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Abstract

Reinforcement learning for open-ended text
generation is constrained by the lack of ver-
ifiable rewards, necessitating reliance on judge
models that require either annotated data or
powerful closed-source models. Inspired by
recent work on unsupervised reinforcement
learning for mathematical reasoning using
confidence-based endogenous rewards, we in-
vestigate whether this principle can be adapted
to open-ended writing tasks. We find that
directly applying confidence rewards leads
to Triviality Bias: the policy collapses to-
ward high-probability outputs, reducing di-
versity and meaningful content. We propose
TCER (Triviality Corrected Endogenous Re-
ward), which addresses this bias by rewarding
the relative information gain between a spe-
cialist policy and a generalist reference pol-
icy, modulated by a probability-dependent cor-
rection mechanism. Across multiple writing
benchmarks and model architectures, TCER
achieves consistent improvements without ex-
ternal supervision. Furthermore, TCER also
transfers effectively to mathematical reasoning,
validating the generality of our approach across
different generation tasks.

1 Introduction

The capabilities of Large Language Models
(LLMs) have advanced significantly, with align-
ment techniques playing a pivotal role in their suc-
cess (Kumar et al., 2025; Tie et al., 2025). Fol-
lowing supervised fine-tuning (SFT), Reinforce-
ment Fine-Tuning (RFT) has emerged as a crucial
step for further optimizing model behavior accord-
ing to specific objectives (Wu et al., 2025b; Jin
et al., 2025). While RFT has proven effective in
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Figure 1: TCER computes rewards using both base and
actor models, emphasizing high-entropy meaningful
content over EndoR. After RL Training, TCER shows
gentler entropy decay with enhanced exploration.

domains with clear evaluation criteria, its appli-
cation to writing presents challenges that remain
unresolved (Gooding et al., 2025; Li et al., 2025b).

Unlike mathematical reasoning or code gener-
ation where correctness is objectively verifiable,
writing quality is subjective and multifaceted (Ying
et al., 2025). Current approaches rely on LLMs
as judges (Zheng et al., 2023), facing a dilemma:
powerful proprietary models like GPT-4 provide
high-quality evaluation (Wu et al., 2025c) but in-
cur substantial API costs (Huang et al., 2025a),
while training custom judge models requires exten-
sive human-annotated preference data (Feng et al.,
2025; Lu, 2025; Wang et al., 2025c). The latter
approach is further complicated by the subjectivity
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of writing, which makes consistent annotation chal-
lenging with different annotators often disagreeing
on quality metrics (Ni et al., 2025; Chiang and Lee,
2023). In parallel, the mathematical reasoning com-
munity has developed a solution to avoid external
supervision (Li et al., 2025c): endogenous rewards,
where models use their own confidence scores (log-
probabilities) as reward signals. This approach has
demonstrated success in mathematics (Prabhudesai
et al., 2025). The appeal of such judge-free meth-
ods (Li et al., 2025a) naturally raises the question:
can this paradigm be adapted to creative writing,
solving the reward model problem?

In this paper, we perform a systematic investi-
gation of endogenous reward RFT for writing. As
shown in Figure1, we find that endogenous rewards
can improve over SFT baselines, suggesting that
confidence signals remain useful in open-ended
generation. However, we also identify a degenera-
tion phenomenon: optimizing for self-confidence
tends to drive the policy toward low-entropy be-
havior and reducing diversity and content richness
(Li et al., 2025b). We refer to this failure mode as
Triviality Bias.

To address this Triviality Bias, we propose
TCER (Triviality Corrected Endogenous Reward).
We define a generalist reference policy πb and a
specialist policy πs obtained by finetuning πb on
high-quality in-domain data. TCER define the
token-level log-likelihood ratio log πs

πb
, which fa-

vors tokens that are characteristic of the special-
ist’s domain. To counteract the bias towards high-
confidence predictions, we modulate this reward
with an adaptive weight of (1− πs)

λ. This mecha-
nism suppresses the incentive for high-probability
tokens and allocates reward to choices that are in-
formative yet less predictable, thereby promoting
exploration. We optimize using GRPO with ref-
erence augmentation to align model outputs with
high-quality targets. Our main contributions are:

1. We provide a systematic study of judge-free
RFT via confidence-based endogenous re-
wards for writing, showing both its effective-
ness and a degeneration phenomenon (Trivial-
ity Bias) characterized by low-entropy output.

2. We propose TCER, which mitigates triviality
bias by rewarding relative information gain
between a specialist policy and a generalist
reference policy, modulated by a probability-
dependent correction.

3. We conduct extensive experiments across
multiple models and datasets in writing and
mathematical reasoning, demonstrating con-
sistent improvements over baselines and cross-
domain generalization.

2 Related Work

2.1 Open-Ended Text Generation
Training models for proficient open-ended writing
has been a central challenge in LLM development
(Wei et al., 2025). The dominant approach relies on
constructing high-quality datasets for SFT (Wang
et al., 2024). LongWriter addresses the challenge
of generating coherent long-form content by ex-
tending context windows and introducing special-
ized data collection pipelines (Bai et al., 2024).
DeepWriting takes a different approach through
reverse-engineered reasoning (Wang et al., 2025a),
where high-quality outputs are augmented with syn-
thetic planning traces. These datasets enable SFT
models to achieve reasonable writing capabilitie
(Kim et al., 2025), establishing the foundation for
further optimization.

Beyond SFT, RFT has emerged as a promis-
ing direction for enhancing writing quality (Huang
et al., 2025b). However, existing RL approaches for
writing predominantly rely on external reward mod-
els. LongWriter-zero employs LLMs as judges(Wu
et al., 2025c), using GPT-4 or similar models to
score generated texts during RL training. Simi-
larly, Writing-zero(Lu, 2025) and EvolvR(Wang
et al., 2025c) utilize pairwise preference judgments
from large language models to construct reward
signals for story generation and creative writing
tasks. While these methods demonstrate improve-
ments over SFT baselines, they inherit the funda-
mental limitation of requiring costly external eval-
uation(Wu et al., 2025a), whether from human an-
notators or proprietary models.

