards outputting the target characters from the knowledge base at
identified splitting positions. This ensures that the merging decisions made during the
reasoning process are based on external split knowledge rather than relying solely on the
prior knowledge of the language model.

P(y; | X) = softmax(Woh{*) + b, ), y; € VU {[DEL]} @)

)

sentation after passing through the L-layer transformer encoder; W, and b, are the trainable

At the output classification stage, hZ(L denotes the deep contextualized hidden repre-
weight matrix and bias vector of the MLM classification head, respectively; and V defines
the standard target vocabulary.

During inference, the two heads may produce inconsistent counts: the length head
predicts an offset of k deletions, while the classification head outputs d [DEL] tokens (d
not equal k). We resolve this by treating the classification head as the primary authority,
since it accesses fine-grained, position-level context. The length head serves as a secondary
guard: if d is substantially larger than k, we flag a possible anomaly and filter out low-
probability [DEL] tokens using a confidence threshold. Thus, the length head acts as a
soft prior rather than a hard constraint. In practice, such conflicts seldom occur after train-
ing convergence, because Equation (12) jointly optimizes both heads over shared encoder
states, encouraging consistent behavior.

2.3.4. Loss Function

We decompose the overall objective function into three distinct components. These
components jointly supervise conventional text correction, the degree of sentence contrac-
tion, and knowledge-grounded character merging.

The first component is the negative log-likelihood loss of the character classification
head over all source sequence positions. The calculation equation for this part of the loss
function is shown in Equation (8). We treat the special deletion token [DEL] directly as
an ordinary class within the vocabulary. Therefore, this single loss term simultaneously

https://doi.org/10.3390/electronics15143238


https://doi.org/10.3390/electronics15143238

Electronics 2026, 15, 3238

9 of 22

supervises both standard character substitutions and the deletion operations required for
character merging.

Loy = —ZlogP(yi | X) (8)

The second component is dedicated to supervising the scoped length prediction head,
and the equation is defined as shown in Equation (9). We compute the cross-entropy loss
over the discrete classes of deletion counts, which indicate the length offset between the
source and target sequences. During this process, we strictly restrict the prediction range
to the pre-defined contraction interval. This constraint prevents the model from arbitrarily
altering the sentence length during generation.

Lien = — IOgP(L = Lk) )

The specific class probabilities are obtained by applying a softmax function over the
offset logits as shown in Equation (10):

P(L = L;) = softmax(W - hiLengra) + b)k (10)

In the above equation, Lj., denotes the scoped length loss, and L; represents the
ground-truth discrete length offset class. The vector i pngry) i the contextualized hidden
state of the [LENGTH] token at the beginning of the input sequence, as extracted by the
encoder. Furthermore, W and b are the learnable weight matrix and bias vector of the ded-
icated length classification head, respectively. P(L = Ly) is the probability that the model
predicts the length offset to be exactly L. This value is obtained by applying the softmax
operation to the output vector of the classification head and extracting the k-th component.

The third component is the confusion loss as shown in Equation (11). This mechanism
is designed to explicitly inject the prior rules from the splitting knowledge base into the
parameters of the corrector. Specifically, at each detected splitting-head position, this loss
calculates the negative log-likelihood of the target character prescribed by the knowledge
base. This operation effectively steers the character classification head toward merges sup-
ported by external knowledge. If the current sentence contains no splitting errors, this
term provides no gradient contribution.

1
Leont = 7Np;510gp(yp =Cp | X) (11)

In this equation, the S represents the set of pre-detected splitting-head positions in the
current sentence. The variable N is the total number of positions in this set, serving as
a normalization factor. Additionally, p € S is the specific position index within the set,
while ¢, is the correct merged target character explicitly specified by the knowledge base
at position p.

The final optimization objective is the weighted sum of the three aforementioned loss
terms as shown in Equation (12). We introduce two constant hyperparameters 6 and A to
balance the length loss, the confusion loss, and the foundational correction loss.

L=Lyy+0XLiy+AX Lconf (12)

In this way, we have achieved a good connection between the error detection and
correction processes, and are able to conduct end-to-end joint optimization in the same
shared pre-trained backbone network.
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3. Experiments

This section presents extensive experiments to evaluate the performance of the KSEC.
We conduct comprehensive tests on public datasets across both the CSC and CSEC tasks.
Empirical comparisons with competitive baseline models show that KSEC performs com-
petitively on both tasks.

