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Abstract

Large language models are extensively utilized in creative
writing applications. Creative writing requires a balance be-
tween subjective writing quality (e.g., literariness and emo-
tional expression) and objective constraint following (e.g.,
format requirements and word limits). Existing reinforcement
learning methods struggle to balance these two aspects: sin-
gle reward strategies fail to improve both abilities simulta-
neously, while fixed-weight mixed-reward methods lack the
ability to adapt to different writing scenarios. To address this
problem, we propose Reinforcement Learning with Mixed
Rewards (RLMR), utilizing a dynamically mixed reward sys-
tem from a writing reward model evaluating subjective writ-
ing quality and a constraint verification model assessing ob-
jective constraint following. The constraint following reward
weight is adjusted dynamically according to the writing qual-
ity within sampled groups, ensuring that samples violating
constraints get negative advantage in GRPO and thus penal-
ized during training, which is the key innovation of this pro-
posed method. We conduct automated and manual evalua-
tions across diverse model families from 8B to 72B param-
eters. Additionally, we construct a real-world writing bench-
mark named WriteEval for comprehensive evaluation. Re-
sults illustrate that our method achieves consistent improve-
ments in both instruction following (IFEval from 83.36% to
86.65%) and writing quality (72.75% win rate in manual ex-
pert pairwise evaluations on WriteEval). To the best of our
knowledge, RLMR is the first work to combine subjective
preferences with objective verification in online RL training,
providing an effective solution for multi-dimensional creative
writing optimization.

Introduction

Large language models (LLMs) are widely applied to cre-
ative writing tasks, from traditional poetry composition to
modern fiction generation, and from literary scriptwriting to
commercial copywriting, fulfilling diverse writing demands
across domains and genres. To further enhance LLM perfor-
mance in creative writing tasks, reinforcement learning tech-
niques have been widely applied during the post-training
phase. Through methods such as Group Relative Policy Op-
timization (GRPO), researchers aim to guide models toward
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generating higher-quality creative content through reward
signals.

However, existing reinforcement learning reward strate-
gies suffer from fundamental limitations. The evaluation cri-
teria for creative writing are inherently dual in nature: on
one hand, they require assessing subjective writing quali-
ties such as literariness, emotional expression, and original-
ity; on the other hand, they necessitate verifying objective
constraint following, including length constraints, format re-
quirements, and specific writing styles. Different creative
writing scenarios exhibit significant variations in their em-
phasis on subjective versus objective evaluation.

Current reward strategies face two major challenges. First,
single reward strategies struggle to simultaneously optimize
both subjective and objective dimensions. As illustrated in
Figure 1, under single-signal strategies, reward models only
score writing quality without reflecting constraint following.
Second, existing multi-reward signal fusion strategies typ-
ically employ fixed-weight summation. Such fixed-weight
mechanisms fail to dynamically adjust weights based on ac-
tual sample performance within groups, making them un-
suitable for different writing scenarios.

To address these issues, we propose Reinforcement
Learning with Mixed Rewards (RLMR), a dynamic mixed-
reward framework for creative writing. By coupling a writ-
ing reward model for evaluating subjective writing qual-
ity with a constraint verification model for assessing objec-
tive constraint following, we implement an adaptive mech-
anism that dynamically allocates reward weights based on
constraint following within sampled group responses. Un-
like existing methods that use fixed-weight fusion, our core
innovation lies in dynamically adjusting the constraint fol-
lowing reward weight according to writing quality within
sampled groups. This ensures that samples violating con-
straints receive negative advantage values in GRPO calcula-
tions, thereby being systematically penalized during policy
gradient updates.

To validate our method’s effectiveness, we conducted
training on various scales of Qwen and DeepSeek model
families and performed both automated and manual evalua-
tions on multiple creative writing and instruction-following
benchmarks. RLMR shows substantial gains in both writing
quality and constraint following compared to single-reward
and linear weighting baseline methods. Manual evaluation
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Figure 1: Comparison of single reward strategy versus our mixed RLMR approach. Given a task requiring an advertising slo-
gan starting with X’ using no more than 15 words, Response A follows constraints but scores lower (8.9), while Response B
violates constraints but scores higher (9.0). Single reward strategies incorrectly prefer Response B, while our RLMR combines
writing quality and instruction following signals to correctly identify Response A as superior through dynamic penalty adjust-

ments.

confirms significant preference for our approach over tradi-
tional strategies. These results effectively validate that our
method resolves the trade-off between subjective and objec-
tive evaluation criteria in creative writing optimization.