2.2 Unsupervised Rewards for RFT
The mathematical reasoning domain has pioneered
the exploration of unsupervised reward (Zhao et al.,
2025) mechanisms for RL training. TTRL(Zuo
et al., 2025) introduces entropy-based rewards by
clustering rollout answers and rewarding based on
cluster sizes, where higher consistency in solution
clusters indicates more reliable reasoning paths
(Zhang et al., 2025a). Another line of work ex-
plores confidence-based approaches (?Prabhudesai
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Figure 2: Overview of TCER training pipeline and reward comparison. (a) Training workflow: SFT on high-quality
data to obtain πs, followed by Reference Augmented GRPO with TCER that incorporate information gain ϕ and
gating weight w. (b) Sentence-level reward visualization on a rollout: token-level rewards are averaged within each
sentence comparing TCER and EndoR. (Rewards are average log-probs; higher is closer to 0.)

et al., 2025). Various methods directly leverage
the model’s inherent confidence as direct rewards
for self-improvement (Li et al., 2025a), and some
constructing process reward models from confi-
dence scores to provide fine-grained feedback (Tan
et al., 2025). Recently, theoretical work has es-
tablished the endogenous reward hypothesis (Li
et al., 2025c), demonstrating that sufficiently ca-
pable models implicitly encode reward functions
within their parameters. This provides mathemat-
ical justification for these confidence-based meth-
ods.

However, these methods have remained confined
to mathematical reasoning and have not been ap-
plied to open-ended writing task (Yue et al., 2025).
The challenge is the risk of entropy collapse (Zhang
et al., 2025b; Cui et al., 2025; Wang et al., 2025b)
that confidence-based approaches inherently drive
models toward generating high-frequency, formu-
laic content, resulting in decreased diversity and
creative expression (Li et al., 2025b; West and
Potts, 2025). Our work addresses this challenge
by introducing a correction mechanism that miti-
gates entropy collapse in writing tasks, enabling the
application of unsupervised RL methods beyond
mathematical reasoning.

3 Methodology

This section formulates judge-free RFT for open-
ended text generation. We analyze the triviality
bias induced by endogenous rewards. We derive
TCER from an information theoretic decomposi-
tion of a generalist policy and an in-domain special-
ist policy, modulated by a probability-dependent
correction. Finally, we describe optimization with
Reference Augmented Group Relative Policy Opti-
mization (GRPO) (Shao et al., 2024). The frame-
work is shown in Figure2. Additional derivations
are deferred to Appendix A.

3.1 Implicit Rewards and Triviality Bias
Recently, connections between next-token predic-
tion and inverse reinforcement learning (IRL) mo-
tivate using model confidence as an endogenous
reward. In IRL, an optimal policy under reward r
takes a Boltzmann form:

π∗(y | x) ∝ exp

(
Q∗(x, y)

α

)
, (1)

where Q∗ is the soft Q-function and α is the tem-
perature. In our setting, let πs denote a specialist
policy obtained by SFT on high-quality in-domain
data. A confidence based endogenous reward as-
signs each generated token yi in context si the re-

19336



ward
re(yi | si) = log πs(yi | si), (2)

where si denotes the decoding context at position
i. The degeneration induced by re can be charac-
terized through a context maximization. For any
context s, consider the one step objective

max
π(·|s)

Ey∼π(·|s)
[
log πs(y | s)

]
. (3)

Because the expectation in Eq. (3) is linear in π(· |
s), the maximizer is attained at an extreme point of
the simplex which is a deterministic distribution:

π∗(· | s) = δ

(
y = argmax

v∈V
πs(v | s)

)
. (4)

Optimizing re encourages low-entropy behavior by
concentrating on the high probability tokens under
πs. In open-ended writing, these tokens correspond
to high-frequency, yielding triviality bias: genera-
tions become increasingly templated, with reduced
diversity.

3.2 Information Theoretic Decomposition
To isolate token-level signals of in-domain special-
ization beyond generic preference, we decompose
the specialist policy πs relative to a generalist base-
line πb, where πb and πs are the same model before
and after in-domain fine-tuning, respectively. For
any token and context,

πs(yi | si) = πb(yi | si) ·
πs(yi | si)
πb(yi | si)

. (5)

Taking logarithms yields

log πs(yi | si) = log πb(yi | si) + ϕ(yi | si), (6)

where we define the specific information gain as
the token-level log-likelihood ratio

ϕ(yi | si) = log
πs(yi | si)
πb(yi | si)

. (7)

3.3 Triviality Corrected Endogenous Reward
Directly using the log-likelihood ratio ϕ(yi | si) as
a reward can be numerically unstable when πb(yi |
si) is extremely small. We therefore retain the
endogenous reward log πs(yi | si) and add a gated
triviality correction. The TCER reward is defined
as

rt(yi | si) = log πs(yi | si)+k·w(yi | si)·ϕ(yi | si),
(8)

with the triviality corrected weighting

w(yi | si) = (1− πs(yi | si))λ , (9)

where k > 0 scales the correction and λ > 0 con-
trols the sharpness of suppression. For numerical
stability, we apply ε-smoothing with ε > 0:

ϕ(yi | si)← log
πs(yi | si) + ε

πb(yi | si) + ε
. (10)

Giving a context si and a candidate token yi, and
denote p = πs(yi | si) ∈ [0, 1] and q = πb(yi |
si) ∈ [0, 1]. The gated correction term in Eq. (8)
can be written as

C(p) = (1− p)λ · log p+ ε

q + ε
. (11)

Under Eq. (10), the smoothed log-ratio is uniformly
bounded: since p + ε ∈ [ε, 1 + ε] and q + ε ∈
[ε, 1 + ε], we have

∣∣∣∣log
p+ ε

q + ε

∣∣∣∣ ≤ log
1 + ε

ε
. (12)

Therefore, the correction term admits the quantita-
tive bound

|C(p)| ≤ (1− p)λ log
1 + ε

ε
. (13)

In particular, as p → 1, (1 − p)λ → 0 while the
factor in Eq. (12) remains finite, yielding

lim
p→1

C(p) = 0. (14)

Conversely, if p ≤ 1− δ for some δ ∈ (0, 1], then
(1− p)λ ≥ δλ, and the correction term satisfies

|C(p)| ≥ δλ
∣∣∣∣log

p+ ε

q + ε

∣∣∣∣ . (15)

Eq. (15) implies that when πs(yi|si) is moderate,
the gate function preserves the information gain sig-
nal at least a δλ fraction of the log-ratio magnitude,
allowing the correction to reward domain-specific
tokens while suppressing high-probability trivial.

