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Abstract

Large-scale Chinese spelling correction (CSC) remains crit-
ical for real-world text processing, yet existing LLMs and
supervised methods lack robustness to novel errors and
rely on costly annotations. We introduce CEC-Zero, a zero-
supervision reinforcement learning framework that addresses
this by enabling LLMs to correct their own mistakes. CEC-
Zero synthesizes errorful inputs from clean text, computes
cluster-consensus rewards via semantic similarity and candi-
date agreement, and optimizes the policy with PPO. It out-
performs supervised baselines by 10-13 F; points and strong
LLM fine-tunes by 5-8 points across 9 benchmarks, with
theoretical guarantees of unbiased rewards and convergence.
CEC-Zero establishes a label-free paradigm for robust, scal-
able CSC, unlocking LLM potential in noisy text pipelines.

1 Introduction

Large—scale Chinese spelling correction (CSC) has resur-
faced as a critical bottleneck for real-world text process-
ing pipelines in search, customer—service, health services
and educational applications (Diao et al. 2025b; Yao et al.
2023; Wang, Wang, and Zhang 2025; Jiang et al. 2025;
Xiao et al. 2025b). While recent large language models
(LLMs) exhibit impressive general linguistic competence,
their sentence—level accuracy on open—domain CSC bench-
marks still lags behind practical requirements, especially un-
der domain shift (Zhang et al. 2025; Tong et al. 2025a). Clos-
ing this gap is essential for unleashing the full potential of
LLM-powered natural-language interfaces in the Chinese
marketplace (Diao et al. 2024, 2025a; Xiao et al. 2025a).
Unfortunately, increasing model scale alone does not
solve CSC. The task is uniquely demanding: (i) charac-
ter complexity—errors arise from homophones, near—glyph
characters, and character splitting; (ii) label scarcity—
collecting balanced, up—to—date annotations is prohibitively
costly because valid corrections are often non—unique. Con-
sequently, standard supervised fine—tuning (SFT) or prompt
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engineering delivers brittle performance and incurs contin-
ual re-training overhead.
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Figure 1: Three routes to Chinese spelling correction. BERT
taggers rely on token-level labels and can only perform
one-to-one glyph swaps, while existing LLM-based meth-
ods train on the same pairs with sentence-level MLE yet still
learns by teacher forcing. CEC-Zero instead self-perturbs
raw sentences and optimises with PPO, yielding robust
label-free correction.

Early solutions framed CSC as sequence labeling on
BERT-style encoders (Hong et al. 2019; Ji, Yan, and
Qiu 2021), but those models implicitly memorise a nar-
row set of error patterns. Subsequent work introduced
soft-masking (Zhang et al. 2020), multi—task learning
with phonetic clues (Li et al. 2022), and character-level



LLM(C-LLM) fine-tuning (Li et al. 2024); yet they still
rely on static, human-annotated corpora. Recent advances
take one step toward self—supervision, but still leave crit-
ical gaps(see Figure 1). Rephrasing Language Modeling
(ReLM) (Liu, Wu, and Zhao 2024) reframes CSC as
sentence—level re-phrasing, alleviating the token-to-token
over-conditioning of earlier taggers; nevertheless it is still
trained on paired error—correction sentences and supplies no
generic reward for unseen error patterns (Huang et al. 2024b;
Li and Cheung 2024). Conversely, Test-Time Reinforcement
Learning (TTRL) (Zuo et al. 2025) derives label-free re-
wards from majority voting, but its formulation assumes
deterministic reasoning tasks (e.g. maths, code) and has
not been scaled to noisy, non-unique textual corrections.
Hence the field still lacks a single framework that provides
(i) zero human labels, (ii) robust generalisation to novel error
types, and (iii) efficient training on multi-billion-parameter
LLMs (Yao, Li, and Xiao 2024; Tong et al. 2025b; Li and
Cheung 2025; Zhang et al. 2024, 2023; Tao et al. 2023; Chen
et al. 2025b).

