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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 Figurel, 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 7, and a
specialist policy 75 obtained by finetuning 7, on
high-quality in-domain data. TCER define the
token-level log-likelihood ratio log :—i, 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 — 7,)*. 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 (7rivial-
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
etal., 2025b). However, existing RL approaches for
writing predominantly rely on external reward mod-
els. LongWriter-zero employs LLMs as judges(Wu
et al., 2025¢), using GPT-4 or similar models to
score generated texts during RL training. Simi-
larly, Writing-zero(Lu, 2025) and EvolvR(Wang
et al., 2025¢) 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 7, followed by Reference Augmented GRPO with TCER that incorporate information gain ¢ 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:
Q" (x, y))
a Y

where QQ* is the soft ()-function and « is the tem-
perature. In our setting, let 75 denote a specialist
policy obtained by SFT on high-quality in-domain
data. A confidence based endogenous reward as-
signs each generated token y; in context s; the re-

*(y | 2) x exp ( )
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ward
re(yi | 8i) = log ms(yi | s4), (2)

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

frr(l?s); IEy~7r(~|s) [log Ts (y ’ 5)] . (3)
Because the expectation in Eq. (3) is linear in 7 (- |
s), the maximizer is attained at an extreme point of
the simplex which is a deterministic distribution:

(| s) = 5<y = arggleaécﬂs(v ] s)) @

Optimizing r. encourages low-entropy behavior by
concentrating on the high probability tokens under
ms. 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 7, relative to a generalist base-
line 7y, where 7, and 74 are the same model before
and after in-domain fine-tuning, respectively. For
any token and context,

ms(yi | 5i) = mp(yi | si) - )

Taking logarithms yields

log s (yi | i) = log my(yi | si) + (v | si), (6)

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

s (yi | si)

. 7
(i | 51) @

¢(yi | si) = log

3.3 Triviality Corrected Endogenous Reward

Directly using the log-likelihood ratio ¢(y; | s;) as
a reward can be numerically unstable when 7, (y; |
s;) is extremely small. We therefore retain the
endogenous reward log 75 (y; | s;) and add a gated
triviality correction. The TCER reward is defined
as

Te(yi | 5i) = log ms(yi | si)+k-w(yi | si)-0(yi | 5:),

(®)

with the triviality corrected weighting
w(yi | si) = (1= ms(yi | )", ©)

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

Ts(Yi | Si) + €
O(yi | si) + log o1 | 50

—_ 10
ﬂb(yi ‘ Si) +e (10)

Giving a context s; and a candidate token y;, and

denote p = 7s(y; | s;) € [0,1] and ¢ = mp(y; |

si) € [0, 1]. The gated correction term in Eq. (8)
can be written as

pt+e

C(p) = (1 —=p)*-log ——. 11

(p) =(1—p)"-log e (11)

Under Eq. (10), the smoothed log-ratio is uniformly

bounded: since p +¢ € [e,1 +¢]and ¢+ ¢ €

[e,1+ €], we have

(12)

Therefore, the correction term admits the quantita-
tive bound

1+e
€

IC(p)| < (1—p)* log (13)

In particular, as p — 1, (1 — p)* — 0 while the
factor in Eq. (12) remains finite, yielding

lim C(p) = 0.

p—1 (14)

Conversely, if p < 1 — § for some § € (0, 1], then
(1 —p)* > %, and the correction term satisfies

p+e
log——] .

C(p)| > &*
IC(p)| > s

(15)

Eq. (15) implies that when 7,(y;|s;) is moderate,
the gate function preserves the information gain sig-
nal at least a 0* 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 mg against 7; using GRPO.
For a given input prompt ¢, we sample a group of G
outputs {01, . .., 0q} from the current policy 7y,
To stabilize the advantage estimation and guide ex-
ploration, we augment this group with the ground-
truth reference oy from the dataset, forming the
augmented set O = {01, ...,0q, 0g}. Although r,
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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-40 83.1 837 87.6 74.4 73.4 74.3 77.9 75.8 78.0
Claude 3.5 89.3 829 88.3 59.5 57.6 56.3 59.3 62.0 67.7
Claude 3.7 97.8 839 932 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 932 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 83.1 737 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 863 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:

o

1

ol

|
Tt(oz',t)- (16)

t=1

R;

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

1
A'* Ri_@EjEORJ'.

i =

(I7)
lofé)

The inclusion of oy 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:

Torro(0) = E[min (pi0(0) As, clip(pie(0),1 — ¢,

1+ E)Al) - p DKL(ﬂ'QHﬂ'ref)] .
18)
where p;(0) is the policy ratio, € is the clipping pa-
rameter, and 3 controls the KL divergence penalty
to a reference policy myer.

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 (75), 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 85.7 722 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 82.6 726 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-40 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 222 223 52.8 82.6 40.8 43.7 44.1
+ SFT + RL-EndoR 30.5 254 60.9 87.0 42.6 46.8 48.9
+ SFT + RL-TCER 324 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 94 9.5 39.0 68.4 27.2 324 309
+ SFT + RL-EndoR 9.7 13.2 39.2 70.0 25.7 333 31.9
+ SFT + RL-TCER 10.2 15.0 40.5 71.8 28.6 353 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.

