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Abstract

Lexical evolution is universal across lan-
guages, yet the mechanisms driving neolo-
gism formation vary substantially from one
language to another. In Chinese, this vari-
ation is particularly reflected in the produc-
tivity of compounding, where morphemes are
combined through word-formation relations to
create interpretable lexical forms. This mor-
phological productivity implies that the Chi-
nese lexicon can be viewed not only as a set
of attested words, but also as a dynamically
latent space with potential neologisms to be
realized. However, this perspective still re-
mains underexplored in computation, as cur-
rent approaches are largely reactive, focusing
on detecting attested words from corpora. This
raises a question about word-formation itself:
which morpheme combinations do the rules
license beyond those that corpora already at-
test? Motivated by this, we propose a proac-
tive creation paradigm for Chinese neologism
research. We introduce a three-stage pipeline:
KG-Based Candidate Generation, Morphologi-
cal Discarding, and LLM-Based Filtering. We
then probe the candidates with three comple-
mentary signals: expert judgment, model per-
plexity, and corpus attestation. The three sig-
nals agree: accepted candidates sit close to
real words and clearly apart from rejected com-
binations. The pipeline yields 18,662 candi-
dates with definitions, examples, and forma-
tion metadata, released as material for follow-
up work, such as lexical gaps and lexical
change. Opverall, this study substantiates a
proactive creation paradigm for Chinese neolo-
gism research, and uses it to characterize what
Chinese word-formation rules license beyond
what dictionaries have already recorded.

1 Introduction

Human language is intrinsically dynamic: linguis-
tic forms emerge, evolve, and fade over time

*Corresponding author.

(Weinreich et al., 1968). As societies and com-
municative practices change, so does the lexi-
con, where neologisms proliferate to accommo-
date novel concepts or functions (Algeo and Al-
geo, 1991; Alyeksyeyeva et al., 2020). In recent
decades, cultural globalization and technological
innovation, particularly the emergence of genera-
tive Al, have significantly accelerated this process
(Cilic’ and Plauc, 2021; Yakura et al., 2025).

Although linguistic evolution is universal, the
mechanisms that create new lexical forms are
language-specific. This matters computationally
because a model of word creation must first decide
what its basic units are and what constraints gov-
ern their combination. Chinese is particularly suit-
able for such modeling: Compounding is a central
and highly productive mechanism in Chinese, and
modern Chinese strongly favors disyllabic lexical
forms, many of which can be analyzed as two mor-
phemes linked by word-formation types (Lu, 1964;
Chao, 1965; Zhu, 1982; Duanmu, 1998; Packard,
2000). Together, these properties outline a latent
structured space of plausible forms organized by
morphemes and word-formation types.

This space also clarifies why corpus attesta-
tion alone cannot exhaust the phenomenon of lex-
ical innovation. In terms of the competence—
performance distinction, attested word forms re-
flect linguistic performance, whereas speakers’
competence can license forms that are morpholog-
ically interpretable even before they become con-
ventionalized (Chomsky, 1965; Aronoff, 1976).
For example, a dictionary-absent disyllabic form
may still be understandable when its morphemes
and formation support a coherent interpretation,
much as established compounds are interpreted
compositionally (Wei et al., 2023; Hao et al., 2024).
Under this view, the Chinese lexicon is not lim-
ited to observed entries; it also includes a latent
space of plausible but unattested forms. It is large
enough to contain many unattested possibilities,
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Figure 1: An illustration of our proposed pipeline with the evaluation scheme for Chinese neologism creation.

and also structured enough to be modeled compu-
tationally.

Existing computational work on Chinese neolo-
gisms has mainly treated new words as observed
lexical events: a form first appears in text, and
the system then identifies it using corpus statis-
tics or distributional cues (Li et al., 2004; Peng
et al.,, 2004; Pang et al., 2025). This detection-
oriented framing is important for lexicon mainte-
nance, downstream NLP systems, and the empiri-
cal study of lexical change. However, it leaves an
earlier question largely unaddressed: (i) to what ex-
tent can the licensing of unattested disyllabic com-
pounds be recovered from attested ones, and (ii)
where does licensed productivity diverge from lex-
ical saturation? The question matters for Chinese
morphology and lexical evolution because it sepa-
rates what the rules license from what dictionaries
happen to record (Aronoff, 1976), and it exposes
the lexical gaps left where productive patterns are
not yet saturated (Dong, 2004; Shen and Baayen,
2022). It can therefore be formulated as proactive
neologism creation: generating disyllabic candi-
dates from a structured space of morphemes and
word-formation relations before reliable corpus at-
testation is available.

To this end, we propose a three-stage pipeline
that proactively creates Chinese neologisms:
Knowledge Graph Based Candidate Gener-
ation, recalling plausible candidates via Link
Prediction; Morphological Discarding, enforc-
ing morphological constraints to eliminate invalid
structures; LLM-Based Filtering, employing
both fine-tuned and closed-source models to filter
semantically invalid candidates.

To probe the candidates along these criteria, we
use three complementary signals: Human Judg-
ment, providing expert acceptability evidence on

a sampled subset of candidates; Model Perplexity,
quantifying semantic coherence by measuring the
contextual naturalness of candidates in language
models; Corpus Attestation, verifying pragmatic
plausibility by identifying emerging usage in large-
scale corpora.

Figure 1 summarizes the pipeline and the evalu-
ation scheme.

Experimental results substantiate that the can-
didates our pipeline creates clearly outperform re-
jected negative baselines morphologically, seman-
tically, and pragmatically. They exhibit validity
comparable to existing words and maintain a deci-
sive advantage in valid usage despite their lower
frequency. These findings show that proactive
generation can complement detection by model-
ing plausible lexical forms beyond the currently
attested vocabulary. Taken together, this work
provides a computational framework for exploring
what Chinese word-formation rules license, not
only what corpora have already recorded.

In this paper, our main contributions are three-
fold:

(1) We formulate the proactive creation
paradigm for studying Chinese word-formation
licensing: morphemes and the 16 word-formation
relations are represented as a knowledge graph,
and candidate creation is cast as relation-
conditioned link prediction;

(2) We design a triangulated measurement
scheme (human judgment, model perplexity, cor-
pus attestation) that places candidates between re-
jected combinations and established words;

(3) The pipeline yields 18,662 candidates with
definitions, examples, and formation metadata,
which we release to support follow-up work on lex-
icon expansion, unattested-form handling, and lex-
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ical change.!

2 Related Work

2.1 Definition and Acquisition of Neologisms

Defining a neologism is not straightforward be-
cause a word’s point of origin is often difficult
to trace (Algeo and Algeo, 1991). We therefore
adopt the operational definition commonly used
in computational work: a neologism is a word
form absent from a predefined reference vocabu-
lary (Algeo and Algeo, 1991; Herbelot and Baroni,
2017; Zheng et al., 2024). Under this view, the ref-
erence vocabulary functions as an observed lexi-
con, and absent forms mark potential lexical expan-
sion driven by the language’s generative capacity
(Lehrer, 2003; Kerremans, 2015).

Historically, neologism acquisition has been
framed mainly as detection. In English, where
new forms often appear as distinct orthographic
strings, methods track Out-of-Vocabulary (OOV)
tokens or frequency bursts (Renouf, 1993; Cook,
2011). In Chinese, by contrast, many neologisms
are combinations of familiar characters without
explicit word boundaries, making identification
closely tied to segmentation (Chen and Ma, 2002);
methods therefore rely on signals such as Point-
wise Mutual Information (PMI) (Sproat and Shih,
1990) and Branching Entropy (Jin and Tanaka-
Ishii, 2006). Recent work extends this detection-
oriented view with contextual embeddings, noisy-
text normalization, and downstream evaluations
of unseen lexical forms (Herbelot and Baroni,
2017; Torres-Rivera and Torres-Moreno, 2020;
Wei et al., 2020; Zalmout et al., 2019; Zheng et al.,
2024). Taken together, this literature explains how
new forms can be identified or processed after they
have appeared in text, but says less about which
combinations the rules license before reliable cor-
pus evidence is available.

A small complementary line has begun to ad-
dress this problem, but it remains narrow in scope.
In English, existing work focuses primarily on
portmanteaus (blending two words, e.g., brunch)
(Gangal et al., 2017). In Hebrew, Mizrahi et al.
(2020) generate candidate terms for loanword re-
placement by combining roots with morphological
patterns, and compare them with expert and non-
expert suggestions in human studies. In Chinese,

'Code and the candidate sets used in this paper are re-
leased at https://github.com/COOLPKU/Chinese_n
eologism_creation.

the “parallel condition” serves as a guiding the-
oretical principle, positing that near-synonymous
morphemes share similar combinatory potentials
(Chen, 2009). Guided by this principle, early Chi-
nese attempts used heuristic substitution on ana-
logical templates to generate compounds (Kang
et al., 2020; Wang, 2023), an approach limited to
surface-level analogies that does not ensure seman-
tic coherence or pragmatic plausibility. Our set-
ting differs in language, unit of composition, and
verification: we compose disyllabic Chinese com-
pounds from a morpheme—formation space of the
language itself, derive the constraints from an an-
notated morphological graph, and filter candidates
at scale with morphological rules and semantic ver-
ification.

2.2 Chinese Morphological Resources and
Compound Productivity

Theoretically, Chinese word formation is strongly
shaped by compounding, where morphemes com-
bine through word-formation types to construct
lexical meanings (Lu, 1964; Chao, 1965; Packard,
2000). Prior corpus-based studies of Chinese mor-
phology and neologisms further show that Man-
darin compounds remain productive and exhibit
multiple headedness patterns (Sproat and Shih,
1996; Shen and Baayen, 2022; Ceccagno and Bas-
ciano, 2007; Ceccagno, 2016). This literature mo-
tivates our scope: rather than modeling all neol-
ogism mechanisms, such as borrowing, abbrevi-
ation, semantic drift, or event-specific coinages,
we focus on disyllabic compounds built from mor-
phemes and word-formation types.

Grounded in these theories, computational re-
sources typically provide morpheme-level defini-
tions (Yuan and Huang, 1998; Kang et al., 2004) or
word-level formation features (Yuan and Huang,
1998; Wang et al., 2023). The COOL Dataset (Liu
et al., 2018) uniquely connects these granularities:
it organizes morphemes under sense categories and
annotates words with both their constituent mor-
phemes and word-formation types. This unified
organization has supported downstream applica-
tions such as definition generation (Zheng et al.,
2021a) and word sense disambiguation (Zheng
et al.,, 2021b; Wang et al., 2024). We therefore
use COOL as the foundational resource for our
morpheme and formation-relation space: it sup-
plies the observed formations from which the con-
straints are estimated, while the candidates we con-
struct are morpheme pairings that do not occur in
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it.
3 Method

In this section, we formally define the task of Chi-
nese disyllabic neologism creation. After that, as
detailed in Figure 1, a three-stage pipeline is de-
signed for the task: KG-Based Candidate Gen-
eration, Morphological Discarding, and LLM-
based Filtering.