3.4 Reference Augmented GRPO
We optimize the policy πθ against rt using GRPO.
For a given input prompt q, we sample a group of G
outputs {o1, . . . , oG} from the current policy πθactor .
To stabilize the advantage estimation and guide ex-
ploration, we augment this group with the ground-
truth reference ogt from the dataset, forming the
augmented setO = {o1, . . . , oG, ogt}. Although rt
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Model LB HB-A HB-B WB-A WB-B WB-C WB-D WB-E WB-F
General Closed-source Models
GPT-4o 83.1 83.7 87.6 74.4 73.4 74.3 77.9 75.8 78.0
Claude 3.5 89.3 82.9 88.3 59.5 57.6 56.3 59.3 62.0 67.7
Claude 3.7 97.8 83.9 93.2 78.2 77.9 76.5 79.3 79.2 80.8

General Open-source Models
Llama3.1-8B-Instruct 60.3 45.5 41.3 47.5 45.6 43.7 42.3 48.6 50.8
Qwen2.5-32B-Instruct 78.8 77.0 78.4 52.5 49.8 51.0 49.6 53.9 54.2
Qwen3-32B 93.2 84.0 86.8 79.8 78.2 80.8 78.9 82.9 81.9

Finetuned Open-source Models
Qwen2.5-7B-Instruct 74.7 72.0 76.3 58.9 56.8 56.5 54.0 59.9 60.0
+ SFT 83.1 73.7 85.8 69.7 69.8 67.9 63.1 71.3 66.3
+ SFT + RL-EndoR 84.5 79.0 84.7 72.6 70.9 70.1 64.6 73.0 68.7
+ SFT + RL-TCER 86.3 81.1 86.4 72.7 73.1 70.8 67.8 73.4 71.1

Table 1: Performance comparison on writing benchmarks. We evaluate models across LongBench-Write, Hel-
loBench subsets, and WritingBench domains. Starting from Qwen2.5-7B-Instruct, each training stage (SFT,
RL-EndoR, RL-TCER) demonstrates progressive improvements.

is defined at the token level, GRPO uses an output-
level scalar reward. We define the sequence-level
reward as the length-normalized average of token
rewards:

Ri =
1

|oi|

|oi|∑

t=1

rt(oi,t). (16)

The advantage Âi is computed by normalizing
against the augmented group statistics:

Âi =
Ri − 1

|O|
∑

j∈O Rj

σO
. (17)

The inclusion of ogt elevates the baseline mean,
effectively penalizing trivial generations that fail
to match the reference under the reward. This
sequence-level advantage is broadcast to each to-
ken position, and maximize the GRPO objective:

JGRPO(θ) = E
[
min

(
ρi,t(θ)Âi, clip(ρi,t(θ), 1− ϵ,

1 + ϵ)Âi

)
− β DKL(πθ∥πref)

]
.

(18)

where ρi(θ) is the policy ratio, ϵ is the clipping pa-
rameter, and β controls the KL divergence penalty
to a reference policy πref.

4 Experiments

4.1 Experimental Setup
Datasets. Our experimental setup utilizes distinct
datasets tailored for writing and mathematical rea-

soning tasks to ensure specialized training and ro-
bust evaluation. For writing tasks, we employ two
high-quality datasets:

• DeepWriting (Wang et al., 2025a): A collec-
tion of 20,000 high-quality writing samples
designed to elicit complex and nuanced text
generation.

• LongWriter (Bai et al., 2024): A dataset com-
prising 6,000 samples focused on long-form,
coherent content creation.

For both datasets, we implement a 50/50 split. The
first half is used for the SFT phase to build an in-
domain policy (πs), while the second, disjoint half
is used as the source of prompts for the RL phase.
This separation prevents data leakage between the
SFT and RL stages and ensures that the RL algo-
rithm optimizes on unseen prompts. For mathemat-
ical reasoning tasks, we follow the data strategy
established by LUFFY (Yan et al., 2025). We use
a 45,000-sample subset of the OpenR1-Math-220k
dataset for the SFT phase. For the RL phase, we
train our model on the Math-LightEval dataset.

Benchmarks. To provide a comprehensive and
multi-aspect evaluation of our models, we employ a
suite of specialized benchmarks targeting both writ-
ing proficiency and mathematical reasoning. For
Writing Tasks, we probe three distinct dimensions
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Model LB HB-A HB-B WB-A WB-B WB-C WB-D WB-E WB-F
DeepWriting Dataset
DeepWriter-8B 85.6 77.8 85.7 72.2 71.8 69.8 70.6 73.7 72.3
+ RL-EndoR 86.1 79.6 86.9 76.0 73.6 73.9 69.6 77.3 74.5
+ RL-TCER 87.3 82.2 86.2 76.5 75.3 74.8 74.2 76.7 75.2
LongWriter Dataset
LongWriter-8B 76.5 68.8 82.9 57.9 53.9 49.0 52.0 52.9 52.0
+ RL-EndoR 80.2 70.1 84.2 64.4 62.6 60.2 56.7 59.9 58.8
+ RL-TCER 82.6 72.6 84.5 65.8 62.9 61.1 57.1 60.6 59.8

Table 2: Effectiveness of TCER for existing finetuned models. Applying our RL methods to finetuned models
DeepWriter-8B and LongWriter-8B.

of generative performance using three complemen-
tary benchmarks following the evaluation protocol
established in DeepWriter:

• LongBench-Write (LB) (Bai et al., 2024):
This benchmark is designed to measure a
model’s ability to produce ultra-long-form
text, allowing us to assess its foundational
capacity for maintaining thematic consistency
over extended outputs.