‘mance on LongWriter Performance on DeepWriting

Quen2sn,

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-
40, 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 863 81.1 864 727 73.1 70.8 67.8 734 711
wlo w(y;|si) - o(yi|si) 845 79.0 847 726 70.9 70.1 64.6 73.0  68.7
w/o log 7s(y;s;) 76.2 70.8 72.0 68.5 68.2 65.6 60.1 694  64.1
w/o w(y;|si) 81.5 765  79.1 70.6 70.5 71.2 62.7 73.1 65.3
w/o Ref-Augmentation 85.7 782  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-40 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 75 (y;s;) is crucial for maintaining overall
generation quality and coherence.

* Removing the gating coefficient: Remov-
ing w(y;|s;) 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
7(- | 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
fw):=logms(v|s),veW. (19)

The one-step objective can be written as

J(m; 8) i= Eyor()s)[f ()] = ZF(U | s) f(v),

veV
(20)
where 7(- | s) ranges over the probability simplex

AY) = {7r YV —[0,1] | Z’]T(’U) = 1}.
veV 21

Lemma A.1 (Linearity in 7). For any two distri-
butions T, w2 € A(V) and any X € [0, 1],
JAm 4+ (1 = N)ma; s) = AJ (715 s)
+ (1 = X)J(me; s).

(22)
Proof. By Eq. (20),
J(Am + (1= N)me; )
= (Am() + (1 = Nma(v)) £ (v)
veEY
=AY m@)f(v)+ (=X m(v)f(v)
veY veY
= AJ(my; 8) + (1 — X\)J(me; ). (23)
O

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

max J(m; s) = max f(v),

24
TeA(V) veY @4

and any optimizer is of the form 7 (- | s) = dp=(-)
where 6, denotes the Dirac distribution at v* €
arg maxyey f(v).

Proof. Let M := maxy,cy f(v).
A(V),

J(m s) =Y w()f(v) <> w(v)M =M,

veY veY
(25)

For any 7w €

since ), m(v) = 1. Equality holds iff 7 places all
mass on the set of maximizers of f,i.e., 7(v) =0
for all v such that f(v) < M. In particular, choos-
ing any single maximizer v* and setting 7(v*) = 1
achieves J(m; s) = M. O

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 —7ws(y | 8))* € [0,1] and the
context-wise coverage

5(8) = Ey~7r5(~|s) [w(y ’ 3)]

= Zﬂs(v | 5)(1—ms(v | s)))‘. (26)

The coverage S(s) quantifies how much the cor-
rection term remains active on average under the
distribution 7 (- | s).

Lemma A.3 (Range and deterministic case). For
any context s, S(s) € [0, 1]. Moreover, if ws(- | s)
is deterministic (i.e., Jv* s.t. ws(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 7 is deterministic, then with prob-
ability one the sampled token has p = 74(y | s) =
1,sow = (1 — 1) = 0 almost surely, yielding
S(s) =0. O

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

As(s) ={yeV: ms(y|s)<1-40}. (27)

Then

S(s) > 6* - s (As(s) | s). (28)
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Proof. For any y € As(s ) we have 1 — m4(y |
s) > &, hence w(y | s) > 6. Therefore,

S(8) = EyurJw(y | s)]
> Eyr, [w(y | 5) 1{y € As(s)}]

[
> Eyor, [0 1{y € As(s)}]

= my(As(s) | s). (29)

O]

Eq. (28) shows that S(s) is large whenever
7s(- | $) 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 ¢-based correction can apply to a
broader portion of likely tokens under 7. 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:

Clp)=(

A p+e
— 1 30
) 8 (30

A direct differentiation gives

d - p+8+(1—p)k'

dp qt+e p+e

Under ¢ > 0 and p € [0, 1], both log p+§ and

(p + €)' are bounded; thus the derivative remains
bounded for A > 1 and exhibits the expected sup-
pression near p ~ 1 when A > 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:

€1y

1 T
=72 llogpi+k-Clp)]  (32)
t=1

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 p; =~ 1 — ¢ for small e:

1—e+a~

qg+e (33)

Tdget = log(1 —€) + k- - log

For a diverse sequence with confidence variance
2 = Var[p;], containing tokens with p; € [1 —
20, 1]:

pt +¢€
-l-a] (34)

Tdiverse = Ellogp:] + k- E[(1 _pi)A log

The second term is substantial for medium-

confidence tokens. Using the lower bound from

Eq. (15), tokens with p, < 1 — o contribute at
least:

€

k- o*|log P te

e (35)

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

log

Ar = rgiverse —Tdet > ko E [

pre H >0 (36)
q+e

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 x 10~° 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 x 10> 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
7 and 7y fixed throughout optimization. GRPO
uses a KL penalty of coefficient 5 = 0.001. TCER
is computed using a correction scale £ = 3 and
gating exponent A = 2, with e-smoothing set to
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€ = 1x 107 in the log-ratio for numerical stability.
For generation during RL training, we use tempera-
ture 7 = 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 x NVIDIA H20 GPUs;
to reduce RL-time overhead, the actor runs on the
main training GPUs while the frozen 75 and , are
served on an additional 2x 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 \. Table 6 reports results on the Deep-
Writer dataset with Qwen2.5-7B-Instruct, where
we sweep a small set of representative (k, \) val-
ues.

