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Abstract

Although existing Chinese word segmentation systems have achieved substantial progress
on standard benchmarks, prediction disagreements among heterogeneous models remain
prevalent when processing texts containing complex ambiguities and out-of-vocabulary
words, and traditional static ensemble methods such as majority voting often fail to make
reliable decisions in low-consensus scenarios. To address this issue, this paper proposes
SegFusion, a stacked heterogeneous ensemble framework for Chinese word segmentation
based on word lattice re-scoring. The framework first constructs a candidate word lat-
tice to consolidate diverse outputs from heterogeneous segmenters into a unified lattice
representation, and then incorporates unsupervised statistical features, including mutual
information and branching entropy, as external discriminative evidence to perform dy-
namic arbitration at the word level, followed by global decoding to obtain the optimal
segmentation path. Experimental results on multiple standard datasets demonstrate that
SegFusion consistently outperforms individual models and mainstream ensemble baselines
in terms of overall segmentation performance and out-of-vocabulary (OOV) recall. In
particular, on the MSR dataset with severe ambiguity, SegFusion achieves improvements of
3.71% in F1 score and 4.10% in OOV recall. Further fine-grained analysis shows that the
introduction of unsupervised statistical features effectively mitigates model consistency
bias in low-support scenarios. These results indicate that integrating language statistical
priors independent of training data into the ensemble arbitration stage is an effective way
to enhance the robustness and consistency of Chinese word segmentation systems.

Keywords: Chinese word segmentation; ensemble learning; word lattice; out-of-vocabulary
words; unsupervised statistical features; meta-arbitration

1. Introduction

Chinese word segmentation (CWS) is a fundamental task in Chinese natural language
processing, and its performance directly affects the overall effectiveness of downstream
applications such as named entity recognition, relation extraction, syntactic parsing, and ma-
chine translation [1-5]. In recent years, with the development of deep neural networks
and pretrained language models, segmentation systems have achieved relatively high
performance on standard evaluation benchmarks. However, in texts containing complex
ambiguities, domain-specific named entities, and out-of-vocabulary words (OOV), disagree-
ments among different segmentation systems remain widespread. Such disagreements are
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often concentrated at a small number of critical positions within a sentence, yet they can
produce cascaded and amplified negative effects on downstream semantic understand-
ing [6]. Moreover, similar word boundary ambiguities are also observed in many languages
without explicit word delimiters, such as Japanese, Thai, and Vietnamese, indicating that
the challenges addressed in this study extend beyond Chinese.

Taking the string “7k J 2. = 5" as an example, this expression usually refers to a
complete named entity in real contexts, but different segmentation models may produce
results such as “FRT4L/ =5", “/RITEL/ = /5", or “ZRJT4.=5". These segmentations
are all locally plausible at the boundary level, but they correspond to different entity
hypotheses at the word-level semantic structure. This phenomenon indicates that complex
ambiguous structures exhibit substantial diversity, and different segmentation models
demonstrate selective coverage in their recognition capabilities. As a result, a single model
is unlikely to maintain stable performance across all ambiguity scenarios [7].

From a methodological perspective, existing CWS techniques can be broadly catego-
rized into three classes: dictionary- and rule-based methods, statistical sequence labeling
approaches, and deep neural network-based models [8]. Due to differences in modeling
assumptions and inductive biases, these models often exhibit complementary behaviors
in complex ambiguity and cross-domain scenarios. Based on this observation, ensemble
learning has been introduced to fuse the predictions of multiple segmenters, yielding
certain improvements in overall performance [9,10]. Nevertheless, existing segmentation
ensemble methods still suffer from notable limitations. Most approaches implicitly adopt a
majority-consensus assumption and primarily perform static fusion at the character level.
In low-consensus scenarios, especially for OOV words and long-word structures, correct
segmentations are often supported by only a small number of models. Simple voting or
static weighting schemes are therefore prone to amplifying the erroneous biases of dom-
inant models [11]. Even when learnable stacked arbitration mechanisms are employed,
their ability to correct consistency errors remains limited if the discriminative evidence is
derived solely from the outputs of the base segmenters themselves.

Based on the above analysis, this paper explicitly argues that the performance bot-
tleneck of segmentation ensembles in complex ambiguity and OOV scenarios arises from
two structural limitations at the fusion stage. First, there is a lack of global structural
context under model disagreement. When heterogeneous segmenters exhibit pronounced
disagreements at critical boundaries, traditional fusion strategies that rely solely on base
model outputs or character-level local information fail to capture word-level structural
consistency. As a result, long words and compound structures cannot be reliably assessed
in a global context. Second, there is a systematic suppression of minority but valid can-
didates. In low-consensus scenarios, correct segmentations are often supported by only
a small subset of models. Majority-based voting or static fusion strategies therefore tend
to systematically suppress these minority but semantically valid candidates, leading to
persistent errors in ambiguous and OOV cases.