3.1. Experimental Setup
3.1.1. Dataset

We used the benchmark datasets from the CSC and CSEC tasks. The overall scale of
datasets is presented in Table 1 below. The training data consists of length-aligned spelling-
error datasets from SIGHAN14 [22], SIGHAN15 [23], and CSCD [24], supplemented by
pseudo-training data from Wang271K [25] generated via ASR and OCR confusion sets.
We jointly train the model on these combined training sets and evaluate its performance
on the SIGHAN15 and CSCD test sets. In all of these standard CSC datasets, the source and
target sentences are of equal length, ensuring a direct mapping for character correction.

Table 1. The statistics of all the datasets used by KSEC.

Task Name #Sent Avg Len #Errors #Err Sent
SIGHAN14 3437 49.56 5136 3358
SIGHAN15 2339 31.32 3048 2273
Train CSCD 30,000 57.39 15,143 13,789
Wang271K 271,329 4256 381,962 271,009
CsC Total 307,105 44 405,289 290,429
SIGHAN15 1100 30.65 703 541
Test CSCD 5000 57.63 2528 2303
Total 6100 52.76 3231 2844
News 7869 30.68 8021 4968
Train Social 6330 28.84 6172 3795
Total 14,199 29.86 14,193 8763
CSEC
News 1174 30.89 1214 775
Tost Social 1108 28.61 1089 671
Total 2282 29.78 2303 1446

For splitting errors, we adopt the CSEC dataset introduced by Liang et al. during the
training and testing phases. This dataset automatically inserts machine-generated splitting
characters into social media texts and news texts with a probability of 0.1 using a Chinese
split dictionary, effectively simulating the over-splitting phenomena commonly observed
in online chatting and OCR processing. The overall scale of the datasets is summarized in
Table 1. Where #Sent, #Errors, and #Err Sent denote the number of sentences, the number
of errors, and the number of sentences containing errors, respectively.

3.1.2. Metrics

CSC evaluation typically relies on two primary criteria: sentence-level and character-
level. At the sentence level, a prediction is considered fully correct only if all erroneous
characters are amended without altering any correct text. Specifically, detection success
requires predicted edit positions to match the ground truth exactly, while correction suc-
cess additionally requires the final output sentence to match the target sequence. At the
character level, identical metrics are computed across individual edit operations. In order
to conduct a rigorous comparison with the baseline model, we adopted the sentence-level
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metrics provided in [26] for the SIGHANIS5 test set, and we reported character-level met-
rics for the CSCD test set in accordance with the standard protocol [18].

For CSEC, splitting errors alter sentence lengths; we rely on character-level alignment
to extract edit spans rather than applying rigid position-wise comparisons. This alignment
ensures that detection and correction metrics remain precisely defined when input and
output lengths diverge. We use ChERRANT [27] as the evaluation criterion and report the
P, R, and F1 values of the model in the news and social domains.

3.1.3. Baseline Models

ReLM [21] treats CSC as a sentence-rewriting task based on the semantics of the
original sentence. ReLM is evaluated as zero-shot learning on the SIGHAN dataset and
achieved state-of-the-art (SOTA) performance (F1=>57.0). We use the splitting-error dataset
for training and keep its original training strategy.

EGCM [12] adds the guidance strategy in the process of correcting errors, and only
makes a prediction at the wrong position, while the correct position is not changed. This
method has previously achieved SOTA results in correction quality.

SCOPE [8] adopts an encoder and two decoders in the model structure, and
introduces glyph information and pinyin information in the middle layer. SCOPE
achieves high-quality spelling-error correction through pronunciation prediction and
multiple iterations.

ECSpell [9] adopts the error-consistent masking strategy for pre-training and con-
structs domain-specific datasets.

PLOME [28] implements a confusion-set-based masking strategy to jointly learn se-
mantic knowledge and spelling errors. Moreover, the phonological and visual similarity
knowledge of characters are also applied to the process of modeling.

REALISE [29] utilizes multimodal information for CSC, mixing the semantic, phonetic
and graphic information of inputs to predict the correct output.