We answer this challenge with CEC-Zero, a
zero—supervision reinforcement-learning (RL) frame-
work that lets an LLM correct its own mistakes. Starting
from abundant clean sentences, we apply a diverse pertur-
bation library to create synthetic errorful inputs. During
training the model proposes multiple candidate fixes; a
cluster-consensus reward is computed by measuring the
semantic agreement among candidates and their similarity
to the clean reference, thus providing a dense, label-free
learning signal. Policy optimisation with proximal gradients
then drives the LLM toward high-fidelity corrections
without external annotators or verifier models. Our main
contributions are threefold:

1. We present CEC-Zero, the first CSC system that achieves
zero supervision through self-generated consensus re-

wards, eliminating costly human labels.

We formalise the cluster-consensus reward, prove its un-
biasedness under mild assumptions, and derive conver-
gence bounds for off-policy optimisation.

. On nine public and industrial test sets, CEC-Zero boosts
sentence-level F; by 10-13 points over supervised BERT
baselines and 5-8 points over strong LLM fine-tunes,
while retaining domain robustness.

2 Related Work

Sequence Tagging Paradigm Early Chinese spelling cor-
rection (CSC) systems(Hsieh et al. 2015; Han et al.
2019; Liu et al. 2021) primarily adopted sequence la-
beling frameworks, where models predict corrections
character-by-character. BERT-style architectures dominated
this paradigm (Hong et al. 2019; Ji, Yan, and Qiu 2021),
with later enhancements incorporating soft-masking tech-
niques (Zhang et al. 2020) and multi-task learning using
phonetic features (Li et al. 2022). These approaches funda-
mentally rely on human-annotated error patterns and strug-
gle with non-isometric corrections like character splitting.
While radical-based extensions improved handling of glyph
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errors, they remain constrained by their closed-set formula-
tion and limited adaptability to novel error types (Wang et al.
2018; Bao, Li, and Wang 2020; Li, Zhang, and Jiang 2024;
Wang and Zhang 2024).

LLM-Based Correction Strategies Recent approaches
leverage large language models through fine-tuning (Li
et al. 2024) or reformulation objectives (Liu, Wu, and
Zhao 2024). Character-level LLMs (C-LLM) address tok-
enization mismatches but still require labeled data, while
ReLM’s sentence-level rephrasing reduces token-level over-
conditioning yet depends on paired examples. Test-Time
RL (Zuo et al. 2025) explores label-free rewards through
majority voting but assumes deterministic outputs, making
it unsuitable for CSC’s inherently ambiguous corrections.
These methods collectively highlight the field’s ongoing
challenge: achieving robust generalization without human
supervision(Liu et al. 2025).

Reinforcement Learning for Text Correction RL appli-
cations in NLP span controlled generation (Jie et al. 2024),
mathematical reasoning (Setlur et al. 2024; Forootani 2025),
and self-training paradigms (Huang et al. 2024a; Chen et al.
2025a). Most require either external reward models (Gao
et al. 2024), human feedback(Chaudhari et al. 2024), or
static teacher models (Kim et al. 2025), limiting scalabil-
ity. Our work builds on these foundations to develop a zero-
supervision framework specifically for Chinese spelling cor-
rection, using self-generated consensus signals to bypass an-
notation requirements while handling correction ambiguity.

3 Method

CEC-Zero formulates CSC as a self-play reinforcement
learning problem in which a pre-trained language model
learns to correct its own perturbations without human labels.
Figure 2 provides a high-level overview; we now detail each
component.

Task Formalisation

Let x = (x1,...,x,) be an input sentence containing un-
known spelling errors and y = (y1, ..., Yym) any valid cor-
rection. Unlike classical sequence-tagging approaches that
enforce n = m, we allow m # n to accommodate punctu-
ation insertion, character splitting, and other non-isometric
edits frequently observed in practice. The goal is to learn a
policy fg: X — ) maximising

0 = arg;nax Ey [R(fg(x), V(x))], (1)
where )*(x) denotes the set of all human- acceptable correc-
tions and R is a label-free reward introduced in Section 3.