Overall, the method is stable across the tested
range. Increasing k from 1 to 3 consistently im-
proves performance, and (k = 3, A = 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 A in {1, 2, 3}
produces only minor differences, with A = 2 con-
sistently performing best. Based on this analysis,
we use (k = 3, A = 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 A = 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 A, 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.

(d) LongWriter: EndoR reward.

(b) DeepWriting: TCER reward.

(e) LongWriter: TCER reward.

(c) DeepWriting: entropy (EndoR vs
TCER).

(f) LongWriter:
TCER).

entropy (EndoR vs

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 .
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(a) Qwen2.5-Math: EndoR reward.

(d) Llama3.1: EndoR reward.

(b) Qwen2.5-Math: TCER reward.

(e) Llama3.1: TCER reward.

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

(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,A=1) 837 785 83.9 70.8 71.2 68.6 65.3 71.5 69.0
(k=2,A=2) 851 798 85.2 71.9 72.4 69.7 66.5 72.6 70.2
(k=3,12=2) 863 811 86.4 72.7 73.1 70.8 67.8 73.4 71.1
(k=4,A=2) 859 80.7 86.0 72.4 72.8 70.4 67.3 73.0 70.7
(k=3,A=1) 854 80.2 85.6 72.1 72.5 70.1 67.0 72.8 70.4
(k=3,A=3) 858 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, A = 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-40, 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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Reward Case Study — Writing Critique

Prompt (Writing Critique)
Instruction: Zif NEIRIN IBIRERRYE FRIEHSE FHotE.

Input Text:

&k HHEE

HEIE

NIRRT R 2RO B B R AU R B IDRAY/ B A > Rt HUPE Y EIRIE i A VT B R E 2R A =
EBHE.. MFEERES I ERBEEERMRERE.

RELSHEH X BTSSR 2SS e R RN E R RSN RENAR R IIA ORI SRR, (R ERPT
BERRRFNIRE oIS BB S R E A8 BN T BE B E S — e S REIRT A A VRS
BRI EER 7 SRBKORIELR. "SR T, SR AT NGER  EATRR. ... RS MBI B R PALER 7 SRASERE TR

THEBEMEENT (A B SR VR 808 ERTE & SRS DB MBI TIET 8 AR R ABINGIRE, ksl
MHRAPIRRETHE £ EOHENEEE BRI\ ARSI ERERERR AIEE O EWETRMENREAASA

Ik,

—METALRIFRIRE T FERRNOEHAEESHIRNES. BRANET —MNEABEEARTFhEBR— T —MSE

R ARG S — P ESR ¢ SN ERHE R/ N/NOREE. R R 7t B i R e B HRAIRIE,
TEERE T X EE A MEs R AR, 0BRSS SRR A AT, SRfa— AL A OiEE EAIEEE,
RIS SR R ERE IR N O i, SR BN & SR S AT AR ERR T SR A RIS S S i AT BRI
HES.

B SEANIBRRANTEH T EEE ARTERNSEE LT TR St S B RIS DR A BRI T B R AR
FEREENME AER RIS IS 2R 0E R A LREENER.

MERT RABRERESTIE—R, BB AR RIEHANRIE M E BRI 2t M SRR, S N E e LR ARSI,

Figure 7: Reward case study (Prompt).

Model Output (SFT)
# BREMEIE — XFEIR

(FER ENISiZ) XRCEERET e — S RS T M EE Y E S, REEICIZIRIEENT.
NELE—ARIA B BN R AR T SIS EENANALES,

## EXRIRIFSiHtE
HIFIMB BRI SR R LR R S F IS BB B A RIBTE F 2 BRI E: tHIT MR R TSR R Z 2 R H =
EERE..... MFSERER LS. ERIPBHRRNAREHE.

H#E FHES RIS AR AL PRI R AT SR E OISl PR RS BiEE 0.5 AN,

EHERBHIENIZR0ER T EE R RATEN RIS L T —EKTR. AT AR BN AR, IR @A LR T EIGRAIN R,
B FEEREEBARE, (R RTPR TR A E SRR O, A DR RIS,

HE XN FREYE, B, aiE SHREAS SIS RE R NEE FiS s S e IS A BB, S A RIS,
B—O—OpyiBRNE ERRH AN, M&E—OFEA A0S EH IEBNE, (R S HF S i S R A EMEEE M Ok, SIEEN
FSANE—2. A= R EEERDHRMRNEESEEEEE AT ARNES.