SpellGCN [30] incorporates visual and phonological similarity knowledge through a
graph convolutional network.

BERT [10] is a very representative classical model that is suitable for most NLP tasks.
We fine-tune the BERT model using the splitting-error dataset and show its performance
on SIGHAN and splitting-error test set.

SoMu [6] employs a soft mask strategy to identify potential error marks and uses
a transformer layer for error correction, achieving the correction of spelling errors and
splitting errors.

Baichuan [31] is a representative large-scale Chinese-English bilingual foundation
model trained on an extensive high-quality corpus.

Qwen3 [32] is a highly competitive, open-access large language model that demon-
strates strong performance across various natural language processing benchmarks. In
this work, we deploy it in a zero-shot setting to investigate the instruction-following abil-
ity of advanced LLMs when processing unstructured splitting errors.

GPT-4 [18] is an advanced closed-source large language model renowned for its ex-
ceptional general reasoning and cross-domain capabilities.

CSRP [33] has proposed a three-stage training framework, achieving the latest SOTA
performance on the CSCD and NACGEC benchmarks.

For all zero-shot LLM baselines, we use the same Chinese instruction prompt: “4 /& —
AHRSCCARMH LK FM IR TP S HHR AR 7R HAEHR, A
5O XEGEM, HERNER R E . RRHAIEFR A . 7 The input sentence is

then provided as the user message, and no few-shot examples are used. The LoRA-tuned
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Qwen3-8B baseline uses the same instruction prompt, so the comparison between zero-
shot and fine-tuned Qwen3 keeps the prompt fixed.

3.2. Implementation Details

We build KSEC on the publicly available MacBERT-base backbone, which comprises
12 transformer encoder layers with 12 attention heads per layer, 768-dimensional hidden
states, and a vocabulary that we extend with the two special tokens [LENGTH] and [DEL].
Rather than training from scratch, we fine-tune from the pretrained weights, which we
found essential for data-efficient convergence. The loss weights 6 and A, which balance
the scoped length-prediction loss and the knowledge-grounded confusion loss against the
correction loss, are both set to 2. This setting is chosen because the correction loss is com-
puted over all source positions, while the length loss and confusion loss are much sparser.
We further verify this choice through a full sensitivity analysis over 6, A€{0.5, 1, 2, 4}, which
shows that 6 = A = 2 achieves the best CSEC-Overall F0.5 while maintaining stable CSCD
performance. We optimize with AdamW (3 = (0.9, 0.999), e =1 x 1079) using a batch size
of 64 and a peak learning rate of 5 x 10~° with 6% linear warmup followed by linear de-
cay, and we cap the input length at 128 tokens. Because the CSC data is much larger than
the split data, we oversample the CSEC split pairs by a factor of 3 so that the variable-
length correction path stays well supervised. All experiments are performed on GeForce
RTX 5090.

3.3. Main Results

This section presents three distinct comparisons. The first two evaluate conventional,
length-preserving spelling correction on the SIGHAN15 and CSCD benchmarks. The third
tests splitting-error correction on the CSEC news and social datasets. We compare our
model against representative CSC systems from the past five years, several recent large
language models, and the strongest dedicated baselines.

We start our analysis from the results of SIGHAN15 as shown in Table 2. Since this
benchmark contains exclusively equal-length errors and lacks splitting cases, it serves as
a sanity check. Our goal here is to confirm that the added splitting mechanisms do not
compromise KSEC’s performance on standard correction tasks.

Table 2. The evaluation results of CSC on the SIGHAN15 test set. The best results in each column
are highlighted in bold.