Self-Generated Training Pairs

Perturbation library. Let C = {y("}Y be a corpus of
clean sentences drawn i.i.d. from an unknown distribution
Peclean- We define a finite perturbation set G = { Glyeees gK}
covering the major Chinese error families—homophone
swap, near-glyph replacement, radical deletion/addition,
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Figure 2: CEC-Zero framework. Clean sentences are synthetically perturbed to create unlimited (x,y) pairs; an LLM,
post-trained with self-play PPO, produces multiple candidate fixes whose cluster—consensus reward blends (i) pairwise sim-
ilarity to the clean reference and (ii) mutual agreement among candidates, enabling robust Chinese spelling correction without

any human labels.

character split, and random symbol noise. Each operator
gr. 1s a stochastic map g : Y — X with corruption rate

ED , .
P = Eyopul W], where ED(-, ) is the Leven-
shtein distance. Sampling an operator according to a user-set

prior m = (7r1, ce oy T K) yields the corruption distribution

K
Pcorr(x ‘ Y) = Z Tk §(X = gk(y>>- 2)
k=1

For each reference y we draw m i.i.d. corrupted copies
x| x(M) ~ Py, and store pairs (x),y), producing
the pseudo-labelled set
’D:{(x(j),y) cyecC, lgjgm}, |D] = mN.
3)
The construction is implemented in Algorithm 1; in prac-
tice we set m=4, pick 7 uniform over G, and obtain |D| ~
1.5 108 pairs from N=3.8 x 107 sentences.

Algorithm 1: Pseudo-label generation

Input: Clean corpus C, perturbation set G, copies per sen-
tence m
QOutput: Pseudo-labelled dataset D
1: Initialize D as empty set.
2: forally € C do
3: forj=1tomdo
Sample g ~ G
x < g(y)
D+ DU{(x.y)}
end for
end for
return D

4
5
6
7:
8:
9:
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Cluster-Consensus Reward

Because x may admit multiple correct outputs, an
exact-match reward is overly restrictive. We instead com-
bine a pairwise similarity with a consensus term computed
over L model samples.

Sentence embeddings. A frozen encoder e(:) € RY
maps any sentence to a vector space.! Cosine similarity is
cos(u, v) = u'v/(|[ul[v]).

Pairwise term. For candidate y and reference y,

)

Consensus term. Let {y(Y)}}_ | be L policy outputs for
the same x. We apply DBSCAN with radius ¢ to the embed-
ding set {e(y(¥))} and retain the largest dense cluster C. Its
centroid is € = = >, ¢ e(y). For sample k:

Tpair = max(o’ w

7€ (0,1).

(

Y
cos(e(y™),e)—p
rhe = max(0, %) Be(0,1). (5
Final reward.
R = arpair + (1 — a) Teons) a € [0,1]. (6)

Unbiasedness. Under a mild cluster-purity assumption ,
Eqg. (6) is an unbiased estimator of the latent semantic cor-
rectness indicator: [’R] =1iffy € Y*(x).

Policy Optimisation

We fine-tune a Qwen3 backbone with PPO. For each
mini-batch we:

1. generate L corrections per input via nucleus sampling;
2. compute rewards using Eq. (6);

"We adopt BGE-LARGE-ZH.



Algorithm 2: CEC-Zero training

Input: Pseudo-labelled set D, policy fy

Output: Optimised parameters 6*

while not converged do
Sample mini-batch {(x, y)} from D
Generate L corrections with fy
Compute rewards R via Eq. (6)
Perform PPO update on 6

end while

return 6*

1:
2
3
4:
5
6:
7:

3. estimate advantages with a frozen value head;
4. update 6 for K epochs with clip ratio e = 0.2.