To address these structural limitations, this paper proposes a dynamic meta-arbitration
framework that performs global modeling over word-level candidate structures and in-
corporates unsupervised statistical cues. Accordingly, this study aims to systematically
investigate the effectiveness of the proposed SegFusion framework through the following
research tasks:

(1)  Experimental Protocol Establishment: to identify appropriate benchmark datasets
and evaluation metrics, and to select representative baseline methods for fair and
consistent evaluation;

(2)  Effectiveness of Heterogeneous Integration: to examine the effectiveness of cross-
paradigm integration across diverse benchmark datasets;

https:/ /doi.org/10.3390/app16052463


https://doi.org/10.3390/app16052463

Appl. Sci. 2026, 16, 2463

30f17

(3) Comparison with Advanced Systems: to compare the proposed framework with
state-of-the-art (SOTA) segmentation and ensemble approaches;

(4) Upper Bound and Complementarity Analysis: to analyze the performance upper
bound and the complementarity among different segmenters;

(5)  Ablation Study: to assess the contribution of individual components within the
proposed framework;

(6) Fine-Grained Analysis: to conduct detailed analyses with respect to OOV words
and word-length distributions.

The main contributions of this paper are summarized as follows:

¢ A dynamic meta-arbitration ensemble framework based on word lattice re-scoring is
proposed, which achieves unified modeling of heterogeneous segmenter outputs in
the word-level structural space without requiring retraining of the underlying base
segmentation models.

*  Unsupervised statistical priors are introduced: mutual information and branching
entropy are leveraged as external discriminative evidence, effectively addressing the
failure of purely supervised ensembles in low-consensus and OOV scenarios.

e Experimental results on multiple standard datasets, including ICWB-2, demonstrate
that the proposed method outperforms single models and static ensemble baselines in
terms of both overall F1 score and OOV recall.

The remainder of this paper is organized as follows. Section 2 reviews related work on
Chinese word segmentation and ensemble learning. Section 3 presents the overall architec-
ture of the proposed SegFusion framework, including candidate generation, word lattice
construction, dynamic meta-arbitration, and the incorporation of unsupervised statistical
features. Section 4 reports the experimental setup and evaluation results corresponding to
the research tasks outlined above. Section 5 provides an in-depth discussion of the exper-
imental findings and analyzes the strengths and limitations of the proposed framework.
Finally, Section 6 concludes the paper and outlines directions for future research.

2. Related Work
2.1. Overview of Chinese Word Segmentation

Chinese word segmentation (CWS) has evolved through several major paradigms.
Early approaches primarily relied on manually constructed lexicons and heuristic match-
ing rules [12]. With the increasing availability of annotated corpora, statistical learning
approaches gradually became dominant, formulating CWS as a character-level sequence la-
beling task using models like hidden Markov models (HMMs), maximum entropy Markov
models (MEMMs), and conditional random fields (CRFs) [13-15]. Subsequently, deep
neural networks, particularly BILSTM-CREF architectures, significantly enhanced the ability
to capture long-range contextual dependencies and became widely adopted baselines [16].
Building upon this, pre-trained language models such as BERT further improved character-
level semantic representations [17-21].

Recently, the paradigm has rapidly expanded to include Large Language Models
(LLMs), which have demonstrated remarkable zero-shot capabilities in handling severe
out-of-vocabulary (OOV) terms and highly heterogeneous texts. State-of-the-art studies
propose a “comprehend first, segment later” philosophy to push the limits of unsupervised
word segmentation [22], and leverage LLMs with knowledge-enhanced prompting or
self-training to segment complex domain-specific terminology [23,24]. However, directly
deploying these massive generative models for foundational character-level tokenization in-
troduces prohibitive inference latency and computational overhead, limiting their viability
in real-time or resource-constrained applications.
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Meanwhile, to address the limitations of pure character-based models in exploiting
lexical boundaries, structured modeling approaches such as lattice-based methods have
been proposed [25-28]. By explicitly introducing multi-granularity word candidates, lattice
structures enhance global structural consistency. The necessity of explicitly modeling
word-level structural dependencies has been reaffirmed by recent advancements, such as
integrating structural embeddings into LLM in-context learning to further resolve boundary
ambiguities [29].

Despite these continuous improvements, different segmentation paradigms still exhibit
strong complementarity in handling OOV words and ambiguous structures. This suggests
that there remains substantial room for ensemble-based fusion strategies to further enhance
robustness under model disagreement.

2.2. Ensemble Learning for Chinese Word Segmentation

Ensemble learning aims to improve system robustness and generalization by combin-
ing the predictions of multiple base learners. In the context of Chinese word segmentation,
existing studies differ substantially in both fusion strategies and decision levels. Broadly
speaking, one line of work performs static fusion of model outputs at the character or
boundary level using fixed rules, while another line explores learnable arbitration mecha-
nisms to re-evaluate predictions from multiple segmenters.

Early ensemble approaches for CWS were primarily built upon character-level se-
quence labeling frameworks such as BMES or BIO. In this setting, outputs from different
segmentation systems are mapped to unified character-level tags and combined through
majority voting. Representative work in the SIGHAN shared task integrated dictionary
matching with multiple CRF-based sub-models, achieving improved segmentation ac-
curacy through character-level voting and post-processing strategies [30]. Subsequently,
analogy-based mechanisms were further combined with majority voting, providing addi-
tional empirical evidence for the effectiveness of this paradigm [31].