Detection Level Correction Level
Model
P R Fq P R F,
Spell GCN 74.8 80.7 77.7 72.1 77.7 75.9
REALISE 77.3 81.3 79.3 75.9 79.9 77.8
PLOME 77 .4 81.5 79.4 75.3 79.3 77.2
ECSpell 76.4 79.9 78.1 74.4 77.9 76.1
EGCM 82.7 77.6 80 80.6 74.7 77.5
BERT-FT 75.3 79.3 77.2 73.1 76.9 74.9
SCOPE 79.5 84.3 81.8 78.6 83.4 80.9
RelLM — — — 77.3 84.1 80.6
SoMu 78.3 82.9 80.5 76.5 81 78.9
KSEC 83.5 81.4 824 82.2 80.1 81.1
(ours)

The experimental results shown in Table 2 indicate that KSEC achieved the best cor-
rection F1 (81.1) and detection F1 (82.4) among all baseline models. The margin over the
previous best, SCOPE, is small in correction F1 (81.1 against 80.9), but the two models
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reach it in different ways. SCOPE has higher recall (83.4 against 80.1), while KSEC has
clearly higher precision (82.2 against 78.6, a 3.6-point gap). Against the knowledge-driven
baselines REALISE and PLOME the lead is larger, about 3.3 and 3.9 F1 points. The main
reason is that KSEC only edits positions when the encoder and the knowledge channel are
consistent, so it changes fewer characters that are already correct.

To further demonstrate the capability of the KSEC model in CSC tasks, we conducted
tests on a larger-scale CSCD dataset. The experimental results are shown in Table 3. The
results show that although KSEC has only 126 M of parameters, it exceeds even the large
model with 8B parameters in the CSC benchmark test.

Table 3. The evaluation results of CSC on the CSCD test set. The best results in each column are
highlighted in bold.

Detection Level Correction Level
Model
P R Fq P R F,

Qwen3 (4B) 30.1 23.2 26.2 27.2 21 23.7
Qwen3 (8B) 38.6 31.9 34.9 35.2 29 31.8
PGT (BERT) - - - - - 48.6
GPT4 64.2 53.1 58.1 58.9 50.3 54.2
MDCSpell + ARM - - - - - 489
CSRP (4B) 74 56.1 63.8 67.7 51.4 58.4
KSEC (Ours) 76.2 60.2 67.2 69.7 55.1 61.5

The comparison results between KSEC and the baseline LLMs are shown in Table 3.
Experiments show that KSEC reaches a correction F1 of 61.5, while Qwen3-4B and Qwen3-
8B reach only 23.7 and 31.8, a gap of roughly 30 to 38 F1 points. Even GPT-4 stops at 54.2, so
KSEC is 7.3 points higher, a 13.5% relative gain. Against CSRP, the strongest CSC baseline,
KSEC leads by 3.1 points in correction F1 (61.5 against 58.4) and 3.4 points in detection F1
(67.2 against 63.8). KSEC is more precise (69.7 against 67.7) and also has higher recall (55.1
against 51.4). The conclusion from SIGHAN15 therefore carries over to this much noisier
data, where KSEC corrects the real errors while leaving correct text untouched.

In the third comparative experiment, we evaluated the split word error correction ca-
pability of the KSEC model through the CSEC benchmark. We evaluated the CSEC news
and social test sets and reported the results in these two areas respectively. To offer a
more direct comparison with generative correction methods, we additionally incorporate
two fine-tuned generative baselines. Both models are trained on the same training data as
KSEC, featuring identical data sources and the same oversampling strategy for CSEC split
pairs, and are evaluated via the same metric pipeline. Specifically, we fine-tune BART-
large-Chinese as an encoder—decoder generation baseline, and implement LoRA finetun-
ing on Qwen3-8B using the same instruction prompt as in the zero-shot setting. Compared
with the CSC test set, CSEC is more prone to overcorrection. Therefore, we use F0.5 as the
evaluation metric instead of F1 to highlight the importance of accuracy. The detailed eval-
uation results are shown in Table 4.

Table 4 reports the experimental results, where the performance gap between KSEC
and the general zero-shot models is the most pronounced among the three experiments.
On the news and social datasets, KSEC achieves F0.5 scores of 77.0 and 69.6, respectively.
In contrast, zero-shot large language models (LLMs) underperform significantly. GPT-40
scores 56.4 on news and 36.8 on social, which lags behind KSEC by 20.6 and 32.8 points,
respectively. GPT-4 exhibits even lower performance on the social domain, scoring only
14.5. These results indicate that current general-purpose LLMs cannot effectively resolve
splitting correction tasks out of the box.
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Table 4. The evaluation results of CSEC on the CSEC test set. The best results in each column are