HE XBRIESHR e BT AEEIE B E S S AR T SR RIRER,

AR OBEEIEIEE S RS S SRS E A SO,

MESERT R (EREBESEIE—IR,

BEEATK PSRRI RS ARET 3¢ MBI IRV, Srk DB BB O R ARSI ATADE,

HE: ERINFIFTE BT TSI SRt R T BN — A M R EN =S RS T £ ST A,

"HESEEOR XIS T RS AR,

NEBFESHE BEERET fMmX—E ISR T SR ENE T CERS L AR RN, (b RS T IMASREISIZR
IBEE SR,

T MBI TR R ERRE T, BT,

Figure 8: Reward case study (Model output from SFT).
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Figure 9: Reward case study. The table reports EndoR and TCER scores for each line, A = TCER — EndoR, and
whether the line is selected by the closed-source judge panel.
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Write a story that falls into the genre of Action, Drama, Superhero Fiction, based on the following prompt:
You are a nice person, but your superpower is that you instinctively know exactly what to say to someone to crush them. You're very effective in throwing supervillains off their game, but your fellow heroes always feel really uncomfortable watching you work.

Model Output

Zephyr stood over the defeated supervillain, gloating triumphantly. “Looks like this city's problems are solved... again. Until next time, scum.” He turned to face the rest of the superhero team, who had just arrived on the scene.

‘Another successful victory, thanks to our verbal virtuoso, Zephyr!” Captain Valiant proclaimed. “His masterful use of words truly brought this villain to his knee:
Zephyr smirked arrogantly. “Oh, don't give me that credit, Captain. I'm not here to take any praise. Just stating the facts."

The other heroes exchanged uneasy glances. They'd all heard the tales of Zephyr's unique power - the ability to verbally eviscerate anyone he chose, shattering their confidence and will in one scathing remark. It made him incredibly effective against supervillains... but also rather abrasive to work
with.

I just don't see why we need someone like him on the team,” muttered Microbeam, his fingers twitching nervously. Al that negative energy, it's toxict”

“He's right,” chimed in Speedster. *| mean, sure, hs power is useful, but man, does he have to go so far over the top with it? Even the bad quys get hurt by what he says."

“Relax, you two," Zephyr chuckled. "I'm not going to hurt anyone’s feelings. That's just my job. Besides, these villains deserve it. They're nothing but evil-

“Don't make us tur off our microphones, Zeph," interrupted Paragon, her eyes narrowing. *I know you love verbally eviscerating people, but could you maybe tone it down a bit? The rest of us have feelings 00, you know.
Zephyr rolled his eyes. *Fine, fine. Il keep my trashy talk to a minimum. But don't come crying to me when some washed-up criminal gets a complex and decides to take it out on innocent bystanders."

The heroes sighed collectively, glad to get that settled. They knew Zephyr was just being his usual self - cruel, sarcastic, and blunt to a fault. But hey, nobody’s perfect, right?

As they flew off to their next adventure, Zephyr couldn't help but feel a lttle down. Sure, he knew he wasn't the most team-friendly guy around... but still. Watching his friends squirm under his verbal barbs was almost as much fun as crushing the villains themselves. He'd have to work on that.
But first, they had to stop a meteor from hitting the city. Again. Just another day in the life of an ace superhero.

Zephyr grinned as the meteor came into view. “Alright, you ugly rock, it's time to go boom

And with a mighty yell, the heroes launched themselves towards the sky, ready to save the day... one snide remark at a time.

Note: This output s shown verbatim; the reward table below reports sentence-level EndoR/TCER scores aligned to the segmented lins.

Figure 10: English reward case study: prompt and model output.

Reward Table (Full 1-19 Lines) | a - TCeR - EndoR | | Selected-True highlighted | | Empty lines marked

Rows with Selected=True are shaded. Rows

th emply/degenerate content are tinted red for visibilty.

D sentence (raw line) EndoR. Teer & Selected
1 Zephyr stood over the defeated supenvillain, gloating triumphantly. "Looks like thi city's problems are solved...again. Until next time, scum." He tumed to face the rest of the superhero team, who had just arrived on the scene. -2.757 -3.005 -0.248 False
2 “Another successful victory, thanks to our verbal virtuoso, Zephyr! 383 2.400 1.022 False
3 " Captain Valiant proclaimed. “His masterful use of words truly brought this villain to his knees.” -1.365 -0.39 0.969 False
4 Zephyr smirked arrogantly. "Oh, don't give me that credit, Captain. I'm ot here 10 take any praise. Just stating the facts 1583 -1.303 0.280 False
5 The other heroes exchanged uneasy glances. They'd all heard the tales of Zephyr's unique power - the abilty to verbally he ch ing their confid d willin one scathing remark. It made him 1697 -1.778 -0.081 Tue

incredibly effective against supervillains... but also rather abrasive to work with.