3.1 Task Definition

We formulate the creation of Chinese disyllabic
neologisms as an exploration of the combinato-
rial space spanned by word-formations and mor-
phemes. Given a morpheme vocabulary M =
{mi,ma, ..., m,}, we define the word-formation
inventory as F = {f1, fo,..., fm}, where each
fj is one of the word-formation types, like those
annotated in the COOL dataset (Liu et al., 2018).
Each operator specifies the structural type between
the first and second morpheme: for example,
Modifier-Head combines a modifying morpheme
with a nominal head, Verb-Object combines a ver-
bal morpheme with its object, and Parallel coor-
dinates two semantically similar or complemen-
tary morphemes. The space of all theoretically
possible disyllabic word constructions is then de-
fined as the Cartesian product S = M x F X
M. The space S models the licensing condi-
tions of Chinese word-formation: it enumerates
the morpheme—formation combinations the rules
admit, and these combinations are what our mea-
surements probe. An element within this space
is denoted as a triplet w;;, = (my, fj, my). We
posit that such a triplet represents a potential lex-
ical item, where the same ordered morpheme pair
can receive different interpretations under differ-
ent word-formation types.’

Under this framework, the objective is to learn a
validity function V' : § — {0, 1}, which identifies
asubset of valid neologisms N C S. A triplet w;;p,
is deemed to belong to A if and only if it is novel
(absent from the standard lexicon)® and satisfies
three linguistic criteria: Morphological Sound-

*While natural language allows for polysemy where one
form maps to multiple meanings, for computational tractabil-
ity, a uniqueness assumption is adopted here: each triplet
w;jk corresponds to at most one single dominant lexical en-
try. This allows us to model the generation task as a discrete
validity classification problem.

3This criterion ensures the focus remains on proactive cre-
ation — discovering novel morpheme pairings rather than an-
alyzing semantic drift in existing words.

ness: The combination strictly adheres to the mor-
phological constraints of modern Chinese word-
formation rules; Semantic Coherence: The syn-
thesis of morphemes m; and my, yields a meaning-
ful and intelligible concept derived from its com-
ponents; Pragmatic Plausibility: The word func-
tions naturally within linguistic contexts, exhibit-
ing usage traces comparable to those of established
words. We count a candidate as /icensed when it
satisfies the three criteria, and use the three signals
of §4 to estimate how far candidates meet them.

In this study, we ground this definition using
the COOL dataset (Liu et al., 2018), which pro-
vides approximately 20,000 morphemes and the
word-formation types F (see Appendix A for the
full taxonomy, examples, and distribution). From
COOL we use the morpheme inventory, the mor-
pheme sense categories, and the word-formation
and POS annotations of attested words. To tar-
get neologisms with high communicative poten-
tial, the search space M’ C M is restricted to
the top 3,000 most commonly used morphemes
(sorted with the appearance in the MiCLS dataset
(Wang et al., 2024)). This constrained vocabulary
still yields | M| x |F| x |[M’| = 3,000 x 16 x
3,000 = 1.44 x 108 possible triplets, which moti-
vates the high-recall KG retrieval stage described
below. The standard lexicon is compiled from
four authoritative sources in Chinese: Tongyici
Cilin (Mei et al., 1983), Grammatical Knowledge-
base of Contemporary Chinese (Yu et al., 1996),
HowNet (Dong and Dong, 2003), and The Contem-
porary Chinese Dictionary (Chinese Academy of
Social Sciences, 2016). Novelty is defined with re-
spect to these dictionaries, and a form absent from
them may still occur in corpora, which we measure
separately in §4.

3.2 Stage 1: Knowledge Graph Based
Candidate Generation

This stage builds a high-recall pool of candidates
for later filtering. We describe morphemes and
word-formations in a Knowledge Graph, so plausi-
ble unseen combinations can be retrieved through
Link Prediction. After that, each candidate is en-
riched to facilitate downstream filtering and evalu-
ation.

Knowledge Graph Construction. The Knowl-
edge Graph is defined as G = (£, R), where £
denotes entities and R denotes relations (See Fig-
ure 2(a)). The entities, drawn from the COOL
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Figure 2: Illustration of the Candidate Generation on the Knowledge Graph: (a) Knowledge Graph Construction:
The graph encodes the structural information inside Chinese morphology; (b) Link Prediction via SimKGC:
Given a head morpheme (e.g., % “Home”) and a target word-formation (e.g., Modifier-Head), the model predicts
the most plausible tail morphemes. The checkmark (V) indicates a valid high-scoring neologism candidate (“4

427, while crosses (x) denote invalid combinations.

Dataset (Liu et al., 2018), comprise two types:
Morphemes and Morpheme Sense Categories,
where the latter are semantic classes that group
morphemes by sense. The set of relations R cap-
tures three distinct linguistic properties: Word-
Formation: Edges connecting two morphemes to
represent an existing word, comprising the 16 re-
lation types in JF, each corresponding to a spe-
cific word-formation operator; Morpheme Hy-
ponymy: Edges linking morpheme sense cate-
gories to represent the taxonomic hierarchy; Mor-
pheme Instantiation: Edges linking a category to
a specific morpheme instance.

Link Prediction. We formulate candidate gener-
ation as Link Prediction: given a head morpheme
m; and word-formation f;, retrieve plausible tail
morphemes my, to complete (m;, f;,7) (See Fig-
ure 2(b)). We instantiate this stage with SimKGC
(Wang et al., 2022), using bert-base-chinese
(Devlin et al., 2019) to encode morpheme defi-
nitions (versions and access dates in Appendix
B). SimKGC represents the head-relation pair
(my, f;) as a query vector q;; and each tail mor-
pheme my as an entity vector e, yielding the
relation-conditioned score:

(1)

o(mi, fj,mi) = cos(qy, ex)-

Because q;; includes f;, the same head morpheme
can produce different ranked tail lists under differ-
ent word-formations; Appendix D verifies this ef-
fect through an ablation study. We retain all can-
didates whose scores exceed a lenient validation-

tuned threshold*, reducing the raw 1.44 x 10%
triplet space to 802,108 KG-retrieved candidates
before more expensive filtering.

Contextual Enrichment. To facilitate down-
stream filtering and evaluation, each candidate is
enriched with a generated definition and usage
contexts. First, an advanced LLM, Claude-3.7-
Sonnet (Anthropic, 2025), produces a definition
from word-formation and morpheme meanings.’
Subsequently, an ensemble of five LLMs each
generate one sample sentence.® Crucially, during
this process, models are prompted with the defini-
tion while masking the word form, which prevents
orthographic-based hallucinations and ensures the
generated contexts are grounded in the intended
compositional meaning. Because these contexts
are generated, they can deviate from native usage.

3.3 Stage 2: Morphological Discarding

Following the generation phase, we enforce mor-
phological soundness with a rule-based filter. This

*In our experiments, we set 7 = 0.3 based on analysis of
the validation set to ensure novel yet plausible combinations
are not prematurely filtered.

For computational and analytical convenience, we as-
sume here that word meaning is composed directly from word-
formation and morpheme meaning, without considering addi-
tional factors such as semantic drift. This conforms to the for-
mation pattern of most neologisms in Chinese (Dong, 2004).

®They are Gemini-2.0-flash (Google, 2025), Gemini-2.5-
flash (Comanici et al., 2025), GPT-40-mini (OpenAl, 2024),
GPT-4.1-mini (OpenAl, 2025b) and GPT-5-mini (OpenAl,
2025a), chosen for their superior ability and efficiency. All
models in this stage are queried through their official APIs
with the prompt templates in Appendix G; the prompts and
the single-call setting are fixed.
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approach is grounded in the principle that Chinese
neologisms usually form by analogy to established
words (Dong, 2004). The filter therefore discards
any candidate whose pattern is unattested, reject-
ing morphologically invalid combinations.

Morpheme POS tags (grammatical categories
for morphemes analogous to word-level POS),
extracted from the COOL Dataset (Liu et al.,
2018), are leveraged for the rule-based filter.
From these tags, a whitelist of all morphological
patterns observed in attested words is compiled,
formalized as (HeadMorphemePOS, Word —
Formation, Tail MorphemePOS) triplets.
Any candidate created by Stage 1, whose pattern
does not appear in this whitelist, is subsequently
discarded. This whitelist retains 73,381 triplets; af-
ter surface-form de-duplication, 46,998 candidates
are passed to Stage 3.

3.4 Stage 3: LLM-based Filtering

The final stage focuses on ensuring high seman-
tic quality. We implement a two-tier filtering pro-
cess: coarse-grained screening with a fine-tuned
discriminative LLM, followed by fine-grained ver-
ification with stronger LLM-based judges.

Discriminative LLM Filtering. To efficiently
process the remaining candidates, we train a spe-
cialized binary discriminative model, with the
Qwen3-Embedding-4B model (Zhang et al., 2025)
as the backbone and an MLP as the classifier head.
The embedding backbones used in Stage 1 and
Stage 3 are summarized in Appendix B. The train-
ing data, derived from the COOL Dataset (Liu
et al., 2018), is enriched via a sophisticated data
augmentation strategy designed to encourage ab-
stract semantic reasoning over surface-level pat-
terns. We construct positive samples not only from
existing words but also via Category Substitution
(replacing morphemes with their hypernyms) and
Sibling Substitution (simulating valid analogies);
Conversely, negative samples are generated with
varying difficulty levels (including random, mor-
pheme POS constrained, and high-frequency sub-
stitution) to refine the decision boundary (see Ap-
pendix E for detailed implementation). The model
is optimized with a joint Cross-Entropy and Su-
pervised Contrastive Loss (Ltotal = LCE + 0.5 -
Lsupcon) to shape a semantically discriminative la-
tent space. Only candidates classified as positive
proceed to the final verification.

