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Abstract

Large Reasoning Models (LRMs) excel at com-
plex problem-solving but frequently overlook
specific instruction constraints. Existing align-
ment methods struggle to balance general rea-
soning with instruction-following (IF), hin-
dered by dependency on teacher models, re-
ward hacking, and reasoning-answer inconsis-
tencies. We propose PARIF, a two-stage cur-
riculum learning framework based on Rein-
forcement Learning from Verifiable Rewards
(RLVR) to enhance both IF and general rea-
soning capabilities. The framework employs
a correctness proxy across different stages to
mitigate reward hacking. Stage I employs a dy-
namic weighting strategy simultaneously to op-
timize the model’s reasoning paradigm regard-
ing constraints. Stage II introduces Decoupled-
GRPO, which builds upon the first stage to en-
hance the logical consistency between the rea-
soning process and the final answer, enabling
the model to better leverage its optimized rea-
soning paradigm. To support the framework,
we curate 26,000 high-quality instructions fea-
turing diverse constraints. Extensive experi-
ments demonstrate PARIF’s effectiveness: our
7B model achieves a remarkable 21.25% rela-
tive average improvement to the original model
across six representative IF tasks, while our
8B model outperforms leading models like
DeepSeek-V3 on these IF tasks, effectively
pushing the Pareto frontier of instruction fol-
lowing and reasoning for models of comparable
scale. We open-source our code and models to
facilitate future research.

1 Introduction

Recent studies (Dubey et al., 2024; Liu et al.,
2024a; Yang et al., 2025; Anthropic, 2025) have
established Instruction Following (IF) as a foun-
dational capability for aligning Large Language
Models (LLMs) with human intent. However, the
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Figure 1: Examples of logical (in)consistency between
the reasoning and the answer. In the left response, the
model fails to adhere to its own reasoning, leading to a
logical discrepancy. In the right response, the answer is
highly consistent with the reasoning.

emergence of Large Reasoning Models (LRMs)
has introduced a critical trade-off: while they have
unlocked advanced capabilities in handling com-
plex reasoning tasks (Guo et al., 2025a; Team et al.,
2025), this cognitive depth is frequently accom-
panied by instruction-following degradation (Li
et al., 2025; Fu et al., 2025). Consequently, even
state-of-the-art models exhibit suboptimal perfor-
mance in general constraint adherence (He et al.,
2025a; Li et al., 2025).

Building upon the success of Reinforcement
Learning with Verifiable Rewards (RLVR) (Guo
et al., 2025a; Qian et al., 2025), recent works have
adapted this paradigm to enhance the instruction-
following capabilities of LRMs. They verify the
compliance of model responses with specific con-
straints and devise corresponding reward mecha-
nisms to bolster IF capabilities. However, these
methods fail to effectively eliminate the instruction-
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following degradation due to three critical chal-
lenges: (1) Teacher Dependence: they rely on
teacher supervision, which not only requires costly
data distillation but also caps performance within
the teacher’s distribution (Chang et al., 2025; Qin
et al., 2025a; Wang et al., 2025); (2) Reward Hack-
ing: verifiable rewards can be exploited with short-
cut behaviors or verifier-specific patterns without
genuine constraint understanding, especially with-
out explicit anti-hacking designs (Lambert et al.,
2024a; Ren et al., 2025); (3) Reasoning-Answer
inconsistency: existing methods rely solely on out-
come rewards, ignoring the inconsistency between
reasoning and the final answer (Figure 1). This
oversight can lead to constraint violations, indicat-
ing that current approaches remain suboptimal (Py-
atkin et al., 2025; Guo et al., 2025b). We thus
ask: How can we design a teacher-free RLVR
framework that is robust to reward hacking and
enhances reasoning-answer consistency, thereby
pushing outward the Pareto frontier between in-
struction following and reasoning performance?

We address this by proposing PARIF, a two-
stage curriculum learning framework based on
RLVR, which does not rely on teacher models
and performs self-exploration solely through re-
inforcement learning. The framework introduces a
Correctness Proxy, which provides a unified inter-
pretation for correctness judgment across different
stages and data types, effectively preventing reward
hacking. Furthermore, we propose Decoupled-
GRPO to align the reasoning and answer by using
credit assignment strategies (Sutton, 1984; Arjona-
Medina et al., 2019). This algorithm reallocates
outcome rewards to the reasoning process as a
whole based on logical consistency with the an-
swer segment, measured by posterior probability.

Specifically, in Stage I, we optimize the model’s
reasoning paradigm regarding constraints to stimu-
late deep thinking by employing Correctness Proxy
and Dynamic Constraint Weighting. In Stage II,
we employ Decoupled-GRPO to enhance the logi-
cal consistency between the reasoning process and
the answer, enabling the model to better leverage
the reasoning paradigm optimized in Stage I. To
support the framework, we collect a wide range of
constraint templates and construct a high-quality
dataset containing 26,000 instructions. We conduct
extensive experiments on three reasoning models
ranging from 1.7B to 8B parameters. Ultimately,
across six IF benchmarks and six general reasoning
benchmarks, our 7B model obtains relative perfor-

mance gains of 21.25% and 5.80%, and the 8B
model obtains relative gains of 5.47% and 1.58%,
effectively pushing the Pareto frontier. Our main
contributions are summarized as follows:

• We construct a high-quality verifiable dataset
of 26,000 instructions with diverse constraints,
built through a scalable and automated process
requiring less manual annotation.

• We propose PARIF, a two-stage RLVR-based
curriculum framework that integrates our novel
Decoupled-GRPO algorithm. By optimizing rea-
soning processes and final answers in a decou-
pled manner, it enhances instruction following
and logical consistency while mitigating reward
hacking and preserving generative diversity.

• We conduct extensive experiments and analysis,
demonstrating that our models achieve SOTA
performance across multiple IF benchmarks and
deliver measurable improvements in reasoning-
intensive tasks, pushing the Pareto frontier.

2 Preliminaries

2.1 Problem Setup
Let πθ denote a reasoning policy model parame-
terized by θ. Given a query x ∼ D, the reasoning
policy’s output o can be decomposed into a reason-
ing process z followed by an answer segment y.
Thus, the joint probability can be factorized as:

πθ(o|x) = πθ(z, y|x) = πθ(z|x)︸ ︷︷ ︸
Reasoning

·πθ(y|x, z)︸ ︷︷ ︸
Answering

.

(1)
The RLVR objective is to maximize the expected
correctness of the final response:

max
θ

Ex∼D
[
E(z,y)∼πθ(·|x)V(y, x)

]
, (2)

where V(y, x) ∈ {0, 1} is a deterministic verifi-
cation function. It evaluates whether the answer
segment y aligns with the ground-truth (if avail-
able) or satisfies predefined criteria in the absence
of an explicit reference.

2.2 Outcome Supervision GRPO
Our framework is based on the GRPO algorithm
with outcome-based rewards (Shao et al., 2024). To
optimize the reasoning policy more effectively, the
framework adopts the following improvements pro-
posed in DAPO (Yu et al., 2025): Clip-Higher and
Token-Level Policy Gradient Loss. Specifically,
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Figure 2: The PARIF framework. Left: The data construction pipeline. We synthesize final instructions by
integrating constraints into seed and math questions. Upper right: Overview of Stage I. This stage employs
dynamic constraint weighting (λi) to overcome optimization bottlenecks and a correctness proxy to mitigate reward
hacking. Lower right: Overview of Stage II. Building upon Stage I, this stage computes the consistency score
between the reasoning and answers of the policy models, enabling the decoupled optimization of both components.

for a query x, we sample G responses using the
policy model πθ. Then, the advantage of the i-th re-
sponse is calculated by normalizing the group-level
rewards {ri}Gi=1:

Âi =
ri −mean({ri}Gi=1)

std({ri}Gi=1)
. (3)

After computing the advantages, we optimize
the following objective:

J (θ) = E[x∼D,{oi}Gi=1∼πθold (·|x)]
1

∑G
i=1 |oi|

G∑

i=1

|oi|∑

t=1

{
min

[
ρi,tÂi,

clip(ρi,t, 1− ϵlow, 1 + ϵhigh)Âi

]

− βDKL[πθ∥πref ]
}
,

(4)

where ρi,t denotes the importance sampling ratio,
|oi| denotes the total number of tokens in the i-th
output, ϵlow and ϵhigh denote the decoupled lower
and upper clipping bounds, DKL represents the KL
divergence, and β is the corresponding coefficient.

3 Method

As illustrated in Figure 2, our framework consists
of data construction (§3.1) followed by a two-stage

curriculum: Stage I optimizes the model’s reason-
ing paradigm regarding constraints (§3.2), while
Stage II enhances the logical consistency between
the reasoning process and the answer, further boost-
ing capabilities across diverse tasks (§3.3).

3.1 Data Construction

Unlike distillation, we avoid synthesizing or sam-
pling reference responses. Results demonstrate
that our framework achieves superior performance
(see Table 13). Data construction consists of the
following three main stages.

Seed Collection. We collect 52k English-only
seed questions from diverse sources (shareAI,
2023; Es, 2023; Zheng et al., 2023; Taori et al.,
2023; Zhao et al., 2024), filtering out multi-turn dia-
logues, mathematical questions, and programming-
related questions.

Constraint Construction. Constraints are cate-
gorized into hard constraints (verifiable by code)
and soft constraints (requiring LLM evaluation).
We compile 108 hard constraint templates with
several placeholders, and organize them into six
distinct categories. Corresponding Python verifi-
cation functions accept placeholders as arguments,
thereby eliminating the need to generate a dedi-
cated verification function for each individual prob-
lem, enabling scalable data generation. For soft
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constraints, we adopt the approach proposed in
VerIF (Peng et al., 2025), which facilitates the gen-
eration of natural constraints with comprehensive
verification checklists.

Data Synthesis. We generate constraint combi-
nations with the Cartesian product, filter out con-
flicting sets, and integrate them into the seed ques-
tions. During this process, we adopt the following
strategies: (1) Prompt-Level Conflict Detection.
We verify whether the constraint combination con-
flicts with the logic of the original seed prompt. (2)
Adaptive Template Filling. We dynamically in-
stantiate constraint templates based on the context
of the query. (3) Randomized Position Insertion.
We randomize the order of the original question and
the added constraints to generate the final instruc-
tion. We preserve the semantic integrity of original
questions through string concatenation, followed
by LLM-based filtering to ensure fluency. These
strategies mitigate logical conflicts and alleviate
positional bias.

For more details on data construction, the scope
of instruction following, and the constraint taxon-
omy, see Appendix A.2.

3.2 Stage I: RLVR for basic IF Improvement
This stage enhances basic IF by focusing exclu-
sively on hard constraints, which provide clearer
reward signals and place more emphasis on the
instruction adherence than soft constraints. To mit-
igate reward hacking, we introduce dynamic con-
straint weighting and a correctness proxy.