• HelloBench (HB) (Que et al., 2024): Hel-
loBench evaluates performance on a diverse
set of in-the-wild tasks. Our analysis focuses
on two key subsets: HB-A (Open-Ended QA),
which tests the generation of detailed and
nuanced answers, and HB-B (Heuristic Text
Generation), which assesses creative reason-
ing and stylistic fidelity in long-form narrative
continuation.

• WritingBench (WB) (Wu et al., 2025d): This
benchmark measures controllability across six
writing domains: A (Academic & Engineer-
ing), B (Finance & Business), C (Politics &
Law), D (Literature & Arts), E (Education),
and F (Advertising & Marketing).

Given the subjective nature of open-ended gener-
ation, we adopt the established protocol of using
close-source LLMs as judges. Specifically, Claude-
Sonent37 was used to score outputs for LongBench
and WritingBench, while GPT-4o was employed
for HelloBench. The reported scores represent
win rates or the original benchmark scores with-
out rescaling. All results are averaged over three
independent runs.

For Mathematical Reasoning, we evaluate our
models on six widely recognized benchmarks to

test the cross-domain generalization of our method:
AIME 2024 (Li et al., 2024), AIME 2025 (Li
et al., 2024), AMC (Li et al., 2024), MATH-500
(Hendrycks et al., 2021), Minerva (Lewkowycz
et al., 2022) and OlympiadBench (He et al., 2024).
For AIME 2024, AIME 2025, and AMC, which
have smaller test sets, we report the avg@32 metric.
For the other three larger benchmarks, we report
standard pass@1 accuracy.

4.2 Main Results

Table 1 details the results of our full training
pipeline, starting from the base Qwen2.5-7B-
Instruct model and applying SFT and RL sequen-
tially on the DeepWriting dataset. Fine-tuning on
the DeepWriting dataset boosts the model’s per-
formance across all benchmarks compared to the
original Qwen2.5-7B-Instruct model. For instance,
the LongBench (LB) score jumps from 74.7 to 83.1,
and the average WritingBench (WB) performance
is significantly elevated, demonstrating the effec-
tiveness of domain specialization. Applying RL
with the endogenous reward provides further im-
provements over the SFT model, confirming that
endogenous rewards are a viable signal. How-
ever, its gains are inconsistent and marginal in
several creativity intensive dimensions. Our pro-
posed TCER method consistently outperforms all
baselines, achieving the highest scores across all
reported benchmarks for our finetuned models.

To assess the applicability of TCER as a post-
training enhancement technique, we applied our
RL method to finetuned open-source writing mod-
els: DeepWriter-8B and LongWriter-8B. These
models represent a high standard of performance.
The results, shown in Table 2, demonstrate that
TCER can further elevate their capabilities. For
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Method AIME 24 AIME 25 AMC MATH-500 Minerva Olympiad Avg
Qwen2.5-7B-Math 11.2 4.4 30.8 46.0 7.7 14.4 19.1
+ SFT 22.2 22.3 52.8 82.6 40.8 43.7 44.1
+ SFT + RL-EndoR 30.5 25.4 60.9 87.0 42.6 46.8 48.9
+ SFT + RL-TCER 32.4 26.1 62.1 86.4 44.5 49.6 50.2
Llama3.1-8B-Instruct 4.6 0.2 21.2 46.4 20.9 12.4 17.6
+ SFT 9.4 9.5 39.0 68.4 27.2 32.4 30.9
+ SFT + RL-EndoR 9.7 13.2 39.2 70.0 25.7 33.3 31.9
+ SFT + RL-TCER 10.2 15.0 40.5 71.8 28.6 35.3 33.6

Table 3: Performance comparison on mathematical reasoning benchmarks. TCER outperforms both the SFT
baseline and EndoR across different base models.

the DeepWriter-8B model, TCER boosts the score
from 70.6 to 74.2 on WritingBench-D (Literature &
Arts), and on HelloBench-A (Ability), it increases
the score from 77.8 to 82.2. Similarly, for the
LongWriter-8B model, TCER provides a targeted
boost to its primary strength. The LongBench (LB)
score improves from 76.5 to 82.6 after applying
TCER, a substantial (+6.1) point increase that sur-
passes the gain from RL-EndoR.

Figure 3: Performance generalization across different
models and datasets. For each model group, the bars
represent the performance of the base model (grey),
after SFT (light blue), after applying RL-EndoR (dark
blue), and after applying our RL-TCER (orange).

Metric EndoR TCER
High-quality avg. -1.11 -0.80
Regular avg. -1.08 -0.93
High-quality Recall % 20.7% 35.8%

Table 4: Sentence-level analysis of reward signals. Sen-
tences identified as brilliant by Gemini-2.5-Pro, GPT-
4o, Claude-Opus4 are evaluated. Analysis conducted on
10,000 outputs with ≥5 high-quality sentences per text.

4.3 Generalization to Different Models
To verify that the benefits of TCER are not spe-
cific to a single model architecture, we conducted

a comparative analysis across three distinct open-
source models: Llama-3.1-8B-Instruct, Qwen2.5-
7B-Instruct, and Qwen3-8B. Each model was sub-
jected to the same SFT and RL pipeline on both
the LongWriter and DeepWriting datasets. The
results, visualized in Figure 3, demonstrate the ro-
bust, model-agnostic nature of our approach. A
clear and consistent trend emerges across all six
configurations: our method consistently achieves
the highest performance, surpassing both the SFT
baseline and the EndoR. These results indicate that
TCER is a applicable enhancement, offering per-
formance gains regardless of the underlying model
architecture.