Beyond static output-layer fusion, some studies introduced data perturbation strate-
gies during training to enhance ensemble stability. For example, bootstrap resampling was
employed to train multiple segmenters at different granularities, and their outputs were
fused through voting, demonstrating the robustness benefits of bagging-style ensembles in
CWS [32].

Overall, static ensemble methods typically assign fixed or approximately equal weights
to base models, making it difficult to capture variations in model reliability across different
contexts or domains. Moreover, their decisions are largely confined to character labels
or local boundary positions, resulting in weak consistency constraints at the word level.
As a consequence, such approaches often encounter performance bottlenecks in scenarios
involving overlapping ambiguities and long-word structures.

In addition to fixed-rule-based voting methods, a limited number of studies have
explored learnable re-ranking or re-discrimination mechanisms for CWS ensembles. These
approaches employ multi-stage architectures or secondary classifiers to correct the outputs
of multiple segmentation systems, including cross-domain re-discrimination [33], two-stage
decoding frameworks with intermediate structural constraints [34], and deep stacking
strategies for neural fusion [35]. Compared with static voting, such methods partially relax
the rigid majority-consensus assumption and enable more flexible decision-making.

However, research along this direction remains relatively limited and is often tailored
to specific problem settings, such as domain adaptation, low-resource transfer, or joint
modeling, rather than providing a general-purpose ensemble framework for Chinese word
segmentation. More critically, the discriminative evidence used in existing learnable arbi-
tration methods is largely derived from the outputs or internal representations of the base

https:/ /doi.org/10.3390/app16052463


https://doi.org/10.3390/app16052463

Appl. Sci. 2026, 16, 2463

50f17

segmenters themselves. When multiple models simultaneously produce disagreements or
even consistent biases on OOV words or complex ambiguous structures, the arbitration
stage lacks external references independent of supervised training distributions, thereby
constraining its ability to correct such errors.

Against this backdrop, unsupervised statistical features derived from large-scale unla-
beled corpora offer a promising avenue for extending the discriminative basis of the arbitra-
tion stage. By characterizing string cohesion and boundary freedom, these features provide
language-intrinsic statistical consistency cues that are independent of specific segmenta-
tion models. Nevertheless, in existing CWS research, unsupervised statistical features are
typically employed as heuristic rules or standalone new-word discovery modules, and are
rarely integrated in a systematic manner into learnable ensemble arbitration frameworks.

Overall, prior studies have demonstrated the effectiveness of diverse modeling
paradigms and ensemble strategies for Chinese word segmentation. However, existing
methods still exhibit clear limitations in handling low-consensus ambiguities and out-of-
vocabulary words, indicating that there remains substantial room for further investigation
from the perspective of word-level structural modeling and the incorporation of external
unsupervised statistical evidence.

3. Methodology
3.1. Framework Overview

In this section, we present the proposed SegFusion framework. While the base seg-
menters and the mathematical formulations of the statistical measures employed in this
study follow established paradigms, the SegFusion framework introduces a fundamentally
different ensemble formulation for Chinese word segmentation. Specifically, SegFusion
performs dynamic meta-arbitration directly at the result level by re-scoring candidate
words within a unified word lattice, enabling global structural modeling beyond traditional
character-level voting or static fusion. Moreover, unsupervised statistical evidence is sys-
tematically integrated as external and model-independent signals to support the arbitration
process, thereby alleviating segmentation conflicts in low-consensus and out-of-vocabulary
(OOV) scenarios. Accordingly, although SegFusion builds upon established components,
the overall ensemble methodology and arbitration formulation are proposed by the authors
in this study.

The overall workflow is illustrated in Figure 1. Given an input sentence, the system
first employs multiple base segmenters with different modeling paradigms to generate
candidate segmentation results, which are then consolidated into a unified candidate
space. Subsequently, each candidate word is represented as a feature vector and assigned
a confidence score by a learnable meta-model, indicating its likelihood of being a correct
segmentation unit. Finally, all candidate words are organized into a weighted word lat-
tice, and global decoding is performed to obtain the final segmentation output. Unlike
traditional ensemble methods based on character-level label fusion, the proposed frame-
work operates directly at the candidate word level, enabling multi-source information to
participate in decision-making in a more flexible and interpretable manner.

https:/ /doi.org/10.3390/app16052463


https://doi.org/10.3390/app16052463

Appl. Sci. 2026, 16, 2463

60f17

Base Segmenters Candidate Word Lattice Construction

Edges

Meta- |, Lattice
Learner | | Re-Scoring

A l

Global
Decoding

!