Dynamic Constraint Weighting. Static weight-
ing , whether uniform or pre-defined (Wang et al.,
2025), frequently yields optimization bottlenecks
by biasing the model toward trivial or dispropor-
tionately weighted constraints. Thus we dynami-
cally adjust each constraint’s weight based on the
model’s evolving proficiency.

Specifically, given an instruction x containing
m hard constraints {c1, c2, . . . , cm}, we sample G
responses from the model. The dynamic weight λi

for ci is calculated as:

λi = 1− 1− δ

G

G∑

j=1

Check(yj , ci), (5)

where yj denotes the answer segment in the j-th
output, and Check(y, c) is a binary verifier. The
hyperparameter δ (set to 0.7 in this work) serves
as a maintenance margin. It ensures that even fully

mastered constraints contribute a baseline reward
signal, preventing the reward vanishing problem.

Correctness Proxy. To address the issue of mod-
els over-optimization (Guo et al., 2025b), this mod-
ule assesses the overall quality of the generated
response. Specifically, we posit that a high-quality
response must satisfy two criteria: (1) Linguistic
Fluency, ensuring the content is coherent and read-
able; and (2) Logical Correctness, ensuring the
response correctly addresses the query. Formally,
we define the correctness proxy as:

Cor(y) = IF (y) · IC(y), (6)

where IF (y) ∈ {0, 1} indicates the response is free
of potential hacking patterns based on a pre-defined
checklist, and IC(y) ∈ [0, 1] measures whether the
answer correctly solves the original question. The
final reward is formulated as:

r(y) = Cor(y) · 1

m

m∑

i=1

λi · Check(y, ci). (7)

Once the rewards are obtained, the advantages
are computed by Eq. 3, and the policy model is
updated by optimizing Eq. 4. More details are
provided in Appendix A.3.

3.3 Stage II: Decoupled-GRPO

This stage restores general reasoning and enhances
real-world IF generalization by introducing math
questions (Luo et al., 2025) and soft constraints.
We first compute the output reward as follows:

r(x, y) = Cor(x, y) ·
m∏

i=1

Check(y, ci), (8)

Cor(x, y) =

{
I(y, y∗), x ∈ Dmath

IF (y) · IC(y), otherwise,
(9)

where y∗ denotes the ground truth. We extend
the correctness proxy to incorporate mathematical
ground-truth while maintaining Stage I’s strategy
for non-math data. For soft constraints, we employ
LLMs to verify whether they have been success-
fully satisfied. The high precision of mathematical
verification further reduces noise and mitigates re-
ward hacking.
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Decoupled GRPO Algorithm. We feed the
model’s full response (comprising the reasoning
process and the answer segment) back for an ad-
ditional forward pass to compute the consistency
score as follows:

Cons(o) =

∑
ti∈y pi
|y| , (10)

where pi denotes the probability of the i-th to-
ken in the answer segment, and |y| represents the
length of the answer segment. This score essen-
tially serves as the posterior probability of the an-
swer segment conditioned on the reasoning pro-
cess, reflecting the logical consistency between the
two. A higher probability indicates that the model
considers the answer to be a natural extension of
the current reasoning process. Furthermore, this
metric also quantifies the level of certainty in the
model’s answer segment. As illustrated in Fig-
ure 3, a high-quality reasoning process is generally
associated with higher predictive certainty. Con-
sequently, the consistency score also functions as
an implicit proxy that reflects the quality of the
underlying reasoning process. For further analysis
on the rationality of the consistency score design,
see Appendix A.3.

We thus define separate rewards for the reason-
ing and answer components as r(i)reason = r(x, yi) ·
Cons(oi) and r

(i)
answer = r(x, yi), respectively. This

reward formulation can be viewed as a more gen-
eral form of the outcome-based reward paradigm.
Instead of employing a fixed unit coefficient, we
utilize Cons(o) as a coefficient to allocate the re-
ward from the answer to the reasoning process
and explicitly optimize this coefficient. Unlike
calibration-based approaches, we do not explic-
itly incentivize the model to reduce its consistency
scores. Instead, our objective is to primarily op-
timize the binary outcome reward r(x, y), while
further refining consistency.

To address the discrepancy in reward distribu-
tions (where rreason lies in a continuous space [0, 1]
while ranswer belongs to a discrete set {0, 1}), we
adopt the strategy from PopArt (Hessel et al., 2019)
and calculate the advantages for the two compo-
nents separately:

Â
(i)
reason =

r
(i)
reason −mean({r(i)reason}Gi=1)

std({r(i)reason}Gi=1)
, (11)

Â
(i)
answer =

r
(i)
answer −mean({r(i)answer}Gi=1)

std({r(i)answer}Gi=1)
. (12)
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Figure 3: Probability distribution of answer segments on
AIME25. The x-axis denotes the average token probabil-
ity of the answer segment, and the y-axis represents the
proportion within correct/wrong reasoning processes.

Following Eq. 4, we define the specific objec-
tives for the reasoning and answer components,
respectively. The total objective function is thus
formulated as:

JTotal(θ) = JReason(θ) + JAnswer(θ)

+ αHReason(πθ),
(13)

where Hreason denotes the entropy of tokens within
the reasoning process, and α is the entropy coeffi-
cient. We explicitly incorporate this entropy term
to maintain the model’s exploratory capacity during
the reasoning process. We use the baseline model
derived from Stage I as the reference model. The
detailed algorithm is provided in Appendix A.3.

4 Experiments

In this section, we evaluate our framework on mul-
tiple IF benchmarks and general benchmarks to
investigate the following research questions (fur-
ther analyses are provided in Appendix A.5):

• RQ1: Does our framework effectively push the
Pareto frontier between general reasoning capa-
bilities and IF capabilities? (§ 4.2)

• RQ2: Does our framework rely on specific fam-
ily of verifier models? (§ 4.3)

• RQ3: Does enhancing consistency offer addi-
tional advantages over the direct use of outcome-
based rewards? (§ 4.3)

• RQ4: Does enhancing consistency compromise
model’s generative diversity? (§ 4.4)

• RQ5: Does our framework exacerbate the over-
confidence phenomenon in LRMs? (§ 4.4)
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Model IFEval FollowBench IFBench InfoBench CFBench Multi-IF Avg.
Pr. (S.) Pr. (L.) HSR SSR Pr. (S.) Pr. (L.) Overall CSR ISR PSR Step1 Step2 Step3

Large Baseline Models (≥ 70B)
Qwen2.5-72B-Inst. 85.10 87.36 62.58 67.29 36.05 39.46 83.33 87 61 72 83.70 71.50 60.90 69.02
GPT-4o 83.40 87.80 64.84 69.85 31.00 35.70 82.58 88 64 73 84.42 73.57 64.68 69.45
DeepSeek-V3 79.93 84.94 73.28 75.89 31.63 40.82 86.80 91 70 78 84.50 76.03 65.90 72.21
Doubao-1.5-pro 84.76 88.29 62.44 67.93 28.57 33.67 82.31 88 66 74 88.26 80.84 73.99 70.70

Instruction-Tuned Baseline Models
Qwen2.5-7B-Inst. 33.09 39.78 34.83 45.81 13.61 18.03 68.09 57 23 31 35.17 23.32 17.47 33.86
Mistral-Crab-7B-DPO 49.70 57.70 49.44 56.49 18.37 22.79 77.91 67 28 40 48.15 36.36 28.90 44.68
Llama-3.1-Tulu-3-8B 77.27 79.74 62.16 67.03 23.81 26.27 81.69 81 47 58 80.91 67.47 55.18 62.12
Llama-3.1-Tulu-3-8B-VerIF 80.30 82.53 58.55 64.34 22.79 24.15 79.47 81 48 58 81.89 68.66 58.31 62.15

Reasoning Models (1.7B)
Qwen3-1.7B 70.06 74.49 51.61 58.18 22.49 28.57 81.51 82 51 62 72.58 62.57 52.45 59.19
PARIF-Stage I 71.35 75.23 52.07 58.63 27.55 32.99 82.76 82 52 63 73.40 63.39 53.51 60.61 (+2.40%)

PARIF-Stage II 74.31 78.00 54.21 59.90 26.19 30.95 83.03 83 54 64 73.84 64.53 53.57 61.50 (+3.90%)

Reasoning Models (7B)
R1-Distill-Qwen-7B 57.99 63.38 43.82 53.68 10.88 14.97 75.73 74 40 50 59.91 46.27 34.49 48.09
R1-Distill-Qwen-7B-RAIF 60.78 66.54 51.76 57.84 15.31 19.73 79.78 77 44 55 68.80 54.23 41.97 53.29 (+10.81%)

R1-Distill-Qwen-7B-VerIF 71.93 75.46 50.77 58.96 23.81 26.53 79.64 79 46 57 73.93 60.25 48.21 57.81 (+20.21%)

PARIF-Stage I 68.96 71.56 47.83 57.26 22.45 25.85 79.60 79 46 56 71.89 59.58 47.94 56.46 (+17.40%)

PARIF-Stage II 70.70 74.72 51.20 59.02 24.49 27.89 79.88 80 49 58 73.68 60.83 48.61 58.31 (+21.25%)

Reasoning Models (8B)
Qwen3-8B 83.73 86.87 62.04 65.22 31.01 35.77 85.82 89 66 75 87.33 79.66 71.76 70.71
Qwen3-8B-IFD 85.50 88.48 60.34 63.90 26.19 32.65 86.80 89 67 75 88.29 82.50 75.58 70.86 (+0.21%)

Qwen3-8B-LightIF 89.41 91.26 64.04 67.92 40.14 43.20 85.56 88 64 74 89.82 83.47 76.39 73.63 (+4.13%)

PARIF-Stage I 88.85 91.08 63.44 67.11 35.03 40.82 85.13 89 67 76 89.56 81.50 74.56 73.01 (+3.25%)

PARIF-Stage II 89.78 92.57 66.06 69.16 39.12 44.56 86.69 89 67 75 90.50 83.55 76.43 74.58 (+5.47%)

Table 1: Main results (%) on IF benchmarks. Pr.: prompt level; S./L.: Strict/Loose metrics; HSR/SSR: Hard/Soft
Satisfaction Rate; CSR: Constraint Satisfaction Rate; ISR: Instruction Satisfaction Rate; PSR: Prompt Satisfaction
Rate; IFD: IFDecorator method. For reasoning models, we remove the reasoning process and evaluate using only
the answer segment. Best/2nd best are bolded/underlined.