4.4 Generalization to Math Reasoning

To investigate the cross-domain applicability of our
method, we extended our evaluation to the verifi-
able and logical domain of mathematical reason-
ing. We applied the same SFT and RL training
pipeline to two different base models, Qwen2.5-7B
and Llama3.1-8B-Instruct. The results, presented
in Table 3, demonstrate that TCER’s benefits are
not confined to open-end generation but generalize
effectively to mathematical reasoning. For both the
Qwen and Llama models, our RL-TCER method
consistently achieves the average scores, outper-
forming both the SFT baseline and the RL-EndoR
approach. This suggests that by penalizing trivial,
high-probability steps and rewarding more diver-
sity ones, TCER encourages the model to explore
potentially correct solution paths.

4.5 Validation of Quality Enhancement

To validate that TCER identifies and rewards high
quality content, we conducted a sentence-level anal-
ysis comparing the reward signals of TCER and En-
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Config LB HB-A HB-B WB-A WB-B WB-C WB-D WB-E WB-F
FULL TCER 86.3 81.1 86.4 72.7 73.1 70.8 67.8 73.4 71.1
w/o w(yi|si) · ϕ(yi|si) 84.5 79.0 84.7 72.6 70.9 70.1 64.6 73.0 68.7
w/o log πs(yi|si) 76.2 70.8 72.0 68.5 68.2 65.6 60.1 69.4 64.1
w/o w(yi|si) 81.5 76.5 79.1 70.6 70.5 71.2 62.7 73.1 65.3
w/o Ref-Augmentation 85.7 78.2 85.6 72.9 72.3 70.6 66.6 73.3 71.2

Table 5: Ablation studies on Qwen2.5-7B-Instruct with the DeepWriting dataset. Each component contributes to the
overall performance.

doR. First, we prompted the SFT model to generate
a diverse set of outputs across writing tasks. Sec-
ond, we employed a panel of three LLMs including
Gemini 2.5 Pro, Claude-Opus4, and GPT-4o as
judges. Through aggregation by designed prompt
(with Gemini 2.5 Pro performing the aggregation),
these judges identified sentences exhibiting excep-
tional writing quality. Third, for each sentence in
the corpus, we computed both the EndoR score and
the TCER score (scores are aggregated log-probs;
higher is closer to 0). While our reward mecha-
nism operates at the token level, we aggregate to-
ken rewards within each sentence for interpretabil-
ity, since training uses sequence-level aggregation
of token rewards and sentence-level trends reveal
where rewards concentrate in the generated text.

Figure 4: Displays these trajectories as line plots, with
EndoR scores shown in blue and TCER scores in orange.
High-quality sentences identified by our judge panel are
marked with bold red points.

We evaluated three key metrics: (1) the aver-
age reward score for sentences identified as high-
quality, (2) the average reward score for regular
sentences, and (3) the recall rate of high-quality
sentences. For the recall metric, we select the top-
k sentences based on reward scores within each
generated text, where k equals the number of high-
quality sentences identified by the judge panel for

that text, then calculate the recall rate for each text
and report the average across all texts in Table4. We
visualized the sentence-level reward trajectories for
eight SFT outputs in Figure4. The visualizations
reveal a consistent pattern: TCER and EndoR show
notable divergence specifically at high-quality sen-
tences identified by judges, with TCER assigning
higher rewards at these points. In contrast, for regu-
lar sentences, the two methods produce comparable
scores, indicating that TCER selectively amplifies
rewards for exceptional content while maintaining
similar baseline evaluations.

4.6 Ablation Study

To dissect the TCER formulation and isolate the
contribution of its key components, we conducted
a comprehensive ablation study. The experiments
were performed on the Qwen2.5-7B-Instruct model
with the DeepWriting dataset configuration. The
results, detailed in Table 5.

• Removing the triviality correction: Our
method reverts to the EndoR baseline. This re-
sults in a performance drop across most bench-
marks. This validates that the correction term
is essential for mitigating triviality bias.

• Removing the endogenous reward: Relying
only on the correction signal leads to a catas-
trophic performance collapse. This shows that
log πs(yi|si) is crucial for maintaining overall
generation quality and coherence.

• Removing the gating coefficient: Remov-
ing w(yi|si) causes a considerable perfor-
mance drop, indicating the importance of se-
lectively applying the correction to novel, low-
probability tokens.

• Removing the reference augmented: Re-
moving the ground-truth reference from
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GRPO results in lower performance, support-
ing the role of reference samples in elevating
the optimization baseline.

5 Conclusion

We presented the study of transferring unsuper-
vised RL methods from mathematical reasoning
to high-quality writing. While endogenous re-
wards improve performance, they introduce Triv-
iality Bias suppressing diversity and quality. Our
proposed TCER addresses this through informa-
tion theoretic rewards that measure divergence
from base models, modulated by triviaity corrected
weighting. Experiments demonstrate TCER’s ef-
fectiveness across both writing and mathematical
domains, achieving quality improvements. By
eliminating dependence on external reward mod-
els, TCER offers a practical path toward scalable,
high-quality text generation without costly human
annotation evalution or API access.

Limitations

Despite the demonstrated effectiveness of TCER,
several limitations warrant discussion. First, as
a self-supervised reinforcement learning method,
while it successfully optimizes the model’s existing
capabilities and improves output quality, it has an
inherent ceiling for endogenous reward approach.
Second, our evaluation relies on automated bench-
marks that employ LLMs as judges. While we
acknowledge potential biases in using model-based
evaluation, these benchmarks represent the current
standard for scalable assessment of generation qual-
ity. Third, our analysis of reward attribution at the
token level remains limited. Although TCER com-
putes rewards based on token-level probabilities,
the complex interdependencies in natural language
limit the interpretability of why certain generation
patterns receive higher rewards, making it difficult
to provide fine-grained insights into the model’s
decision-making process. Future research should
investigate the integration of endogenous and exter-
nal rewards, alongside developing improved evalu-
ation methodologies and interpretability techniques
for deeper insights into model behavior.
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A Additional Derivations and Proofs

A.1 Linearity of the one step objective and
deterministic optimizer

We justify the claim in the main text that the one-
step objective in Eq. (3) is linear in the policy
π(· | s) for a fixed context s, and that an opti-
mum is attained by a deterministic distribution. Fix
a context s and let V be the vocabulary. Let

f(v) := log πs(v | s), v ∈ V. (19)

The one-step objective can be written as

J(π; s) := Ey∼π(·|s)[f(y)] =
∑

v∈V
π(v | s) f(v),

(20)
where π(· | s) ranges over the probability simplex

∆(V) :=
{
π : V → [0, 1]

∣∣ ∑

v∈V
π(v) = 1

}
.