Final
Output

Aggregation

Input Sentence

Statistical
S=ci, Cz %y Ca Segmenter

¢
0 1 2 3 4
\Cwu—l Nodes

Source + Context Features Qfafjﬂ'ﬁml
Fedtures

Uniabeled Statistical Feature | .~
Corpus Rvtractinn

Figure 1. Architecture of the proposed framework. The red, orange, and blue colors represent the

components of the Neural, Statistical, and Rule-based segmenters (shown on the left) and their
corresponding lattice edges, respectively. The black edges represent single-character candidate
words that connect every adjacent node as fallback candidates.The red, orange, and blue colors
represent the components and lattice edges corresponding to the Neural, Statistical, and Rule-based
segmenters, respectively.

3.2. Candidate Word Lattice Construction

Given an input sentence S = cjcs . .. ¢y, we employ multiple base segmenters to gen-
erate initial segmentation results. Each segmenter outputs a sequence of non-overlapping
words, which are uniformly mapped to candidate words covering specific character spans.

To ensure the completeness of the candidate space and to avoid fragmentation during
decoding, we additionally include all single-character tokens in the sentence as fallback
candidates. The final candidate word set for sentence S is defined as:

K
C(s) = (U Uk(5)> uu(s) (1)
k=1

where Uy (S) denotes the set of words generated by the k-th base segmenter for sentence S,
and U(S) denotes the set of all single-character substrings.

Based on the candidate set C(S), we construct a directed acyclic word lattice. In this
lattice, nodes correspond to character positions, and edges correspond to candidate words
covering the associated character intervals. This structure provides a unified representation
for subsequent candidate word scoring and global decoding.

3.3. Meta-Scoring Model

Once the word lattice is constructed, the segmentation task is reformulated as a confi-
dence modeling problem over candidate words. For each candidate word w; ;, the objective
is to predict whether it should be included in the final segmentation result.

3.3.1. Feature Representation

Each candidate word is represented by a compact feature vector that jointly captures
its source information, internal statistical properties, and local contextual structure.

First, source indicator features are introduced to denote whether a candidate word
is generated by different base segmenters. Specifically, for each base segmenter, a binary
feature indicates whether the candidate word is proposed by that segmenter. These features
allow the meta-model to automatically learn the relative reliability of different segmenters
under varying contextual conditions, obviating the need for heuristic rules or manual
weight assignment.

Second, we incorporate unsupervised statistical features precomputed on large-scale
unlabeled corpora to quantify the lexical plausibility of candidate words. Specifically, we
adopt a pointwise mutual information (PMI)-inspired cohesion metric based on character
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co-occurrence probabilities to measure the statistical association strength among characters
within a candidate word. For a candidate word w;; = ¢;c;11...cj, its cohesion score is

defined as:
P(w; ;)

T, P(cr)

where P(w; ;) denotes the occurrence probability of w; ; in the unlabeled corpus, and P(ct)

PMI(w; ;) = log (2)

denotes the marginal probability of character ¢;. This formulation serves as an approxima-
tion of standard pointwise mutual information and has been widely used in unsupervised
new word discovery for Chinese.

In addition, to quantify the degree of boundary flexibility of candidate words, we
introduce boundary entropy features based on adjacent character distributions. Specifically,
we collect the sets of left-adjacent characters N (w; ;) and right-adjacent characters Ng (w; ;)
of w; ; from the same unlabeled corpus, and define the left and right entropies as:

Hiegt(wij) = — ). P(x|w;j)log P(x | w;;) 3)
XENL (w; )

Hyighe(wij) = — ). P(y|w;j)logP(y | w;j) (4)
YENR (w; ;)

The overall boundary entropy of a candidate word span w; ; is defined as the sum of
the two:

H(wj;) = Hiefte(wij) + Hright(wij) (5)

All the above unsupervised statistical features are computed offline on independent
large-scale corpora and do not rely on any gold-standard annotations during inference.
As a result, they serve as external validation signals for the supervised model.

Beyond statistical features, we further incorporate a set of structural and context-
related features to capture local boundary environments and positional cues of candidate
words. These features include the character types of the immediate left and right neighbors,
the relative position of the candidate word within the sentence, as well as the character
types at the word boundaries. Together, they provide the meta-learner with lightweight yet
informative morphological and contextual signals.

3.3.2. Meta-Learner

Based on the aforementioned feature representations, we adopt XGBoost [36], a scal-
able implementation of the Gradient Boosting Decision Tree (GBDT) algorithm, as the
meta-learner to perform binary classification over candidate words. Specifically, it outputs
the confidence probability P(y = 1 | x;;), where x; ; denotes the feature vector of candidate
word w; ;.

Unlike simple voting or static weighting strategies, the proposed meta-model dynami-
cally adjusts its decision strategy according to contextual information, source agreement,
and statistical properties of candidate words, enabling more fine-grained arbitration under
diverse segmentation conflict scenarios.

3.4. Global Lattice Decoding

To ensure sentence-level consistency of the segmentation results, we perform global
decoding over the word lattice. For each lattice edge corresponding to candidate word w; ,
its weight is defined based on the confidence score produced by the meta-model:

score(w; ;) = log(P(y =11 x;j) +6) ©)
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where ¢ is a smoothing constant introduced to ensure numerical stability. The logarithmic
transformation converts the product of probabilities along a path into an additive form,
enabling efficient global search via dynamic programming.