4.1 Experimental Setup

Models & Baselines. We conduct experi-
ments using three LRMs: Qwen3-1.7B, Qwen3-
8B,1 (Yang et al., 2025), and DeepSeek-R1-Distill-
Qwen-7B (Guo et al., 2025a). We use Qwen3-
235B-A22B-Instruct-2507 for data synthesis, and
use Qwen3-Coder (Qwen Team, 2025) to gener-
ate Python verification functions. For the specific
implementation, we employ Qwen3-32B as the de-
fault LLM verifier. For comparison, we evaluate
the following methods that are based on RLVR:
VerIF (Peng et al., 2025), Light-IF (Wang et al.,
2025), RAIF (Qin et al., 2025b), and IFDECO-
RATOR (Guo et al., 2025b). We also evaluate
various larger models, including GPT-4o (Hurst
et al., 2024), Qwen2.5-72B-Instruct (Team, 2024),
DeepSeek-V3 (DeepSeek-AI, 2024), Doubao-1.5-
pro (Team, 2025), and instruct models, including
Llama-3.1-Tulu-3-8B-VerIF (Peng et al., 2025),
Llama-3.1-Tulu-3-8B (Lambert et al., 2024a),
Qwen2.5-7B-Instruct (Team, 2024), and Mistral-
Crab-7B-DPO (Qi et al., 2025).

Evaluation Benchmarks. We evaluate our mod-
els on following representative IF benchmarks:

1During the training process, we enable the ‘thinking
mode’ for the Qwen3 model family.

IFEval (Zhou et al., 2023), FollowBench (Jiang
et al., 2024), InFoBench (Qin et al., 2024a), and
IFBench (Pyatkin et al., 2025). To evaluate the
generalization ability of our models, we addition-
ally select the following benchmarks, which have
a completely different distribution from our train-
ing data: CFBench (Zhang et al., 2025), a Chi-
nese comprehensive constraints following bench-
mark; and Multi-IF (He et al., 2024b), a multi-
turn IF benchmark. Furthermore, to evaluate the
general reasoning capabilities of our models, we
select the following benchmarks: Math-500 (Light-
man et al., 2023), AIME24 (Maxwell-Jia, 2024),
AIME25 (math ai, 2025), MMLU-Pro (Wang et al.,
2024b), WritingBench (Wu et al., 2025), and Live-
CodeBench v5 (Jain et al., 2024). For all evalua-
tions using LLM-as-a-judge, we adopt GPT-4o as
the judge. More details on experimental settings
and benchmarks are provided in Appendix A.4.

4.2 Main Results

Table 1 and Table 10 (in Appendix A.4) present
the main results for IF and general benchmarks,
respectively. Further details are provided in Ap-
pendix A.4. We draw the following key obser-
vations: (1) Absolute IF Performance Improve-
ments. Our framework consistently delivers per-
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formance gains across various model scales and
families. After Stage I, our 1.7B, 7B, and 8B mod-
els achieve average performance improvements
of 2.40%, 17.40%, and 3.25%, respectively. Af-
ter Stage II, the IF capabilities are further bol-
stered, with final average performance increasing
by 3.90%, 21.25%, and 5.47%. These consistent
improvements validate the effectiveness of PARIF.
(2) IF Performance Gains over Existing Meth-
ods. We conduct comparisons on the 7B model
with VerIF and RAIF, and on the 8B model with
IFD and LightIF. Results show that our models,
following the curriculum learning, exceed these
baselines in average performance, and also surpass
instruction-tuned models of the same size. Further-
more, our models achieve SOTA results across a
wide range of individual tasks. (3) Strong IF Gen-
eralization Performance. To evaluate the gener-
alizability of our framework, we select two bench-
marks that are entirely out-of-distribution relative
to our training data: CFBench and Multi-IF. Exper-
imental results demonstrate that our model consis-
tently outperforms the base model on both bench-
marks. We attribute these gains to the optimization
of the model’s reasoning paradigm regarding con-
straints and the inherent generalizability offered
by the RL training paradigm (Kirk et al., 2023).
(4) Pushing the Pareto Frontier. As shown in Ta-
ble 10, Stage I leads to a decline in complex reason-
ing due to its exclusive focus on general-purpose
questions with hard constraints. Stage II recovers
this performance by incorporating mathematical
questions and optimizing logical consistency, ul-
timately surpassing the baseline methods in over-
all average performance. Notably, our framework
yields consistent gains in coding, a task that de-
mands both deep reasoning and rigid adherence
to formal syntax. Figure 4 illustrates the Pareto
frontier between general reasoning and IF capa-
bilities across different models. Our framework
effectively pushes this Pareto frontier, achieving
a superior trade-off between the two. We further
verify the statistical robustness of this frontier in
Appendix A.5.

4.3 Ablation Studies

Ablation on Stage I. To verify the foundational
role of Stage I, we conduct an ablation study by
initiating Stage II training directly from the Qwen3-
8B model. As shown in Table 2, compared to the
complete curriculum learning, bypassing Stage I
leads to a significant performance degradation in
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Figure 4: Pareto frontier between IF capabilities and
general reasoning capabilities across different models.

Method FollowB. IFB. AIME24 LCB. Avg.
SSR Pr.(S) A@16 P@1

PARIF-Stage I 67.11 35.03 68.43 55.78 56.59
PARIF-Stage II 69.16 39.12 74.50 56.81 59.91
Directly-Stage II 64.98 33.33 75.63 53.61 56.89

Table 2: Comparison of training with and without Stage
I on Qwen3-8B. FollowB.: FollowBench; IFB.: IF-
Bench; LCB.: LiveCodeBench v5; A@16: Avg@16;
P@1: Pass@1. Best results in each column are bolded.

Model FollowB. IFB. AIME24 LCB. Avg.
SSR Pr.(S) A@16 P@1

Qwen3-8B 65.22 31.01 74.32 51.38 55.48
PARIF
- Qwen3-32B 69.16 39.12 74.50 56.81 59.91
- Qwen2.5-14B-Inst. 67.88 37.07 72.50 55.68 58.28
- Llama-3-70B-Inst. 68.89 39.46 73.33 56.25 59.48

Table 3: Comparison results across different verifiers on
Qwen3-8B. Abbreviations follow Table 2.

IF tasks. This provides strong evidence that the op-
timization of logical consistency in Stage II should
be built upon the optimized ªreasoning paradigmº
established during Stage I.

Ablation on Verifier Models. We employ
Qwen3-32B as our default verifier model to check
the generated answer segments in terms of linguis-
tic fluency, logical correctness, and adherence to
soft constraints. We refer to our framework as
teacher-free, as we do not directly distill knowl-
edge or capabilities from the verifier model but
instead use it solely to provide judgment signals.

24759



To further investigate the framework’s sensitivity,
we conducted an ablation study using different
verifiers on Qwen3-8B model. We select Qwen3-
32B, Qwen2.5-14B-Instruct (Qwen et al., 2025),
and Meta-Llama-3-70B-Instruct (Grattafiori et al.,
2024), spanning varying scales, diverse architec-
tures, and both reasoning and non-reasoning ca-
pabilities. As shown in Table 3, our framework
achieves consistent performance gains across all
tested verifiers. This demonstrates that our ap-
proach is agnostic to the specific model family of
the verifier and does not rely on its explicit reason-
ing capabilities.

Ablation on Consistency Score. To validate the
effectiveness of the Decoupled-GRPO algorithm,
we conducted an ablation study building upon
Stage I, comparing our approach with traditional
GRPO algorithm based solely on outcome rewards.
Specifically, we omit the consistency score and di-
rectly employ the rewards derived from Eq. 8 as
the outcome rewards to update the policy model.
As shown in Table 4, our method outperforms the
direct outcome-reward approach across most tasks
and achieves a higher average score. This con-
firms that optimizing logical consistency allows
the model to better leverage its reasoning process,
thereby yielding gains in both instruction-following
and general reasoning tasks.

Method FollowB. IFB. AIME24 LCB. Avg.
SSR Pr.(S) A@16 P@1

Qwen3-8B 65.22 31.01 74.32 51.38 55.48
Outcome GRPO 67.87 40.48 71.25 54.76 56.36
Decoupled GRPO 69.16 39.12 74.50 56.81 59.91

Table 4: Comparison between Outcome-based and De-
coupled GRPO. Abbreviations follow Table 2. Best
results in each column are bolded.

4.4 Analysis

Analysis on Generative Diversity. To verify that
generative diversity is preserved alongside improve-
ments in logical consistency, we conduct experi-
ments on two high-difficulty datasets: IFBench and
AIME25, representing IF and general reasoning
tasks, respectively. We analyze the scaling trends
of model performance as the number of samples k
increases, as shown in Figure 5. Results indicate
that performance on both tasks improves steadily
with k. Specifically, our model consistently out-
performs the baseline model on IFBench, while on
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Figure 5: Pass@k results of our Qwen3-8B model.
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Figure 6: Comparison of confidence distributions for
Qwen3-8B model before and after curriculum training
on FollowBench, with the y-axis representing the pro-
portion of total samples.

AIME25, it surpasses the baseline model once k
exceeds 8. These results demonstrate strong Best-
of-N scaling performance. We attribute this success
to the inclusion of entropy regularization and KL
divergence, which allow the model to maintain an
adequate exploration space during reasoning while
effectively mitigating distributional collapse.

Analysis on Overconfidence Phenomenon. To
analyze the impact of consistency scores on model
overconfidence, we prompt the model to provide a
confidence score at the end of its responses (Yoon
et al., 2025), as detailed in Table 20. We com-
pare Qwen3-8B’s confidence distribution before
and after training (Figure 6). The trained model
maintains a healthy distribution; although samples
in the extremely high confidence interval (0.8±1.0)
increase marginally, the overall volume remains
low, while the proportion in lower intervals has
grown. We attribute this to external output rewards
(Eq. 8), which prevent consistency score inflation,
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thus mitigating overconfidence.

5 Conclusion

In this paper, we introduce PARIF, a two-stage
curriculum framework that pushes the Pareto fron-
tier of IF and general reasoning for LRMs. Em-
pirical results show that strengthening the logical
consistency between reasoning and answers allows
models to more effectively utilize their reasoning
potential, yielding consistent improvements across
multiple benchmarks. We hope that PARIF serves
as a robust foundation for future IF research in the
era of increasingly powerful reasoning models.

Limitations

Despite PARIF’s success in advancing the Pareto
frontier of Instruction Following and general rea-
soning, we acknowledge several limitations. First,
our training pipeline primarily targets single-turn
instructions. While PARIF demonstrates strong
generalization on Multi-IF benchmarks, extending
RL benefits to multi-turn dialogues remains a fu-
ture direction. Second, to mitigate reward hacking,
we rely on a computationally heavy Qwen3-32B
verifier; future work could explore lightweight, spe-
cialized verifiers to improve efficiency. Third, ex-
periments are limited to the 1.7B-8B parameter
range due to compute constraints. Finally, the po-
tential of enhancing logical consistency in broader
agentic tasks, such as tool-calling and planning,
warrants further investigation.