Verification via Closed-Source LLM. To elim-
inate subtle semantic inconsistencies that the dis-
criminative model might miss, we employ a verifi-
cation mechanism using three distinct LLMs as ex-
pert annotators: GPT-4o0 (Hurst et al., 2024), GPT-
5-mini (OpenAl, 2025a), and Gemini-2.5-Flash
(Comanici et al., 2025). Each model makes a
binary judgment on each candidate’s plausibility,
considering its word-formation, morphemes, and
the definition and sentences generated in Stage 1
(see Appendix F for prompt). A candidate is ac-
cepted upon receiving at least two positive votes
(Majority Vote > 2). This ensemble approach
leverages diverse LLMs to impose a rigorous stan-
dard for semantic soundness.

Overall, the pipeline reduces the enumerated
space to 18,662 final positive candidates; Ap-
pendix C provides the full stage-wise funnel.

4 Evaluation

To probe candidate licensing, we set up our ex-
periment and then evaluate candidates via Human
Judgment, Model Perplexity, and Corpus Attes-
tation. These evaluations test whether candidates
passing all filtering stages are substantially more
plausible than rejected candidates and approach es-
tablished words in validity; Appendix H provides
a detailed statistical breakdown of the evaluation
sets.

4.1 Experimental Setup

Three distinct sets are constructed for evaluation:

Positive Samples (POS): The set of 18,662 can-
didates that successfully passed all three stages of
the pipeline;

Negative Samples (NEG): The set of 590,011
candidates that passed the initial Knowledge
Graph screening but were rejected by either the
rule-based or the LLM-based filter’;

Existing Words (EXIST): A baseline set of
42,844 established, common disyllabic words sam-
pled from COOL (Liu et al., 2018), with word-
formation and morpheme annotations. To ensure
comparability, we generate sample sentences for
them using the same LLM-based method described
in Section 3.2. These sets support a precision-
oriented comparison between candidate classes,

"The NEG set includes candidates with plausible mor-
pheme pair but invalid word-formation. Since Model Perplex-
ity and Corpus Attestation are blind to this structural differ-
ence, for these two evaluations, we exclude any NEG candi-

date whose word form also appears in the POS set to avoid
confounding the results.
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reading NEG as a lower bound and EXIST as an
upper bound on difficulty.

4.2 Human Judgment

To assess real-world acceptability, we randomly
sample 200 POS and 200 NEG words for Hu-
man Judgment Evaluation. Three computa-
tional linguistics experts judge each item using
its word form, word-formation, morpheme senses,
LLM-generated definition, and LLM-generated
sentences, assigning a binary acceptance label un-
der our three criteria: morphological soundness,
semantic coherence, and pragmatic plausibility.
Appendix I provides the annotation instructions.
Annotators judge the candidate word itself; the
generated definition and sentences serve as sup-
porting context.

We hypothesize that the acceptance rate for POS
samples will be significantly higher than for NEG
samples: ACC(POS) > ACC(NEG), demonstrat-
ing the efficacy of the pipeline in identifying high-
quality candidates.

4.3 Model Perplexity

To quantify Semantic Coherence, Model Perplex-
ity measures each target word’s contextual plausi-
bility in its five generated context sentences (Sec-
tion 3.2). We evaluate PPL with both Bidirectional
Masked Language Models and Causal Autoregres-
sive Models.®> We treat PPL as one of three com-
plementary signals, all computed on the generated
contexts. Given the distinct architectures, specific
calculation protocols are adopted (details in Ap-
pendix J):

For Bidirectional Models, we compute PPL
by iteratively masking each character of w =
(c1,c2) and exponentiating the average negative
log-likelihood of reconstructing it from the bidirec-
tional context; For Causal Models, since standard
next-token prediction is inadequate for infill evalu-
ation, we use a cloze task: masking the target word,
appending a query (e.g., “The word here refers
to:”), and exponentiating the average autoregres-
sive negative log-likelihood of ¢; and c3. Scores
are averaged across three query templates to miti-
gate prompt sensitivity.

SBERT-Base-Chinese (Devlin et al, 2019) and
ModernBERT-Large (Warner et al., 2025) are used as
masked language models, while Llama-3.2-3B (Meta Al,
2024) and Qwen3-1.7B (Yang et al., 2025) are used as
autoregressive models, chosen for a robust evaluation across
diverse architectures and scales.

Set  Avg. Acc. Rate Annotator Rates Kappa

POS 69.83 71.0,66.5,72.0  0.6202

NEG 26.67 26.5,23.5,30.0 0.6250
Table 1: Human judgment results: average accep-

tance rate (%), annotator-specific rates (%), and Fleiss’
Kappa.

We use a Mann-Whitney U test to compare
POS against NEG and EXIST distributions and
report the p-values. Since semantically valid ne-
ologisms should yield lower PPL than invalid
combinations, we hypothesize: PPL(NEG) >
PPL(POS) > PPL(EXIST).

4.4 Corpus Attestation

To verify Pragmatic Plausibility, Corpus-Based
Attestation measures the extent to which candi-
dates are already emerging by searching all POS,
NEG, and EXIST words in a large-scale Chinese
corpus’. Because raw string matching yields false
positives (e.g., from homographs) and traditional
WSD models fail on Out-of-Distribution neolo-
gisms, we use LLM-based semantic verification.
For each set, 10,000 retrieved context instances
are sampled, and Gemini-2.5-Pro (Comanici et al.,
2025) verifies whether the contextual usage aligns
with the definition. The resulting validity ratio is
extrapolated to all retrieval results to estimate total
valid attestations.

We anticipate that the number of valid attes-
tations will follow the order: Count(EXIST) >
Count(POS) > Count(NEG), where the count for
existing words serves as a strong upper bound.

5 Results and Analysis

5.1 Results of Human Judgment

The results of Human Judgment (Table 1) demon-
strate the pipeline’s effectiveness. The accep-
tance rate for the POS set (69.83%) is significantly
higher than for the NEG set (26.67%), confirm-
ing the capability of identifying high-potential can-
didates. The inter-annotator agreement (Fleiss’
Kappa =~ 0.62) indicates substantial agreement
(Landis and Koch, 1977), reflecting the inherent
subjectivity of neologism judgments. The sample
covers 400 of the 18,662 candidates; Appendix L
checks the stability of the gap within this sample,
and Appendix M stratifies it by attestation.

*https://github.com/mobvoi/seq-monkey-data/
blob/main/docs/pretrain_open_corpus.md
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Model POS NEG EXIST
Ave Var Ave Var Ave Var
BERT-Base-Chinese 7.77 4.48 9.50 4.13 428 8.62
ModernBERT-large  2.65 2.98 3.41 4.37 247 3.04
Llama-3.2-3B 8.79 5.06 9.48 4.16 7.82 10.12
Qwen3-1.7B 9.61 3.30 10.88 3.15 7.82 4.50

Average 7.20 1.85 832 1.77 5.62 261

Table 2: Model perplexity results for POS, NEG, and
EXIST sets (PPL; lower is better).

Cross-Model Average PPL Density

030 Set
POS
0.25 NEG
EXIST

2 4 6 10 12 14

8
Average PPL

Figure 3: Density distribution of average PPL scores
across models.

5.2 Results of Model Perplexity

The results of Model Perplexity (Table 2) fol-
low the hypothesized ordering, PPL(NEG) >
PPL(POS) > PPL(EXIST), with all adjacent
groups showing statistically significant differences
(Mann-Whitney U test, p < 0.01). Existing words
achieve the lowest PPL, and the gap with the POS
set narrows on stronger models, consistent with
high contextual plausibility for the candidates (see
Appendix N for a detailed breakdown).

The density distributions in Figure 3 show the
same pattern: the POS set removes the high-
perplexity tail of the NEG set and overlaps substan-
tially with the EXIST set.

5.3 Results of Corpus Attestation

The results of Corpus Attestation (Table 3) fol-
low the anticipated ordering, Count(EXIST) >
Count(POS) > Count(NEG). Attestation is mea-
sured on real corpus text and is therefore indepen-
dent of the generated contexts used for perplex-
ity. The POS set reaches a validity ratio of 18.3%,
over four times the NEG set’s 4.0%, extrapolat-
ing to an estimated 536k valid occurrences against
87k for the NEG set; established words remain far
ahead (~21.8M). NEG hits are mixed: raw string
matching retrieves homographs and unrelated uses,
and the verification step retains the subset whose
contextual usage matches the candidate’s defini-
tion. The POS hits therefore indicate usage that is
emerging or missing from the standard dictionar-

ies, which we discuss with Appendix K. Appendix
K further separates POS candidates by corpus attes-
tation to distinguish attested emerging forms from
unattested latent candidates.

5.4 Qualitative Analysis

Table 4 illustrates two types of candidates. ]
Iy (Group Buying) and W] fiy (Arbiter of Fate)
are already attested in the corpus. In contrast,
B 4p (Beyond Mundane) remains unattested but
was judged valid by human annotators, indicating
that the pipeline can also uncover plausible latent
forms. Appendix O analyzes representative dis-
agreement cases between automatic labels and hu-
man judgments. A more detailed case study is pro-
vided in Appendix P.

5.5 Overall Discussion

Overall, our evaluation schema provides three
main insights into the automated generation of Chi-
nese neologisms:

The three signals give a consistent ranking,
EXIST > POS > NEG, which we read as tri-
angulation of candidate plausibility: the filtering
captures morphological, semantic, and pragmatic
constraints in Chinese;

The evaluation supports the view that Chinese
word formation functions as a lexical continuum.
Chinese compounds do not fall into a simple
valid/invalid dichotomy but occupy a gradient of
lexicalization (Hopper and Traugott, 2003; Dong,
2004), and the scores we assign mirror this gradi-
ent. the generated candidates align with the domi-
nant word-formation types of the existing lexicon
while exploring the productive but sparse regions
of the lexicon;

The pipeline also reveals the lexicon’s latent
space: beyond detecting neologisms already at-
tested in corpora, it identifies linguistically plausi-
ble yet statistically unseen candidates, which sub-
stantiates the view of the lexicon as a dynamic
ecosystem rather than a static repository. Struc-
tural link-prediction baselines such as the Jaccard
index would quantify the contribution of relation
conditioning, and we leave this comparison to
follow-up work.

Taken together, these findings allow us to an-
swer the two questions raised in Section 1:

(i) To what extent can the licensing of unat-
tested disyllabic compounds be recovered from
attested ones? Substantially: retrieval recovers
held-out formations with Hit@1 of 73.0% (56.0%
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Category Total Lines Sampled Valid Count Validity Ratio (95% CI) Est. Valid Total
EXIST 50,346,797 10,000 4,329 0.433 (£0.010) 21,795,128
POS 2,930,062 10,000 1,831 0.183 (£0.008) 536,494
NEG 2,202,294 10,000 395 0.040 (£0.004) 86,991

Table 3: LLM-based semantic verification for corpus attestation, with 95% confidence intervals.