6 "ljust don't see why we need someone like him on the team* muttered Microbeam, his fingers twitching nervously. "All that negative energy, its toxic! -1.385 -0.557 0.829 False
7 EMPTY) -9.076 -29.525 -20.449 False
8 “He'sright” chimed in Speedster. "l mean, sure, his power is useful, but man, does he have to go so far over the top with it? “L.oa -1.169 -0.125 False
9 Eventhe bad guys get hurt by wht he says* -2.317 1.9 0.323 True
10 *Relax, you two," Zephyr chuckled. “I'm not going to hurt anyone's feelings. That's just my job. Besides, these vilains deserve it They're nothing but evil-" 1.680 2.07 0.347 False
11 "Don't make us tum off our microphones, Zeph," interrupted Paragon, her eyes narrowing. “ know you love verbally eviscerating people, but could you maybe tone it down a bit? 1330 -0.131 1.203 Tue
12 The rest of us have feelings too, you know." -0.863 0.658 1.51 False
13 Zephyr rolled his eyes. “Fine, fine. 1l keep my trashy talk to a minimum. But don't come crying to me when some washed-up criminal gets a complex and decides to take it out on innocent bystanders -6.962 -0.509 0.a13 False
14 The heroes sighed collectively, glad to get that settled. They knew Zephyr was just being his usual self - cruel, sarcastic, and blunt to a fault. But hey, nobody's perfect, right? -1.077 -0.414 0.664 False
15 Asthey flew offto their next adventure, Zephyr couldn't help but feel a lte down. Sure, he knew he wasn't the most team-riendly guy around.. but stll Watching his fiends squirm under his verbal barbs was almost as much fun 1.126 1012 0.1 Tue

as crushing the villains themselves. He'd have to work on that.

16 Butfirst, they had to stop a meteor from hitting the city. Again. Just another day in the life of an ace superhero. -2.080 -2.478 -0.394 False
17 Zephyr grinned s the meteor came into view. "Alright, you ugly rock,it's time to go boom! 1722 -0.065 0.777 False
8 EMPTY -2.300 -a.514 -2.206 False
19 And with a mighty yell the heroes launched themselves towards the sky, ready to save the day... one snide remark at a time. 1138 -0.684 0.a54 Tue

Figure 11: English reward case study: sentence-level EndoR vs. TCER rewards. The table reports A = TCER —
EndoR and whether each line is selected by the judge panel.
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Instruction: LULFSERATRS XA,

Output Text:

# AFEENS B \n\nCiZaGk—SefNERR, WERbE, MERRENE. RUSEIUREN—SMNIEE, BEAEEKNNE, DETRAFFAHTIENTENE 5T, 19, RESFIR N RBSSE,
EELTEAAG, HLIRE, BUREBHIMES, PRENES, BOERINAG, AfeES JTH@., AR IREEN TSRS, /UWEAEERS FNENSS, EMERRGTEN=L. \n\ndE/ g, X
BR, HREEE 2R, SMHUSEELEER. SRS, BRFFHNSTHL 'KESRNES, ZEES S, RATOEES ! "RE\IoRm, NIHRNSR! \ResEst, BaEEItREA
HENRE, BOABSNESREATWE: BRI ONESS, BEEN, BE38N, %J\‘“ !\"EB&SHQ!EEQ%E, EHRIRERTTES. BEHE, RABFESTESL EEEP SIS RS
. REESE LS, BEPER, ERFERSEATEIE. \n\n IEEAM), TitR=EK, HEFIRRE HRBENTABR, &F CRFEE/IDHES, WRER\EwE T, ATR"—1TE7, =
EXT\. SPEARKR, B ETHREREERT0aSRS, WAAMER, TE, 'EXF, MBSEAEM, BERIETE! " (URARSsEEXERE. a7 RXFET2EHE 288!
\"BUEANEUEN, REERENSFADESNRE, INUERNTEEE HH), HIMEEETELD. "BE! ' ST, HESR, EMNASAL—RBIGE, XHEEENEE SRAERAAE
ERLISHK, \n\nEENEX, FTRIMMEESEHAISHEENNRE. "B VNSRS M. RIESUURITES, RERT, ASESHIHE, BT ESHitE, Neske, NnREE
i, SIR—FEERE, BRI NI ERTBEES. SIS ARFERE. BE R BIERETVIERR", SASE R, SERTH, BERHINAGRET, BHERR. BEREREERE, ERNMIFE
R BAEXEE BAGERBEHERINES, \n\nSEEEKIEREEEIENER. 5L, WA, BERE, B lamiNehih, nxay ﬁﬂ?\ o TL,(W%HL BX, mISENEER,
NEFEEBA ) E’J\J}mﬁ WETEEORKDOSAE. K, WHESE, RISIDOLTR, WERHHRPE. £X, X, BRI TREESA. TS, STy 1Es. SURETHE, RxFF
WEE EHIUE, SSPReEFEENES, WISBEN, BMNIEEEREERNSA. \WnSEEY, REBEERNES. gEzﬁZ‘F&-iEI ﬁ%ﬁz%m?ﬁﬂim %Eﬁﬂﬁ&ﬁ P@%T%J/J\ﬁ A
FRFNERT I, K, RATAERENINSBEEE, FENEETS, PEESINISR, BO5— IV, FTEABESN =1 AT, 2HET FENEERRML, TRERATE, BEELHER, =
FRIMEETIRL, EFREFHERNAT, DERINS SRR, RE, HMPEEXRNESY, FFABRATIFSATREETIEE. "KEEFLRRI A ASERENTT, @E}i[@%%
F, BRBEETAAFERE! 'TEXLHE, HEAECHBEERTEE B4, BEETHARFINER, TARMRISRA, \n\nilS, SESTERHIREE DEst, ERREBSREAR. BRets
HEZEFF, EERLES. BREE. AR W, HOKTEE T RANCIZE. [BNHaZEE: "ERI0ERE, EEitrNER. 'R, BESEXN R, BERTERIREY, FATCEINE, BEENR. BRE
Elasa:iie ) ﬂ%ﬁ’i SRR RN

