DecIF: Improving Instruction-Following through Decomposition

Tingfeng Hui', Pengyu Zhu!, Bowen Ping?,
Ling Tang!, Guanting Dong®, Yaqi Zhang!, Sen Su'*

Beijing University of Posts and Telecommunications, Beijing, China
2Peking University, Beijing, China
3Renmin University of China, Beijing, China
"(huitingfeng, susen)@bupt.edu.cn

Abstract

We propose a novel data synthesis framework,
DeclF, which automatically generates accurate
and diverse instruction-following data from
scratch for supervised fine-tuning (SFT) and
reinforcement learning (RL), leveraging large
language models (LLMs) and minimal external
resources. By decomposing the data synthesis
pipeline into fine-grained steps, DeclF achieves
meticulous quality and diversity control over
generated instruction-following data. Extensive
experiments across both SFT and RL demon-
strate DecIF’s strong capability to flexibly syn-
thesize accurate instruction-following data for
both paradigms compared to comprehensive
baselines. Further analysis demonstrates the
framework’s robustness, scalability, and com-
putational efficiency in instruction-following
data generation, while its modular design en-
sures straightforward implementation and re-
producibility. The source code are available at:
https://github.com/HypherX/DeclIF

1 Introduction

Large language models (LLMs) have demonstrated
strong performance across diverse NLP tasks and
are increasingly integrated into daily life through
Al assistants (OpenAl, 2024; Yang et al., 2025a).
As their applications expand, instruction-following,
the ability to accurately adhere to complex con-
straints, has become one of the key research fo-
cus (Li et al., 2024b; Dong et al., 2024a,b; Chen
et al., 2025). Recent efforts to align LLMs with
instruction-following tasks have mainly focused on
how to obtain high-quality instruction-following
data. For example, AutolF (Dong et al., 2024a)
integrates manually designed constraints into in-
structions and uses Python code to ensure con-
sistency between inputs and outputs. AIR (Liu
et al., 2025) extracts instructions from documents
and iteratively refines them to generate large-scale
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data. UltralF (An et al., 2025) synthesizes in-
struction data using a fine-tuned UltraComposer
and employs LLLM-as-a-judge for response verifi-
cation. VerlF (Peng et al., 2025) utilize Constraint
Back-translation (Qi et al., 2025) to obtain con-
straints and incorporate rule-based and LL.M-based
rewards for RL. However, previous approach rely
heavily on existing documents and resources (e.g.
large datasets) for obtaining queries or constraints,
limiting their flexibility.

In this paper, we propose a novel framework, De-
cIF, which automatically generates accurate and di-
verse instruction-following data from scratch with
verifiable rewards, using only LLMs and minimal
external resources. DeclF’s pipeline consists of
two primary phases: instruction construction and
response construction. Specifically,

(1) Instruction Construction: To improve the
controllability and reliability of instruction synthe-
sis under complex constraints, we propose a mod-
ular instruction construction pipeline that avoids
the instability of direct end-to-end generation (see
Figure 1). Our core motivation is to ensure that
constraints and their verification logic are tightly
coupled and that the final instructions are both di-
verse and verifiable. We decompose the pipeline
into two stages: query generation and constraint
formulation. In the query generation stage, we pro-
gressively generate four types of meta-information:
domain, request, scenario, and persona which are
combined to produce rich, diverse, and difficulty-
controlled queries. Specifically, domains define
topical boundaries, requests specify the core in-
tent, scenarios add contextual variety, and personas
modulate the complexity level of the query. In
the constraint formulation stage, we distinguish
between soft constraints, which encode stylistic
or qualitative requirements, and hard constraints,
which define strict, rule-based conditions. For soft
constraints, we first prompt LLLMs to produce high-
level constraint categories, then jointly generate
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[ Step 2: Response Construction

Figure 1: The overall workflow of DeclF. DeclF is decomposed into two main stages: Instruction Construction and
Response Construction. The instruction construction is further decomposed into query generation and constraint
formulation, while the response construction is divided into response generation and reject sampling.