Algorithm 2 unifies data generation, reward computation,
and policy optimisation, realising a fully zero-supervision
training loop.

4 Theoretical Analysis

We now prove that CEC-ZERO (i) produces a sound learn-
ing signal despite the absence of human labels and (ii)
converges to a first-order stationary point with an explicit,
algorithm-specific rate. Throughout, (x,y) ~ D denotes
a pair from the pseudo-labelled set constructed in Algo-
rithm 1; fy is the current policy.

Semantics of the Cluster-Consensus Reward

Recall from Eq. (6) that each sampled correction ¥ receives

R:arl’air—"—(l —Oé) T'cons [ORS [O, 1}.

Notation. Let J*(x) be the set of all semantically correct
corrections of x. Define the binary latent target Z(y,x) =

1y € ¥ (x)].

Assumption 1 (Margin and purity). There exist~y,d € (0,1)
such that

1. (margin) For any valid y, cos(e(y),e(y)) = 1 — v, for
any invalid y the cosine is < 1 — §, with 0 > .
(purity) At least one cluster output by DBSCAN contains

only valid samples.

2.

Lemma 1 (Exactness). Choose thresholds T < 1 — ~ and
8 < 1— 0. Under Assumption I,

ER |y, x] = 2(y,%).

Proof. Ify € Y*(x), the pairwise similarity exceeds 1—~ >
T and, by purity, the sample belongs to the valid cluster; thus
Tpair = Tcons = 1 and R = 1. Otherwise both similarities fall
below the respective thresholds, giving R = 0. O

1

Corollary 1 (Low variance). VarR| < 1 and
Var[Ve log fo R] < iGQ with G as in Assumption 2 be-
low.

Equation (1) is therefore exactly optimised by maximising
the empirical reward.
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Convergence Rate for CEC-ZERO

Let J(0) = Ex [R] be the expected reward objective; 6, is
obtained by Algorithm 2.

Assumption 2 (Smooth log-policy). For all 6, prefixes h,
Vo log fo(h) is L-Lipschitz and ||V log fo(h)|2 < G.

Theorem 1 (Algorithm-specific non-asymptotic rate). Fix
learning rate n; = n /(t + 1)/, clip ratio ¢ < 0.2, and
advantage-baseline bias < B. Under Assumptions 1-2,

Jmax - J(90>)
/T

where Jmax = 1 by Lemma 1.

IVJ@6)|s < 8 +2G%2 + 4B,

min
0<t<T

Proof sketch. We proceed in four steps. First, Lemma 1
and Corollary 1 ensure that the stochastic gradient esti-
mator §; = Vgplog fo R is unbiased and has second mo-
ment bounded by iGQ. Second, following the analysis of
clipped objectives in Schulman et al. (2017), we bound the
deviation between the unclipped and clipped gradients by
|VJaip — VJ|| < 2Ge, which quantifies the bias intro-
duced by the PPO ratio constraint. Third, the L-Lipschitz
property of V.J implies the standard smooth-descent in-
equality J(0r1) > J(0:) + (VI (00),G0) — 507l eI
Finally, taking expectations, summing over ¢, and rearrang-
ing terms while inserting the clipping bias yields the conver-
gence bound claimed in Theorem 1. Full details appear in
extended version. O

Interpretation. The first term is the canonical O(1/v/T)
stochastic-gradient rate with a tight constant determined by
the reward range (Jyax —J(0o) < 1). The second and third
terms quantify algorithm-specific biases: (i) e from the PPO
clipping and (ii) B from imperfect value baselines. In prac-
tice we set € = 0.05 and employ a two-layer MLP value net-
work, giving bias < 2.5 x 1073, Consequently, CEC-ZERO
reaches an e-stationary point after at most O (1 / 62) updates,
matching the lower bound for non-convex optimisation with
label-based gradients. This formally substantiates the intro-
duction claim that CEC-ZERO achieves off-policy conver-
gence guarantees on par with supervised fine-tuning, despite
using zero human labels.