Our key contributions include:

1. Identifying the inherent limitations of single reward sig-
nals and fixed-weight mixing strategies in creative writ-
ing tasks.

. Proposing RLMR and developing a dynamic reward
adjustment mechanism that ensures constraint-violating
samples receive negative advantages during training, en-
abling better balance between writing quality and con-
straint following among multiple reward signals.

. Demonstrating consistent improvements across diverse
model families and scales through comprehensive auto-
mated and manual evaluations, proving the effectiveness
of our method.

Related Work

To further improve LLM performance and align it with hu-
man preferences, reinforcement learning, especially RLHF,
has become a mainstream optimization approach. Al-
gorithms such as Proximal Policy Optimization (PPO)
(Ouyang et al. 2022) and Group Relative Policy Opti-
mization (GRPO) (Shao et al. 2024) are widely used to
align LLM behavior with human preferences. PPO ensures
training stability by limiting the extent of policy updates
through clipped probability ratios, but requires separate
value function training which increases computational over-
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head. GRPO optimizes policy gradients by estimating base-
lines from sampled groups, avoiding the need for separate
value function training while maintaining competitive per-
formance. Given GRPO’s computational efficiency and ef-
fectiveness in creative writing scenarios, we choose it as our
reinforcement learning framework.

Mixed reward strategies have become increasingly
important in reinforcement learning, integrating multi-
dimensional reward signals to guide model training more
comprehensively. Peng et al. (Peng et al. 2025a) proposed
the Agentic Reward Modeling framework, which combines
human preference rewards with verifiable correctness sig-
nals (factuality and instruction following) to provide more
reliable rewards for large language models. Jia et al. (Jia
et al. 2025) introduced Writing-Zero, proposing a writing-
principle-based pairwise Generative Reward Model (GRM)
that leverages self-principled critique to transform subjec-
tive assessments into reliable, verifiable rewards for cre-
ative writing tasks. Wu et al. (Wu et al. 2025) developed
LongWriter-Zero framework for ultra-long text generation,
employing specialized reward models targeting length con-
trol, writing quality, and structural formatting with a com-
posite reward function that averages individual advantages
to balance multiple reward dimensions.

However, these existing mixed reward approaches all rely
on fixed-weight fusion mechanisms, which suffer from fun-
damental limitations. First, fixed weights cannot adapt to
varying constraint compliance patterns within different sam-
ple groups. When most responses in a group violate con-
straints, fixed-weight strategies still assign positive gradients
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Figure 2: Overview of our Dynamic Mixed-Reward GRPO Framework. The policy model generates responses (01, 02, 03)
evaluated by both writing quality (Writing RM) and constraint compliance (Validator). In this example: n = 3 (total samples),
roe. = 8 (highest reward among violating samples), v = 1 (minimum gap below the mean), k¥ = 1 (number of violating
samples), >, ; = 19 (sum of original rewards). The framework calculates penalty § = 4 and deducts it from violating
samples (0 : 8 — 4). After adjustment around mean=5, only high-quality compliant samples (0;) receive positive gradients

(green), while both low-quality samples (03) and constraint-violating samples (02) receive negative gradients (red).

to high-quality but constraint-violating samples, contradict-
ing creative writing requirements. Second, the relative im-

portance between subjective quality assessment and objec- Lurie = —E(z,y,, y)~D 108 0 (Twrite (%, Y ) — Twrite (T, 91))]
tive constraint following cannot be accurately determined, (D
making weight assignment difficult. To address these issues, where and Yi degote preferreq and nop—preferred re-
we propose a dynamic mixed-reward GRPO framework that sponses, and o is the sigmoid function. Unlike general re-
adaptively adjusts penalty weights based on actual constraint ward models, our writing reward model captures creative
compliance performance within each sampled group, ensur- writing fegturfas 1nclud}ng literary expression, emotlopal
ing constraint-violating samples consistently receive nega- depth, originality, narrative coherence, and stylistic maturity.

tive advantages during training. This dynamic adjustment

. . . o Constraint Verification Model The verification model
approach is better suited for creative writing tasks.

identifies constraint violations in creative writing tasks, in-
cluding word limits, formatting requirements, and content

RLMR Framework for Creative Writing restrictions. For query ¢ and response o, the model outputs:
To effectively combine subjective and objective reward sig- n
nals, we propose a mixed-reward GRPO framework. This Vo, q) = /\ verify(o, ¢;) (2)
framework integrates a writing reward model for evaluat- i=1

ing writing quality with a verification model for assessing
instruction compliance. By adjusting reward scores based
on verification results, we achieve improved instruction-
following capability while maintaining writing quality.

where C' = {¢y,ca, ..., ¢, } represents n identified con-
straints, and /\ denotes logical conjunction. A response is
compliant only if all constraints are satisfied.