template-style constraints and their corresponding
validation questions. For hard constraints, we start
from a small set of template constraints paired
with verification functions, and expand them via
Self-Instruct (Wang et al., 2023a) process that co-
generates new constraint-function pairs. To ensure
compatibility, we do not assess constraint combina-
tions based on surface content alone. Instead, we
leverage LLMs to perform conflict filtering guided
by their associated validation questions and func-
tions, allowing the model to reason from a verifi-
cation perspective and capture subtle conflicts that
would be difficult to detect otherwise. Finally, the
filtered constraint combinations are merged with
queries, and LLMs are prompted to instantiate all
components into the final fully specified, verifiable,
and natural-language instructions.

(2) Response Construction: To ensure the qual-
ity and verifiability of model outputs, we decom-
pose the response construction pipeline into two
stages: response generation and reject sampling.
In the response generation stage, we sample mul-
tiple candidate responses for each instruction. In
the reject sampling stage, we apply both natural-
language validation questions and executable veri-
fication functions to assess the correctness of each
response. Only instruction-response pairs that pass
the corresponding validation checks are retained
as high-quality SFT data. For RL data construc-
tion, we rely directly on the instruction-verification
pairs. However, we first perform a filtering step to

remove any examples where the functions produce
runtime errors, timeouts, or where the questions are
incomplete. This ensures that the reward signals
used in reinforcement learning are both accurate
and stable.

Extensive experiments across diverse settings
and comprehensive benchmarks demonstrate that
DeclF substantially enhances the instruction-
following capabilities of LLMs compared to prior
methods. This improvement is attributed to the
increased accuracy, diversity, and verifiability of
the synthesized data. Beyond basic instruction-
following tasks, we evaluate DeclF across a broad
spectrum of model capabilities, confirming the gen-
eralizability of our approach. To assess practical
applicability, we replace the instruction-following
subset in Tulu-3 (Lambert et al., 2025) with data
generated by DeclF. The resulting model not only
surpasses Tulu-3 in instruction-following perfor-
mance but also remains competitive across other
general capabilities—highlighting the compatibil-
ity of our data with diverse training pipelines. We
further explore the utility of DeclF in generating
general-purpose instruction data and analyze the
effect of reinforcement learning configurations on
instruction-following outcomes. Our main contri-
butions are summarized as follows:

(1) We propose DeclF, a decomposition-guided
framework for synthesizing accurate, diverse, and
verifiable instruction-following data for both SFT
and RL, using only LLMs and minimal external
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resources.

(2) DeclIF decomposes the entire synthesis
pipeline into fine-grained sub-tasks, enabling pre-
cise control over diversity, complexity, and contex-
tual richness, supporting systematic and control-
lable data generation.

(3) Extensive experiments demonstrate that De-
cIF outperforms existing method in handling com-
plex instructions and shows strong potential for
generating general-purpose data compatible with
modern open-source training regimes.

2 Methodology

Previous efforts to construct instruction-following
data have typically relied on real-world resources
(Dong et al., 2024a; An et al., 2025; Qi et al., 2025;
Peng et al., 2025; Zhang et al., 2026a), such as
obtaining queries from ShareGPT (Chiang et al.,
2023) or leveraging open-source datasets to ex-
tract diverse constraints. In contrast, we aim to
explore a fully from-scratch approach for construct-
ing instruction-following data, enhancing the flex-
ibility and adaptability of the method. Detailed
step-by-step cases of our data construction process
are provided in Appendix B.

2.1 Instruction Construction Stage

To enhance the diversity and controllability of gen-
erated instructions, we forgo single-shot genera-
tion. Instead, we propose a compositional approach
where each instruction is decomposed into two
parts: a query component Q and a constraint set C.