highlighted in bold.
News Social
Model
P R Fos P R Fos
BART-large-FT 72 75.7 72.7 64.3 68.6 65.1
Baichuan (7B) 27.2 36.5 28.7 13.6 24.9 15
Qwen3 (4B) 18.5 17.9 18.2 7 6.4 6.7
Qwen3 (8B) 23.3 25.4 24.3 7 8.5 7.7
Qwen3-FT (8B) 74 75.9 74.3 69 67.9 68.7
GPT3.5 21.2 24.7 21.8 8.3 12.5 8.9
GPT4 54.6 56.3 54.9 18.4 7.8 14.5
GPT4o0 56.2 57.5 56.4 35.5 43.1 36.8
SoMu 96 96.1 96 60.2 95.1 65
KSEC (Ours) 76.4 79.6 77 68.4 74.8 69.6

After fine-tuning, however, Qwen3-FT (8B) achieves substantially stronger perfor-
mance, reaching F0.5 scores of 74.3 on CSEC-news and 68.7 on CSEC-social. This demon-
strates that generative LLMs can benefit considerably from task-specific supervision. Nev-
ertheless, Qwen3 (8B)-FT still falls behind KSEC by 2.7 points on news and by 0.9 points
on social, indicating that KSEC remains competitive even compared with a fine-tuned gen-
erative model.

A more meaningful comparison can also be made with SoMu. On the clean news do-
main, SoMu delivers a strong performance of 96.0, outperforming KSEC by 19.0 points.
However, its performance drops sharply to 65.0 on the noisy social domain, falling
4.6 points below KSEC. This performance degradation is explained by the precision and re-
call of SoMu on the social dataset: a high recall of 95.1 coupled with a low precision of 60.2
indicates that SoMu tends to merge text aggressively, leading to over-correction in infor-
mal contexts. Conversely, KSEC maintains a better balance, achieving a precision of 68.4
and a recall of 74.8. The results on CSEC-News suggest that SoMu is especially effective
on clean, dictionary-generated split patterns because it applies merging more aggressively.
In contrast, KSEC uses knowledge- and context-constrained merging, which may reduce
recall on clean text but helps avoid over-correction in noisier social text.

To examine the stability of KSEC under different random seeds, we repeated the ex-
periments three times and report the mean score with 95% confidence intervals. Figure 4
summarizes the results on SIGHAN15, CSCD, and CSEC test sets.

90 4 75 85

67.2
1.6

824 70

811 bootstrap
£0.4 95%Cl

Score (%)

75

70

Detection F1 Correction F1 Detection F1 Correction F1 News Social Overall

SIGHAN15 CSCD CSEC

Figure 4. Multi-seed stability of KSEC.

Figure 4 shows that KSEC has different levels of stability across the three benchmarks.
On SIGHANT1S5, the correction F1 is highly stable across the three runs, with almost no visi-
ble variation among the seed points. The bootstrap interval is wider than the seed-level in-
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terval, which suggests that the uncertainty mainly comes from the test-set sampling rather
than random initialization. This result indicates that KSEC behaves consistently on the
standard sentence-level CSC benchmark. On CSCD, both detection and correction F1 show
moderate variation. The confidence intervals are wider than those on SIGHAN15, but the
three seed points remain close to each other. This suggests that KSEC is still reasonably
stable on the larger character-level CSC benchmark.

The largest variation appears on CSEC, especially in the CSEC-news, CSEC-social,
and overall F0.5 scores. This is expected because CSEC involves variable-length splitting
errors, which are more sensitive to prediction boundaries and domain differences. Even
with this larger uncertainty, the seed points follow the same overall trend across domains.
The news domain obtains the highest score, the social domain is lower, and the overall
score lies between them. This pattern shows that KSEC is more reliable on cleaner news
text, while noisy social text remains more challenging.

To further demonstrate the reasonableness of the selection of loss weights 6 and A, we
carried out experiments on different value combinations of 8 and A while keeping all other
training settings unchanged. Figure 5 shows the overall results of different values for the
CSCD and CSEC test sets.

0
o
Fos (%)

(a) CSCD correction F1 (b) CSEC-Overall Fy 5

Figure 5. F-score sensitivity of KSEC under different loss weight settings.