Dynamic Reward Adjustment Strategy

Reward Models Fixed-weight reward fusion inadequately balances writing

Our RLMR framework employs two reward models: a writ- quality and constraint compliance. We introduce a dynamic

ing reward model that evaluates subjective writing quality adjustment mechanism that modifies original rewards be-

and a constraint verification model that assesses objective fore computing GRPO advantages. This ensures constraint-

compliance with task requirements. violating samples receive systematic penalties while pre-
serving GRPO’s comparative structure.

Writing Reward Model. The writing reward model 7site In standard GRPO, policy 7y, generates G responses

evaluates the overall quality of creative writing outputs. We {o1,...,0¢} for query g with rewards {rq,...,rc}. Advan-

train this model on a large language model using human- tages are computed as:

annotated preference pairs (y,,y;) for creative writing

prompts z. Following the Bradley-Terry preference model, . r; — mean(r)

we optimize: Ai = T osd(r) 3)
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Our strategy ensures constraint-violating samples obtain
negative advantages after normalization, acting as negative
examples during optimization. Compliant samples receive
positive advantages and are prioritized for learning.

For each query, we sample n responses S = {s1, ..., $n }
with original rewards {ry,...,r,}. We first identify
constraint-violating samples through the verification model
and adjust their rewards accordingly:

I _

where 6 > 0 is the penalty term to be determined. Let
k denote the number of constraint-violating samples in the
group. The adjusted mean becomes:

I 1 (&
T/:n;T::TL(;Tl—k(s)

To guarantee that all constraint-violating samples receive
negative advantages after normalization, we require that for
any violating sample j where V'(s;, ¢) = False:

if V(si,q) = True
if V(s;,q) = False

T

s @)

&)

6)

where v > 0 controls the minimum gap below the ad-
justed mean. This ensures violating samples will have suffi-
ciently negative advantages to be suppressed during training.
~ is generally set to 0.5 in this paper.

To determine the appropriate penalty 4, let %% be the
highest original reward among all constraint-violating sam-
ples. Substituting Equations (4) and (5) into inequality (6),
we derive the penalty bound:

/ =/
Ty <T =7y

vio n .
max+n'7_ Zi:l i
n—=k

Setting & above this bound ensures all violating sam-
ples produce negative advantages, systematically suppress-
ing them during gradient updates while preserving the rel-
ative ordering among compliant samples. This dynamic ad-
justment mechanism allows the model to learn from high-
quality compliant responses while avoiding the reinforce-
ment of constraint violations.

n-r

5> @)

Dynamic Sampling Strategy Inspired by DAPO (Yu et al.
2025), we address gradient vanishing in creative writing
RL training. When all sampled responses receive identi-
cal scores, zero advantages yield zero gradients. In cre-
ative tasks, this occurs with over-optimized samples, under-
optimized samples, and samples where all responses violate
constraints.

We implement a composite filtering strategy that removes
three types of ineffective samples: (1) groups where all re-
wards exceed a high threshold, (2) groups where all rewards
fall below a low threshold, and (3) groups where all re-
sponses fail verification. When filtered samples are insuf-
ficient, we dynamically resample new prompts to maintain
adequate contrastive signals for effective training.
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Experiments and Results

In this section, we show experiments to test our dynamic
mixed-reward GRPO framework for creative writing. We de-
scribe the setup, share results, and give analysis.

Experimental Setup

Training Query Construction We construct our GRPO
training queries from real-world seed data, we apply the
self-instruct (Wang et al. 2023) methodology to expand the
dataset diversity while maintaining realistic writing scenar-
ios. To ensure balanced genre representation, we employ
DeepSeek-V3 to classify generated queries by writing genre
and adjust the sampling distribution to match real-world pro-
portions observed in our seed data. This process yields a fi-
nal training set of 8,739 queries.