Ethical Considerations

We discuss potential ethical concerns as follows:
(1) Intellectual Property and Privacy. We con-
struct our dataset from open-source repositories
(ShareGPT, Orca-Chat, LMSYS-Chat, Alpaca,
WildChat, and DeepScaleR) (shareAI, 2023; Es,
2023; Zheng et al., 2023; Taori et al., 2023; Zhao
et al., 2024; Luo et al., 2025), adhering to their
licenses (e.g., Apache 2.0, CC BY-NC 4.0, ODC-
By). We filter instructions based on data types (e.g.,
excluding multi-turn dialogues) and rely on the
anonymization protocols of the original datasets to
minimize privacy risks. Given the non-commercial
nature of some source data, our synthesized dataset
will be released under the CC BY-NC 4.0 license.
(2) Potential Risk Control. PARIF inherits the
known risks of base LLMs (e.g., bias) but focuses
on formatting and logical constraints rather than
bypassing safety alignments. We do not introduce

additional risks. (3) AI Assistance. We utilize AI
models to assist in generating verification functions
and refining the manuscript. All content is verified
by the authors.
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A Appendix

A.1 Related Work

Instruction Following Improvements. With the
widespread application of Large Language Mod-
els, the ability to follow complex instructions has
emerged as one of the most critical fundamental
capabilities (Lou et al., 2024; Ouyang et al., 2022).
One line of research focuses on guiding models by
manipulating attention mechanisms or other inter-
nal representations (Venkateswaran and Contractor,
2025; Heo et al., 2024; He et al., 2025b). While
these approaches offer advantages in terms of cost
and efficiency, they do not fundamentally enhance
the model’s intrinsic understanding of complex
constraints. Another prominent direction utilizes
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Supervised Fine-Tuning (SFT) or Direct Prefer-
ence Optimization (DPO) to train models by con-
structing datasets or data pairs embedded with con-
straints. The core of these methods lies in data
construction, primarily involving techniques such
as knowledge distillation (He et al., 2024a; Sun
et al., 2024; Dubey et al., 2024; Dong et al., 2024),
training specialized models (An et al., 2025; Liu
et al., 2024b), and self-play (Cheng et al., 2024).
However, acquiring high-quality reference answers
and constructing effective positive-negative pairs
remain a significant challenge (Jaroslawicz et al.,
2025; Elder et al., 2025; Qin et al., 2024b), which
ultimately limits the improvement of instruction-
following capabilities and hinders generalization.
In contrast, our framework eliminates the reliance
on high-quality reference responses, while achiev-
ing a balance between enhancing instruction follow-
ing and maintaining general reasoning capabilities.

Reinforcement Learning for Instruction Follow-
ing Improvement. RLVR has been proven a
promising post-training approach (Seed et al., 2025;
Wang et al., 2024a; Qian et al., 2025; Kong et al.,
2025), with several studies conducting meaningful
explorations in the field of instruction following.
Specifically, Lambert et al. (2024b); Pyatkin et al.
(2025); Wang et al. (2025) leverage the verifiabil-
ity of hard constraints to perform reinforcement
learning. Building upon these efforts, Chang et al.
(2025) and Qin et al. (2025a) incorporate soft con-
straints into the training process; however, they re-
main dependent on high-quality reference answers,
which limits their performance gains. While Ren
et al. (2025) train a self-supervised reward model,
it lacks an effective mechanism to prevent reward
hacking. Although Guo et al. (2025b) and Peng
et al. (2025) use external general-purpose models
for supervision to mitigate reward hacking, they do
not further explore how to restore general reasoning
capabilities when applied to reasoning models.

We introduce a curriculum learning method
aiming to co-optimize the instruction-following
and general reasoning abilities of LRMs. Our
framework integrates soft constraints and facilitates
teacher-free self-exploration via reinforcement
learning. To mitigate reward hacking, we employ a
correctness proxy and dynamic constraint weight-
ing, effectively preventing over-optimization. The
curriculum is structured to foster deep reasoning re-
garding constraints in the initial stage, while lever-
aging the generative probabilities of LRMs to rein-

force the logical consistency between the reasoning
process and the final answer in the subsequent stage.
This approach ensures precise instruction follow-
ing while preserving the integrity of the model’s
core reasoning capabilities.

A.2 Dataset Details

Scope of Instruction Following. At the data for-
mulation level, this study involves three core com-
ponents: seed questions (original queries without
constraints, e.g., "Explain today’s weather"), con-
straints (additional formatting or structural require-
ments for the model’s response, e.g., "do not in-
clude uppercase letters"), and final instructions (the
combined prompt simulating real-world user sce-
narios). We define this formally as:

Final Instruction = Seed Question+Constraint(s).

The scope of instruction following in PARIF re-
quires the model to strictly satisfy the various con-
straints injected into the final instruction while cor-
rectly resolving the core intent of the seed question
itself. This aligns directly with our RLVR training
objectives.

Data Construction Details.

• Seed Collection: We employ a heuristic filtering
strategy to refine the seed dataset. Specifically,
we exclude multi-turn dialogues, excessively
long questions, non-English content, purely in-
structional questions, programming or code-
related questions, and mathematical questions.
The specific prompts utilized for this filtering
process are detailed in Table 15.

• Constraint Construction: We categorize our
collected hard constraint templates into six cat-
egories: Length (constraining response length),
Keyword (requiring specific terms), Lexical
(lexical-level requirements), Language (specify-
ing the output language), Format (structural re-
quirements), and Affix (dictating start or end se-
quences). For each template, we utilize Qwen3-
Coder to synthesize corresponding verification
functions, treating template placeholders as func-
tion arguments. Regarding soft constraints, we
follow the methodology of VerIF (Peng et al.,
2025) by first prompting an LLM (Qwen3-235B-
A22B-Instruct-2507) to generate a response to
the original question, and then extracting im-
plicit soft constraints satisfied by that response.
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• Data Generation: We enumerate combinations
of hard constraint templates via a Cartesian prod-
uct. To mitigate combinatorial explosion and
preclude logical contradictions, we limit each set
to a maximum of six templates from distinct cat-
egories. We perform conflict detection between
the injected constraints and the original question
to ensure logical consistency. The prompt is pro-
vided in Table 16. Given the inherent difficulty
LLMs face with precise length adherence (Sun
et al., 2024; Zhou et al., 2023), we initially omit
the length constraint templates, generate a pre-
liminary response, and then backfill the length
constraint templates based on the actual out-
put length. In contrast, other constraint tem-
plates are dynamically populated directly based
on the original question. The prompt is pro-
vided in Table 17. To eliminate positional bias,
we randomize the placement of the questions
and constraints and derive the final instructions
via string concatenation rather than LLM rewrit-
ing to avoid unintended semantic drift. Post-
concatenation, we use an LLM judge to filter for
semantic coherence. In Stage II, we incorporate
mathematical questions. To avoid excessive rea-
soning overhead and logical conflicts, we select
a specialized subset of hard constraints suitable
for mathematical tasks (Table 18) and restrict
each question to a single additional constraint.

Dataset Statistics. We provide the statistical dis-
tribution of various constraints and the propor-
tion of instructions categorized by their constraint
counts within the dataset. Figure 7 illustrates the
statistics of our dataset.

Extension of Verifiable Constraint Categories.
Compared to other works that leverage RL to en-
hance models’ instruction following capabilities,
our taxonomy significantly broadens the verifiable
scope:

• Compared to AutoIF (Dong et al., 2024):
We extend the Python-based verification cat-
egories to include Keyword, Language, and
Affix constraints. AutoIF primarily focuses on
Lexical and Format constraints, with limited
exploration of Length.

• Compared to VerIF (Peng et al., 2025):
We extend Language constraints, Affix con-
straints, and Lexical constraints.

• Compared to CheckList (Viswanathan
et al., 2025): We extend the taxonomy to
include Length, Language, and Affix con-
straints.

In summary, our taxonomy extends prior work
to cover a much broader and more scalable range of
practical user scenarios. Nevertheless, we acknowl-
edge that defining a universal constraint taxonomy
remains an evolving challenge in the field. We plan
to continuously expand and refine this system in
future work to better capture the complexities of
real-world interactions.

A.3 Framework Details

Data Allocation. We allocate specialized train-
ing data across different stages to enhance diverse
model capabilities.

• Stage I: In this stage, we primarily focus on
bolstering the model’s foundational IF capabili-
ties and optimizing its reasoning paradigm rela-
tive to user instructions (refer to Appendix A.5
for more details). This phase utilizes 16k gen-
eral instructions exclusively containing hard con-
straints. Compared to soft constraints, hard ones
offer significantly lower evaluation noise during
the verification process. Furthermore, since hard
constraints prioritize rule execution rather than
relying on complex external world knowledge
or profound semantic nuances, they serve as a
more direct and intuitive proxy for reflecting and
enhancing the model’s core IF capabilities.

• Stage II: In this stage, our objectives are to bol-
ster the model’s general reasoning capabilities
and further generalize its IF capabilities. We
incorporate 5k mathematical instructions along-
side 5k general instructions with soft constraints.
Mathematical questions are stochastically drawn
from DeepScaleR (Luo et al., 2025), with only
one hard constraint injected into each question
to preclude logical conflicts. For general instruc-
tions, we ensure that each instruction contains at
least one soft constraint, and the total number of
constraints is capped at ten. The selected math
questions possess explicit ground-truth answers.
Compared to general questions, their correctness
verification involves less noise, which makes it
more difficult for models to deceive the verifier
for reward hacking.
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Figure 7: Dataset statistics. Left: Distribution of various constraint types. Right: Proportion of instructions
categorized by the number of constraints.

Reward Design Rationale and Details. In this
part, we detail the rationale behind the reward de-
sign at different stages of our framework.

• Stage I: In this stage, we implement multiple
measures against reward hacking (details in Sec-
tion 3.2). We use a correctness proxy to evaluate
both the linguist-level and logic-level correct-
ness of the model’s outputs. To minimize com-
putational overhead, we adopt a cascaded verifi-
cation strategy: we prioritize linguist-level veri-
fication, using it as a gate to determine whether
a subsequent check for logic-level correctness
is necessary. We leverage GPT-4o to analyze
model outputs across various IF tasks, synthe-
sizing observed reward hacking patterns to con-
struct a pre-defined checklist to assist the ver-
ification. During this check, we use the origi-
nal question without any constraints. This prac-
tice mitigates the risk of the LLM verifier erro-
neously executing the constraints itself, thereby
ensuring better alignment with the core user in-
tent. The corresponding prompt is provided in
Table 19. Upon successful validation, the pro-
cess moves forward to the logic-level correct-
ness check. The prompt is provided in Table 21.
Furthermore, we employ dense rewards for con-
straints in this stage. This provides the model
with frequent feedback, ensuring the curriculum
learning framework initializes at a manageable
difficulty level.

• Stage II: To further catalyze the model’s IF ca-
pabilities, we employ sparse reward signals for
constraint adherence in this stage, thereby inten-
sifying the curriculum difficulty. A core con-

tribution of this stage is the promotion of logi-
cal consistency between the reasoning process
and the answer segment. We introduce a con-
sistency score, which is defined as the posterior
probability of the answer segment conditioned
on the reasoning process. Averaging the token
output probabilities ensures that the consistency
score calculation is not affected by sequence
length, while constraining the values to the [0,
1] range to align with other reward signals. Tradi-
tional outcome-based rewards adopt an extreme
assignment strategy, directly attributing the re-
ward from the answer segment to the reasoning
process with a fixed coefficient of 1. In contrast,
our framework utilizes the consistency score as
a dynamic coefficient for reward distribution.
Since the binary outcome reward r serves as a
supervisory signal, the model is precluded from
obtaining higher rewards through the simple in-
flation of consistency scores. Unlike explicit
calibration methods, we do not intentionally sup-
press consistency; rather, our objective function
encourages the model to prioritize optimizing
the binary reward r and to further refine logical
consistency specifically when r = 1.