Query Generation. We generate the query set Q
via a four-stage pipeline, where each stage adds an
essential element of the instruction context. The
process is as follows:

(1) Domain Generation: Define a set of do-
mains D = {dy,...,dy}, where each d represents
a real-world context (e.g., Math, Sports).

(2) Request Generation: For each domain
d € D, we leverage an LLM 0 to generate a set
of requests R(d) = {r1,...,7aq)} describing
typical tasks within d.

(3) Scenario Generation: For each request
r € R(d), generate a set of scenarios S(r) =
{51, 8K(r)}, each representing a different situ-
ation or context.

(4) Persona Assignment: For each scenario
s € S(r), generate a set of personas P(s) =
{p1,- .-, PL(s)}> Which specify user perspective or
difficulty level.

Finally, each query ¢ is uniquely defined by a
tuple (d,r,s,p), where d € D, r € R(d), s €
S(r),and p € P(s). The overall query set is Q =
{q1,...,qr}, analogous to the construction in (Ge
et al., 2024)..

Constraint Formulation. In parallel to query
generation, we construct a set of constraints C de-
signed to complement and guide the queries. Un-
like prior methods (An et al., 2025; Qi et al., 2025;
Zhang et al., 2026b) that rely heavily on constraints
extracted from extensive external corpora, our ap-
proach focuses on synchronously generating both
constraints and their associated validation meth-
ods using LLMs, thereby minimizing dependence
on external resources and ensuring tight alignment
between constraints and their verification logic.
We classify constraints into two distinct cate-
gories following (Peng et al., 2025): soft con-
straints (Csoft), Which represent stylistic or qual-
itative guidelines validated through model-based
heuristics (e.g., tone or politeness), and hard con-
straints (Cnhara), which enforce strict and determin-
istic rules verifiable by explicit checks or scripts
(e.g., length limitations or keywords requirements).
Formally, the constraint set is expressed as:

. ,cfvs},
e €]

Csoft = {Ciqa C§7 ..
Chard = {c’f,c’j, ..
C= Csoft U Chard'

where ¢ and c;-‘ denote the i-th soft constraint and
the j-th hard constraint, respectively, and Ny (V)
is the number of soft (hard) constraints. The gen-
eration process for each constraint category is de-
signed to yield both constraints and their corre-
sponding validation mechanisms in a tightly inte-
grated, template-based manner.

(1) Soft Constraint Generation. We first
prompt the LLM 6 to generate a set of high-level
constraint categories 7 = {t1,...,tp} that cap-
ture stylistic or content-related properties. For each
t € T, 6 is then prompted to simultaneously pro-
duce (i) a template-style soft constraint (e.g., the
response should be in [placeholder] tone”) and (ii)
a corresponding template-style validation question
(e.g., Is the response written in a [placeholder]
tone?”). This joint generation process ensures that
each constraint ¢ € Cyof is aligned with a specific
verification question vi € V° = {vf,..., v} }.

(2) Hard Constraint Generation. We begin
with a small seed set of hard constraints Csheed =
{ch, ..., ch/} and their corresponding verification
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IFEval Multi-IF FollowBench LiveBench
Method #Data L ¢ In(S) Pr(L) In(L) Tuml Tum2 Tumn3 HSR SSR  Score
Directly utilize the open source dataset
ShareGPT 10k  39.00 50.24 42770 5396 4025 2851 23.13 4052 57.97 31.00
Evol-Instruct 10k  39.37 50.48 42.14 53.60 3345 2136 1434 29.78 49.13 26.90
Conifer 13k 4436 56.24 4898 60.55 44.61 2552 1795 4583 59.98 41.10
AIR 10k 4399 55.16 4732 5851 4200 2356 18.94 4497 61.54 38.50
Condor 20k  55.64 6499 5860 67.15 5074 30.73 23.05 48.10 61.92 41.10
Utilize LLaMA-3.1-70B-Instruct as supervised model
AutoIFT 10k  47.13 57.55 5693 67.02 47.63 2753 20.53 - 60.41 40.50
UltralFt 10k 5397 64.15 58.59 68.82 5255 2934 2229 - 59.50 42.20
DeclIF 10k 65.25 7422 67.65 76.74 6637 4746 3598 48.29 62.28 50.50
" Compare with more challenging dataset
Tulu-3-IF 30k 6858 77.22 7227 80.58 70.14 4734 3513 49.52 63.03 52.90
UltralF* 181k  64.14 7290 6839 7686 6533 4771 3949 53.52 67.20 47.20
DeclIF 30k 7172 79.02 7486 81.89 69.57 51.27 38.21 49.25 64.40 54.30