Evaluation Benchmarks We test model performance on
writing quality and instruction following using four bench-
marks:

WritingBench (Yao et al. 2025) covers 6 main categories
and 100 subdomains like academic, finance, politics, lit-
erature, education, and marketing. It has 1,239 real-world
prompts, each with 5 custom criteria. We use Claude-4-
Sonnet to score outputs.

WriteEval is our custom dataset containing 890 sam-
ples collected from real-world scenarios and augmented
with LLM-generated instructions to match authentic writ-
ing styles. The dataset uniformly covers 30 primary
writing genres and 377 secondary categories, including
Chinese-specific genres such as folk texts, classical Chi-
nese, and composition writing. For each instruction, we
solicited responses from six competitive Chinese writ-
ing models: Claude-4-Sonnet, Gemini-2.5-Pro, DeepSeek-
R1, DeepSeek-V3, Doubao-1.5-Thinking, and Hunyuan-
TurboS. Human experts conducted blind evaluation to se-
lect the best response from each set as reference answers.
For automated evaluation, Claude-4-Opus compares model
outputs against reference answers to determine win rates:
Win Rate = Wm x 100% where a ”win” indicates
the model output is judged superior to the reference answer.
Detailed prompt templates are provided in the appendix.

ComplexBench (Wen et al. 2024) checks complex in-
struction following with combined constraints. It builds hard
prompts that need to meet multiple rules. Scoring uses ques-
tions to check each part.

IFEval (Zhou et al. 2023) is Google’s benchmark for
verifiable instructions like word count or keywords. It has
25 types across 500 prompts. We use prompt-level strict-
accuracy for evaluation.

Baseline Methods To evaluate our dynamic mixed-reward
strategy, we compare against three baseline methods that
represent the spectrum of existing reward strategies in cre-
ative writing optimization:

(1) Writing Reward Only GRPO: This baseline trains
using only writing quality rewards without any constraint
verification signals. This method represents the traditional
approach in RLHF where models are optimized solely based
on human preference signals for output quality (Ouyang



Model Method Writing Quality Instruction Following
WritingBench WriteEval ComplexBench IFEval
Original Model 6.14 3.93% 74.78% 83.36%
GRPO Baseline
Qwen2.5.328 (Writing RM only) 7.05 7.95% 68.42% 80.41%
) GRPO Baseline
(Verification Model only) 5.73 1.24% 83.94% 82.77%
Linear Weighting 7.13 6.40% 73.91% 84.04%
RLMR(w/o DAPO) 7.34 9.31% 77.83% 87.14%
RLMR(Ours) 7.93 11.56 % 79.04% 86.65%
Linear Weighting 6.43 10.22% 74.78% 85.58%
Qwen2.5-72B RLMR(Ours) 7.81 17.18% 80.21% 87.79%
Qwen3-8B Linear Weighting 7.61 26.64% 77.16% 83.14%
RLMR(Ours) 8.13 31.69 % 82.01% 86.43%
. Linear Weighting 5.68 1.46% 53.91% 56.38%
DeepSeek-RI-Distill-Llama-8B RLMR(Ours) 7.41 3.57% 5235%  60.94%

Table 1: Performance comparison across different models and methods on writing quality and instruction-following bench-
marks. Our dynamic mixed-reward approach consistently outperforms baseline methods across all model scales.

et al. 2022; Stiennon et al. 2020). Following established
RLHF practices, this baseline uses a reward model trained
on human-annotated preference pairs to score creative writ-
ing outputs (Dong et al. 2024).

(2) Verification Signal Only GRPO: This baseline uses
only binary constraint verification signals (pass/fail) with-
out considering writing quality. This approach aligns with
recent work on Reinforcement Learning with Verifiable Re-
wards (RLVR), where models are trained using determin-
istic verification functions for tasks with clear correctness
criteria (Cobbe et al. 2021; Mroueh 2025). TheBy com-
paring against these methods, we demonstrate that our dy-
namic mixed-reward strategy addresses the limitations of
both single-reward and fixed-weight approaches, providing
a more effective solution for creative writing optimization.

(3) Linear Weighting Strategy: Following the approach
proposed by Peng et al. (2025b), this baseline combines
writing rewards with verification signals through fixed-
weight linear combination. Specifically, we normalize both
writing rewards and verification scores to the [0,1] range
and compute their arithmetic mean: (Spormalized_writing =+
Snormalized_verification )/ 2- This method represents the current
state-of-the-art in mixed-reward strategies, as demonstrated
in the Agentic Reward Modeling framework (Peng et al.
2025b), which successfully integrates human preference re-
wards with verifiable correctness signals including factuality
and instruction following.