On CSCD, the performance remains relatively stable across the grid, with character-
level correction F1 ranging from 57.3 to 61.9. Although setting both 0 and A to 2 is not
the absolute best setting on CSCD, it achieves a competitive F1 of 61.5, while providing
the best CSEC-overall F0.5. This indicates that our values of 6 and A offers the most favor-
able trade-off for the target splitting-error correction task without substantially sacrificing
conventional CSC performance.

3.4. Ablation Study

Although the main results show the effectiveness of KSEC, the contribution of each
component still needs to be examined separately. We therefore conduct two types of ab-
lation experiments. The first removes one component at a time, denoted as w/o SKB, w/o
DEL, and w/o KB-Loss. The second keeps only one component and removes the other two,
denoted as only SKB, only DEL, and only KB-Loss. This design allows us to test not only
whether each component is useful, but also whether any single component can work in-
dependently. Given that these components may affect performance differently across dif-
ferent tasks, we evaluate the ablation variants on two distinct benchmarks. Tables 5 and 6
report the ablation results for spelling correction and splitting correction, respectively.
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Table 5. The ablation experiment results for CSC on the CSCD test set. The best results in each
column are highlighted in bold.

Detection Level Correction Level

Model
P R F1 P R F1
w/o SKB 69.4 59.2 63.9 63.1 53.8 58.1
w/o DEL 70.5 56.9 63 64.6 52.2 57.8
w/o KB-Loss 66.3 59.8 62.9 62.2 56.1 59
only SKB 67.5 55 60.6 61.9 50.4 55.6
only DEL 72.1 57.1 63.7 66.2 52.5 58.5
only KB-Loss 71.2 52.9 60.7 63.2 47 53.9
full KSEC 76.2 60.2 67.2 69.7 55.1 61.5
Table 6. The ablation experiment results for CSEC on the CSEC test set. The best results in each
column are highlighted in bold.
News Social
Model

P R Fos P R Fos
w/o SKB 15.8 15.5 15.7 26.2 26.4 26.2

w/o DEL - - . - . -
w/o KB-Loss 69.5 73.2 70.2 62.3 68.6 63.5

only SKB - - - - - -
only DEL 5.7 54 5.6 14.4 13.7 14.2

only KB-Loss - - - - - -
full KSEC 76.4 79.6 77 68.4 74.8 69.6

To analyze the framework, we evaluate the following three reduced configurations:

w/o SKB: In this setting, the knowledge-based pre-detection module is removed. The
model does not receive any candidate text spans proposed by the splitting knowledge base.

w/o DEL: In this setting, the deletion mechanism is disabled. As a result, the model
cannot utilize the deletion marker [DEL] to shorten candidate sentences during the decod-
ing phase.

w/o KB-Loss: In this setting, the specialized confusion loss function is excluded from
the training objective, removing the targeted optimization for knowledge-based charac-
ter merging.

only SKB: In this setting, only the knowledge-based pre-detection module is retained.
The model receives candidate split spans from the knowledge base, but it cannot shorten
the sentence or use the confusion loss.

only DEL: In this setting, only the deletion mechanism is retained. The model can use
the [DEL] marker to shorten the sentence, but it has no knowledge-based span guidance
or confusion-loss supervision.

only KB-Loss: In this setting, only the confusion loss is retained. The model keeps the
training signal for knowledge-based merging, but it has no pre-detected candidate spans
and cannot explicitly delete characters during decoding.

Table 5 shows the ablation results for spelling correction task. The full KSEC model
achieves the best overall performance, with 67.2 detection F1 and 61.5 correction F1. Re-
moving one component leads to moderate drops in correction F1: 3.4 points without SKB,
3.7 points without DEL, and 2.5 points without KB-Loss. This shows that none of the com-
ponents harm conventional CSC, even though they are mainly designed for splitting er-
rors. The only-component results further show that a single component is not sufficient.
Among the three settings, only DEL performs best, reaching 58.5 correction F1, but it still
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remains below the full model. Only SKB and only KB-Loss are weaker. These results sug-
gest that the components are complementary even on equal-length correction, while their
main value becomes clearer on the splitting correction task.