Let dp(j) denote the maximum accumulated score from the beginning of the sentence
to position j. The state transition equation is defined as:

dp(j) = max (dp(i) + score(w; ;)) 7)
(i,j)€E
where E denotes the set of edges in the word lattice. By backtracking the optimal path,
the final segmentation covering the entire sentence can be obtained. This decoding proce-
dure is formally equivalent to Viterbi search over the word lattice and effectively avoids
boundary inconsistency issues caused by locally greedy decisions.

4. Experimental Results and Analysis

This section evaluates the SegFusion framework in alignment with the research objec-
tives. We first establish a unified experimental protocol (Section 4.1), and then systematically
analyze its performance across various scenarios through comparative experiments, abla-
tion studies, and illustrative case analyses, with a particular focus on model complementar-
ity, the role of unsupervised evidence in resolving low-consensus and OOV segmentation,
and fine-grained behaviors reflected by word-length distributions (Sections 4.2—4.5).

4.1. Experimental Setup

Datasets and Evaluation Metrics. Experiments were conducted on four standard
benchmark datasets from the SIGHAN Bakeoff 2005 (ICWB-2) for Chinese Word Segmen-
tation (CWS), including PKU and MSR for Simplified Chinese, as well as CITYU and
AS for Traditional Chinese. To eliminate discrepancies caused by different character sets,
the Traditional Chinese corpora were converted into Simplified Chinese using nstools [37].

The computation of unsupervised statistical features, including Pointwise Mutual
Information (PMI) and Branch Entropy, relies on large-scale external unlabeled corpora.
In this work, a filtered Chinese Wikipedia corpus released on Hugging Face [38] was
adopted as the statistical source to ensure data quality and reproducibility. Based on this
corpus, character-level n-gram statistics were constructed and subsequently used for the
calculation of unsupervised features.In practice, character n-grams up to length 5 were
collected to balance statistical reliability and computational efficiency.

The evaluation metrics include Precision (P), Recall (R), Fl-score (F;), and Out-of-
Vocabulary Recall (Rpoy). Their definitions are given as follows:

pP= Neorrect R — Neorrect I = 2-P-R

= s ’, 1=
Npred Ngold P+R

(8)

where Neorrect denotes the number of correctly segmented words, Npred denotes the total
number of words predicted by the model, and Ny,1q denotes the total number of words in
the gold standard annotations. For out-of-vocabulary (OOV) words, the recall is defined as:

N OOV_correct (9)

Roov =
Noov _total

where Noov total denotes the total number of OOV words in the test set that do not appear

in the training set, and Noov correct denotes the number of OOV words correctly segmented
by the model.
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https://doi.org/10.3390/app16052463

Appl. Sci. 2026, 16, 2463

9of 17

Compared Methods and Baseline Settings. To comprehensively evaluate the effective-
ness of SegFusion, representative methods at different levels were selected as comparison
baselines, including the following categories.

(1) Heterogeneous Base Segmenters. Jieba was employed in precise mode with the HMM-
based new word discovery enabled (HMM = True), using version 0.42.1. THULAC was
executed with its default segmentation mode, using version 0.2.2. HanLP performed
inference with the pretrained FINE_ELECTRA_SMALL_ZH model, using version 2.1.3.

(2) Static Ensemble Baseline. Majority Voting is a typical character-level hard voting
ensemble method. It maps the outputs of different segmentation models into a unified
character-level tagging scheme (e.g., the BMES scheme) and applies majority voting at the
character level to determine the final segmentation results.

(3) Advanced Neural Baseline. WMSEG is a pretrained neural CWS model that en-
hances segmentation performance by incorporating multi-granularity n-gram wordhood
information, and it is used as a performance reference for state-of-the-art neural approaches.

4.2. Main Experimental Results

To comprehensively evaluate the effectiveness of the proposed framework, the ex-
periments were conducted under two settings: (1) Cross-Paradigm Fusion, which aims to
verify the gains brought by heterogeneous integration; and (2) SOTA Challenge, which aims
to compare the proposed method with one of the current state-of-the-art word segmenta-
tion systems.

4.2.1. Effectiveness of Heterogeneous Integration

As shown in Setting 1 of Table 1, SegFusion achieves stable and consistent perfor-
mance improvements across all four datasets, validating the overall effectiveness of the
heterogeneous integration framework.

In terms of overall performance, compared with the best-performing single model,
SegFusion improves the Fl-score by +-0.42% to +-3.71%, with the most significant gain
observed on the MSR dataset (+3.71%). The MSR dataset contains a relatively high propor-
tion of long compound words and named entities, where different segmentation paradigms
are more likely to produce boundary disagreements. This result indicates that SegFusion
can effectively integrate the complementary strengths of different models with respect to
segmentation granularity. Moreover, compared with the majority voting baseline, Seg-
Fusion consistently outperforms it on all datasets, demonstrating that the feature-based
dynamic arbitration mechanism exhibits stronger discriminative capability than simple
voting strategies, particularly in low-consensus scenarios.