(21)

Lemma A.1 (Linearity in π). For any two distri-
butions π1, π2 ∈ ∆(V) and any λ ∈ [0, 1],

J(λπ1 + (1− λ)π2; s) = λJ(π1; s)

+ (1− λ)J(π2; s).
(22)

Proof. By Eq. (20),

J(λπ1 + (1− λ)π2; s)

=
∑

v∈V

(
λπ1(v) + (1− λ)π2(v)

)
f(v)

= λ
∑

v∈V
π1(v)f(v) + (1− λ)

∑

v∈V
π2(v)f(v)

= λJ(π1; s) + (1− λ)J(π2; s). (23)

Lemma A.2 (Deterministic optimizer). The maxi-
mum of J(π; s) over ∆(V) is achieved by a deter-
ministic distribution. In particular,

max
π∈∆(V)

J(π; s) = max
v∈V

f(v), (24)

and any optimizer is of the form π∗(· | s) = δv∗(·)
where δv∗ denotes the Dirac distribution at v∗ ∈
argmaxv∈V f(v).

Proof. Let M := maxv∈V f(v). For any π ∈
∆(V),

J(π; s) =
∑

v∈V
π(v)f(v) ≤

∑

v∈V
π(v)M = M,

(25)

since
∑

v π(v) = 1. Equality holds iff π places all
mass on the set of maximizers of f , i.e., π(v) = 0
for all v such that f(v) < M . In particular, choos-
ing any single maximizer v∗ and setting π(v∗) = 1
achieves J(π; s) = M .

The above results demonstrate that optimizing
the endogenous reward without regularization in-
evitably leads to deterministic policies, providing
theoretical support for the entropy collapse phe-
nomenon observed in practice.

A.2 Coverage of the information gain
correction

The main text uses the intuition that TCER does not
only suppress saturated tokens but also affects how
broadly the information-gain signal can contribute
within a context. We formalize this via a context-
wise coverage quantity that measures the expected
activity of the gating function.

Definition. Given a context s, define the gate
w(y | s) = (1 − πs(y | s))λ ∈ [0, 1] and the
context-wise coverage

S(s) := Ey∼πs(·|s)[w(y | s)]
=

∑

v∈V
πs(v | s)

(
1− πs(v | s)

)λ
. (26)

The coverage S(s) quantifies how much the cor-
rection term remains active on average under the
distribution πs(· | s).
Lemma A.3 (Range and deterministic case). For
any context s, S(s) ∈ [0, 1]. Moreover, if πs(· | s)
is deterministic (i.e., ∃v∗ s.t. πs(v∗ | s) = 1), then
S(s) = 0.

Proof. Since w(y | s) ∈ [0, 1] for all y, its ex-
pectation under any distribution lies in [0, 1], hence
S(s) ∈ [0, 1]. If πs is deterministic, then with prob-
ability one the sampled token has p = πs(y | s) =
1, so w = (1 − 1)λ = 0 almost surely, yielding
S(s) = 0.

Lemma A.4 (Coverage lower bound via non-sat-
urated mass). Fix δ ∈ (0, 1] and define the non-
saturated set

Aδ(s) := {y ∈ V : πs(y | s) ≤ 1− δ}. (27)

Then
S(s) ≥ δλ · πs

(
Aδ(s) | s

)
. (28)
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Proof. For any y ∈ Aδ(s), we have 1 − πs(y |
s) ≥ δ, hence w(y | s) ≥ δλ. Therefore,

S(s) = Ey∼πs [w(y | s)]
≥ Ey∼πs

[
w(y | s)1{y ∈ Aδ(s)}

]

≥ Ey∼πs

[
δλ 1{y ∈ Aδ(s)}

]

= δλπs(Aδ(s) | s). (29)

Eq. (28) shows that S(s) is large whenever
πs(· | s) assigns substantial probability mass to
non-saturated alternatives. In such contexts, the
gate is less likely to shut off the information-gain
term, so the ϕ-based correction can apply to a
broader portion of likely tokens under πs. This pro-
vides a quantitative characterization of how TCER
maintains active correction signals in high-entropy
regimes.

A.3 Closed-form derivative of the gated
correction

For completeness, we provide the derivative of
C(p) with respect to p, which can be useful for
analyzing smoothness:

C(p) = (1− p)λ log
p+ ε

q + ε
. (30)

A direct differentiation gives

d

dp
C(p) = −λ(1− p)λ−1 log

p+ ε

q + ε
+

(1− p)λ

p+ ε
. (31)

Under ε > 0 and p ∈ [0, 1], both log p+ε
q+ε and

(p+ ε)−1 are bounded; thus the derivative remains
bounded for λ ≥ 1 and exhibits the expected sup-
pression near p ≈ 1 when λ > 1.

While the derivative vanishes as p → 1, sug-
gesting diminishing correction for high-confidence
tokens, the entropy-preserving effect of TCER op-
erates through the sequence-averaged reward struc-
ture. The sequence reward is computed as:

rt(τ) =
1

T

T∑

t=1

[log pt + k · C(pt)] (32)

This averaged reward is then applied uniformly to
all tokens in the sequence during gradient updates.