Table 1: The SFT results of LLaMA-3.1-8B on four instruction-following benchmarks. Pr and In represent the
prompt and instruction levels. S and L stand for strict and loose metrics for IFEval. For LiveBench, we only report
the performance of instruction-following subset. Results marked with T mean that we directly report the evaluation
results in (An et al., 2025). ¥ represents that we utilize the open-source 181k data from UltralF.

h g = {0, ..., v%}, where each pair
encodes a strict and verifiable requirement in a
template-based form (e.g., “responses must not
exceed [N] words” and a corresponding length-
checking script). We then employ an iterative
Self-Instruct process (Wang et al., 2023a), where
at each iteration, 6 is prompted to generate new
constraint-function pairs by paraphrasing, modi-
fying, or composing from existing pairs. After L
rounds, we collect all unique pairs into the final sets
Chard = {cf, .., ¢, Y and V" = {of', ... o ],
where each v;? is a deterministic verification func-

functions V"

tion responsible for validating c?.

Complete Instruction Synthesis. In the final
stage, we synthesize complete instructions by first
randomly sampling combinations of multiple soft
and hard constraints. Instead of directly assuming
compatibility, we prompt the LLM 6 to perform
conflict filtering, but critically, this filtering is not
based on the surface forms of the constraints them-
selves. Instead, we explicitly incorporate their as-
sociated validation questions (for soft constraints)
and verification functions (for hard constraints) into
the filtering prompt. This design allows 6 to reason
from the perspective of how each constraint will
be verified, capturing more subtle and fine-grained
interactions that may not be evident from the con-
straint texts alone. Filtering based on validation
logic leads to higher-precision conflict detection.
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Once a compatible constraint set is identified,
we pair it with a query ¢ and prompt 6§ to generate
a fully specified natural-language instruction. All
placeholders in the constraints and validations are
instantiated, and the instruction is written to reflect
the full set of requirements in a coherent and natural
way. This yields the final instruction set:

7= {¢(q,Cs,Ch) ‘ geQ, (C°Ch) e ]—"} @)

where C* C Cyofe and C" C Cpyra denote the subsets
of soft and hard constraints, and F indicates all
constraint sets passing the conflict filtering process.

2.2 Response Construction Stage

Given the constructed instruction set Z and the
associated validation procedures V), we construct
responses in two phases: response generation and
reject sampling.

Response Generation. For each instruction z =
(q,c*, c") € T, we prompt the LLM 6 to generate
a set of candidate responses:

A(x) ={ay,.. 3)

< QK (1) }7
where K (z) is the number of responses generated.

Reject Sampling. To ensure all responses adhere
to the specified constraints, we perform verification
using the paired validation questions and functions
described in the previous section. Specifically, for