Consistency Score Design Rationale and Details.
In Section 3.3, we compute the consistency score
via Eq. 10 as the average probability of the answer
tokens. Rather than directly measuring the quality
of the reasoning process, this score captures the
logical consistency between the reasoning process
and the answer segment, and is optimized within
our Decoupled-GRPO algorithm to promote their
alignment. Mathematically, this corresponds to the
posterior probability P (y | x, z) of answer y given
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problem x and reasoning process z. To validate that
this score reflects logical consistency, we conduct
additional verification experiments. Specifically,
for a given problem, we sample 64 responses from
the model and swap the answers across different
reasoning processes. As shown in Table 5, the
consistency score drops significantly after swap-
ping, confirming that it effectively captures logical
consistency. We further observe that the consis-
tency score also measures model certainty in a for-
mal sense. Importantly, certainty and consistency
are not conflicting notions Ð they play distinct
yet complementary roles within our framework.
The consistency score promotes reasoning-answer
alignment through the lens of logical consistency,
while certainty provides an interpretation of the
experimental phenomena. Concretely, Figure 3
shows that a correct reasoning process typically
yields a more certain answer, meaning the consis-
tency score serves as an implicit proxy for reason-
ing quality from the certainty perspective. This
explains why explicitly optimizing the consistency
score yields improvements over outcome-reward-
based GRPO on reasoning-intensive tasks such as
mathematics and coding (Table 4).

Model AIME25 IFBench

Qwen3-8B 0.92 → 0.75 (-18.48%) 0.91 → 0.80 (-12.09%)

R1-Distill-Qwen-7B 0.95 → 0.78 (-17.89%) 0.86 → 0.73 (-15.12%)

Table 5: Consistency score before and after answer
swapping across different reasoning processes. Each
cell shows the original probability → swapped probabil-
ity (percentage decrease).

Decoupled GRPO Algorithm Details. The com-
plete procedure of the Decoupled GRPO is pre-
sented in Algorithm 1. We compute JReason and
JAnswer based on Eq. 4, incorporating a KL diver-
gence regularization term. This KL constraint pre-
vents policy degeneration, specifically prohibiting
the model from simply outputting high-probability
tokens to exploit the consistency metric without
genuine reasoning. Subsequently, we update the
policy by Eq. 13, introducing an entropy term into
the optimization. A critical design choice is that we
calculate this entropy solely over the reasoning
tokens (reasoning process), rather than the entire
response. On one hand, we use this to preserve
the model’s capability for exploration and diversity
during the reasoning process. On the other hand,
excluding answer tokens ensures that this entropy
maximization does not conflict with the objective

Algorithm 1 Decoupled-GRPO
1 Input stage I checkpoint πθ; verifier model R; task

instructions D; entropy coefficient α
2 for step = 1, . . . ,M do
3 Sample batch Db from D and update

reference policy πθold ← πθ

4 Generate G outputs {oi}Gi=1 ∼ πθold(·|x)
for each x ∈ Db

5 for each output oi do
6 Get its answer segment yi
7 Compute reward r(q, yi) by running R

(Eq. 8)
8 Compute consistency score Cons(oi)

(Eq. 10)
9 Compute decoupled rewards

r
(i)
reason, r

(i)
answer

10 end
11 for each output oi do
12 Compute Â

(i)
reason for each reasoning

token of oi (Eq. 11)
13 Compute Â

(i)
answer for each answer

token of oi (Eq. 12)
14 end
15 for iteration = 1, . . . , µ do
16 Compute JReason and JAnswer on the

reasoning process and the answer
segment, respectively (Eq. 4)

17 Update policy πθ by maximizing JTotal
with α (Eq. 13)

18 end
19 end

Output :πθ

of enhancing logical consistency. Experimental
results demonstrate that while we improve logical
consistency by increasing the output probability of
the answer segment, the increase in logical con-
sistency enables the answers to better align with
diverse reasoning processes, thereby maintaining
the model’s Best-of-N (BoN) performance (see Sec-
tion 4.4).

A.4 Experiment Details

Implementation Details. Our implementation is
built upon the verl framework (Sheng et al., 2024),
utilizing vLLM (Kwon et al., 2023) as the infer-
ence backend. The core training process is based on
the Group Relative Policy Optimization (GRPO)
algorithm. Throughout both training stages, we
employ Group Normalization, an elevated clipping
threshold ϵhigh, and token-level loss aggregation.
To mitigate any potential influence or bias from
the system prompt on the model’s intrinsic IF ca-
pabilities, we intentionally omit the system prompt
throughout the experiment. For mathematical ques-
tions with explicit numerical ground-truth answers,
we use Math-verify (Kydlíček, 2025) to validate
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the correctness of model responses. In cases where
the length of the reasoning process exceeds the
maximum token limit, we set the answer segment
to an empty string. Key hyperparameters and con-
figurations are summarized in Table 6.

Hyperparameter Value

Sampling Configuration
backend vLLM
temperature 1.0
max prompt length 2048
max response length (Stage I) 10240
max response length (Stage II) 24576
rollout size 16
gpu_memory_utilization 0.7

LLM verification Configuration
default model Qwen3-32B
backend vLLM
temperature 0.6
max tokens 8192
tensor-parallel-size(vLLM) 2

Training Configuration
train batch size (Stage I) 160
train batch size (Stage II) 64
learning rate 1.0e-06
lr scheduler type constant
ϵlow 0.2
ϵhigh (Stage I) 0.26
ϵhigh (Stage II) 0.28
kl loss coef 1.0e-03
entropy coeff (Stage I) 0
entropy coeff (Stage II) 1.0e-03

Evaluation Configuration
max tokens 32768
temperature 0.6
top P 0.95
top K -1
gpu_memory_utilization 1.0

Table 6: Hyperparameter settings and configurations for
training and evaluation.

Detailed Results on IF Benchmarks. Tables 7,
8, and 9 present the detailed evaluation results for
FollowBench (HSR), FollowBench (SSR), and In-
FoBench, respectively. After Stage I training, our
models achieve consistent performance gains over
their corresponding original models. Stage II builds
upon these foundations to further enhance results;
ultimately, the average performance of our mod-
els exceeds that of instruction-tuned models of the
same scale and surpasses the vast majority of base-
line methods.

Results on General Benchmarks. Table 10
presents the evaluation results on general bench-
marks. As Stage I exclusively focuses on general
questions with only hard constraints, the models
exhibit a performance decline in complex math-

ematical reasoning tasks, such as AIME24 and
AIME25. In Stage II, we introduce mathemati-
cal questions and enhance the logical consistency
between the reasoning process and the answers,
thereby recovering and further improving the mod-
els’ performance.

Benchmark Details. We selected a total of six
IF benchmarks and six general reasoning datasets.

• IFEval (Zhou et al., 2023) is designed to eval-
uate the instruction-following capabilities of
LLMs. This benchmark comprises 541 prompts
covering 25 types of automatically verifiable in-
structions. In our evaluation, we focus on the
prompt-level metric and employ both loose and
strict accuracy scores to measure model perfor-
mance.

• FollowBench (Jiang et al., 2024) is a benchmark
designed to evaluate the multi-level fine-grained
instruction-following capabilities of LLMs. It in-
corporates five distinct categories of constraints:
Content, Situation, Style, Format, and Example.
In our experiments, we employ an LLM-as-a-
judge approach and report two primary metrics:
Hard Satisfaction Rate (HSR), defined as the
average rate at which all constraints within an in-
dividual instruction are fully satisfied , and Soft
Satisfaction Rate (SSR), which calculates the av-
erage satisfaction rate of individual constraints
across all instructions.

• IFBench (Pyatkin et al., 2025) is a benchmark
designed to evaluate the generalization capabil-
ities of LLMs in instruction following with un-
seen constraints. Addressing the issues of perfor-
mance saturation and model overfitting observed
in existing benchmarks, IFBench introduces 58
novel and challenging out-of-distribution (OOD)
verifiable constraints spanning 7 major cate-
gories, including Count, Ratio, Words, and For-
mat. In our evaluation, we report both strict and
loose accuracy metrics at the prompt level.

• InFoBench (Qin et al., 2024a) is a bench-
mark dataset comprising 500 diverse instructions
and 2,250 corresponding decomposed questions,
covering various types of instruction constraints.
This benchmark introduces a novel evaluation
metric termed the Decomposed Requirements
Following Ratio (DRFR) to assess the capability
of models in following complex instructions. In
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Model FollowBench (HSR) Avg.
Level 1 Level 2 Level 3 Level 4 Level 5

Large Baseline Models (≥ 70B)
Qwen2.5-72B-Inst. 77.34 68.30 57.04 57.70 52.51 62.58
GPT-4o 78.31 69.74 61.93 60.49 53.75 64.84
DeepSeek-V3 85.43 76.72 71.07 68.14 65.04 73.28
Doubao-1.5-pro 70.53 68.18 66.19 56.58 50.74 62.44

Instruction-Tuned Baseline Models
Qwen2.5-7B-Inst. 47.52 45.24 30.34 31.76 19.28 34.83
Mistral-Crab-7B-DPO 66.10 53.60 53.40 42.40 31.70 49.44
Llama-3.1-Tulu-3-8B 74.61 69.57 62.97 53.70 49.96 62.16
Llama-3.1-Tulu-3-8B-VerIF 73.36 68.16 55.71 49.19 46.33 58.55

Reasoning Models (1.7B)
Qwen3-1.7B 67.50 59.17 47.03 47.23 37.12 51.61
PARIF-Stage I 64.91 56.57 50.93 45.93 42.02 52.07
PARIF-Stage II 68.19 61.94 52.43 46.78 41.73 54.21

Reasoning Models (7B)
R1-Distill-Qwen-7B 56.98 55.24 40.40 37.61 28.87 43.82
R1-Distill-Qwen-7B-RAIF 62.69 54.56 46.44 50.77 44.33 51.76
R1-Distill-Qwen-7B-VerIF 63.34 57.88 50.49 46.21 35.92 50.77
PARIF-Stage I 63.25 56.83 46.46 42.16 30.47 47.83
PARIF-Stage II 63.75 59.99 49.27 42.64 40.34 51.20

Reasoning Models (8B)
Qwen3-8B 74.88 63.85 59.33 58.75 53.40 62.04
Qwen3-8B-IFD 69.74 65.78 57.98 58.17 50.02 60.34
Qwen3-8B-LightIF 74.61 70.10 63.64 55.85 56.00 64.04
PARIF-Stage I 73.30 68.21 62.80 58.92 53.95 63.44
PARIF-Stage II 78.98 68.68 62.62 63.81 56.20 66.06

Table 7: Detailed evaluation results on FollowBench (HSR).

this study, we employ an LLM-as-a-judge ap-
proach. We report results on the Easy Set, Hard
Set, and Overall.