Neologism POS WF Generated Definition
ZiL4] \Y% Adverb- Organize a group to
(Group Buying) Verb buy goods.

5 ki N Verb- The power that con-
(Arbiter of Fate) Object trols destiny and life.
BAHp Entity- A realm beyond the
(Beyond Position  mortal, “dusty” world.
Mundane)

Table 4: Case-study examples with POS tags, word-
formation types, and generated definitions.

without the relation condition; Appendix D), and
the recovered patterns extend beyond attestation,
since 94.0% of the accepted candidates never oc-
cur in an 11B-token corpus yet remain more plausi-
ble than rejected combinations (PPL 7.29 vs. 8.49;
Appendix K);

(ii) Where does licensed productivity diverge
from lexical saturation? In productive but sparse
word-formation types: Entity-Position (8.66%
vs. 0.37% of the existing lexicon) and Subject-
Predicate (4.04% vs. 1.06%; Table 11).

6 Conclusion

In this paper, we explore Chinese neologism from
a proactive perspective. Rather than waiting for
new words to become attested and then detect-
ing them, we ask whether Chinese word-formation
knowledge can be used to construct plausible di-
syllabic forms in advance. To answer this ques-
tion, we propose a three-stage pipeline that inte-
grates KG-based candidate generation, morpholog-
ical discarding, and LLM-based filtering. We as-
sess the generated forms through three complemen-
tary signals—human judgment, model perplexity,
and corpus attestation—which together cover mor-
phological validity, semantic coherence, and prag-
matic plausibility. The results indicate that li-
censed plausibility is graded, that the generated
candidates follow the dominant word-formation
patterns of the lexicon while concentrating in pat-
terns it underrepresents, and that they are best
read as evidence about licensing. The pipeline
yields 18,662 candidates with definitions, exam-
ples, and formation metadata, which we release as
material for follow-up work on lexicon expansion,

unattested-form handling, and lexical change.

Future work can proceed in four directions.
First, the paradigm can be extended to other lan-
guages in which word formation is compositional
and productive, so that novel forms remain in-
terpretable from their parts. Second, the evalu-
ation can be made prospective: with the graph
built up to a time ¢ and later corpora supplying
a gold set of new words, it would test how well
the framework anticipates the lexical record that
follows, rather than judging plausibility only in
hindsight. Third, modeling social demand and cul-
tural salience would move the framework beyond
licensed plausibility toward accounting for which
forms a community adopts. Finally, the released
candidates can serve as test material for studying
how language models handle lexical novelty.
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Limitations
Our work is subject to several limitations:

Scope of Neologism Types and Semantics:
We study orthographically novel disyllabic com-
pounds, and leave polysemy, acronyms, and loan-
words to work on other formation mechanisms.
The semantics we model is compositional, derived
from morphemes and formation; figurative read-
ings such as metaphor and metonymy fall outside
our criteria.

Lexicon Coverage and Novelty: The formation
constraints inherit the coverage of COOL, and nov-
elty is relative to the four reference dictionaries,
so a candidate absent from them may already be
in use; the validity ratios we report are therefore
lower bounds on actual usage.

Objective and Boundary: Our results character-
ize what Chinese word-formation licenses. They
do not establish that the candidates improve any
downstream NLP system. The released candidates
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and metadata are material for follow-up work such
as lexicon expansion, out-of-vocabulary handling,
and neologism-aware translation. Which licensed
forms a community actually adopts depends on so-
cial demand, event-driven coinage, and diffusion,
and we do not model those factors here.

Open-world Evaluation and Baselines: Chi-
nese has no complete inventory of valid neolo-
gisms, so recall over the open lexical space cannot
be computed; our three signals support precision-
oriented comparisons between candidate classes,
with NEG and EXIST as lower and upper refer-
ences, and a time-split benchmark would supply an
external gold set. The attestation we report is mea-
sured on a contemporaneous corpus, and a held-out
future corpus would be needed to turn it into a tem-
poral evaluation. Our experiments likewise evalu-
ate the plausibility of the pipeline’s output, and a
systematic comparison of link-prediction methods,
including heuristic baselines such as the Jaccard in-
dex, remains follow-up work for quantifying the
contribution of relation-conditioned retrieval.

Reliability of the Evidence: Human judgment
covers 400 sampled candidates out of 18,662, and
judgments of novelty are inherently subjective; an-
notated evaluation of this kind requires trained lin-
guists and does not scale easily, and the reported
bootstrap analysis establishes the stability of the
gap within this sample. Perplexity and part of the
judgments rest on generated contexts: we mask
the target form during generation and apply the
same procedure to all three sets, which makes the
comparison differential, while the contexts and the
models’ training data can still deviate from native
usage. Corpus matching additionally retrieves ho-
mographs and unrelated uses, semantic verifica-
tion samples 10,000 contexts per set, and corpus
attestation lags behind the very recent coinages it
is meant to capture.

Reproducibility under Proprietary Models:
Several stages rely on proprietary models whose
updates or deprecations can change the gener-
ated definitions, contexts, and verification out-
comes. We release the candidate sets used
in the evaluation—accepted, rejected, and estab-
lished words, with their definitions, generated con-
texts, and formation metadata—together with the
pipeline code; the enrichment and verification
calls depend on the proprietary APIs, and a full re-
run additionally requires COOL and retraining of

the two learned components.
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A Details of Chinese Word-Formation

Word-formation refers to the linguistic rules and
patterns by which morphemes are combined to
form words. In Chinese, it involves the analysis of
the internal structure of words, specifically, how
morphemes combine through certain grammatical
and semantic relationships to constitute a word. It
operates as a structural system at the word level
(Packard, 2000). Research shows that the internal
structure of Chinese words involves not only mor-
phemic composition but also semantic functions of
constituents and meaning-generation mechanisms
(Chao, 1965). Therefore, word-formation analysis
is a crucial tool for understanding the Chinese lex-
ical system.

Chinese word-formation can be broadly catego-
rized into compounding, derivation, overlapping,
etc., with compounding being the most predomi-
nant method (Chao, 1965).

Regarding the theoretical framework, there
are different perspectives in linguistics, primar-

ily distinguishing between grammatical word-
formation and semantic word-formation. The
grammatical word-formation classifies relation-
ships using syntactic labels (e.g., modifier-head,
subject-predicate), arguing for a direct correspon-
dence between sentence and word-formation types
(Guo, 1979; Zhu, 1982). Conversely, the se-
mantic word-formation emphasizes analyzing con-
stituents through semantic labels (e.g., agent, pa-
tient), positing that characters combine into groups
based on these semantic relationships (Liu, 1990;
Xu, 1997; Zhu, 2003).

While semantic word-formation has natural ad-
vantages in representing lexical semantics, its
structural basis is too complex to establish a uni-
fied tag set, making it less conducive to compu-
tational processing (Fu, 2003; Wang et al., 2023).
In contrast, grammatical word-formation offers a
simple structural system with unified standards,
and the natural similarity between morphological
and syntactic structures makes it more suitable
for computational handling. Adopting the gram-
matical word-formation perspective, the COOL
Dataset (Liu et al., 2018) establishes a taxonomy
of 16 distinct word-formation types. In the main
formulation, this taxonomy is denoted as F =
{fi,..., fie}. Each f; € F is a grammatical op-
erator over an ordered morpheme pair (m;, my),
specifying how the two morphemes combine into
a candidate disyllabic word. For instance, the
Modifier-Head operator treats the first morpheme
as a modifier and the second as the head; the Verb-
Object operator treats the first morpheme as an ac-
tion and the second as its object; and the Paral-
lel operator combines two morphemes with simi-
lar, coordinated, or complementary meanings. All
16 word-formation operators are illustrated in Ta-
ble 5.

B Implementation Details of Embedding
Models

The pipeline uses different embedding models for
different roles. Stage 1 uses bert-base-chinese
as the character-embedding backbone in SimKGC
link prediction, where the model ranks candi-
date tail morphemes conditioned on the head mor-
pheme and word-formation operator. Stage 3
uses Qwen3-Embedding-4B as the semantic em-
bedding backbone for the discriminative filtering
model, followed by an MLP classifier trained to
distinguish plausible from implausible candidate
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Word-Formation Rule Explanation

Use Case %

ZE H (Modifier-Head)

HX 4 (Parallel)

R EE (Verb-Object)

JRH (Adverb-Verb)

BAZli (Single Morpheme)

i1 (Verb-Consequence)
J5 %% (Suffixation)

&AM (Verb-Complement)

morph; operates on morpha.

1 (Subject-Predicate)
#& (Overlapping)

57 (Entity-Position)
4+ (Preposition-Object)
4 & (Noun-Quantifier)
%& (Number-Quantifier)
HiZ% (Prefixation)

4 & (Quantifier-Quantifier)

morph; modifies morphs (noun).

morph; and morph, are similar or complementary.

morph; modifies morphs (verb).

The word is a single morpheme.

morphs is the consequence of morph;.
morphs is the suffix of morph;.

morphs is the action follows morph;.
morph; is the subject of morphs.

morph; and morph, are the same.

morph; is an entity, morphs is a position.
morph; is a preposition, morphs is an object.
morphs is the quantifier of morph;.
morph; is a number, morphy is a quantifier.
morph; is the prefix of morphs.

Both morph; and morphs are quantifiers.

214 (red-flower) 38.62
AL (dizzy-dim) 22.87
4k (spend-money)  16.44
44 (vainly-spend) 8.45
14 (peanut) 3.51
KB (stop-rest) 343
A3k (trick-0) 2.70
JEA (press-down) 1.28
HEAE (eyesight-dim) 1.06
H H (vainly-vainly) 0.59
W (semester-mid) 0.37
223 (from-nowhere)  0.31
2 (flower-bud) 0.13
— 4 (one-dot) 0.10
i (D-teacher) 0.10
Tk (kilo-meter) 0.03

Table 5: The taxonomy of 16 Chinese word-formations from the COOL Dataset (Liu et al., 2018). Each word-
formation is presented with its definition, a representative example, and its statistical prevalence in the lexicon.

words. Table 6 summarizes these implementation
choices.

C Search Space and Candidate Funnel

This section details how the pipeline narrows the
constrained search space introduced in Section 3.
Using the top 3,000 morphemes and the 16 word-
formation operators in F yields 3,000 x 16 X
3,000 = 1.44 x 10® possible morpheme-relation—
morpheme triplets. The KG stage first retrieves a
high-recall pool with threshold 7 = 0.3. Subse-
quent filters enforce lexical novelty, affix-position
constraints, attested POS—formation compatibility,
surface-form uniqueness, and semantic plausibil-

ity.