In terms of OOV recognition, SegFusion also achieves stable improvements, especially
on the PKU and MSR datasets, where the OOV recall increases by +3.78% and +4.10%,
respectively. These results suggest that voting-based methods relying solely on model
consensus suffer from inherent limitations in OOV scenarios, and that the introduction of
unsupervised statistical features effectively alleviates this issue.

https:/ /doi.org/10.3390/app16052463
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Table 1. Segmentation performance comparison under Cross-Paradigm Fusion and SOTA Chal-
lenge settings.

PKU MSR AS CITYU
Method
Setting 1: Cross-Paradigm Fusion
THULAC 9228 7915 8541 4376 84.60 62.08 8516 7138
HanLP 9261 7949 8765 4875 9617 86.77 9495  88.33
Jieba 81.83 5826 81.18 4486 8216 5327 8238 68.36
BestSingle 9261 7949 8782 4875 9617 86.77 9487 8833
MajorityVoting 94.57 8148 8830 4740 9236 7361 9198  80.95
SegFusion 95.12 83.27 9153 52.85 9659 86.81 95.83  88.36
Gain (Apest) +251 4378 +371 +410 +042 +0.04 +0.88 +0.03
Setting 2: SOTA Challenge (+WMSEG)

WMSEG 96.53 8718 9828 8844 9658 7883 97.79  87.65
SegFusion 96.61 8743 9835 88.54 96.59 78.89 97.81 87.69

Gain (Asora)  +0.08  +025 +0.07 +0.10 +0.01 +0.06 +0.02  +0.04

4.2.2. Comparison with Advanced Systems

As shown in Setting 2 of Table 1, SegFusion achieves performance comparable to or
slightly better than WMSEG across all four benchmark datasets. Specifically, on the PKU
and MSR datasets, SegFusion attains F1-scores of 96.61% and 98.35%, respectively, both
marginally higher than those of WMSEG. On the AS and CITYU datasets, the performance
differences between the two methods remain small. These results indicate that even when
an advanced neural segmentation system is included as a candidate model, complementary
information among different model outputs still exists and can be further exploited.

It is worth emphasizing that SegFusion is a model-agnostic post-processing ensemble
framework, which does not require additional annotated data or retraining of the underly-
ing models, and thus offers strong generality while maintaining competitive performance.

4.3. Upper Bound and Complementarity Analysis

Table 2 summarizes the Oracle upper-bound results on the four datasets, which are
used to assess the complementarity among base models and the theoretical improvement
potential of ensemble methods. Specifically, Oracle Recall (Rora) denotes the proportion of
word boundaries that are correctly predicted by at least one base model; AR represents the
improvement relative to the recall of the best single model; and Sora denotes the proportion
of sentences that can be perfectly segmented by combining all base model predictions.

Table 2. Oracle upper-bound results on four datasets.

Data Flyeqt Rpest Rora AR (pp) Sora
PKU 92.61 93.34 97 .48 4.14 62.19
MSR 87.82 91.34 96.42 5.08 54.25
AS 96.17 97.25 99.06 1.81 93.24
CITYU 94 .87 95.90 98.48 2.58 76.01

As shown in Table 2, the theoretical ensemble potential varies substantially across
datasets. The MSR and PKU datasets exhibit larger upper-bound improvement margins.
In particular, the Oracle Recall on MSR reaches 96.42%, leaving a margin of 5.08 percent-
age points over the best single model, while the corresponding improvement on PKU is
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4.14 percentage points. These results indicate that significant prediction disagreements
exist among base models on these datasets.

In contrast, the AS dataset shows a much smaller Oracle improvement of only 1.81 per-
centage points, and its Oracle sentence-level accuracy reaches 93.24%, suggesting that
most samples are already correctly segmented by individual models or by model consen-
sus, and that model complementarity is relatively limited. The CITYU dataset exhibits
a moderate Oracle improvement margin of 2.58 percentage points. Notably, the Oracle
sentence-level accuracy on MSR is only 54.25%, which is substantially lower than that of the
other datasets, reflecting the presence of a large number of locally ambiguous and highly
disputed samples. Overall, MSR and PKU theoretically offer greater ensemble potential,
and subsequent analyses focus primarily on the MSR dataset.

4.4. Ablation Study

To analyze the contribution of each component in SegFusion, Table 3 reports the
ablation results on the MSR dataset. It can be observed that removing any feature view
leads to performance degradation, indicating that all components play a positive role in
the ensemble decision process.

Table 3. Ablation results of different feature components in SegFusion on the MSR dataset.

Variant F1 A Roov A
SegFusion (Full) 91.53 - 52.85 -
w /o Source 89.85 —1.68 49.35 —3.50
w /o Context 90.88 —0.65 51.45 —1.40
w /o Stats 91.01 —0.52 49.48 —3.37

From the perspective of overall Fl-score, the source features contribute most signifi-
cantly to performance improvements. Removing the source features results in a decrease of
1.68 percentage points in F1-score and 3.50 percentage points in ROOV, indicating that the
predictions of different base models provide critical information for arbitration.