IFEval Multi-IF FollowBench LiveBench
Method #Data b ¢ In(S) Pr(L) In(L) Tuml Tum2 Tumn3 HSR SSR  Score
Directly utilize the open source dataset
ShareGPT 10k 4991 6043 5287 63.79 5536 3956 31.79 51.02 67.35 38.60
Evol-Instruct 10k  56.01 6691 6044 70.74 5940 41.08 31.23 47.88 66.37 32.40
Conifer 13k 5749 67.63 6433 7350 64.19 2259 17.25 63.05 73.13 48.60
AIR 10k 6248 7242 6747 7638 66.84 49.17 37.89 6250 74.18 43.20
Condor 20k 59.33 69.66 6433 7398 70.20 5035 39.10 6335 75.38 46.80
Utilize LLaMA-3.1-70B-Instruct as supervised model
Declk  __ 10k__7745_ 8405 79.30 8561 _81.18 _64.57 4887 64.84 7695 _ 53.10
Compare with more challenging dataset
Tulu-3-IF 30k 76.16 82.61 79.30 8525 81.06 61.85 47.12 69.00 78.51 41.30
UltralFi 181k  68.02 7698 71.53 79.62 7226 54775 4520 62.12 73.76 49.60
DeclIF 30k 79.48 8549 8133 87.29 81.65 6592 5095 67.83 77.57 57.30
Table 2: The SFT results of Qwen-3-8B-Base on four instruction-following benchmarks.
IFEval Multi-IF FollowBench LiveBench
Method #ata L6 In(s) Prl) In(L) Tumnl Tum2 Tum3 HSR SSR  Score
The results of reinforcement learning
R1-Distill-Qwen-7B - 58.41 68.35 6137 7122 60.17 47.64 3558 49.05 64.41 61.70
+VerlF! 22k 67.84 7722 71.16 79.74 73.14 59.84 4728 57.77 70.79 71.30
Decdf 2k 6987 7854 7320 BLOG 7327 6053 4926 5769 7204 6720
Tulu-3-SFT - 63.22 73.14 67.10 76.02 6748 52.06 40.67 4893 64.31 44.00
+VerlF? 22k 7948 8525 81.70 8741 80.71 6697 5575 64.15 73.67 60.00
+DeclF 22k 8595 90.89 88.17 9233 83.86 7136 59.64 65.00 74.39 59.50

Table 3: The RL results of R1-Distill-Qwen-7B and Tulu-3-SFT on four instruction-following benchmarks. * means
we directly download the source model published by authors.

each candidate response a € A(x), we define the
set of valid responses as:

A*(z) = {a € Alz) ’ vi(a) =1 A vh(a)=1}, (4)

where v® and v" are the validation functions corre-
sponding to the soft and hard constraints.

We use the resulting set A*(z) and its filtered
variants to construct training data for different
learning paradigms:

(1) Supervised Fine-Tuning (SFT): The entire
set A*(x)—that is, all responses passing both soft
and hard constraint validations—is used as the SFT
training data.

(2) Reinforcement Learning (RL): For RL, we
retain only those instructions whose associated val-
idation logic is complete and unambiguous. Specif-
ically, we exclude any instructions that contain in-
complete validation questions, or whose verifica-
tion functions result in runtime errors or timeouts.

2.3 Reward Strategy in RL

For reinforcement learning, we employ a soft re-
ward (Ping et al., 2026) scheme that reflects par-

tial compliance with constraints, rather than using
only binary rewards (i.e., assigning 1 for fully cor-
rect and O otherwise). Formally, for an instruction
x = (q,c*, ¢) with m total constraints and a re-
sponse a, let S(a) denote the set of constraints
satisfied by a according to the constraint validation
functions. The reward r(a) is defined as

) 5@1

m

&)

where |S(a)| is the number of constraints satisfied
by a. For example, if m = 5 and |S(a)| = 3, then
r(a) = 0.6.

3 Experiments

3.1 Experimental Setup

Detailed information about baselines, evaluation
benchmarks, hyperparameters, and prompt tem-
plates can be found in Appendix A and D.

Baselines. Following (An et al., 2025), we use
LLaMA-3.1-70B-Instruct for supervised data gen-
eration, and adopt a wide range of SFT baselines,
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including ShareGPT (Chiang et al., 2023), Evol-
Instruct (Xu et al., 2023), Conifer (Sun et al., 2024),
Condor (Cao et al., 2025), AIR (Liu et al., 2025),
AutolF (Dong et al., 2024a), and UltralF (An et al.,
2025). We further include the instruction-following
subset of Tulu-3 (Lambert et al., 2025) and Ul-
tralF’s open-source 181k set as challenging base-
lines. For RL settings, we directly compare with
VerlF (Peng et al., 2025).