As shown in Table 6, the ablation results on the splitting correction task reveal a more
distinct trend, demonstrating that all three components are indispensable. Removing SKB
causes a large performance drop, reducing F0.5 from 77.0 to 15.7 on news and from 69.6 to
26.2 on social. This indicates that the knowledge-based pre-detection module is crucial for
locating candidate split spans. Removing DEL leads to complete failure, because the model
can no longer shorten the input sentence. This confirms that the deletion mechanism is
necessary for performing merge operations. Removing KB-Loss causes a smaller but clear
decline, from 77.0 to 70.2 on CSEC-news and from 69.6 to 63.5 on CSEC-social, showing
that it mainly improves the accuracy of the merged character. The only-component settings
confirm this conclusion. Only SKB and only KB-Loss cannot solve the splitting correction
task because neither setting can complete the length-changing merge operation. Only DEL
produces a small number of correct predictions, but its F0.5 remains very low, with 5.6 on
CSEC-news and 14.2 on CSEC-social. Therefore, CSEC cannot be solved by any single
component alone. SKB locates where a merge may occur, DEL executes the length change,
and KB-Loss helps choose the correct merged character. The full model performs best
because these three parts works together.

3.5. Case Study

To evaluate the practical performance of KSEC and the baseline LLMs, we conduct a
case analysis using two representative examples. We compare KSEC with a SOTA baseline
and two general-purpose LLMs. The first example represents a conventional substitution
error of identical length, while the second illustrates a splitting error. These two examples
represent the two correction capabilities evaluated in the previous section. For each case,
we present the source input, the gold target, and the outputs generated by each model. In
Figure 6, correct corrections are denoted with checkmarks, whereas incorrect outputs are
marked with cross symbols.

As shown in Figure 6, the model output clearly compares the correction capabili-
ties among different systems. In the first case, there is a phonetic similarity error (“i44)”
should be “&47”). It can be seen from the results that Qwen3-4B has made excessive dele-
tions to the original sentence, while Qwen3-8B has made incorrect modifications. Only
CSRP and KSEC have been modified completely correctly. In the second case, there was
a splitting error involved (“ A =” should be merged into “23”). Among all the results, the
output of Qwen3-4B demonstrates the limitation of free generation, that is, over-correction
will introduce new errors. CSRP failed to detect the splitting error in the original sentence,
resulting in the correction failure. In contrast, KSEC precisely identified split characters
and successfully merged “ A Z” into the correct “4%”, maintaining a perfect alignment
with the gold standard goals. These results show that KSEC can handle both conventional
spelling errors and splitting errors in the tested cases.

To further investigate the internal mechanisms of these models, we analyzed the at-
tention heatmaps of the models during the reasoning process, as shown in Figures 7 and 8.
For traditional CSC tasks (Figure 7), KSEC’s attention matrix (a) shows a highly concen-
trated alignment of erroneous positions, while general LLMS (b, c) and baseline CSRPS
(d) display overly dispersed or biased attention weights, resulting in missed detections or
overcorrections. For the more challenging CSEC tasks (Figure 8), KSEC (a) captures the
remote dependencies of the segmented characters very well, effectively focusing its atten-
tion on the problematic range to guide the merge operation. On the contrary, the baseline
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models (b, ¢, d) either exhibit the standard diagonal attention pattern and fail to identify

structural splits, or fail to allocate sufficient attention to the wrong areas.

CsC

Original sentence:

TR I G AR A

The phenomenon of wasting time and materials can never be
completely eradicated.

Target sentence:

TR E PR SR T iR A

The phenomenon of food waste can never be completely
cradicated.

CSEC

Original sentence:

xR R A m M .

This situation has drawn widespread attention from Social
Cloud.

Target sentence:
FES Y S L b e SE N

This situation has drawn widespread attention from socicty.

f /H RS S St S ReR i
‘v\, Waste can never be completely eradicated.
Qwen3-4B X USRI &RIE.
‘This situation has drawn social attention.
IR (A A R R R4
‘v; The phenomenon of wasting time can never be cradicated
B R RN TZ .
At - o e e g
R AR IRA TR . v
‘.I The phenomenon of food waste can never be completely eradicated.
-
cspp X TRSIRMETMTZXE
This situation has drawn widespread attention from social Cloud.
RSBV R IRA RS . v
e he phenomenon of food waste can never be completely eradicated.
==
KSEC ours) B WRSIRHAN ERE _ v
‘This situation has drawn widespread attention from socicty.

k

v

-

Figure 6. Examples of inference output from different models for the same cases.