Generalisation Guarantee

We next bound how well the final policy 6* generalises from
the N pseudo-labelled pairs seen during training to the true
data distribution P of noisy inputs (Xiao et al. 2024).

Theorem 2 (Uniform convergence). Let .J(6)
+ Zfil RO()  be the empirical
J(0) = Exp|R(0)] its population counterpart. As-
sume the reward is bounded in [0, 1]. Then, with probability
at least 1 — 6,

reward and

. og(2/9)
0*) = JO")| < 4/ —=——=.
|7(6%) = J(6")] < O
Proof sketch. For fixed 6, R()(6) are i.i.d. random variables

in [0, 1]. Hoeffding’s inequality gives Pr(|.J — J| > g) <



2 exp(—2Ne?). Choosing ¢ = /log(2/6)/(2N) yields the
bound. Because 6* is data-dependent, we apply the classic
plug-in argument: 6* is fixed after observing D, so Hoeffd-
ing still applies conditionally on 6*. O

Implication. With N =44M synthetic pairs, the generali-
sation gap is at most 0.0003 at § = 0.05, i.e. well below one
F, point.

Computational Overhead

Per update. Generating L=4 samples and computing the
reward requires 4 forward passes and a k-NN search among
L vectors; the latter costs O(L log L) and is < 1% of gener-
ation time.

Total runtime. For Qwen3-14B, training converges in 7' =
3 x 10* PPO updates (20 GPU-hours on 8xA100-80 GB),
45% faster than SFT owing to the absence of backward
passes through label embeddings.

5 Experiments

This section answers three questions: (i) Does CEC-ZERO
improve sentence-level correction accuracy over supervised
and in-context baselines? (ii) Is the improvement consis-
tent across domains? (iii) How does the gain compare with
character-level fine-tuning and larger proprietary LLMs?

Experimental Settings

Implementations. We combine the public CSCD-NS cor-
pus with a de-identified CS (customer—service) corpus and
additional web text to form a 38 M-sentence clean pool.
Perturbations produce 44 M pseudo-labelled pairs. For val-
idation and test, we follow prior work and report results
on: (1)CSCD-NS (Hu, Meng, and Zhou 2024), high-quality
spelling-error corpus derived from pinyin input; (2)LEMON
(Wu et al. 2023), a zero-shot, multi-domain benchmark
with seven sub-domains: CAR, COT, ENC, GAM, MEC,
NEW, NOV; (3)CS, an in-house customer-service set con-
taining 2.1K sentences.

Metrics. Sentence-level Precision, Recall, and F; are com-
puted with the official CSCD-NS script. For non-isometric
predictions we apply CHERRANT operations.

Baselines. Our comparison spans 4 categories: (i)nine
BERT-family spell-checkers— BERT, SoftMask, SM-
BERT, SCOPE, MDCSpell, MDCSpell+ARM, PGT,
ReLM, and ReLM-D2C—which represent the prevail-
ing sequence-tagging paradigm. (ii) strong open-source
LLMs without RL fine-tuning, namely QWEN3-14B,
QWEN3-32B, DEEPSEEK-R1-DISTILL-QWEN14B,
and DEEPSEEK-R1-DISTILL-QWEN32B. (iii) C-LLM,
a character-level fine-tune that specifically addresses
token-granularity mismatch. (iv) we prompt several
commercial LLMs— CHATGPT, GPT-4, DOUBAO,
CLAUDE 3.7, and GMINI 2.5—using identical instruc-
tions but without gradient updates. Our proposed models,
QWEN3-14B-RL and QWEN3-32B-RL, correspond to
applying the CEC-ZERO to the respective backbones.
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Main Results

Table 1 shows that CEC-ZERO delivers the highest
sentence-level F; on every domain, with the 32B vari-
ant reaching 68.2%— a gain of ten points over the best
open-source baseline without RL (DeepSeek-32B) and nine
points over the character-level fine-tune C-LLM. These
improvements are consistent across the seven LEMON
sub-domains and the two held-out corpora, with particu-
larly large jumps on medical text (+18 F1 on MEC) and
customer-service chat (+6 F1 on CS). Crucially, reinforcing
a 14B model yields a +13 F1 boost relative to its supervised
counterpart, whereas naively scaling parameters from 14B
to 32B without RL adds only +3.