D Relation Ablation for KG-Based
Candidate Generation

We evaluate whether the word-formation opera-
tor f; contributes to the SimKGC retrieval step.
The full model scores each candidate tail with
the relation-conditioned function ¢(m;, f;, my) in
Equation 1, where the query is constructed from
both the head morpheme and the target word-
formation operator. The ablated model removes f;
from the query and ranks tails using only the head
morpheme. Both variants are evaluated on held-

out existing COOL triplets by ranking the gold tail
morpheme among candidate tails.

E Training Details of Semantic Filtering
Model

In this section, the comprehensive experimental
setup for the Discriminative LLM Filtering proce-
dure are provided, detailing the data construction
strategy, hyperparameters, and prompt templates
utilized in the experiments.

E.1 Data Construction with Semantic
Augmentation

To train a robust discriminative model capable of
generalizing to unseen neologisms, a train and val-
idation set derived from COOL (Liu et al., 2018)
is constructed, using a sophisticated augmentation
strategy. A trivial classifier trained only on exist-
ing words might overfit to specific character col-
locations. To mitigate this, a multi-tiered positive
and negative sampling scheme is designed. Table 9
provides concrete examples for each augmentation
type based on the source word “Z& " (Last Spring
Month, where “Z=” means “The third month of a
season”, and “&” means “Spring”).

Positive Samples (Valid Words). Expanded be-
yond existing words to encourage generalization,
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Stage

Model

Role

Stage 1

bert-base-chinese

Character-embedding backbone for SimKGC link prediction.

Stage3 Qwen3-Embedding-4B

Semantic embedding backbone for the discriminative MLP filter.

Table 6: Embedding models used in the two learned components of the pipeline. Stage 1 focuses on relation-
conditioned KG retrieval, while Stage 3 focuses on semantic plausibility filtering.

Stage Remaining Raw %
Raw enumerated triplets 144,000,000  100.000
KG retrieval (7 = 0.3) 802,108 0.557
Rule-filter input pool 165,102 0.115
After removing existing forms 99,340 0.069
After affix-position constraints 98,616 0.068
After POS—formation whitelist 73,381 0.051
After surface-form de-duplication 46,998 0.033
After LLM majority vote 18,662 0.013

Table 7: Candidate funnel from the constrained search space to the final positive set. “Raw %” is computed relative
to the 1.44 x 10® enumerated morpheme-relation—-morpheme triplets.

the positive set consists of:

Existing Words: Standard valid compounds
attested in the lexicon (e.g., Z% #§, “Last Spring
Month™);

Category Substitution: To force the model to
learn abstract semantic compatibility rather than
surface forms, we randomly replaced a morpheme
with its corresponding semantic category defined
in the KG. For instance, replacing “4&” (Spring)
with its semantic category “<Season>", yielding
the semi-abstract form Z% <Season>;

Sibling Substitution: We replaced a morpheme
with a random sibling node from the same seman-
tic category to simulate valid analogies. For exam-
ple, substituting “#5” (Spring) with “3£” (Summer)
to form Z& ¥ (“Last Summer Month™). Since “%£”
is a valid sibling of “#4§” under the “Season” cat-
egory, the resulting word preserves the semantic
logic of “The third month of [Season]”.

The sampling ratio of these three positive types
was set to 1:3:2.

Negative Samples (Invalid Combinations).
Negative samples are constructed with varying
degrees of difficulty to refine the model’s decision
boundary:

Random Selection: Replacing a morpheme
with another random-selected morpheme from the
COOL Dataset. For example, replacing “F&”
(Spring) with the numeral “—=" (Three) to form Z&
— (“Last Three”), which is semantically distinct
and nonsensical in this context.

POS-constrained Selection: Replacing a mor-
pheme with one sharing the same morpheme POS.

This forces the model to distinguish nuanced se-
mantic incompatibility within the same semantic
category. For example, replacing “##” (Noun)
with “7K> (Water, Noun) to form Z& Kk (“Last Wa-
ter”). Although structurally valid (Noun-Noun),
the temporal prefix “Last month of...” cannot log-
ically modify the substance “Water”.

High-Frequency Selection: Replacing a mor-
pheme with a high-frequency common morpheme.
This prevents the model from biasing towards com-
mon characters regardless of meaning. For in-
stance, replacing “#5” with the high-frequency pro-
noun “J&” (Me) to form ZxFk (“Last Me”), break-
ing the semantic constraint.

The ratio of the three negative types was set
to 2:1:1. Crucially, we maintained a positive-to-
negative ratio of 3:8, a strictly imbalanced setting
designed to impose a rigorous acceptance standard
for neologisms.

E.2 Experimental Setup and
Hyperparameters

Dataset Split. The augmented dataset is split
into training and validation sets with a ratio of 9:1.
The final training set consists of 1,352,832 sam-
ples, and the validation set contains 150,315 sam-
ples.

Computational Resources. The model was fine-
tuned on 8 NVIDIA H20 GPUs. The total dura-
tion for training and validation was approximately
85 hours.
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Retrieval Condition

Hit@]1 (%)

Hit@3 (%)

Relation-conditioned SimKGC ¢(ms, f;, mx)
Without relation condition ¢(m;, ms)

86.6
72.4

73.0
56.0

Table 8: Relation ablation for KG-based candidate generation. Removing the word-formation operator substantially
reduces tail-retrieval accuracy, showing that f; provides predictive structural information rather than serving only

as a post-hoc label.

Sample Type

‘ Strategy Description

‘ Example (Based on “Zx#”)

Positive Samples (Valid Semantics)

Existing Word Original dictionary entry Z&4¢ (Last Spring Month)
Category Subst. Replace morpheme with Hypernym | 7% <Season> (Last <Season>)
Sibling Subst. Replace with semantic sibling Z% 5 (Last Summer Month)
Negative Samples (Invalid Semantics)

Random Random morpheme replacement Z8 = (Last Three)

POS-constrained
High-Frequency

Same POS, incompatible meaning
Common character replacement

Zzjk (Last Water)
Z=3% (Last Me)

Table 9: Examples of the data augmentation strategy. The source word is Z&45, a Modifier-Head noun meaning

“The spring month”. Here, “Z” means “The third month of a season”, and

” means “Spring”. Note that while

we illustrate substitution on the tail morpheme (“#) here for clarity, our actual pipeline performs substitution on

both head and tail morphemes stochastically.

Hyperparameters. As described in Section 3.4,
the model is optimized using a combined loss func-
tion Liotal = Lcg + - Lsupcon- The detailed hyper-
parameters are listed in Table 10. Note that a sig-
nificantly higher learning rate is used for the MLP
head (5e-2) compared to the backbone (2e-5), for
accelerating the convergence of the classification
boundary while preserving the pre-trained linguis-
tic features.

E.3 Prompt Templates

To enable the model to handle both concrete mor-
pheme combinations and abstract semantic com-
positions, four distinct prompt templates ‘during
training. Below we present the specific instruc-
tions used. Note that {char}, {pos}, {sense},
and {r} serve as placeholders for the morpheme
(character form), morpheme POS tag, morpheme
sense, and word-formation, respectively.

Hyperparameter Value

Model Architecture Qwen3-Embedding-4B + MLP
Backbone Learning Rate 2e-5

MLP Head Learning Rate Se-2 [Chinese Prompt]

Loss Function Lk + - Lsupcon TR AR —ADUE 430, TR 2 A
SupCon Loss Weight () 05 TR, 2R B
Train Batch Size 16 {char1}{char2}, HPE—NFHiFEEN {posl}, =
Gradient Accumulation Steps 4 Sk {sensel}, B AFRIAMEN {pos2}, =N
Number of Epochs 10 {sense2}. ZIH| ARSI {r} G510 . RAHINTE -
Optimizer AdamW

Precision BF16 [English Translation]

DeepSpeed Stage 2 I will give you a Chinese disyllabic word. You

SupCon Temperature 0.07
Validation Metric (Accuracy) 95.23%
Validation Metric (F1-Score) 84.16%

Table 10: Hyperparameters and final performance met-

rics for fine-tuning the semantic

filtering model.

need to judge whether it conforms to Chinese mor-
phological rules and is a valid word. The word is
{char1}{char2}. The first character has POS {pos1} and
meaning {sensel}; the second character has POS {pos2}
and meaning {sense2}. The word-formation is {r}. Your
judgment is:
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Template 2: First Morpheme Masked

[Chinese Prompt]

FRHA i — R SO T, (e
ST AT A DOETTRIN, e — a5 . %
S X{char2} , HA 5 —DFRYiaMEN {posl), i
A {sensel}, 55 —ANFHYTHMEA {pos2}, B LK
{sense2}. LIRSS {r} 4540 IRIHIBZ

[English Translation]

I will give you an incomplete Chinese disyllabic word.
You need to judge whether it conforms to Chinese mor-
phological rules and is a valid word. The word is
X{char2}. The first character has POS {pos1} and mean-
ing {sensel}; the second character has POS {pos2} and
meaning {sense2}. The word-formation is {r}. Your
judgment is:

Template 3: Second Morpheme Masked

[Chinese Prompt]

HRFAAR— DA TERADOE T, RTFEHIWTE
A A DUETE N, R—GER . %
A {char3X, HA g — R {posl}, &
SCHy {sensel}, 55— ASFYGMEY {pos2}, TSN
{sense2}. LIS {r} 4544 . IR -

[English Translation]

I will give you an incomplete Chinese disyllabic word.
You need to judge whether it conforms to Chinese mor-
phological rules and is a valid word. The word is
{char1}X. The first character has POS {pos1} and mean-
ing {sensel}; the second character has POS {pos2} and
meaning {sense2}. The word-formation is {r}. Your
judgment is:

Template 4: Fully Abstract / Both Masked

[Chinese Prompt]
FRFAAR— DA TERIDOE 510, RFTFEHIWTE
A A PUETE N, R— AR . %
L, AT {posly, FCH {sensel},
S AFHATE N {pos2}, FUN {sense2}. %]
AT SR {r} G5t . AR -

[English Translation]

I will give you an incomplete Chinese disyllabic word.
You need to judge whether it conforms to Chinese mor-
phological rules and is a valid word. In this word, the
first character has POS {pos1} and meaning {sensel};
the second character has POS {pos2} and meaning
{sense2}. The word-formation structure is {r}. Your
judgment is:

F Prompt for Verification via
Closed-Source LLMs

In the Verification stage, closed-source LLMs are
employed to verify the semantic validity of candi-
date neologisms. The models operate under a spe-
cific expert persona and set of criteria to ensure rig-
orous judgment. Below, the exact system prompt
and user prompt template are provided.