• CFBench (Zhang et al., 2025) is a large-scale,
comprehensive Chinese benchmark designed to
evaluate the instruction-following capabilities
of LLMs across diverse and realistic scenarios.
The benchmark spans 20 real-world domains
and over 50 Natural Language Processing tasks,
comprising 1,000 meticulously curated samples.
In this study, we employ an LLM-as-a-judge ap-
proach, utilizing a fine-grained checklist mech-
anism for evaluation. We report three primary
metrics: Constraint Satisfaction Rate (CSR), In-
struction Satisfaction Rate (ISR), and Priority
Satisfaction Rate (PSR).

• Multi-IF (He et al., 2024b) is a benchmark de-
signed to evaluate the instruction-following capa-
bilities of LLMs in multi-turn and multilingual
contexts. The benchmark comprises 4,501 con-
versation samples spanning 8 languages, with
each conversation consisting of three turns. In
our experiments, we report the comprehensive
average accuracy across all languages for each

turn (calculated as the average of instruction-
level and conversation-level accuracy under both
strict and loose criteria).

• Math500 (Lightman et al., 2023) is a subset of
the MATH dataset, consisting of 500 problems
that span multiple mathematical disciplines. We
utilize Math-Verify to evaluate the correctness
of the model’s answers and report the overall
accuracy.

• AIME24 & AIME25 (Maxwell-Jia, 2024; math
ai, 2025) originate from the American Invita-
tional Mathematics Examination. Each dataset
contains 30 Olympiad-level challenging prob-
lems covering diverse domains such as algebra
and geometry. In this study, we employ Math-
Verify for evaluation. To ensure the stability of
our results, we report the avg@16 metric.

• MMLU-Pro (Wang et al., 2024b) builds upon
the Massive Multitask Language Understanding
(MMLU) dataset by incorporating more chal-
lenging, reasoning-focused questions. It is de-
signed to comprehensively evaluate the capabili-
ties of language models in complex knowledge
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Model FollowBench (SSR) Avg.
Level 1 Level 2 Level 3 Level 4 Level 5

Large Baseline Models (≥ 70B)
Qwen2.5-72B-Inst. 77.34 71.05 61.86 62.19 64.02 67.29
GPT-4o 78.31 73.06 67.98 65.88 64.01 69.85
DeepSeek-V3 85.43 77.88 73.86 71.11 71.15 75.89
Doubao-1.5-pro 70.53 70.93 70.94 62.80 64.44 67.93

Instruction-Tuned Baseline Models
Qwen2.5-7B-Inst. 47.52 52.30 42.00 46.12 41.11 45.81
Mistral-Crab-7B-DPO 64.01 61.45 57.29 48.11 51.58 56.49
Llama-3.1-Tulu-3-8B 74.61 72.44 66.92 59.79 61.38 67.03
Llama-3.1-Tulu-3-8B-VerIF 73.36 70.87 61.60 56.08 59.78 64.34

Reasoning Models (1.7B)
Qwen3-1.7B 67.50 63.88 54.81 54.83 49.88 58.18
PARIF-Stage I 64.91 61.06 58.10 54.46 54.63 58.63
PARIF-Stage II 68.19 64.03 58.13 54.55 54.58 59.90

Reasoning Models (7B)
R1-Distill-Qwen-7B 56.98 60.70 51.41 50.27 49.04 53.68
R1-Distill-Qwen-7B-RAIF 62.69 60.22 54.14 55.83 56.32 57.84
R1-Distill-Qwen-7B-VerIF 63.34 63.35 58.57 57.12 52.44 58.96
PARIF-Stage I 63.25 62.53 55.14 53.06 52.33 57.26
PARIF-Stage II 63.75 64.43 58.00 54.89 54.02 59.02

Reasoning Models (8B)
Qwen3-8B 74.88 67.11 61.84 62.07 60.19 65.22
Qwen3-8B-IFD 69.74 68.09 62.24 62.89 56.52 63.90
Qwen3-8B-LightIF 74.61 71.22 66.73 61.91 65.13 67.92
PARIF-Stage I 73.30 69.88 65.81 62.65 63.91 67.11
PARIF-Stage II 78.98 70.61 64.94 66.92 64.33 69.16

Table 8: Detailed evaluation results on FollowBench (SSR).

understanding and reasoning tasks. The bench-
mark comprises over 12,000 rigorously filtered
questions derived from academic examinations
and authoritative textbooks, spanning 14 diverse
disciplinary domains. In this study, we report
the overall accuracy of the models on this bench-
mark.

• WritingBench (Wu et al., 2025) is a comprehen-
sive benchmark designed to evaluate the genera-
tive writing capabilities of LLMs. It comprises
1,000 real-world queries spanning 6 primary do-
mains and 100 fine-grained subdomains, where
each query is paired with five task-specific scor-
ing criteria. In this study, we employ the offi-
cial critic model (WritingBench-Critic-Model-
Qwen2.5-7B) to conduct automatic evaluation.

• LiveCodeBench (v5, 2024.10-2025.02) (Jain
et al., 2024) is employed to assess coding profi-
ciency. Consistent with (Yang et al., 2025), the
constraint ªYou will not return anything except
for the programº is omitted to facilitate uncon-
strained reasoning during inference. The pass@1
metric is adopted for evaluation.

A.5 Further Analyses

Shift in Reasoning Patterns. We assess the deep
thinking rates of Qwen3-8B and DeepSeek-R1-
Distill-Qwen-7B on IFEval and IFBench to detect
changes in reasoning paradigms at various train-
ing phases. The results and prompts are shown in
Table 11 and Table 22, respectively. Results show
that Stage I training significantly boosts the model’s
deep thinking rate, evolving from simple constraint
restatement to deeper logical engagement. This
performance is preserved or even improved upon
completion of Stage II.

Statistical Robustness of the Pareto Frontier.
To verify that PARIF’s advancement of the Pareto
frontier is statistically robust, we conduct a
bootstrap-based probabilistic analysis. Specifically,
we normalize all benchmark scores relative to a
ªRandom Guess Baselineº (mapped to 0.0) and a
ªBaseline Model of Corresponding Scaleº (mapped
to 1.0), using R1-Distill-Qwen-7B as the reference
for the 7B group and Qwen3-8B for the 8B group,
which eliminates scale discrepancies across het-
erogeneous datasets. We then perform 1,000 it-
erations of bootstrap resampling over the set of
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Model InFoBench

Easy Hard Overall

Large Baseline Models (≥ 70B)
Qwen2.5-72B-Inst. 83.77 83.14 83.33
GPT-4o 82.46 82.63 82.58
DeepSeek-V3 85.80 87.24 86.80
Doubao-1.5-pro 82.69 81.45 82.31

Instruction-Tuned Baseline Models
Qwen2.5-7B-Inst. 63.48 70.13 68.09
Mistral-Crab-7B-DPO 78.84 77.50 77.91
Llama-3.1-Tulu-3-8B 80.43 82.24 81.69
Llama-3.1-Tulu-3-8B-VerIF 80.14 79.17 79.47

Reasoning Models (1.7B)
Qwen3-1.7B 80.72 81.86 81.51
PARIF-Stage I 82.61 82.82 82.76
PARIF-Stage II 83.36 82.88 83.03

Reasoning Models (7B)
R1-Distill-Qwen-7B 75.07 76.03 75.73
R1-Distill-Qwen-7B-RAIF 79.42 79.94 79.78
R1-Distill-Qwen-7B-VerIF 78.55 80.13 79.64
PARIF-Stage I 77.54 80.51 79.60
PARIF-Stage II 77.29 81.19 79.88

Reasoning Models (8B)
Qwen3-8B 86.09 85.71 85.82
Qwen3-8B-IFD 84.78 87.69 86.80
Qwen3-8B-LightIF 85.51 85.58 85.56
PARIF-Stage I 86.06 84.66 85.13
PARIF-Stage II 87.35 86.36 86.69

Table 9: Detailed evaluation results on InFoBench.

evaluation benchmarks (i.e., in each iteration we
draw K benchmarks uniformly with replacement
from the K available benchmarks); in each itera-
tion we recompute every model’s composite score
as the mean of its normalized scores across the re-
sampled benchmarks, and re-determine its Pareto
frontier membership. We report the mean and 95%
confidence interval (CI) of the resulting compos-
ite scores. We further define the Pareto Stability
Score as the probability (in [0, 1]) that a model lies
on the Pareto frontier across the 1,000 bootstrap
iterations, where a score of 1.0 indicates that the
model remains undominated regardless of bench-
mark selection fluctuations.

As shown in Table 12, PARIF achieves 100%
Pareto Stability at both the 7B and 8B scales. Al-
though some baselines (e.g., R1-Distill-Qwen-7B-
VerIF) exhibit slight advantages on individual met-
rics with non-trivial variance, only PARIF main-
tains an undominated frontier position across all
bootstrap samples while remaining competitive on
both axes. This confirms that PARIF’s advance-
ment of the Pareto frontier is statistically robust

rather than an accidental result tied to a specific
benchmark configuration.

Analysis of Training Dynamics. Figure 8 illus-
trates the training dynamics of our 7B and 8B mod-
els across different stages, encompassing changes
in total rewards, response length, and consistency
scores. The results indicate that total rewards grow
steadily with training steps across stages, demon-
strating the framework’s stability. In Stage I, the
response length decreases as training progresses.
We attribute this to our exclusive use of general-
purpose training data, which directs the model to-
ward precise instruction following with explicit
constraints rather than the divergent thinking typi-
cal of mathematical reasoning. In Stage II, with the
introduction of mathematical data, the response
length no longer exhibits a monotonic decline.
Influenced by the first-stage training, the model
achieves a balance between exploratory divergent
thinking and structured adherence, eventually sta-
bilizing response length within a reasonable range.
Although we enhance the logical consistency be-
tween the reasoning process and the answer seg-

24772



Model MATH-500 AIME24 AIME25 MMLU-Pro WritingBench LiveCodeBench v5 Avg.
Pass@1 Avg@16 Avg@16 Pass@1 Overall Pass@1

Reasoning Models (1.7B)
Qwen3-1.7B 91.60 50.00 35.83 55.19 6.98 28.91 55.22
PARIF-Stage I 91.00 48.54 34.79 55.03 7.05 28.55 54.74 (-0.87%)

PARIF-Stage II 92.20 50.42 37.50 55.39 7.21 29.52 56.19 (+1.76%)

Reasoning Models (7B)
R1-Distill-Qwen-7B 93.20 54.38 37.92 48.24 5.23 27.34 52.23
R1-Distill-Qwen-7B-RAIF 93.20 56.25 39.38 54.90 6.44 31.33 56.58 (+8.32%)

R1-Distill-Qwen-7B-VerIF 93.60 55.60 40.42 46.72 5.48 29.33 53.41 (+2.26%)

PARIF-Stage I 93.40 49.16 35.20 51.18 5.58 31.93 52.78 (+1.05%)

PARIF-Stage II 94.60 53.96 41.67 51.26 5.80 32.06 55.26 (+5.80%)

Reasoning Models (8B)
Qwen3-8B 96.80 74.32 67.29 73.15 7.50 51.38 72.99
Qwen3-8B-IFD 97.20 74.17 65.00 74.47 7.73 54.87 73.84 (+1.16%)

Qwen3-8B-LightIF 95.40 68.50 63.75 73.73 6.80 51.69 70.18 (-3.85%)

PARIF-Stage I 96.00 68.43 60.10 73.41 7.61 55.78 71.64 (-1.85%)

PARIF-Stage II 97.20 74.50 65.13 73.20 7.80 56.81 74.14 (+1.58%)

Table 10: Main results (%) on general benchmarks. Due to the limited sample size of AIME24 and AIME25 (30
problems each), we report the avg@16 results to ensure a more stable evaluation of model capabilities. We remove
the reasoning process and evaluate using only the answer segment. Note that while WritingBench is reported on a
10-point scale, it is multiplied by 10 for the average calculation to align with the percentage scale. Best/2nd best are
bolded/underlined.