Model Judge

“scores”| {*ALFRABRIL HAIESEIE SIS ": [("score™ 7, freason”: "MEDEREESIIGA T RN, BERSENIRALEE, Wim}ﬁi’i\%ﬂ: =it %ﬁ)ﬂ\ ﬂﬁﬂm[ﬂﬂ%ﬂ% #Bﬂ)\?*ﬁﬁ’“ﬂlﬁlmﬁ—]uﬂﬁﬁﬁ
Ny Fiify ki S MR MasS R MRIERAR, WERT A T, IEEE
EQT‘%@’\TPQ%%? [N ﬂ(ﬂﬁﬂﬂ;\i&”’)\%ﬂ?ﬁ?‘@ NERREET EFNNAR, }ﬁﬁ?&ﬁ 5 '
nMBEENEFENEIRRMETIES AR, 2Bt ENSRE SRR,
A, REEN, BEBN. EMHEET, ENERIRIRT EIFINESHE. MERNESH) Lﬂ% . B
EFFRIRERRDESE, ENSEREARERAER, REEFEiEiEmaing®. fin, ROIERABRN, FURESgREN, X
B, FeRSENEEENSE Y. NREENESmENEItEASnEAA, IEEEEATT. B8, BTS00, YENbSanEphLEs,
"The response demonstrates rich and varied sensory descriptions across multiple senses. Visual imagery s evident in passages like the stone table under the locust tree ai
elements are particularly strong with detailed descriptions of moring vendors calls (Si+)L. ###7. Z/SHR). cricket sounds, and firecrackers. Taste and smell are captured in the tangy-sweet candied haws ESEH3Z40T
&) and the aroma of New Year delicacies. Tactile sensations appear in descriptions of the rough hands of the chess player and children rolling in autumn leaves. The nostalgic emotions are expressed with genuine
depth through phrases like JZIZ#M&—2EEZ 4R and the closing reflection that the old hutong memories remain his most precious treasure. The atmosphere of nostalgia is consistently maintained throughout,
from the clear theme introduction to the reflective conclusion that creates a complete circle. While the sensory descriptions are strong and varied, they occasionally lack the extraordinary vividness and layered emotional
complexity that would merit a higher score. Some sensory experiences could have been more intimately intertwined with emotional states to create an even more experience."}] E=ciloivas

| [{"score™ 6, "reason™: "The essay demonstrates g basic structural integrity with several strengths and weaknesses. On the positive side, the opening paragraph effectively establishes the memory/nostalgia theme with
evocative imagery: 'Memory is like a winding old hutong, the deeper you go, the more stories it contains.’ The conclusion does attempt to create a loop by referencing the hutongs again: 'As that old saying goes: The
hutongs of Beijing hide the soul of Beijing.’ However, there are significant structural issues: the essay contains 7 paragraphs rather than the required 4-5 paragraphs. This is a clear deviation from the structural
requirements specified in the prompt. While the word count appears to be approximately 2000 characters as required, the excessive number of paragraphs disrupts the intended structural flow. The essay covers all the
required content elements (morning vendor call,neighborhood interactions, childhood games, seasonal changes, and speific memorable events), but the structure fals to meet the specifc paragraph count
requirement, preventing it from achieving a higher score."}], ' A& " [{"score™ 9, "reason": | The response excellently covers all required content with organic integration. For morning vendor calls, it
vividly depicts multiple examples with authentic language: £=H)LIE, Mma,ﬂmnd the sugar-coated haws seller with sensory details of BREHRTIRUREEE, BN, EREBIBA. Neighborhood activities are
richly portrayed through the elderly playing chess under the locust tree, authentic dla\ogue and detailed descriptions of Wang Dama and her fans GE#{4 7, F§ 74 =+4 7). Traditional games are
comprehensively depicted with children playing shuttlecock (82F) and rolling iron rings G&gEFR), including the creation process and competitive elements. The seasonal changes in the hutong are beautifully captured
across all four seasons, from locust flowers in spring to snow activities in winter, with culturally significant details like New Year celebrations. The specific memorable event of visiting relatives on the authors tenth birthday
is particularly moving, with rich descriptions of the alleyway, the gateway inscribed with #8247, and the storytelling about the history of the neighborhood. The essay brilliantly employs Beijing dialect, sensory
descriptions, and creates a complete narrative arc from introduction to conclusion. The only minor area for improvement might be even more extensive use of Beijing dialect throughout."}J}

Figure 12: Writing case (SFT). Response generated by the SFT-only model.