In Figure 7, for the traditional CSC task, the attention matrix of KSEC shows a highly
concentrated alignment of the erroneous positions. In contrast, the baseline LLMs show

overly dispersed or biased attention weights, resulting in missed detections or overcor-

rection. Figure 8 shows the perception of different models for splitting errors. KSEC has

well captured the remote dependencies of splitting characters, effectively focusing atten-

tion within the error range and guiding the merge operation. The baseline model failed to

pay sufficient attention to the error area.

In summary, both the output comparisons and the visualized attention heatmaps con-

firm that KSEC can accurately attend to and resolve Chinese spelling errors as well as Chi-

nese splitting errors, showing its ability to handle both conventional spelling errors and

splitting errors.
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Figure 7. The visual heatmap of the attention distribution in the CSC case-based reasoning process.

(a) Visualization heatmap of attention weights from KSEC; (b) visualization heatmap of attention

weights from Qwen3-4B; (c) visualization heatmap of attention weights from Qwen3-8B; and (d) vi-

sualization heatmap of attention weights from CSRP.
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Figure 8. The visual heatmap of the attention distribution in the CSEC case-based reasoning process.
(a) Visualization heatmap of attention weights from KSEC; (b) visualization heatmap of attention
weights from Qwen3-4B; (c) visualization heatmap of attention weights from Qwen3-8B; and (d) vi-
sualization heatmap of attention weights from CSRP.

4. Discussion

The experimental results support our central hypothesis that a single encoder-only
model can effectively handle both conventional same-length spelling errors and length-
changing splitting errors. Crucially, this unified capability is achieved without compro-
mising the baseline performance on standard CSC tasks.

These findings also highlight several promising directions for future work. First, the
hybrid knowledge base, which currently covers component sequences of lengths two and
three extracted from a fixed corpus, can be expanded. Integrating additional data sources
and continuously updating the knowledge base with emerging online splitting patterns
will further broaden its coverage. Since no standardized OCR or L2-learner benchmark is
currently available for Chinese splitting-error correction, future work should also evalu-
ate the model on naturally occurring splitting errors from real OCR outputs and learner
corpora. Second, the source-aligned, deletion-based sequence-labeling formulation can be
extended to other types of length-changing edits beyond character splitting. Finally, the
proposed knowledge-injection mechanism can be paired with stronger pretrained back-
bones as more advanced models become available. These potential future extensions are
viewed as pathways to broaden the reach of the framework.

To better interpret the CSEC results, we quantified the relation between the two re-
sources. Among the 2469 SKB entries, 2036 entries (82.5%) share an identical mapping with
the CSEC generation dictionary, while 433 entries are additional or differently mapped.
This overlap largely reflects their shared use of Chinese character decomposition knowl-
edge. Importantly, a dictionary match alone does not determine whether a span should be
merged in context; the model must still identify the error, avoid false merges, and recover
the exact sentence. Among the 158 false negatives on news, 103 retain all gold spans after
pre-detection, 48 involve SKB coverage gaps, and only seven results from greedy conflicts.
Since weak MLM candidates are retained, the MLM step causes no hard rejection. These
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results show that pre-detection is generally reliable and that further gains mainly depend
on improving final contextual prediction.

5. Conclusions

This paper introduces KSEC, a knowledge-enhanced framework that unifies Chinese
spelling-error correction with Chinese splitting-error correction. To achieve this, we first
construct a hybrid splitting knowledge base by combining a structural character table
with corpus-mined confusion sets. Next, we reformulate length-changing correction as a
source-aligned sequence-labeling task, utilizing an encoder-only backbone equipped with
an explicit deletion token. Finally, we integrate the specialized knowledge into the model
through a split-aware token-type bias and a tailored confusion loss function. Specifically,
it effectively resolves over-splitting phenomena that are common in social media text and
OCR outputs. Experiments show that KSEC provides robust splitting correction across for-
mal and informal domains, with a particular advantage on noisy social text. It outperforms
SoMu on social, while SoMu remains stronger on the cleaner news domain.
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