Method IFEval IFBench

Qwen3-8B 87.78 87.71
Qwen3-8B-Stage I 92.78 90.48
Qwen3-8B-Stage II 94.63 91.84

DS-7B 73.53 63.01
DS-7B-Stage I 86.64 77.21
DS-7B-Stage II 87.20 77.13

Table 11: Evolution of deep thinking rates across differ-
ent training stages. DS denotes DeepSeek-R1-Distill-
Qwen.

ment in Stage II, the consistency score does not
suffer from rapid overfitting. This is attributed to
three primary factors. (1) Outcome Rewards. The
presence of outcome rewards prevents the model
from gaining higher rewards solely by inflating the
consistency score. (2) Entropy Regularization. The
entropy regularization term preserves exploratory
capacity, discouraging the model from ªcheatingº
for rewards by simply outputting high-probability
tokens. (3) KL Divergence. The inclusion of KL
divergence protects the model’s output distribution
from degradation.

Comparison with Supervised Fine-Tuning
(SFT). To investigate whether our proposed
framework offers advantages over the tradition-
ally dominant SFT-based approach, we leverage
Qwen3-235B-A22B-Thinking-2507 to synthesize
responses for our dataset, including both reason-
ing processes and final answers. We then fine-tune

the Qwen3-8B model using this data, with the re-
sults presented in Table 13. The results indicate
that, compared to our approach, the supervised fine-
tuned model demonstrates limited improvements
on in-distribution IF benchmarks and suffers from
performance degradation on out-of-distribution IF
and general reasoning benchmarks, particularly in
complex reasoning tasks. This reveals the insuffi-
cient generalization of traditional SFT methods and
their failure to strike an effective balance between
IF capabilities and general reasoning abilities. In
contrast, our framework does not rely on teacher-
model answer sampling, exhibits robust generaliza-
tion, and achieves superior performance gains even
when utilizing a relatively smaller external model
(32B vs. 235B).

Data Contamination Analysis. To ensure that
the performance gains are not derived from train-
ing data leakage or rote memorization of test in-
stances, we conduct a comprehensive contamina-
tion analysis of our Stage I and Stage II training
data. This analysis is performed across six bench-
marks covering both instruction following (IFE-
val, IFBench, FollowBench) and general reasoning
(AIME24, AIME25, WritingBench). Specifically,
we employ two complementary methodologies:

• N-gram Overlap: We utilize an N-gram overlap
method with N = 13 to identify exact matches
or highly similar textual sequences between the
training and test data.
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Model Scale IF Norm. Mean Reasoning Norm. Mean Pareto Stability

R1-Distill-Qwen-7B (Base) 7B 1.0000 [1.0000, 1.0000] 1.0000 [1.0000, 1.0000] 0.000 (0.0%)
R1-Distill-Qwen-7B-RAIF 7B 1.1469 [1.0965, 1.2108] 1.0989 [1.0402, 1.1664] 0.810 (81.0%)
R1-Distill-Qwen-7B-VerIF 7B 1.3063 [1.1720, 1.5015] 1.0301 [1.0009, 1.0568] 0.016 (1.6%)
PARIF-7B-Stage II (Ours) 7B 1.3264 [1.1838, 1.5393] 1.0754 [1.0293, 1.1208] 1.000 (100.0%)

Qwen3-8B (Base) 8B 1.0000 [1.0000, 1.0000] 1.0000 [1.0000, 1.0000] 0.107 (10.7%)
Qwen3-8B-IFD 8B 0.9911 [0.9584, 1.0163] 1.0144 [0.9908, 1.0383] 0.147 (14.7%)
Qwen3-8B-LightIF 8B 1.0595 [1.0171, 1.1147] 0.9627 [0.9316, 0.9929] 0.007 (0.7%)
PARIF-8B-Stage II (Ours) 8B 1.0726 [1.0324, 1.1215] 1.0204 [0.9911, 1.0546] 1.000 (100.0%)

Table 12: Bootstrap-based statistical robustness analysis of the Pareto frontier. We perform N = 1,000 bootstrap
iterations by resampling the set of evaluation benchmarks with replacement; results are reported as Mean [95% CI] of
the resulting composite scores. Scores are normalized against a Random Guess Baseline (0.0) and the corresponding
base model (1.0). Pareto Stability denotes the probability that a model remains on the Pareto frontier across the
1,000 iterations.

Method IFEval FollowB. IFB. InfoB. CFB. Multi. AIME24 AIME25 MMLU-P. LCB. Avg.
Pr.(S) SSR Pr.(S) Overall PSR step3 A@16 A@16 P@1 P@1

Qwen3-8B 83.73 65.22 31.01 85.82 75 71.76 74.32 67.29 73.15 51.38 67.87
Qwen3-8B-SFT 85.36 68.19 37.07 84.71 74 68.52 53.96 52.92 72.47 46.63 64.38
Qwen3-8B-PARIF 89.78 69.16 39.12 86.69 75 76.43 74.50 65.13 73.20 56.81 70.61

Table 13: Comparative results of Qwen3-8B across various tasks after fine-tuning and PARIF curriculum learning.
Evaluation covers both IF and general benchmarks. InfoB.: InfoBench; CFB.: CFBench; Multi.: Multi-IF; MMLU-
P.: MMLU-Pro. Other abbreviations follow Table 2. Best results in each column are bolded.

• Semantic Similarity Analysis: To capture para-
phrased or semantically rewritten samples that
might evade N-gram detection, we leverage Sen-
tence Transformers (all-MiniLM-L6-v2) to com-
pute text embeddings. We establish a cosine sim-
ilarity threshold of τ = 0.9; samples exceeding
this value are considered potentially contami-
nated.

As illustrated in Table 14, the results confirm
that contamination levels across all benchmarks
are minimal. Specifically, Stage I data exhibits
marginal overlap in instruction-following bench-
marks (e.g., 1.68% N-gram overlap on IFEval), con-
sistent with its training objective. Correspondingly,
Stage II data shows slight overlaps in mathematical
reasoning benchmarks (e.g., 2.52% on AIME24).
Notably, for these reasoning tasks, the semantic
similarity ratios are significantly lower than the
N-gram overlap ratios (e.g., 0.86% vs. 2.52% for
AIME24). This discrepancy suggests that the de-
tected N-gram overlaps are likely attributable to
standardized mathematical phrasings (e.g., ªFind
the value of...º) rather than substantive problem
leakage. Overall, the consistently low contamina-
tion rates provide robust evidence that the observed
performance improvements stem from the enhance-

ment of intrinsic model capabilities rather than the
memorization of test samples.
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Stage #Data Instruction Following General Reasoning

IFEval IFBench FollowB. AIME24 AIME25 Writ.B.

541 294 820 30 30 1000

N-gram (N=13) Overlap Ratio
STAGE I 16k 0.0168 0.0127 0.0001 0.0001 0.0000 0.0000
STAGE II 10k 0.0000 0.0000 0.0010 0.0252 0.0224 0.0000

Semantic Similarity (τ = 0.9)
STAGE I 16k 0.0000 0.0136 0.0000 0.0000 0.0000 0.0000
STAGE II 10k 0.0000 0.0000 0.0000 0.0086 0.0132 0.0000

Table 14: Data contamination analysis results. The numbers below the benchmark names denote the number of test
instances. We evaluate training data from various stages using N-gram Overlap (N = 13) and Semantic Similarity
(τ = 0.9) to identify contamination. Writ.B.: WritingBench; FollowB.: FollowBench.
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Figure 8: Training dynamics on Qwen3-8B and R1-Distill-Qwen-7B across different training stages.
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Prompt for Filtering Seed Questions

You are an AI data filtering expert. Your task is to analyze conversations and decide whether to
KEEP or FILTER each conversation based on the strict set of rules below. Your output must be a
clean JSON object containing your decision and the reason.

Filtering Rules (FILTER if ANY of these rules apply):

1. FILTER if the conversation is multi-turn or too long.
- A conversation is considered multi-turn if there is more than one "user" turn.
- A conversation is considered too long if the total text from all turns significantly exceeds 800
words.

2. FILTER if the conversation contains non-English content.
- If any part of the conversation is written in non-English characters, it must be filtered.

3. FILTER if the prompt is a purely instruction, not a factual question.
- This rule targets prompts that ask the AI to perform a task (like writing, summarizing, or
role-playing) rather than answering a question for information.
- Instructions often start with a command verb like "Write," "Describe," "Give," "Summarize,"
"Pretend," or "Explain."
- Examples to FILTER: "Give three tips for staying healthy.", "Write a short story...", "Describe
the structure of an atom.", "Pretend you are a project manager.", "Summarize the following text:
[text]".
- Examples to KEEP: "What is the capital of France?", "How did Julius Caesar die?", "What are
the three primary colors?".

4. FILTER if the conversation is a coding or programming question.
- This includes requests to write, debug, explain, refactor, or optimize code.
- Examples to FILTER: "Write a python script to sort a list...", "Why is my javascript code not
working?", "Explain what this SQL query does.".
- Examples to KEEP: "Who invented the Python programming language?", "What is object-
oriented programming?".

5. FILTER if the conversation is a math question.
- This includes questions that require solving mathematical equations or performing calculations.
- Examples to FILTER: "Solve for x in the equation 2x + 5 = 15.", "Calculate the area of a circle
with a radius of 7cm."
- Examples to KEEP: "Who was Pythagoras?", "What is mathematics used for in daily life?".

Output Format:

You MUST respond with only a JSON object in the following format. Do not add any other text
before or after the JSON.
```json

{

"decision": "KEEP" | "FILTER",

"reason": "A brief explanation referencing the specific rule number that was

triggered. If the decision is KEEP, state 'All criteria met.'"

}

```

Table 15: The prompt used for filtering seed questions.
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Prompt for Conflict Detection

You are an expert in conflict detection.