Reward Model and Training Setup

Writing Reward Model. We use a Pointwise Bradley-
Terry Reward Model (Bradley and Terry 1952; Ouyang
et al. 2022) for continuous feedback. It trains on Tencent-
Hunyuan-Large (Sun et al. 2024) with 200,000 labeled sam-
ples. Each sample has a prompt and two responses; humans
pick the better one based on quality, adherence, style, and
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experience. We use this model for rewards in RLHF to match
human preferences.

Constraint Verification Model. We use Qwen2.5-72B-
Instruct with prompts to check constraints. It makes check-
lists and verifies each one. We employ binary verification
(all constraints satisfied or not) rather than proportion-based
scoring because partial constraint satisfaction is function-
ally equivalent to complete failure in creative writing tasks.
This binary approach ensures the model learns to generate
responses that satisfy all constraints simultaneously, rather
than trading off between different constraint types. See ap-
pendix for prompt details.

Experimental Results

Automated Evaluation Results We test our framework
on four models: Qwen2.5-32B and Qwen2.5-72B (Team
2024; Yang et al. 2024), Qwen3-8B (Yang et al. 2025),
and DeepSeek-R1-Distill-Llama-8B (DeepSeek-Al 2025).
Table 1 shows results across methods and benchmarks.

The automated evaluation results reveal compelling ev-
idence for the effectiveness of our dynamic mixed-reward
approach. Results from Qwen2.5-32B clearly expose the
inherent problems with single reward signals. When train-
ing with writing RM alone, writing quality improves mod-
estly from 6.14 to 7.05, yet instruction following suffers
substantial degradation: ComplexBench performance drops
from 74.78% to 68.42%, while IFEval accuracy falls from
83.36% to 80.41%. The reverse pattern emerges when using
only the constraint verification model—instruction follow-
ing on ComplexBench rises from 74.78% to 83.94%, but
writing quality plummets from 6.14 to 5.73, with WriteE-
val performance collapsing from 3.93% to a mere 1.24%.
This stark trade-off demonstrates that single signals cannot
balance subjective creative quality with objective constraint
adherence.
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Figure 4: Pairwise comparison results for Overall Per-
formance. "Win” indicates the left method outperforms
the right method; “tie” indicates comparable performance;
”lose” indicates the left method underperforms. The red
dashed line represents equal performance (50%). RLMR
demonstrates significant advantages over both baseline
methods.

Given these limitations, mixed-reward strategies emerge
as a natural solution by combining writing RM with con-
straint verification signals. The most classical approach is
linear weighting, which averages the two reward types with
fixed coefficients. On Qwen2.5-32B, this approach elevates
writing quality to 7.13 while preserving reasonable instruc-
tion following capabilities, successfully avoiding the severe
bias problems observed with single-signal methods. These
results underscore the critical importance of integrating both
subjective and objective evaluation dimensions in creative
writing optimization.

However, our RLMR method delivers even greater im-
provements, consistently outperforming linear weighting
across all tested models. On Qwen2.5-32B, RLMR pushes
writing quality further to 7.93 and achieves an 11.56%
WriteEval win rate, substantially surpassing linear weight-
ing’s 7.13 and 6.40% respectively. This pattern of superior
performance extends to other architectures: Qwen3-8B sees
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writing quality rise from 7.61 to 8.13, with WriteEval win
rates jumping from 26.64% to 31.69%. Similarly, Qwen2.5-
72B confirms this trend, with WriteEval performance climb-
ing from 10.22% to 17.18%.

The robustness of these improvements becomes evident
when examining results across diverse model scales. Our ex-
periments span architectures ranging from 8B to 72B param-
eters, including both Qwen and DeepSeek families, with all
models demonstrating consistent advantages under RLMR.

Manual Evaluation Results We conducted human evalu-
ation on 200 randomly sampled instances from the WriteE-
val dataset to assess model performance across three dimen-
sions: Instruction Following, Content Quality, and Overall
Performance. Detailed scoring criteria and guidelines are
provided in the appendix. For Instruction Following, we
consider a score of 4 as complete instruction adherence. For
Content Quality and Overall Performance, scores of 3 or
above are considered satisfactory.