System Prompt

[Chinese Original]

W ERPUERNCE LR, RIS E
AR ) £ S T — i — ) 15 REAE DU T
o WSS OIRR . S ERE T, B
PERETC . 1R SCEHE S HMER—2, FEEEEA
5 AR A

[English Translation]

You are a rigorous Chinese lexico-semantic expert,
tasked with judging whether a candidate disyllabic word
is viable in Chinese based on the provided morphologi-
cal information. Please strictly integrate morphological,
semantics, and linguistic intuition, ensuring appropriate
POS collocation, semantic coherence, and consistency
with common linguistic intuition. Also, pay attention
to avoiding phonetic ambiguity with common existing
words.

User Prompt Template

[Chinese Original]

AT PRI (LR M JSON., HIMTEK :

L fEikind Lr] B DR 4 e ik X R A
A, T BUER R 2T 15

2. A ARRIKE . S B TERSGES P
s, WK YES;

3. AR . PETCS U B TR IR TE SO,

$5E 4 NO; o
& TERRAKIEDL R = A HIB AR :

(1) T35 LA TB— 4 JE 40 B TR 5 3 R IO M A
W, PERS AR 4

() E X _F A ARk A S LS PIERE

RIS, RESRAETRPT & 5
Q) ERE R — BRI H, AE5ER
B B SUE BURYE -
5. 151 reason IS 40 MU IARERR I .
(E3iR ISk
- % {head_char} ({head_pos}, ¥ : {head_
sense} )
- B {tail_char} ({tail pos}, X : {tail sense})
- BVER AR {relation}
- JUAVT BRI LA Al :
BT MR EBE U, BREERICA
* FFVEVE R FONE AR, S DA A R0
T AR
AR (FR A JSON X5, A&
XF):
{

“word”: “{candidate_word}”,

“judgement”: “YES 1 NO”,

“reason”: “faj/E A"
}

[English Translation]

Please review the following candidate neologism and re-
turn ONLY a JSON object. Judgment Requirements:

1. The candidate is formed by combining [Head Char]
and [Tail Char] according to the given word-formation,
and must conform to Chinese morphological habits;

2. Judge as YES if the combination expresses a self-
consistent, intelligible concept usable in real contexts;
3. Judge as NO if the meaning is far-fetched, the collo-
cation is inappropriate, or it violates common morpho-
logical or semantic rule;

4. Strictly adhere to the following three criteria:

3641



(1) Morphologically Reasonable: Meets formation rules
under the relation; POS tagging is appropriate;
(2) Semantically Reasonable: Expresses a coherent
meaning related to the characters, avoiding forced inter-
pretations;
(3) Acceptable Intuition: Sounds natural in common
usage/pronunciation, avoiding confusion with existing
common words.
5. Please explain the reason in the ‘reason‘ field using
no more than 40 Chinese characters.
Candidate Information:
- Head Char: {head_char} ({head_pos}, Sense: {head_
sense})
- Tail Char: {tail_char} ({tail_pos}, Sense: {tail_
sense})
- Relation: {relation}
- Examples of possible semantic combinations:
* View “Head Char” as the primary semantic component,
with “Tail Char” as a supplement;
* If the relation is Modifier-Head | Subject-Predicate /
Adverbial-Head, analyze naturalness based on common
rules.
Output Format (Must be a single JSON object, no extra
text):
{

“word”: “{candidate_word}”,

“judgement”: “YES or NO”,

“reason”: “Brief reason”

G Prompts for Definition and Context
Generation

Stage 1 enriches each retrieved candidate with a
dictionary-style definition and with context sen-
tences. Both are generated from the candidate’s
morphemes, their senses, and the word-formation
relation, using the prompts below.

Definition Generation (Claude-3.7-Sonnet)

[Chinese Prompt]

— L i MR & K. BITERTREE T
R BE R, DU R A e R
TR R 3L

WA E B FFNTFE. mTFlERE
(1) « FIFMREL. EFMTFIE. GFiERE
(AtE) « JERRESL, PARCEA]Z B M HA IR 2544 %
(0 @, FIE%).

RS K:
L. PR e 4 5 R A T 25 A AL B — B ERY

i
2 HPSHIERE (M) . UM N2
H 5% FR TR A £ TR RE X

3. T S B W Ty

4 RSB T, B 1-2 403, BT
5. FHERE A, AR RSN

AR A 455 S L R

[English Translation]

You are a professional dictionary-compilation expert.
You now need to write an accurate and concise
definition for a disyllabic Chinese word based on some

information about it.

The information you receive includes: the orthographic
form of the first character, its morpheme class (part of
speech), and its meaning; the orthographic form of the
second character, its morpheme class, and its meaning;
and the word-formation relation between them (e.g.,
Modifier-Head, Subject-Predicate).

Task requirements:

1. Understand that the two characters form a potential
new word under the given word-formation structure.

2. Generate the definition of the compound word
from the morpheme classes (parts of speech) of the
characters, their semantic information, and the relation
between them.

3. The definition should accurately capture the core
meaning of the compound word.

4. The definition should be concise and clear, usually
1-2 sentences, suitable for a dictionary.

5. Output the definition directly, with no additional
explanation.

Please generate the definition of the compound
word from the following information:

[User Prompt Template]

FRAGFELS:

- i {head_char}, Hi“F5fFii{f: {head_pos},
Hi7FE X {head_sense}

- 5% {tail_char}, J5FiA 4 {tail_pos}, J5FFF
X {tail_sense}

- ¥R 4544 {relation}

L

|English Translation]

Character combination information:

- First character: {head_char}, morpheme class:
{head_pos}, meaning: {head_sense}

- Second character: {tail_char}, morpheme -class:
{tail_pos}, meaning: {tail_sense}

- Word-formation relation: {relation}

The definition of this word is:

Context Sentence Generation (five LLMs)

[Chinese Prompt]
RRR— LT I E S E MO RE TR . AR
B RS ERDUE A RAIE B AR . MBI BA]

E55 2K:

L ARIERALARE S, BIVE—A> B R Y BilF)

2. BIE R AR R BRI 25 ORI A

3. AR AT G B DU A > 15

4. BIAREEE S, i 10-30 >

5. HEM I BIE], AN B S

6. FEGIAIH A AU HARiA. pilan, JEiEe ‘i
s, BIAEIATDARE “HA T TAERIGR.”

A AR R E—A -

[English Translation]

You are a professional linguist and example-sentence
writer. You now need to compose natural, idiomatic
example sentences for a given Chinese compound word.
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Task requirements:

1. Based on the provided definition, write one natural
and fluent example sentence.

2. The sentence should accurately reflect the meaning
and usage of the word.

3. The sentence should follow the conventions of
modern Chinese.

4. The sentence should be of moderate length, usually
10-30 characters.

5. Output the sentence directly, with no additional
explanation or numbering.

6. Use “~ ” in place of the target word in the sentence.
For example, if the word is “HiJi§i”, the sentence can be

“HH T TARMISRIR. 7

Please write an example sentence for the follow-
ing word:

[User Prompt Template]
A
FE X : {definition}

ot
[English Translation]

Word: “ ™ (position of the target word)
Definition: {definition}

Example:

H Detailed Statistics of the Sets in
Evaluation

This section provides a detailed breakdown of the
sets in the evaluation section (Section 4). Table
11 presents the total number of candidate neolo-
gisms and their distribution across different word-
formations for both the POS and NEG sets. For
comparison, the table also includes the distribution
of these word-formations in the existing Chinese
lexicon, as derived from the COOL Dataset (see
Table 5). The word-formations are ordered based
on their prevalence in the POS set.

Analysis of Morphological Distribution. The
comparative statistics in Table 11 offer two key ob-
servations regarding the generative behavior of the
pipeline:

Distributional Alignment and Broad Cover-
age: The Positive set broadly mirrors the word-
formation distribution of the Existing Lexicon,
confirming that the generated neologisms align
with the natural morphological patterns of Chi-
nese. Beyond statistical alignment, this distribu-
tion notably demonstrates the pipeline’s capability
to identify reasonable neologisms across a diverse
range of word-formations. From dominant types
like Modifier-Head and Verb-Object to other spe-
cific patterns, the pipeline consistently yields ac-

ceptable candidates, ensuring comprehensive cov-
erage of the latent lexical space. In contrast, the
Negative set shows a chaotic distribution, with
a severe under-representation of canonical forms
(e.g., Modifier-Head drops to 8.69%) and an over-
abundance of typically strictly constrained struc-
tures like Subject-Predicate (10.02%).

Exploration of Latent Spaces: While gen-
erally aligned, the Positive set diverges in spe-
cific categories such as Entity-Position (8.66% vs.
0.37%) and Subject-Predicate (4.04% vs. 1.06%).
The higher prevalence of these types suggests that
the pipeline does not merely replicate the exist-
ing dictionary distribution. Instead, it actively ex-
plores the “productive but sparse” regions of the
lexical space, identifying valid potential words in
categories that are permissible in morphology but
less saturated in the current lexicon.

I Annotation Guidelines for Human
Judgment

This appendix provides the detailed instructions
given to the expert annotators for evaluating the
real-world acceptability of generated disyllabic ne-
ologisms.

I.1 Core Objective of the Task

The task asks annotators to judge whether a given
disyllabic combination has the intrinsic potential
to become a Chinese neologism. This judgment
focuses on the combination itself: whether it is
morphologically reasonable, semantically feasible,
and intuitively acceptable as a possible Chinese
word. LLM-generated example sentences are pro-
vided only as contextual references, not as the pri-
mary object of evaluation. Therefore, if an ex-
ample sentence is poorly constructed or logically
flawed but the target combination itself remains
valid, annotators should ignore the sentence-level
defect and still label the word as 1 (acceptable).