Instruction: LULFAERAEES—EE,

Output Text:

# BARNSAZ\N\MSS/ NI B E EEF L I NEHAES. SRR ILRNE B RREERRIER SR, NS SEI RS Rk RS SRR AT AHEE —EEE mhEr
iaHl, BRLLEETER] HEE’]MNE,% BREATROEEEINSIZE. \n\nER EREFHATEE. o) LIKIS\ 4B e PR ) L\ HEH EREER ) LIS\ AR R S R HATEE 7 EiF
&, ZEERSEEFINNEIL, SRHRTHNIDE) L FEHEEERVEERVE. XEESERETAGRIARENN—HETIAR, RFRENIASCEER TRERNETIME
KNS MBS W EERIR IR EXRENVSE2AM—ATRENERSR. VSR FR)LZH) LR 2 A0RRR) U\ R REAEEL MR VR 4RSS, \n\ni
FENAF BEZFEHENEREFFRES. EAEREAEESE AEERJANSIL IR, KEFROFESEEEN ERREANRRTIE 7 B TRSEH. REBENFSS
AEBHER SRS A\ I E RINEEAS B8 S8 ESIEHRBEIATA T AR, B8 M M ARDRMIBBLSEETMEFASS SRR AR, SRR BERENMEERLT
AR AMNEATE—R, IR EE RIS AR — IS ZE RN EERENAR K RIERIERAE TN, IEHERA AR ARA A AZ\ PN TEHARIE, AN AR A,
\WnEFNRFEARETME. BEERFVMENSSR— RS AR, BEF. . DS, ERE RS RIS HaRNINES. SEE—FEARINEH T\IaY,
FfoAERRA IR EERE FEDD ORISR, P RN T B Ra R Teesnoss. \"ERapait R —FAS PUsRISTR It L AR SIk— R . & ABAISHORT Rl AGiAR
87, BEE—FATO RIRENEEFAREMNRER. BIRESERDRNER BTSN FESEES RS IE LEREF IS ) S2-RAMIPLERTIRLER, L
AT, B - BRBRSHEEI BB RN TR R ESII L BRI RREES. BV ETF22EasAN"Y ’au&‘@\"l‘i Bl E b EEC RSN LIRS AR —E T 5 R
—BERIE, \N\nERENIESENE. EXEEENMMRILST SRS EEES AR CAMRAEER L 728, B BT REqIH iR 7o il MRS B R TR AANMIE
FEHRETS \w%@%‘m HRRERRENET W FRARE A RKEEHEES 5 SHRENTS. SORPRERRIESS BFESA. TSNEAMNNIEERE FTE\" A6\ B2
MIRPERENE, D5 —FLEPRBEAT AR T\ TS SRHEAFEDS, RREI—RORT BRFEIREMETFATHILESHES, \NnSiHMsNERHSENER,
R B B iR e AR Rk L. i) | 2 ERABRIORE WD)\ TRE M LSS L B SN R900A \EE (5 =4S FX— SR, BR0IRT—Fsrale) L ERR
FRARAUE R L NRA0MhE) LERIRE, Hh—REASSETH TR BB, IRIUNERIENHETIAR, A Bk L sHn ) eF 2 ORRItHESS
. IFEEiNEe IS B WSS L EER X TSR (SRR MRS 7. ER I e L7 U?&%KE“,W}&Eu%Ebﬂ 1AEIIER, BRERAIE]L BRSO
)L EWGR Y —ERESNEFCSZ. \n\nil$, UERBEREEH R SHEHI AR (SHab iR, SIERRKIEEATIHER. BB ﬂ"ﬁﬂ‘]ﬁ”ﬂ'\ﬁﬂﬂﬁ BRLLETIRISROHTEN. BUbEAER O B ITE
IMRETHINEE ARG T A, ST BB THRRINCIZ BEM AR A S PRI SNSRI E2BE T 2B AT N FH RAIE R, RETn R R AN ST .

Model Judge

"scores”; {AbFRAEDUAEISEHE SHIS": [{"score: 7, "Jeason™: "HCLE AR BT TR TR AEIFALRD, (BAOE)NEARSRARS LT aEE) L Sins
- A PRE )L AR AR T, EERFIREING O SEESERENNFFPNIBL TETHE, /J\ﬁfémmiqutu% CYESRITESEN BIERRT. RER. BiEEs. 115
EE IESHTHSSEMEN NS ZERT, WFaAERE ST M) LIRS T I RESRATE. AMEETE( D SERMETE (U E) LS Q) SBA R EZz M
X ”Umﬁmﬂkﬁﬁ)\ﬁg:(S)WiﬁﬁﬂEf'ﬁ‘?ﬁiﬂﬁﬁ?ﬁ?ﬁ@?ﬂ]ﬁﬁ%, E{Kﬁ‘fi.mﬁﬂﬁm?ﬁﬁﬁﬁ‘fﬁhfﬁlﬁﬂirﬁ%mﬁgiﬁﬁlﬁﬁ%§@. N RS ESIE SNSRI
ason”: "EOZAMAHER T —EREMHFA S, WUKS (FHl NRIL. BB | EhEusaELs (KEREERm®IL. WEL B, WTAOR. REHIL) AEEEE
(Gl OFE, o)L, HEE) . IESXEERARNE, %%'Jtﬁﬁﬁﬁﬁﬂiﬁﬁﬁﬁj INERMEARRA N EEZINR, LABNVIMEER THZPOE, NERES SHANER, 18
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Figure 13: Writing case (EndoR). Response generated by the EndoR-trained model under the same prompt.
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Instruction: DUbFAR AFES— R,

Output Text:
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Figure 14: Writing case (TCER). Response generated by the TCER-trained model under the same prompt.
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Figure 15: English writing case (SFT). Response generated by the SFT-only model.