By comparison, context features have a relatively smaller impact on overall perfor-
mance. When context features are removed, the Fl-score decreases by only 0.65 percentage
points and ROOV decreases by 1.40 percentage points, suggesting that these features mainly
serve as auxiliary signals to enhance local decision stability.

Notably, unsupervised statistical features have a particularly strong impact on OOV
recall. After removing the statistical features, the F1-score decreases by only 0.52 percentage
points, while ROOV drops sharply by 3.37 percentage points. This result indicates that
statistical features primarily contribute to more challenging OOV scenarios.

4.5. Fine-Grained Analysis
4.5.1. Low-Consensus Bucket Analysis

To further investigate the mechanism of SegFusion in OOV recognition, a stratified
analysis of OOV samples was conducted on the MSR dataset based on model support.
Support is defined as the number of base segmenters that correctly predict the gold-
standard boundary of a given OOV word, and is used to characterize the predictability of
OOV samples within the ensemble. Table 4 reports the OOV recall of different methods
under different support levels, along with corresponding ablation results.
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Table 4. Recall on OOV words stratified by support on the MSR dataset.
. . w/o
Support OOV Count (Gold) Voting SegFusion Stats A

1 293 4.44 62.80 44.50 —18.30
2 457 100.00 90.59 82.00 —8.59
3 895 100.00 100.00 100.00 0.00

Overall Roov 2829 - 52.85 49.48 -3.37

As shown in Table 4, the effect of unsupervised statistical features is primarily con-
centrated on low-support OOV samples with Support = 1. In this scenario, only one base
model produces a correct prediction, while all others fail, causing majority voting to nearly
collapse, with a recall of only 4.44%. In contrast, SegFusion significantly improves the
OOV recall to 62.80%. When statistical features are removed, the recall drops to 44.50%,
representing a decrease of 18.30 percentage points. This result demonstrates that PMI and
branch entropy derived from external corpora provide critical complementary evidence for
OOV recognition in highly disputed scenarios.

Under the Support = 2 condition, majority voting reaches its upper bound in OOV re-
call, while SegFusion performs slightly worse. This behavior indicates that SegFusion does
not simply replicate voting decisions in this range, but instead makes more cautious path
selections by jointly considering global structure and feature evidence. Unlike position-wise
voting, SegFusion evaluates both local evidence and sentence-level consistency, thereby
avoiding globally inconsistent segmentation paths. Under the Support = 3 condition, all
methods achieve identical performance, indicating that no additional arbitration is required
for such samples.

Overall, unsupervised statistical features significantly enhance SegFusion’s discrimi-
native capability on low-support OOV samples, while source and context features provide
essential auxiliary support. By incorporating external statistical evidence, SegFusion is able
to make more reliable arbitration decisions under high-disagreement conditions, effectively
improving overall OOV recall.

4.5.2. Word-Length Bucket Analysis

To further analyze the behavior of SegFusion under different levels of structural
complexity, we conduct a stratified analysis of segmentation results on the MSR dataset by
word length and compare the recall performance of different methods on all words. Table 5
reports the results across different word-length intervals.

Table 5. Recall stratified by word length on MSR (All words).

Length Gold Voting SegFusion A
1 48,092 91.45 92.46 +1.01
2 49,472 94.73 96.29 +1.56
3 4652 77.67 85.40 +7.73
4 2711 52.67 66.77 +14.10
5+ 1946 18.71 35.94 +17.23

From the word-length bucketed results in Table 5, it can be observed that SegFusion
yields relatively limited improvements on short words, whereas its advantage increases
substantially with word length. In particular, the recall gains become most pronounced
for three-character words and longer, indicating that the main benefits of SegFusion do
not stem from simple local boundary corrections, but rather from more effective modeling
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of global structural consistency in long-word scenarios. By introducing a lattice-based
representation, the segmentation process is transformed from position-wise local boundary
decisions into a global path selection problem, thereby effectively alleviating the fragmented
segmentation behavior that majority voting methods tend to exhibit in long-word and
structurally complex cases.

When combined with the preceding analysis based on model support, it can be
further observed that structurally complex long words are more likely to induce prediction
disagreements among different segmentation models, and SegFusion demonstrates more
pronounced advantages on such samples. This result explains, from the perspective
of structural modeling, why SegFusion achieves stable performance gains in complex
segmentation scenarios, and is consistent with the characteristics of low-consensus samples
revealed by the support-based bucket analysis.

4.5.3. llustrative Case Study

To further illustrate how SegFusion resolves segmentation disagreements in low-
consensus and structurally complex scenarios, Table 6 presents a representative example
comparing the segmentation results produced by different methods.

Table 6. An illustrative example of segmentation results produced by different methods.