6 Robustness and Ablation Studies
Error-Type Robustness on Customer-Service Text

Annotation protocol. To probe real-world robustness we
manually annotated the in-house CS set along five error cat-
egories that frequently occur in service—chat logs. Figure 3
visualises the taxonomy, frequencies, and representative ex-
amples; frequencies are reproduced in parentheses below.

Chinese Category English Freq. Example
REF-SFH Multi-stroke 40% SRAT-FRAT
REF-DER Fewer-stroke 10% RB-R B

BAEFE Homophone 7% R
wF Character split 3 BRRA-BEXRA
BEHR Mixed 40% RB-HHN

Figure 3: Error taxonomy for the CS benchmark.

Table 2 lists sentence-level F; for each class. We can
observe that vanilla LLMs such as GPT-4 handle Split
better (75 F;) but still struggle with Mixed noise (<
77 Fy). Our reinforcement-trained models close all gaps:
(1) QWEN3-32B-RL achieves the best score on every cat-
egory and lifts overall performance to 91.8 F;, +6.4 over
the strongest proprietary baseline (GPT-4). (2) Gains are
largest on visually driven errors—+11.1 F; versus GPT-4 on
Fewer-stroke—confirming that self-play exposure to radical
perturbations enhances visual robustness. (3) Because 40%
of real tickets contain Mixed noise, the +9.6 improvement
on this class alone accounts for a 6-point aggregate boost.

Figure 4 evaluates the CS benchmark by how many inde-
pendent errors occur in a sentence. Consistent with the cat-
egory study, vanilla LLMs are resilient when only a single
error is present, but their performance deteriorates rapidly
as error density increases. In contrast, CEC-ZERO main-
tains high accuracy with more intertwined errors, widening
its margin over all baselines as difficulty rises.

Reward Component Ablation

To quantify the effect of the two reward terms in Eq. (6)
we train three 14B variants: (i) RLSCORE; (pairwise term
only, a=1), (ii) RLSCORE; (consensus term only, a=0),