To quantify the diversity preference, consider
the expected reward difference between diverse
and deterministic sequences. For a deterministic
sequence where all pt ≈ 1− ϵ for small ϵ:

rdet ≈ log(1− ϵ) + k · ϵλ · log 1− ϵ+ ε

q + ε
≈ −ϵ (33)

For a diverse sequence with confidence variance
σ2 = Vart[pt], containing tokens with pt ∈ [1 −
2σ, 1]:

rdiverse ≥ E[log pt] + k · E[(1− pt)
λ · log pt + ε

qt + ε
] (34)

The second term is substantial for medium-
confidence tokens. Using the lower bound from
Eq. (15), tokens with pt ≤ 1 − σ contribute at
least:

k · σλ

∣∣∣∣log
pt + ε

qt + ε

∣∣∣∣ (35)

Therefore, the reward advantage of diverse se-
quences is:

∆r = rdiverse−rdet ≥ k ·σλ+1 ·E
[∣∣∣∣log

p+ ε

q + ε

∣∣∣∣
]
> 0 (36)

This quantifies how the gating mechanism cre-
ates systematic preference for diversity: sequences
with higher confidence variance receive higher av-
erage rewards, leading the policy to learn diverse
outputs rather than collapse to deterministic pat-
terns. The parameter k controls the strength of
this diversity preference, with larger k providing
stronger protection against entropy collapse.

B Experimental Details

B.1 Implementation Details

Across all tasks, we adopt a unified training
pipeline consisting of SFT followed by RL with
Reference-Augmented GRPO. For writing, we ex-
periment with Qwen2.5-7B-Instruct, Qwen3-8B,
and Llama3.1-8B-Instruct; for mathematical rea-
soning, we use Qwen2.5-Math-7B and Llama3.1-
8B-Instruct. On writing datasets (DeepWriter and
LongWriter), we perform SFT for 1 epoch with
learning rate 2× 10−5 and batch size 8, and then
run RL for 1,000 update steps. On math tasks, we
run SFT for 3 epochs and RL for 500 update steps
with learning rate 1× 10−5 and batch size 64.

During RL, for each prompt we sample a group
of G = 8 rollouts and augment it with the dataset
reference completion, using the length-normalized
average token reward as the sequence reward. Fol-
lowing the theoretical requirement from EndoR
that reward models should remain frozen during RL
training to prevent distribution shift, we keep both
πs and πb fixed throughout optimization. GRPO
uses a KL penalty of coefficient β = 0.001. TCER
is computed using a correction scale k = 3 and
gating exponent λ = 2, with ε-smoothing set to
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ε = 1×10−5 in the log-ratio for numerical stability.
For generation during RL training, we use tempera-
ture τ = 0.7 and maximum length of 8000 tokens.
All training data and evaluation benchmarks em-
ploy their original open-source prompts without
modification. We will release our code upon accep-
tance to facilitate reproducibility. All experiments
are run on a cluster of 16× NVIDIA H20 GPUs;
to reduce RL-time overhead, the actor runs on the
main training GPUs while the frozen πs and πb are
served on an additional 2× H20 GPUs for reward
computation.

B.2 Training Details
During RL fine-tuning, we log training-time diag-
nostics to characterize how different endogenous
rewards shape policy behavior and to diagnose de-
generation. Specifically, we track (i) the sequence-
level reward (computed from token-level rewards
via length-normalized averaging, consistent with
Eq. (16)) and (ii) the actor’s token-level entropy
over generated positions. For each cionfiguration,
we report EndoR reward trajectories using the En-
doR reward logs and TCER reward trajectories
using the TCER reward logs; the corresponding
entropy comparison between EndoR and TCER is
plotted jointly in the EndoR-vs-TCER entropy fig-
ures. Figures 5 and 6 summarize these dynamics
for writing and mathematical reasoning, respec-
tively.

Across both writing and mathematical reason-
ing tasks, EndoR exhibits a consistent tendency
toward entropy reduction as optimization pro-
ceeds, indicating a drift toward ilow-entropy, high-
confidence continuations. While this behavior can
increase reward, it aligns with the degeneration
mechanism discussed in Section 3.1, where con-
fidence maximization encourages concentration
on saturated high-probability tokens. In contrast,
TCER achieves comparable or higher reward with
improved stability, while consistently exhibiting
slower entropy decay and higher entropy levels
than EndoR throughout training. This suggests
that the triviality-corrected information-gain term
mitigates entropy collapse by reallocating learning
signal away from saturated high-probability tokens
and toward more informative alternatives, leading
to more balanced RL optimization dynamics.

B.3 Hyperparameter Details
We study the sensitivity of TCER to its two hyper-
parameters: the correction scale k and the gating

exponent λ. Table 6 reports results on the Deep-
Writer dataset with Qwen2.5-7B-Instruct, where
we sweep a small set of representative (k, λ) val-
ues.

Overall, the method is stable across the tested
range. Increasing k from 1 to 3 consistently im-
proves performance, and (k = 3, λ = 2) achieves
the best scores on all benchmarks. Further increas-
ing k to 4 yields slightly lower results, suggesting
diminishing returns when the correction becomes
overly strong. Fixing k = 3, varying λ in {1, 2, 3}
produces only minor differences, with λ = 2 con-
sistently performing best. Based on this analysis,
we use (k = 3, λ = 2) as the default setting in our
main experiments unless stated otherwise.

C Case Study

C.1 Reward Cases

We present reward case studies from the Validation
of Quality Enhancement pipeline. For readabil-
ity, we render the prompt, the SFT output, and the
sentence-level reward table as screenshots (espe-
cially for Chinese content). Figures 7–9 show (i)
the writing-critique prompt, (ii) the corresponding
SFT output, and (iii) the sentence-level reward com-
parison between EndoR and TCER for the same
output.

For each line, the reward table reports EndoR
and TCER scores, their difference ∆ = TCER −
EndoR, and whether the line is highlighted by our
closed-source judge panel (Selected=True). Qual-
itatively, judge-highlighted lines tend to receive a
more favorable reward difference under TCER than
under EndoR, while many non-selected lines ex-
hibit small or negative ∆, particularly for structural
markers or low-information segments. Notably, de-
generate artifacts such as empty lines are heavily
down-weighted by TCER in the English case, il-
lustrating that the triviality correction can suppress
non-informative content. Overall, these cases align
with the role of TCER as a reweighting mechanism
that shifts learning signal away from saturated or
trivial tokens and toward more informative spans,
improving the alignment between training reward
and perceived writing quality.