Figure 3 presents the score distribution across all three
evaluation dimensions. The results clearly demonstrate the
limitations of single-reward strategies. The writing-only
baseline shows inferior performance across multiple dimen-
sions compared to mixed-reward approaches, with notably
lower satisfactory rates in instruction following and content
quality. Among mixed-reward strategies, our RLMR method
achieves higher satisfactory rates across all dimensions.

Specifically, for Instruction Following, RLMR shows the
highest proportion of perfect scores (score 4), indicating
superior constraint adherence. In Content Quality, RLMR
demonstrates a more favorable distribution with increased
proportions in higher score ranges (scores 4-5), suggesting
better content generation capabilities. The Overall Perfor-
mance dimension reveals similar trends, with RLMR achiev-
ing the most balanced distribution toward higher satisfaction
levels.

Figure 4 shows the results of direct pairwise comparisons
for Overall Performance. RLMR achieves substantial win
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rates against both baseline methods: 45.5% win rate ver-
sus writing-only baseline and 33.5% win rate versus lin-
ear weighting strategy. These results demonstrate that our
RLMR strategy achieves higher usability and satisfaction
rates in creative writing tasks, confirming the practical ef-
fectiveness of our approach.

Experimental Analysis

The experimental results demonstrate that single reward sig-
nals fail to balance writing quality and instruction follow-
ing effectively. Using only writing rewards improves cre-
ative quality but reduces constraint adherence. Using only
verification signals severely harms writing quality while pro-
viding limited gains in instruction following. These findings
confirm that creative writing optimization requires careful
integration of both subjective and objective evaluation crite-
ria.

Our dynamic mixed-reward strategy significantly outper-
forms linear weighting approaches across all tested models
and benchmarks. This superiority stems from fundamental
limitations of fixed-weight methods. Writing quality scores
and constraint verification signals operate on different scales
and distributions. Writing rewards typically follow continu-
ous distributions, while constraint verification produces bi-
nary outcomes. The scalar inconsistency between these two
signals makes it difficult to determine appropriate weight-
ing coefficients. Moreover, optimal weighting coefficients
need adjustment for different reward models, making fixed-
weight approaches impractical across diverse model config-
urations.

Our dynamic adjustment mechanism addresses these
limitations by calculating penalty terms based on actual
constraint compliance patterns within each sample group.
Rather than applying uniform weights, the approach mod-
ulates penalties according to the theoretical bounds derived
in Equation (7). This ensures constraint-violating samples
consistently receive negative advantages and are suppressed
during training.

Figure 5 shows training dynamics across key metrics.
The writing RM only baseline achieves the highest writ-
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ing reward scores during training (Figure 5a), but this im-
provement reveals classic reward hacking behavior. Despite
high reward scores, its IFEval performance deteriorates sig-
nificantly (Figure 5b), dropping below both the original
model and other baselines. This divergence between reward
scores and actual instruction-following capability demon-
strates that the model learns to exploit the reward model
rather than genuinely improving writing quality.

The reward hacking behavior is further evidenced by the
dramatic increase in response length (Figure 5c). The writ-
ing RM only baseline shows uncontrolled length growth,
reaching over 1400 tokens on average, which explains its
poor instruction-following performance. When models gen-
erate excessively long outputs, they cannot properly adhere
to specific constraints like word count limits, format require-
ments, or conciseness instructions.

In contrast, our RLMR method maintains balanced opti-
mization across all metrics. It achieves steady improvement
in writing reward scores while preserving strong IFEval per-
formance, demonstrating that our dynamic reward adjust-
ment successfully prevents the model from exploiting ei-
ther reward signal. The controlled response length further
confirms that RLMR learns to generate high-quality content
without resorting to length inflation. This balanced training
dynamic validates the effectiveness of our dynamic penalty
mechanism in creating models that excel at both creative
quality and constraint adherence.

Conclusion

We propose RLMR, a dynamic mixed-reward GRPO frame-
work balancing creative quality and constraint adherence.
By dynamically penalizing violations to ensure negative
advantages, RLMR overcomes single-reward and fixed-
weight limitations. Experiments across diverse architectures
demonstrate substantial improvements in quality and com-
pliance, confirmed by human evaluation. Our method pre-
vents reward hacking while maintaining stable optimization.
Future work includes extensions to dialogue and code gen-
eration.
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