[Prompt]
{question with constraint(s)}

Task:
Please carefully analyze the following two aspects to determine if there are irreconcilable conflicts
in the question:

1. Logical Contradiction:
Evaluate all information in the prompt (including the question itself and all constraints) to determine
if there are absolute logical contradictions. A logical contradiction means that one or more
conditions fundamentally make the problem unsolvable, no matter how it is approached. Please
distinguish between "logically impossible" and "practically difficult." If a problem merely requires
complex reasoning, multi-step calculations, or unconventional creative thinking but theoretically
has one or more solutions, it is NOT a logical contradiction.
[Examples:]
- Conflict (Return "yes"): "Find an integer that is greater than 5 and less than 3." (Constraints are
mutually exclusive)
- No Conflict (Return "no"): "Write a beautiful sentence containing ’Sun’ and ’Moon’ within 10
words." (Difficult, but solvable)

2. Capability Mismatch:
Determine if the core task exceeds the capabilities of a text-based language model. This primarily
refers to tasks that essentially require non-text output or real-time/physical interaction with the
external world. If the core of the task is based on knowledge, logic, language for reasoning,
analysis, calculation, summarization, or creative text generation, it is NOT a capability mismatch,
regardless of its complexity.
[Examples:]
- Conflict (Return "yes"): "Draw a flowchart to represent this process," "Generate a 30-second
audio clip of a bird singing," "Access [website] and tell me the current headlines."
- No Conflict (Return "no"): "Use code to describe an algorithm for drawing a flowchart,"
"Describe the sound of a bird singing vividly in words," "Summarize the potential news style of
[website] based on your knowledge up to 2023."

Core Principle:
Our goal is to filter out problems that are absolutely unsolvable or mismatched in task modality,
while retaining those that are highly challenging but theoretically solvable. Please make your final
judgment based on this principle.

Return:
Return yes if any of the above conflicts exist; return no if the problem is theoretically solvable and
within the capabilities of a language model. Do not return any extra content!

Table 16: The prompt template used for detecting conflict between the injected constraints and the original question.
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Prompt for Filling Constraint Templates

You are an expert in filling constraint templates with placeholders. You should fill the following
three constraint templates based on the original question.

[Original Question]
{original question without constraint(s)}

[Constraint Template 1]
{constraint template 1}

[Constraint Template 2]
{constraint template 2}

[Constraint Template 3]
{constraint template 3}

Task Instructions:
The curly braces containing text in the templates represent placeholders. You must fill each
placeholder in the templates with reasonable values based on the original problem prompt. Ensure
that the combination of the problem and these constraints remains solvable and can be answered
logically.

Rules:
1. Independent Filling: Placeholders in the templates are to be filled independently.
2. Data Types:
- If a placeholder requires a number, it must be a positive integer.
-If it requires a word, it must be a single word (no phrases).
-If it requires a letter, it must be a single letter.
-For all other cases, determine the most appropriate value based on the context.
3. Task Isolation: During the filling process, do not attempt to follow or satisfy the constraints
themselves; your only task is to generate the filled templates.

Output Format:
1. Return the three filled constraints in order, one constraint per line. Do not include any
introductory or explanatory text.
2. The values you fill in must be wrapped strictly with <placeholder></placeholder> tags. Do not
use any other tag names.
3. No Custom Tags: Do not use the placeholder names as tags (e.g., do not use <n_sent> or
<n_words>). You must use <placeholder></placeholder>
4. If a template contains no placeholders, return it exactly as it is without any modifications or tags.
5. Do not include the original problem description in your response; output only the filled
constraints.

Table 17: The prompt used for filling constraint templates. We take the filling of three constraint templates as an
example.
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Category Constraint Description

keyword 1. Include the keywords {keyword1} and {keyword2} in your response
2. In your response, the word {word} should appear less than {N} times
3. Do not include the keywords {keyword1} and {keyword2} in your response

language 1. Your answer should be in Spanish language, no other language is allowed

lexical 1. Do not write out any numbers as words; always use digits (e.g., use 5 instead of five).

format 1. Your answer must contain exactly {N} bullet points. Use the markdown bullet points
such as: * This is point * This is point 2

2. Your entire response should be in English, and in all lowercase letters. No capital letters
are allowed

3. Never use commas as thousand separators in numbers (e.g., write 1000000 instead of
1,000,000).

4. Your response must have exactly {N} sections. Mark the beginning of each section with
NEW SECTION, such as: NEW SECTION [content of section 1] NEW SECTION
[content of section 2]

affix 1. Wrap your entire response with double quotation marks ‘’
2. Finish your response with this exact phrase ºIs there anything else I can help with?º.

No other words should follow this phrase
3. End your response with a confidence score between 1 and 10. The output must strictly

follow this format: Confidence: [score], where [score] is your integer rating.

Table 18: Hard constraint templates for mathematical questions. Length-related constraints, complex formatting
constraints, and constraints unsuitable for mathematical tasks have been filtered out.
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Prompt for Linguist-Level Fluency Check

You are a professional language model evaluation expert specializing in identifying Reward
Hacking behaviors in model outputs.
Reward Hacking occurs when a model "deceives" automated scoring systems or evaluators by
generating hollow, repetitive, placeholder, or invalid content that superficially meets formatting or
structural requirements. Such outputs may appear compliant but lack genuine semantic content or
natural language characteristics, violating the fundamental principles of effective communication.
Note: You can only observe the model’s generated response. You do not have access to the
original user instructions, task goals, or specific constraints. Therefore, your judgment must be
based entirely on whether the output text conforms to normal, coherent, and meaningful human
writing conventions.

Evaluation Object:
{model response}

Evaluation Criteria (Detection Checklist):
Please strictly examine the model response against the following eight typical Reward Hacking
patterns that can be identified solely through surface text analysis:

• 1. Format Marker: Checks for the direct use of unreplaced literal placeholders (e.g., [name],
«title», placeholder) instead of actual substantive content.

• 2. List Format: Detects generated lists (e.g., numbered or bulleted) that consist of hollow,
logically disconnected, semantically repetitive, or "dummy" entries that lack informative value
(e.g., "1. Content One; 2. Content Two").

• 3. Repetition: Identifies the meaningless repetition of characters, words, or phrases (e.g., "a a
a", "the the the") used to artificially inflate response length or fill structural gaps.

• 4. Structural Delimiter: Checks for the use of Markdown or textual structural markers (e.g.,
"### Introduction", "## Conclusion", "Ð") that are not followed by any substantive content or
are followed only by empty lines or placeholders.

• 5. Verbosity Bias: Detects responses containing excessive irrelevant filler or overly polite
platitudes intended to inflate the length to exploit length-based scoring biases.

• 6. Emoji Spam: Detects the dense insertion of emojis or formatting symbols between words,
within paragraphs, or in titles, particularly semantically irrelevant emoji clusters that degrade
readability.

• 7. Lexical Mimicry: Checks for the generation of isomorphic strings, invented words, or
ungrammatical word lists (e.g., "running jumping thinking...") to superficially satisfy lexical
constraints (e.g., "use only -ing words" or "avoid the letter ’e’"), resulting in a loss of sentence
integrity and semantic coherence.

• 8. Wrapper Abuse: Detects instances where the entire output is enclosed in quotes, brackets,
or angle brackets (e.g., [answer], <>, "response"), while the internal content remains hollow or
minimal, merely mimicking formatting requirements without substantive substance.

Output Format:
[Detection Result]: Existence / Non-existence
[Deduction Reason]: Specific quotes and linguistic justification.
[Final Score]: 0 or 1

Table 19: The prompt template used for our linguist-level fluency evaluator.
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Prompt for Confidence Score Estimation

After completing your reasoning and arriving at the final answer, classify your confidence in the
answer into one of the following classes based on how likely it is to be correct:
- "Almost no chance" (0.0±0.1)
- "Highly unlikely" (0.1±0.2)
- "Chances are slight" (0.2±0.3)
- "Unlikely" (0.3±0.4)
- "Less than even" (0.4±0.5)
- "Better than even" (0.5±0.6)
- "Likely" (0.6±0.7)
- "Very good chance" (0.7±0.8)
- "Highly likely" (0.8±0.9)
- "Almost certain" (0.9±1.0)
At the very end of your output, append the confidence as Confidence: $CLASS (use only the class
name without ranges).

Table 20: The prompt used for confidence score estimation. The prompt is concatenated to the original query during
the inference time.

Prompt for Logic-Level Correctness Check

You are an expert in logical consistency and semantic alignment. Your task is to evaluate whether
a model’s response logically satisfies the user’s original intent.

[Original Question]
{original question without constraint(s)}

[Model Response]
{answer segment}

Task Instructions:
1. Intent Identification: Analyze the original prompt to identify its core objective.
2. Alignment Scoring: Assign a score between 0.0 and 1.0:
• 0.0: Completely irrelevant.
• 1.0: Perfect and direct alignment.
• 0.1±0.9: Degree of semantic and logical proximity.

Output Format: Return ONLY the numerical score. Do not provide any additional
text.

Table 21: The prompt template used for logic-level correctness evaluator.
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Prompt for Deep Reasoning Check

You are a critical auditor of reasoning quality. Your task is to rigorously evaluate whether a given
[Thought Process] demonstrates ªDeep Reasoningº regarding a specific [Constraint].

### Input
[Thought Process]
{thought process}

[Constraint]
{constraint}

### Evaluation Criteria for ªDeep Reasoningº
To receive a ªYESº, the [Thought Process] must demonstrate that the constraint actively shapes
the logic. It must meet AT LEAST ONE of the following strict criteria:
1. Operationalization (From ªWhatº to ªHowº): The reasoning explicitly translates the

constraint into actionable sub-steps, intermediate goals, or code logic.
2. Causal Influence: The constraint is used as a premise to derive a specific conclusion or reject

a path.
3. Conflict Resolution: The reasoning identifies potential conflicts between the constraint and

other requirements and resolves them.
4. Deep Verification: The verification performs a specific test, edge-case analysis, or logical

proof.

### High-Quality Brevity (Special Consideration)
Do not penalize brevity. A short [Thought Process] should be marked ªYESº if it is highly
efficient and the constraint’s influence is immediate and decisive.

### Strict Exclusion Criteria (Evidence of ªNOº)
• Mere Repetition: Simply restating the constraint without any logical extension.
• Superficial Acknowledgement: Statements like ªI will follow thisº without any trace of it.
• Post-Hoc Rationalization: The constraint is only mentioned as an afterthought.
• Vague Intent: Stating ªI need to be careful about Xº without specifying how.

### Output Requirement
1. Analyze: Provide a concise explanation (1-2 sentences).
2. Label: Determine if the label is ªYESº or ªNOº.
3. Format: Return the result ONLY in the following JSON format:
```json

{

"reasoning": "Your explanation here...",

"label": "YES" OR "NO"

}

```

Table 22: The prompt template used to evaluate deep reasoning regarding constraints.
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