C.2 Writing Cases

We present qualitative writing cases sampled from
WritingBench, together with scores from our
closed-source judge panel, and include both Chi-
nese and English examples. For each case, we use
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(a) DeepWriting: EndoR reward. (b) DeepWriting: TCER reward. (c) DeepWriting: entropy (EndoR vs
TCER).

(d) LongWriter: EndoR reward. (e) LongWriter: TCER reward. (f) LongWriter: entropy (EndoR vs
TCER).

Figure 5: RL training dynamics on writing tasks. For each dataset, we report the EndoR reward trajectory, the
TCER reward trajectory , and a direct entropy comparison between EndoR and TCER .

(a) Qwen2.5-Math: EndoR reward. (b) Qwen2.5-Math: TCER reward. (c) Qwen2.5-Math: entropy (EndoR vs
TCER).

(d) Llama3.1: EndoR reward. (e) Llama3.1: TCER reward. (f) Llama3.1: entropy (EndoR vs TCER).

Figure 6: RL training dynamics on mathematical reasoning tasks. We report EndoR and TCER reward trajectories
together with entropy comparisons for each model configuration.

the same prompt and compare responses generated
by three models: the SFT policy, the EndoR-trained
policy, and the TCER-trained policy. All prompts
and outputs are shown as screenshots for consis-
tency and readability.

Across the sampled cases, the SFT model pro-
duces fluent and on-topic responses with standard
patterns. After RL with EndoR, responses can be-
come more verbose and rely more on repetitive,
high-confidence phrasing, which is associated with
weaker judge scores in these examples. In contrast,

the TCER-trained model typically maintains coher-
ence while reducing repetition and improving ex-
pressive diversity, leading to higher judge scores in
our displayed cases. These qualitative comparisons
provide an intuitive complement to our quantitative
results, illustrating how TCER mitigates degen-
eration tendencies induced by confidence-driven
rewards and improves perceived writing quality.
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Configuration LB HB-A HB-B WB-A WB-B WB-C WB-D WB-E WB-F
(k = 1, λ = 1) 83.7 78.5 83.9 70.8 71.2 68.6 65.3 71.5 69.0
(k = 2, λ = 2) 85.1 79.8 85.2 71.9 72.4 69.7 66.5 72.6 70.2
(k = 3, λ = 2) 86.3 81.1 86.4 72.7 73.1 70.8 67.8 73.4 71.1
(k = 4, λ = 2) 85.9 80.7 86.0 72.4 72.8 70.4 67.3 73.0 70.7
(k = 3, λ = 1) 85.4 80.2 85.6 72.1 72.5 70.1 67.0 72.8 70.4
(k = 3, λ = 3) 85.8 80.6 85.9 72.3 72.7 70.3 67.2 72.9 70.6

Table 6: Hyperparameter sensitivity analysis on the DeepWriter dataset with Qwen2.5-7B-Instruct. Results show win
rates or benchmark scores across LongBench (LB), HelloBench subsets (HB-A: Open QA, HB-B: Text Generation),
and WritingBench domains (WB-A through WB-F representing different professional writing categories). The
optimal configuration (k = 3, λ = 2) achieves consistent improvements across all metrics.

C.3 Prompt Cases
We further present prompt cases illustrating how
highlighted sentences are selected via a multi-judge
protocol. Specifically, we use a shared sentence-
selection prompt to query three proprietary LLM
judges (GPT-4o, Claude Opus 4, and Gemini 2.5
Pro). Each judge independently selects a set of
high-quality sentences from the same model out-
put, with a minimum of five selections required to
ensure sufficient coverage.

To obtain a stable final highlight set, we aggre-
gate the three judge outputs using Gemini 2.5 Pro.
The aggregation follows an agreement-based strat-
egy: sentences selected by multiple judges are pre-
ferred, and if fewer than five sentences satisfy this
criterion, additional candidates are included based
on agreement strength until at least five highlighted
sentences are obtained. This design reduces id-
iosyncratic bias from any single judge while pre-
serving consistent quality signals. While using
LLM judges may introduce evaluation biases, this
multi-judge approach represents the current best
practice for scalable quality assessment in the ab-
sence of large-scale human annotation.

Figures 18 and 19 show the sentence-selection
prompt used by individual judges and the aggrega-
tion prompt used by Gemini 2.5 Pro, respectively.
These prompt cases support our qualitative anal-
yses by providing a transparent and reproducible
mechanism for constructing highlighted sentence
sets used in reward validation and writing case stud-
ies.
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Figure 7: Reward case study (Prompt).

Figure 8: Reward case study (Model output from SFT).

Figure 9: Reward case study. The table reports EndoR and TCER scores for each line, ∆ = TCER− EndoR, and
whether the line is selected by the closed-source judge panel.
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Figure 10: English reward case study: prompt and model output.

Figure 11: English reward case study: sentence-level EndoR vs. TCER rewards. The table reports ∆ = TCER−
EndoR and whether each line is selected by the judge panel.
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Figure 12: Writing case (SFT). Response generated by the SFT-only model.

Figure 13: Writing case (EndoR). Response generated by the EndoR-trained model under the same prompt.
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Figure 14: Writing case (TCER). Response generated by the TCER-trained model under the same prompt.

Figure 15: English writing case (SFT). Response generated by the SFT-only model.
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Figure 16: English writing case (EndoR). Response generated by the EndoR-trained model under the same prompt.

Figure 17: English writing case (TCER). Response generated by the TCER-trained model under the same prompt.
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Figure 18: Sentence-selection prompt used by individual judge models (GPT-4o, Claude Opus 4, and Gemini 2.5
Pro). Each judge independently selects at least five highlighted sentences from the same output.

Figure 19: Aggregation prompt used by Gemini 2.5 Pro to consolidate highlighted sentences across judges via
agreement-based selection.
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