19353



Prompt (Writing Critique)

[— thenling of by ocalcous
outputTexe:
#WorkRport on Anslyss f LoalCourt Handin o Envinmentl Prtection G b ety T v
e pst e e, T sinis et octor Judalo ot ClskdVAne*# Cse 1 Zoagahos ChnieaCompany v Zangaho Endroent
Prtecon Bucau- Wastevatr echarg i Revection 201, te Zhanrhou e evokad haoginou Chaic Company e ot e bt o
1600 Bl pcen e s e e s - B et il TR h - 2
Enironmerta rotecion e of Dongying iy . Dongyng Bl Seo Chaicl Company - Eclogicl Compensaon s\ 2023 he Bonoying iy lea i e 500 Chamicl Compay o
e o T Dy gt i e o e e T e s ]
o s e e e et b y o AT s o
mancione The i curtuphla csabisting e iang iy
o wetang iy mpoid a Papermacog Company o cicesie COD vl e e e an ha e o weang
cut uhla Crying e st o decarmitn : i Prtecon - p e
o022 . p = e i i e st e
eopie’s ourtuphed e R E
Model hudse
“scores’ ‘( ‘Policy Integration Depth": [{"score”: 9, “reason’ :  judicial report. For example, the Zhangzhou Chemical case:
‘analysis identifies proceaural challenges facing environmental h as how
oty o wd oty
iudicaton e e anayss s horough and ninced, ariculay sdoms b consstenty camiing
covemanc ramencrks.Th ol minortaioni ht vl th s ar et thy <ol reterence ot e nthea (e seecion s Tescore 1, reson T Suel-
polion Eahase Gputepots, eevant
oo dtl. ot oo, n e Doning s, o resoning,such st burcenof
. owewr, e response s shrt ot g
oceptons fora igher sre Trsore 7, reson' T | s e
oo the Zhnatos e o anayss
picstars. T ueaswort v e o ceptonel
ses hows munkipol vl ot decsions . Whieshrase ke fo e pespecive of ensronmete plcy
et o Stucturl Fomat [ sore” 7, epson’ T in . Oveniew of Cour Cases, Case Analysis Polcy
SgrovetenSgesone, snd Conchsnt,wiha g fon o hesciT T RISy o i cid 3005000t e et 0 1 e s -t g
obes b . e s L olowed b a Gt ot before i,
ol enelt o et ot oting e i heder and st vt gz of At unie vl revet e ighest aing .
[Pirposian Lo Conten and R v Remencs 1S reson T epofe o et
A e Teawort o proviced e ey ey ' o st it ca The
ke vaterpolionand Jren Fier plluon ot query el T ol
recommendations, while reasonable, are not derived from analysis of m

Figure 16: English writing case (EndoR). Response generated by the EndoR-trained model under the same prompt.
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Figure 17: English writing case (TCER). Response generated by the TCER-trained model under the same prompt.
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Selection Prompt

You are a writing-quality judge.

Task:
Read the essay below and select sentences that are the most outstanding in writing quality.

Selection criteria (a selected sentence should satisfy at least one):

- Specificity and informativeness (concrete, content-bearing details)

- Vivid imagery / sensory description

- Distinctive style (effective rhetoric, rhythm, phrasing)

- Strong narrative or thematic contribution (meaningfully advances the essay)

Output format (STRICT JSON):
{
"selected": [
{"id":, "sentence™: ", "reason": ""},

Constraints:

- Select at least 5 sentences. You may select more, but do not exceed 10.
- Copy sentences exactly as they appear (do not rewrite).

- Reasons must be <= 20 words each.

Essay (sentence-segmented with 1Ds):
{SENTENCE_LIST_WITH_IDS}

Figure 18: Sentence-selection prompt used by individual judge models (GPT-40, Claude Opus 4, and Gemini 2.5
Pro). Each judge independently selects at least five highlighted sentences from the same output.

Aggregator Prompt

You are consolidating highlighted-sentence selections from multiple judge models.

You will be given:
1) The essay segmented into sentences with IDs.
2) Three judge outputs (GPT-4o, Claude Opus 4, Gemini 2.5 Pro), each containing a list of selected sentence IDs and brief reasons.

Task:

Produce a final set of highlighted sentences using agreement-based consolidation:

- Prefer sentences selected by more judges.

- Include all sentences selected by at least 2 judges.

- If fewer than 5 sentences satisfy the above, add sentences with the highest support (ties broken by your own judgment using the rubric) until you have at least 5.
- Do not exceed 10 sentences total.

- Preserve sentence text exactly as in the essay.

Output format (STRICT JSON):
{
“final_selected": [
{"id" . "sentence": ", "support": <0-3>, "notes": "},

1
}

Essay (sentence-segmented with 1Ds):
{SENTENCE_LIST_WITH_IDS}

Judge outputs:
1) GPT-40;
{GPT40_JSON}

2) Claude Opus 4:
{CLAUDE_OPUS4_JSON}

3) Gemini 2.5 Pro:
{GEMINI25PRO_JSON}

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