1.2 Definition of Annotation Labels

Annotators are asked to make a binary decision
based on the following definitions:

1.3 Core Criteria of Evaluation (Layered
Evaluation)

Annotators should evaluate each candidate in the
following order: L1 (Morphology), L2 (Seman-
tics), and L3 (Pragmatics). The layers are ordered
from structural validity to holistic acceptability. A
candidate that clearly fails an earlier layer should
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Word-Formation POS Set NEG Set Existing Lexicon
Count % | Count % | %
E H (Modifier-Head) 4,995 26.77% 51,292 8.69% 38.62%
R EE (Verb-Object) 3,398 18.21% 44,163 7.49% 16.44%
BX & (Parallel) 3,145 16.85% 36,227 6.14% 22.87%
R (Adverb-Verb) 1,966 10.53% 71,602 12.14% 8.45%
J513f (Entity-Position) 1,616 8.66% 52,270 8.86% 0.37%
71 (Verb-Consequence) 1,039 557% | 57,231 9.70% 3.43%
FiH (Subject-Predicate) 754 4.04% 59,135 10.02% 1.06%
A %p (Verb-Complement) 572 3.07% 44,433 7.53% 1.28%
% (Overlapping) 538 2.88% 12,817 2.17% 0.59%
JG 2% (Suffixation) 323 1.73% 21,266 3.60% 2.70%
4 & (Noun-Quantifier) 255 1.37% 23,677 4.01% 0.13%
5% (Number-Quantifier) 30 0.16% 23,290 3.95% 0.10%
4132 (Preposition-Object) 18 0.10% | 33,362 5.65% 0.31%
%5 & (Complex-Quantifier) 12 0.06% | 20821 3.53% 0.03%
HiZ% (Prefixation) 1 <0.01% 38,425 6.51% 0.10%
Total 18,662 100.00% ‘ 590,011 100.00% ‘ —

Table 11: Comparative Distribution of Word-Formations. The table compares the prevalence of each structure
across the generated Positive (POS) and Negative (NEG) sets, and the existing lexicon.

Label

Core Judgment Logic

1 (Acceptable/Valid)

0 (Unacceptable/Invalid)

The combination is morphologi-
cally reasonable and semantically
self-consistent. Furthermore, the
intuitive linguistic sense derived
from the literal characters (ex-
pected POS) aligns with the given
definition’s POS.

The combination is morphologi-
cally unreasonable, semantically
conflicting (illogical), or problem-
atic in terms of linguistic intu-
ition.

Table 12: Binary Annotation Labels for Evaluating Ne-
ologism Potential. The table outlines the definitions
and core judgment logic for the “Acceptable” (1) and
“Unacceptable” (0) labels used in the manual annota-
tion task.

normally be labeled unacceptable, even if a later
interpretation can be imagined.

I.3.1 L1: Layer of Morphological Validation

Basis. This layer determines whether the two
characters are combined in a way that conforms
to Chinese word-formation rules. Annotators
should first check whether the proposed structure
is morphologically valid, such as Modifier-Head
for Noun+Noun combinations or Verb-Object for
Verb+Noun combinations. If the structure is in-
compatible with ordinary Chinese morphology,
the candidate should be rejected at this layer. For
example, an Adverb+Noun combination is usually
unacceptable unless it has a clear idiomatic basis.

1.3.2 L2: Layer of Semantic Compatibility

Basis. This layer asks whether the two morphemes
can form a logically coherent meaning. Annota-
tors should not judge whether the supplied defi-
nition is elegantly written; the central question is
whether the meanings of the two morphemes are
compatible when combined. For instance, “#% H”
(bao dian, report—telegram) is acceptable because
reporting and telegrams can be naturally associ-
ated. By contrast, “Z] /=" (hong shéng, red—sound)
is normally unacceptable because color does not
modify sound in ordinary usage, unless a very spe-
cific synesthetic context is intended.

1.3.3 L3: Layer of Pragmatic Acceptability

This layer assesses whether the candidate is ac-
ceptable as a usable word from the perspective
of native-speaker intuition. It covers the align-
ment between morphological intuition and defi-
nition, phonetic naturalness, analogy with estab-
lished patterns, and overall communicative accept-
ability.

Alignment of POS Intuition The intuitive POS
of the candidate should align with the POS im-
plied by its definition. A mismatch signals a prag-
matic conflict. For example, “IZ 5 (eat book) is
intuitively a Verb-Object expression. If it is de-
fined as a noun such as “a type of person who
likes books”, the conversion is unnatural in Chi-
nese without an added suffix such as “#”, and the
candidate should be labeled unacceptable. If it is
defined as a verb such as “to read rapidly”, the def-
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inition aligns with the candidate’s intuitive struc-
ture and can be accepted.

Phonetics and Blocking The candidate should
sound natural and should not be strongly blocked
by an identical-sounding common word. Anno-
tators should consider whether the pronunciation
is awkward, for example because of difficult tone
stacking, and whether it would be confused with a
highly frequent existing expression.

Analogy with Established Pattern Plausibility
is strengthened when the candidate follows a pro-
ductive and familiar word-formation template. For
example, “}¥ 1% (search quotient) is plausible be-
cause it follows the established “X-F” pattern, as
in “F'Ry” (1Q) and “5” (EQ). In contrast, an ob-
scure combination without a clear analogical prece-
dent should be treated with more caution.

Subjective Acceptability As a final holistic
check, annotators should decide whether the candi-
date could be accepted by a native speaker in com-
munication. Acceptable candidates read smoothly,
are easy to understand, and feel like useful or nat-
ural additions to the lexicon. Unacceptable candi-
dates read awkwardly, feel unnecessary because an
existing word is clearly better, or sound strange,
uncouth, or stiff.

1.4 Case Study

Example 1: Positive Case. lZHy (bao dian) is a
Parallel formation composed of i (report/news)
and H (telegram). The definition, “written reports
sent via telegram”, is acceptable because the two
morphemes are semantically compatible: report-
ing and telegrams can naturally refer to a specific
message carrier. Its POS intuition is also compat-
ible with the definition, since “} Fg,” can be read
either as a verbal action or as a nominal message.
Result: Acceptable.

Example 2: Conflict of POS Intuition. T 5
(da zhuo) is a Verb-Object formation composed of
#T (make/build) and & (table). Although “make”
and “table” are semantically compatible, the form
is intuitively understood as a verb-object action,
namely “to make a table”. The supplied definition
treats it as a noun meaning “a tool specifically used
for making tables”, which forces an unnatural cat-
egory shift in Chinese. Result: Unacceptable.

Example 3: Semantic Incompatibility. ¥}
(Iéng pao) is analyzed as a Modifier-Head forma-

tion composed of % (cold) and I (run), with
the intended meaning of running training in cold
weather. Although the LLM definition is under-
standable, adjectives such as “¥%” more naturally
modify nouns or states, as in “¥31X” (cold drink) or
“Y>¥E (desolate). The collocation “i4 1> there-
fore feels stiff and less natural than alternatives
such as “4fi” (winter run) or “Z£1” (cold run).
Result: Unacceptable.

Example 4: Bad Sentence but Good Word. i
J&% (wei gén) is a Modifier-Head formation com-
posed of fif (tiny/slight) and J&% (feeling/touched),
with the intended meaning of a slight feeling or be-
ing slightly moved. The generated sentence “iX
N RAEH iz, FA B, 7 is poor and
nonsensical, but the word itself remains plausible:
“fif” and “JF combine smoothly, comparable to
expressions such as “fif J§i> (slight pain) or “fi
fiE2” (slightly tipsy). Annotators should therefore
ignore the defective example sentence and judge
the candidate itself. Result: Acceptable.

1.5 Supplementary Notes

The Distinction between Words and Phrases
For computational convenience, the strict defini-
tions distinguishing between words and phrases is
abandoned here (Dong, 2004). Instead, all valid
forms created by existing morphological patterns
are considered as words. (For example, while we
subjectively feel “ZF — (first) and “Z8 — (sec-
ond) are more like words than “Zf J (ninth) or
“Z5 — 1 (twentieth), we acknowledge here that
they are all words, even if they are not individually
listed in the lexicon).

Archaic or Dialect Words If a word is archaic
or dialectal and uncommon in general Chinese con-
texts, but it conforms to morphology and can be
understood and accepted by speakers, it can be
viewed as a word with “potential for revival/bor-
rowing” and labeled as Acceptable.

J Calculation Details for PPL

In this section, we outline the mathematical formu-
lations and implementation details for calculating
PPL scores for both model architectures discussed
in Section 4. Let S denote a context sentence, and
w = (c1,cz) denote the disyllabic target word
within that sentence. It is worth noting that for the
models used in our evaluation, each Chinese char-
acter is generally treated as a single token.
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J.1 Bidirectional Masked Models

For Masked Language Models (e.g., BERT),
Pseudo-Log-Likelihood (PLL) scores are em-
ployed. Since these models are trained to predict
masked tokens given a bidirectional context, the
characters of the target word are masked one by
one.

Let S\, represent the sentence where only char-
acter ¢; is masked. The score for the word w 1is
calculated as:

2
1
PPLMLM(U)) = eXp (—2 Zlog Pg(ci | S\Cz)>

i=1
()
where Py is the probability distribution given by
the model parameters 6. This metric reflects how
predictable each character is given the surrounding
context and the other character in the word.

J.2 Causal Autoregressive Models

For Causal Models (e.g., Llama, Qwen), which
generate text sequentially from left to right, direct
access to future context is not possible when com-
puting probabilities for a word in the middle of a
sentence. To address this, the evaluation is adapted
into a prompted generation task.

J.2.1 Prompt Construction

A set of prompt templates 7 is defined. For a sen-
tence S containing the target word w, w is first re-
placed with a placeholder “ ™~ (a wave dash) to cre-
ate a masked context Spyaskeq- This context Spasked
is then concatenated with a template ¢ € T to form
the model input prefix.

Three Chinese templates are utilized to query
the model:

e Template 1: "~ J&2&: " (is:)

* Template 2: " X B ~ F512: " (The ~
here refers to:)

« Template 3: " AJHH) ~ Fn: " (The ~in
the sentence indicates:)

J.2.2  Perplexity Calculation

For a given template ¢;, the input prefix is x =
[Smasked; ti]. The model is tasked with generating
the characters c; and co immediately following this

prefix. The score for a single template is:
1
PPL(w,t;) = exp ( - §<log Py(er | )+

log P9(62 ‘ Z, Cl))

3)

The final PPL for the word w is the average

score across all three templates in 7 to reduce vari-
ance caused by prompt sensitivity:

PPLCausal(w) = |71-’ Z PPL(w? t) 4)

teT

K Zero-Shot and Attested Candidate
Analysis

We further separate generated POS candidates by
corpus attestation to examine whether the frame-
work mainly reproduces words already seen in text
or explores unattested lexical possibilities. Using
an 11B-token Chinese corpus as a posterior attes-
tation source, we define C* as candidates with at
least one corpus occurrence and C'~ as candidates
with zero corpus occurrence. Among 15,793 POS
candidates, 14,841 candidates (94.0%) are unat-
tested (C'™), while 952 candidates (6.0%) are at-
tested (C1). The zero-shot POS candidates still
achieve lower PPL than the NEG set (7.29 vs. 8.49,
Mann—Whitney U test, p =~ 0), indicating that the
generated candidates are not explained merely by
corpus memorization. The attested POS subset has
a slightly lower PPL of 7.07, as expected for forms
already observed in natural text.