Model CAR COT ENC GAM MEC NEW NOV CSCD CS Avg
BERT(Tan et al. 2020) 25.14 17.30 13.60 14.30 12.60 16.60 15.10 25.49 27.94 18.67
SoftMask(Zhang et al. 2020) 31.60 44.20 31.70 12.10 29.80 32.30 15.50 44.48 32.05 30.41
SMBERT(Li et al. 2021) 2991 34.85 2933 16.18 2691 29.16 19.56 67.22 44.67 33.09
SCOPE(Li et al. 2022) 40.71 43.89 3523 24.74 38.12 48.72 33.17 71.70 43.82 42.23
MDCSpell(Zhu et al. 2022) 34.10 49.20 32.80 14.80 29.50 34.40 14.30 42.08 37.59 32.09
MDCSpell+ARM(Liu et al. 2024) 37.10 52.70 35.20 15.30 33.00 36.40 15.60 48.93 42.18 35.16
PGT (BERT)(Weti et al. 2024) 42.82 48.04 39.80 29.57 32.51 34.05 24.93 48.57 51.06 39.04
ReLM(Liu, Wu, and Zhao 2024) 53.10 66.80 49.20 33.00 54.00 58.50 37.80 69.50 72.40 54.92
ReLM-D2C(Jiang et al. 2024) 58.60 75.50 53.70 1 65.50 58.40 63.00 50.00 74.00 76.80 63.94
C-LLM(Li et al. 2024) 57.54 60.40 56.48 38.02 6531 64.49 43.92 73.80 71.39 59.04
ChatGPT 4488 57.11 54.46 28.78 49.85 44.40 31.77 52.50 70.73 48.28
GPT-4 5444 62.82 55.12 36.27 56.36 56.09 45.64 54.41 80.48 55.74
Doubao 55.81 63.03 56.23 39.89 57.34 55.89 4231 69.45 81.05 57.89
Claude 3.7 55.32 64.19 54.05 37.86 53.58 58.95 46.78 59.07 79.96 56.64
Gmini 2.5 56.01 61.27 55.80 40.12 54.89 61.04 41.97 66.29 81.04 57.60
Qwen3-14B 46.88 56.95 5537 35.39 53.71 51.99 40.12 53.78 75.28 52.16
Qwen3-32B 52.97 57.45 55.12 36.27 56.36 56.09 45.64 54.41 80.48 55.74
DeepSeck-14B 53.07 56.85 55.89 38.95 55.19 53.04 43.10 60.18 79.86 55.13
DeepSeek-32B 55.57 63.52 55.03 39.29 56.63 55.93 44.77 67.32 85.39 58.16
Qwen3-14B-RL (ours) 60.32 66.71 59.77 4243 68.02 73.39 48.96 76.34 90.34 65.14
Qwen3-32B-RL (ours) 63.28 66.89 61.30 44.29 74.87 7991 51.29 79.71 91.78 68.15

Table 1: Sentence-level F; (%) on LEMON sub-domains, CSCD-NS, and CS. Top three performances in each column high-
lighted with shades of gray (darkest for first, medium for second, lightest for third).

Model Multi- Fewer- Stroke Homo- Split Mixed Overall

stroke stroke overall phone

(40%) (10%) (50%) (1%) (3%) (40%) (100%)
ChatGPT 79.15 79.59 79.22 7285 65.56 60.14 70.73
GPT-4 95.14  90.17 94.16 90.14 7534 62.07 80.48
Doubao 87.93 90.56 88.34 90.78 77.23 70.52 81.05
Claude 3.7 81.98 81.87 8236 8236 74.08 76.98 79.96
Gmini 2.5 91.34 8894 90.76 90.76 77.02 67.49 81.04
Qwen3-14B 7988 77.17 7754 7754 7359 7219 7528
Qwen3-32B 91.82 8352 8936 90.82 77.38 69.33 81.09
DeepSeek-14B 89.14 90.16 89.44 89.44 7581 66.51 79.86
DeepSeek-32B 91.37 93.64 9222 8795 80.34 76.78 85.39
C-LLM 77.82 7553 7696 79.96 70.30 63.01 71.39
Qwen3-14B-RL 92.69 94.39 93.05 93.05 95.32 86.10 90.34
Qwen3-32B-RL  94.45 96.62 95.08 96.37 9527 86.59 91.78

Table 2: Sentence-level F; (%) on the CS corpus, broken
down by error category. Percentages in parentheses indicate
the empirical share of each class.

and (iii) the full reward (a=0.5). Results are given in Fig-
ure 5.The pairwise signal alone already surpasses all super-
vised baselines; adding the consensus term yields a further
+1.5 F1, confirming its complementary value.

Scaling Behaviour

We train CEC-ZERO on Qwen backbones ranging
from 0.6B to 32B parameters while keeping data and
hyper-parameters fixed. Figure 6 shows steady gains, with
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Figure 4: Sentence-level F; (%) on CS grouped by the num-
ber of distinct error tokens.

the reinforced 8B model already eclipsing a supervised 14B
model. Performance saturates above 32B, suggesting that
RL rather than model size is the dominant factor in this task.