Method Segmentation
Jieba KA/ =/5 /1
THULAC R/ =5/DE
HanLP RHL=5/TE
Voting KAL)/ =5/DE
SegFusion AAL=5/14
Gold KA =5/D8

This example corresponds to a low-consensus case (Support = 1), in which only one
base segmenter (HanLP) predicts the correct boundary for the multi-character compound
“HJi1=%5". Due to insufficient agreement among base models, majority voting fails to
preserve the complete word span and produces a fragmented segmentation. In contrast,
SegFusion selects a globally consistent path at the lattice level and successfully recovers the
correct segmentation, which is consistent with the structural complexity patterns discussed
in the length-based analysis.

5. Discussion

In ensemble-based Chinese word segmentation, traditional static ensemble methods
such as majority voting operate at the character level by making independent local bound-
ary decisions and implicitly assume that prediction correctness correlates strongly with
model consensus. This assumption often breaks down in ambiguous cases, where correct
segmentations may only be supported by a small subset of base segmenters. SegFusion
addresses this issue by reformulating ensemble learning as a word-level candidate re-
scoring and global decoding problem. By jointly modeling heterogeneous model outputs,
lightweight contextual cues, and the global structure of a word lattice, SegFusion enables
sentence-level optimal path selection, thereby reducing error propagation in complex
structures and yielding consistent improvements in overall F1 performance.

The Oracle upper-bound analysis further clarifies when such an ensemble framework
is most beneficial. Datasets such as MSR and PKU exhibit larger Oracle margins, indicating
substantial disagreement and stronger complementarity among base segmenters, and thus
provide greater room for ensemble optimization. In contrast, when sentence-level accuracy
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is already high and predictions from different models are largely consistent, the achievable
gains of ensemble methods are naturally constrained by the collective coverage of the base
models. This observation highlights that the effectiveness of SegFusion is closely tied to the
diversity and structural complementarity of the selected heterogeneous segmenters.

Within this framework, unsupervised statistical features, including mutual informa-
tion and branching entropy, play a targeted corrective role, particularly in low-consensus
scenarios. Support-based analysis shows that when only one base segmenter predicts
the correct boundary (Support = 1), majority voting nearly collapses, whereas SegFu-
sion can recover many of these difficult out-of-vocabulary (OOV) cases by leveraging
model-independent statistical evidence derived from large-scale unlabeled corpora. This
behavior is also consistent with the ablation results, in which removing statistical features
leads to a pronounced degradation in Rppy, confirming their critical contribution under
high-disagreement conditions.

Moreover, the word-length analysis provides complementary structural evidence for
the effectiveness of SegFusion. As word length increases, local boundary disagreements
tend to accumulate, making character-level voting methods increasingly prone to over-
segmentation and fragmentation of long compound words. By evaluating candidate words
as coherent units within the lattice and selecting globally consistent paths, SegFusion
preserves the structural integrity of multi-character words. Consequently, its advantages
become more pronounced on datasets dominated by long words and complex entity
structures, such as MSR.

Nevertheless, this study has several limitations. First, the effectiveness of the unsu-
pervised statistical features depends on the scale and coverage of the external unlabeled
corpora, as these features rely on reliable frequency statistics to distinguish plausible
candidate words. Second, the overall performance upper bound of SegFusion is con-
strained by the candidate word space generated by the participating base segmenters.
When different segmenters exhibit greater diversity in segmentation granularity and struc-
tural preferences, the resulting candidate pool becomes richer and the lattice offers more
flexibility for global optimization; conversely, when base models produce highly similar
segmentations, the search space of the ensemble is inherently limited, restricting further
performance improvements.

6. Conclusions and Future Work

This paper addresses the widespread disagreement among different Chinese word
segmentation models in scenarios involving complex ambiguities and out-of-vocabulary
words, and proposes SegFusion, a lattice-based dynamic meta-arbitration ensemble frame-
work that integrates unsupervised statistical features. The proposed method performs uni-
fied re-scoring over word-level candidates generated by multiple heterogeneous segmenters
and derives consistent segmentation results through global lattice decoding, thereby al-
leviating the performance degradation of traditional character-level voting methods in
low-consensus scenarios.

Experimental results on multiple standard benchmark datasets demonstrate that
SegFusion consistently outperforms individual models and static ensemble baselines in
terms of both overall segmentation performance and OOV recall. In particular, on the
highly ambiguous MSR dataset, SegFusion achieves improvements of 3.71% in F1 score
and 4.10% in OOV recall. Further fine-grained analyses show that unsupervised statistical
features provide critical model-independent evidence for resolving low-consensus OOV
cases (Support = 1), while lattice-based global structural modeling effectively mitigates the
instability of local boundary decisions in long-word and structurally complex scenarios.
These results validate the effectiveness of combining word-level global structural modeling
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with external linguistic statistical information in the ensemble arbitration stage for Chinese
word segmentation.

Future work will focus on two directions. On the one hand, we plan to incorporate
a more diverse set of base segmenters to further enrich the candidate lattice space and
raise the ensemble upper bound. On the other hand, we aim to extend the proposed
framework to cross-domain segmentation scenarios, in order to investigate the robustness
of unsupervised statistical features under limited labeled data conditions.
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