Group Count Share Avg. PPL
POS-C™ (zero-shot) 14,841  94.0% 7.29
POS-CT (attested) 952 6.0% 7.07
NEG reference - - 8.49

Table 13: Zero-shot and attested analysis of POS can-
didates using an 11B-token Chinese corpus as posterior
evidence. Lower PPL for POS-C~ than NEG indicates
that unattested candidates remain contextually plausi-
ble.

L Bootstrap Analysis of Human
Judgment

To assess the robustness of the human judgment re-
sults, we conduct bootstrap resampling with N =
1000 iterations using stratified sampling with re-
placement over the 400 annotated samples (200

3646



POS and 200 NEG). The 95% confidence inter-
vals for POS and NEG do not overlap, and the esti-
mated effect size is large (Cohen’s h = 0.89). This
indicates that the gap between POS and NEG is sta-
ble under resampling.

Set Mean Acc. 95% CI1 Half-width
POS 69.83% [63.83%, 75.33%)] 5.75%
NEG 26.67% [21.83%, 32.00%] 5.09%

Table 14: Bootstrap analysis of human judgment with
1,000 stratified resampling iterations. The POS and
NEG confidence intervals do not overlap, with Cohen’s
h = 0.89.

M Attestation Effect on Human
Judgment

We also examine whether human acceptance is
driven by corpus attestation. In the POS sample,
only 10 of 200 candidates are attested in the cor-
pus; the remaining 190 unattested POS candidates
still achieve a 72.1% acceptance rate (137/190 ac-
cepted). In the NEG sample, 199 of 200 candi-
dates are unattested, and the NEG class remains
much less acceptable than POS overall (25.0% vs.
71.5%, p < 1072Y). Rates in this section are
computed by majority vote across the three an-
notators; Table 1 reports the mean of annotator-
level rates. These results suggest that human valid-
ity judgments are driven primarily by morphologi-
cal and semantic plausibility rather than by corpus
presence.

Group Count Accepted Acc. Rate
POS-C™ 10 - -
POS-C™ 190 137 72.1%
NEG-C™ 199 - -
POS overall 200 - 71.5%
NEG overall 200 - 25.0%

Table 15: Effect of corpus attestation on human judg-
ment. The rebuttal analysis reports detailed accepted
counts for POS-C~ and overall POS/NEG acceptance
rates; unavailable cell values are left blank rather than
inferred.

N Detailed PPL Analysis by
Word-Formation

In this section, a granular breakdown of the PPL
scores across different word-formations is pre-
sented. This analysis allows for the investigation

Word-Formation Mean Average PPL
EXIST POS NEG
FiH (Subject-Predicate) 546  7.00 8.25
ZE " (Modifier-Head) 5.38 7.03  7.97
PRH (Adverb-Verb) 5.69 726 824
Bt 4 (Parallel) 5.78 732  8.09
PR (Verb-Object) 578 741 810
%15 (Verb-Consequence)  5.66  7.51 834
& 4p (Verb-Complement) 559  7.14 8.39
H & (Overlapping) 5.47 6.67 17.60
JE4% (Suffixation) 617 722 86l
J5 {3 (Entity-Position) 5.91 7.17 8.78
4 & (Noun-Quantifier) 4.83 730 8.85

Table 16: Breakdown of PPL scores by major word-
formations. The POS set consistently achieves lower
PPL (higher naturalness) than the NEG set across all
word-formations.

of whether the quality of generated neologisms
varies depending on their word-formations.

To ensure statistical reliability, word-formations
with insufficient sample sizes are excluded (N <
50 in the POS set), such as Prefixation (Hij%%),
Preposition-Object (1Y E£), Number-Quantifier
(B 5), and Complex-Quantifier (J& ). The fil-
tered results for the major word-formations are
summarized in Table 16.

The breakdown reveals consistent trends that re-
inforce our main findings:

Superiority of Consistency. Across all 11 an-
alyzed word-formations, the POS set consistently
exhibits lower PPL scores compared to the NEG
set. This indicates that our pipeline’s effective-
ness is robust and not biased towards specific word-
formation patterns;

Structures with Generation Difficulty. Verb-
centric word-formations, such as Verb-Object (i&
%) and Verb-Consequence (3£15), tend to have
slightly higher PPL scores in the POS set (7.41
and 7.51, respectively). This suggests that generat-
ing valid neologisms involving transitive relations
or temporal sequences is inherently more challeng-
ing than generating static nominal structures like
Modifier-Head (5 H*, 7.03);

Categories with High Naturalness. The Over-
lapping (¥ &) word-formation achieves the low-
est PPL (6.67) in the POS set. This implies that
reduplication is a highly productive and permissive
mechanism in Chinese morphology. Additionally,
word-formations like Entity-Position (J5 1) and
Noun-Quantifier (4 &) show a substantial gap
between their POS scores (7.17, 7.30) and NEG
scores (8.78, 8.85). This significant contrast high-
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Word Components & Structure Definition & Example Analysis
Positive Examples (Accepted)
¥ Head: % (Army) Def: Military power and its influence.  Valid. Strong semantic com-
(bing Tail: ¥ (Momentum) Ex: X8 Y BN ZE R 3. position (“Army’s momen-
shi) Word-Formation: Modifier-Head (The drill aims to show the country’s  tum”).
military-momentum.) Avg PPL: 6.69
Uiz Head: Jj (Visit) Def: To visit a patient for diagnosis  Valid. Useful medical term
(fang Tail: 2 (Diagnose) (house call). filling a lexical gap.
zhé&n) Word-Formation: Adverb-Verb Ex: EA g BV b #. Avg PPL: 6.43
(The doctor decided to visit-diagnose
him at home.)
e Head: % (Practice) Def: To practice and drill skills repeat-  Valid. Natural parallel com-
(lian Tail: # (Drill) edly. bination of synonyms.
cao) Word-Formation: Verb-Sequence Ex: EBEFEEASTREM Y Avg PPL: 6.83
. (Mastering skills requires repeated
practice-drill.)
Negative Examples (Rejected)
T Head: T (Suffix) Def: Small wheat. Invalid Structure. “7F is
(zimai)  Tail: Z (Wheat) Ex: FE L)y T2 T2 . North-  typically a suffix (e.g., 7).
Word-Formation: Subject-Predicate  ern China mainly grows suffix-wheat.) ~ Using it as Subject-Predicate
is ungrammatical.
Avg PPL: 7.73
i Head: jii (Flow) Def: Sleep is unstable or flowing. Semantic Conflict. “Flow”
(lin Tail: i (Sleep) Ex: fib 3 ZRIEFS M. (She slept  (dynamic) contradicts
mian) Word-Formation: Adverb-Verb flowingly all night.) “Sleep” (static).
Avg PPL: 8.63
(55 Head: & (High) Def: To sell at a high price. Unidiomatic. = Morpholog-
(gao Tail: 3Z (Sell) Ex: XFERJE B ST ML, ically correct but Chinese
mai) Word-Formation: Adverb-Verb (This shop always high-sells goods.)  prefers “E iy 32>

Avg PPL: 6.48 (Low PPL but
rejected).

Table 17: Case study of generated neologisms. Positive examples demonstrate morphological, semantic and prag-
matic validity, while negative examples exhibit morphological errors, semantic conflicts, or lack of idiomaticity.
Average PPL scores are calculated across four models.

lights the model’s capability to capture the strictse- P Case Study of Generated Neologisms
mantic constraints inherent in these structures, ef-
fectively distinguishing valid concepts from non-

sensical ones.

To provide a qualitative understanding of our gen-
eration and filtering process, a comparative case
study is presented, with examples selected from
the POS and NEG sets. Table 17 lists three rep-
resentative neologisms from each set, along with
their morphological components, definitions, and
an analysis of their validity.

O Error Analysis

We conduct a qualitative error analysis on cases
where the automatic pipeline and human judg-
ments disagree. False positives are POS candi-
dates rejected by the majority of annotators, while
false negatives are NEG candidates accepted by
the majority of annotators. Table 18 summa-
rizes representative examples. The main failure
modes are: (i) semantically interpretable but uni-
diomatic combinations, (ii) mismatches between
the intended definition and the word-formation in-
tuition, (iii) blocking by more natural existing ex-
pressions, and (iv) over-filtering of structurally
valid candidates.
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Word Formation

Type

Definition

Error Analysis

False positives: POS candidates rejected by human annotators

FP Th Noun-
Quantifier

FP Ve Verb-Object

FP Mk Adverb-Verb

A quantitative standard for perfor-
mance or task effects.

To cause a disease or trigger symp-
toms.

To make an additional offering or
donation to compensate for a short-
fall.

The intended meaning is under-
standable, but the form is blocked
by more natural expressions such
as quota or performance target.
The noun-quantifier relation also
feels forced because #fi already car-
ries the sense of a fixed amount.

The definition shifts from the mor-
pheme {f “occur/happen” toward
a causative reading. Native intu-
ition prefers F K or & J%§, mak-
ing the generated form semanti-
cally strained.

The two morphemes are compati-
ble, but %} modifying Fk is prag-
matically stiff. More conventional
forms such as #pME or 1B 48
better express the intended mean-
ing.

False negatives: NEG candidates accepted by human annotators

FN far e Modifier-Head
FN EiliE Verb-Sequence
FN R Ah Entity-Position

A cover placed over a chair for pro-
tection or decoration.

To extract a subset for checking or
correction.

The area or scope outside a war or
conflict zone.

This is a transparent and produc-
tive compound. The negative label
is likely due to over-filtering rather
than linguistic invalidity.

The form naturally denotes sam-
pling followed by verification, a
plausible technical verb in inspec-
tion or auditing contexts.

Although uncommon, the entity-
position relation is clear and inter-
pretable. The candidate illustrates
a valid low-frequency spatial com-
pound that the pipeline can under-
rank.

Table 18: Qualitative error analysis of disagreement cases between the automatic pipeline labels and majority
human judgments. FP denotes POS candidates rejected by humans; FN denotes NEG candidates accepted by

humans.
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