Evaluation Benchmarks. We evaluate on
four instruction-following benchmarks: IFE-
val (Zhou et al., 2023), Multi-IF (He et al.,
2024), FollowBench (Jiang et al., 2024), and
LiveBench (White et al., 2025). Additional
benchmarks include GSMS8K (Cobbe et al., 2021)
and MATH (Hendrycks et al., 2021b) (math),
HumanEval (Chen et al., 2021) (code), BBH (Suz-
gun et al., 2022) and HellaSwag (Zellers et al.,
2019) (reasoning), GPQA (Rein et al., 2023) and
MMLU (Hendrycks et al., 2021a) (knowledge),
Arena Hard (Li et al., 2024a) (conversation), and
LiveBench (all) (White et al., 2025) (general).
This comprehensive evaluation ensures fair
comparison across reasoning, knowledge, coding,
and interactive abilities.

3.2 Implementation Details

We use vLLM (Kwon et al., 2023) for efficient
inference throughout the data generation pipeline.
The LLM is prompted iteratively to generate do-
mains, requests, scenarios, and personas, result-
ing in over 1M unique queries. For constraints,
we construct 32 soft constraint categories and 87
templates, and expand a seed set of 5 hard con-
straints (with corresponding verification functions)
to obtain 41 final hard constraint templates. Data
synthesis uses temperature 0.6, top_p 0.95, and
max_tokens 8192. Model evaluation is performed
with greedy decoding for stability. For training,
we use LLaMA-Factory (Zheng et al., 2024) for
SFT and VeRL (Sheng et al., 2024) for RL, set-
ting a learning rate of 1 x 10~° for SFT (3 epochs)
and 1 x 1076 for RL (16 rollouts, 1 epoch, and
GRPO (Shao et al., 2024) optimized algorithm). To
avoid data leakage, we remove any training instruc-
tion with Jaccard similarity above 0.7 to evaluation
data, following (Zhou et al., 2025).

3.3 Supervised Fine-Tuning Results

Table 1 and 2 present the performance of DecIF on
four instruction-following benchmarks compared

Code Reasoning Math  Conversation General

HumanEval BBH GSM8K  Arena Hard LiveBench [All]

Method

The common abilities of SFT models

AutolFt 46.34 67.18 51.50 9.20 17.50

UltralF? 43.90 67.33 48.60 12.20 21.30

DecIF 46.95 67.45 60.42 12.20 21.90
The common abilities of RL models

Tulu-3-SFT 61.59 67.64 78.32 16.80 24.80

VerlF* 58.54 67.93 77.86 17.20 25.80

DecIF 65.85 68.80 79.23 16.60 28.40

Table 4: The common capability results of LLaMA-
3.1-8B (for SFT) and Tulu-3-SFT (for RL) on code,
reasoning, math, conversation and general domains. Re-
sults marked with T mean that we directly report the
evaluation results in (An et al., 2025).

to other baselines. We apply SFT to two base mod-
els (LLaMA-3.1-8B and Qwen-3-8B-Base) and the
results demonstrate that DeclF significantly outper-
forms all baselines. Specifically, compared to Ul-
tralF, our method achieves nearly 8-18% improve-
ments on IFEval, MultilF, and LiveBench with the
same amount of training data, along with nearly a
3% enhancement on FollowBench. When scaling
up to 30k training data, DeclF continues to achieve
the best performance on most benchmarks, even
when compared to the instruction-following subset
of Tulu-3 and UltralF-181k. Overall, DecIF con-
structs accurate and diverse instruction-following
data using only LLMs and minimal external re-
sources, and achieves substantial performance im-
provements over prior approaches and datasets.