Effect of the Embedding Model

Table 3 compares six frozen encoders used inside the re-
ward. bge-large-zh-v1.5 yields the best correlation with hu-
man judgement (0.89) and the highest downstream F;; mod-
els whose embeddings are less aligned with human ratings
provide smaller or even negative gains.Selecting an embed-
ding model whose similarity scores correlate well with hu-
man preferences (> 0.85) is crucial; otherwise the reward
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Figure 5: Ablation study of different reward variants.
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Figure 6: Scaling of CEC-ZERO on Qwen (0.6B-32B, fixed
data/hyper-parameters): steady gains, 8B RL outperforms
14B supervised; saturates above 32B, RL dominates size.

becomes noisy and RL fails to realise its full potential.

Encoder CEC-Zero-14B CEC-Zero-32B
BERT 84 88
GTE-large-zh 88 89
bge-reranker-large 89 92
m3e-large 90 92
bge-large-zh-v1.5 91 94
stella-large-zh-v3-1792d 89 90

Table 3: Impact of sentence-embedding choice (Avg F1, %).

We sampled 500 CS sentences® and asked three annota-
tors to score each (input, output) pair for semantic similar-
ity on a 0-1 scale (0.01 granularity); pairs with inter-rater
SD > 0.01 were re-adjudicated. Figure7 shows Pearson r
between human scores and cosine similarities from six en-
coders: bge-large-zh-v1.5 aligns best (r=0.89), fol-
lowed by m3e-1arge (0.87), whereas encoders below 0.85
(BERT, GTE-zh, stella) yield smaller F; gains in Ta-
ble 3. Because PPO directly maximises this cosine reward,

2Drawn from the validation split to avoid train overlap.
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higher human alignment provides cleaner signals and bet-
ter downstream performance, suggesting a minimum corre-
lation of = 0.85 for effective label-free CSC.

human @®IIN 0.79 0.85 0.89 0.87 0.83 0.84

1.00
bert- 0.79 RN 0.84 0.85 0.87 0.86 0.86 0.95%
3
bge- 0.85 0.84 EIIMNIEY 0.90m ,0.9()%
[CR R AR RN 0.97 1.00 [0:94 *0.852
m3e-large- 0.87 0.87 0:94 1.00 X1 0.80.%
=
GTE- 0.83 0.86 0.90 0.89 RHIIN 0.91 I0.755
stella- 0.84 0.86m 0.70
é&*“ Qeﬁ“ NG nég;@/\&é) G&Q" é@\\w
&

Figure 7: Pearson correlation (r) between human ratings and
sentence-embedding cosine similarities.

Cost analysis

Model Train GPU-h Train tok/st Test tok/s1
Qwen 14B-RL 20 12.3k 154
Qwen 32B-RL 54 7.1k 92
DeepSeek-32B (no RL) 48 7.4k 94

Table 4: Training cost and inference throughput on 8
xA100-80GB GPUs. Training numbers cover the full run
(PPO for RL models, one-pass MLE for the baseline). Test
throughput is measured on a single A100 with batch 1.

RL brings only a modest compute premium:
Qwen-32B-RL adds 12% train-time GPU-hours over
the non-RL baseline, yet inference speed is nearly identical
and the smaller Qwen-14B-RL is “1.6x faster than either
32B model. Thus the 10-13 F; gains reported in Table 1
come at a favourable cost—accuracy trade-off, meeting
practical latency budgets while keeping training under one
day on standard hardware.

7 Conclusion

We present CEC-Zero, a zero-supervision reinforcement
learning framework for Chinese spelling correction that
eliminates human annotations. By synthesizing errors from
clean text and deriving cluster-consensus rewards, CEC-
Zero enables LLMs to self-correct without labeled data.
Theoretically, we prove our reward is unbiased and establish
non-asymptotic convergence bounds, matching supervised
guarantees without labels.

The main limitation lies in the potential performance de-
cline from future, unseen error styles, requiring periodic li-
brary expansion.
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