3.4 Reinforcement Learning Results

Table 3 shows the RL results on R1-Distill-Qwen-
7B and Tulu-3-SFT. The results demonstrate that
our RL data exhibits significant performance im-
provements compared to VerlF (Peng et al., 2025),
particularly on the more instruction-following-
capable Tulu-3-SFT model. This indicates that the
data constructed by DeclF combined with the soft
reward strategy enables more powerful foundation
models to achieve enhanced capabilities, which
also indirectly highlights DeclF’s strong scalability
potential. Notably, during our training process, we
employed CompassJudger-1-7B (Cao et al., 2024)
as the judge model for hard constraints rather than
using larger 32B or even 70B-scale models, which
further enhanced training efficiency.

3.5 Common Capabilities Evaluation

To ensure that the constructed instruction-following
SFT and RL data does not negatively impact or
conflict with common capabilities, we follow (An
et al., 2025) and conduct a comprehensive evalua-
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Figure 2: (a) The results of different reward strategies on
R1-Distill-Qwen-7B. (b) The results of different reward
strategies on Tulu-3-SFT.

tion across coding, math, reasoning, conversation,
and general capabilities. Based on the data con-
struction process of DeclF outlined earlier, the re-
sulting instruction data is more accurate and diverse
than previous methods, encompassing a broader
range of instructions across various domains. As
shown in Table 4, DeclF outperforms AutolF, Ul-
tralF and VerIF in common capabilities. This fur-
ther indicates that the data synthesized by DeclIF
are more diverse and comprehensive in domains.

3.6 Ablation Study

Table 5 summarizes the results of our ablation stud-
ies on DeclF. During the SFT data synthesis stage,
we ablate several fine-grained generation steps as
well as the reject sampling process. We observe
that as the synthesis becomes more direct, itera-
tively removing our fine-grained procedure, the
model performance consistently degrades, primar-
ily due to reduced query diversity. Removing reject
sampling also harms performance by introducing a
large amount of inaccurate training data. In the RL
training stage, eliminating the verification function
significantly degrades performance on rule-based
benchmarks such as IFEval. Similarly, removing
the model validation step also leads to notable per-
formance drops.

4 Further Analysis

More analysis on various base models, long-CoT
SFT, and efficiency analysis can be found in Ap-
pendix C.

4.1 Soft Rewards v.s Hard Rewards

As shown in Figure 2, we compare the performance
of soft reward and hard reward strategies on R1-
Distill-Qwen-7B and Tulu-3-SFT. We find that the
soft reward strategy demonstrates superior perfor-
mance. This also indicates that fine-grained re-

Method IFEval Multi-IF FollowBench LiveBench
The ablation study of data synthesis

DeclF 70.97 49.94 55.29 50.50
w/o d 68.89 48.12 53.07 47.90
w/o d+r 66.17 46.78 50.24 47.20
w/o d+r+s 63.52 44.89 47.38 40.40
w/oreject 65.35 44.70 51.13 45.40
The ablation study of RL training

DeclIF 89.34 71.62 69.70 59.50
w/o code 77.63 60.32 66.75 53.60
w/o 11m 87.65 69.84 63.52 56.70

Table 5: The comprehensive ablation study of data syn-
thesis and RL training stages. d, r, s, and reject repre-
sent domains, requests, scenarios, and reject sampling.
code and 11m represent the rewards from Python code
and LLMs.

wards offer greater advantages compared to simple
binary rewards, inspiring future research directions
to explore more fine-grained reward strategies.

4.2 Scaling Capability of DecIF

As shown in Figure 3 (a) and (b), we investigate
the effects of data scaling during both the SFT and
RL phases, respectively. Specifically, we observe
that model performance first improves and then de-
clines as the amount of data increases. More data
does not always lead to better results. The exper-
iments demonstrate that the model achieves opti-
mal instruction-following performance with around
30K samples for SFT and 20K samples for RL.
These findings suggest that future work should pri-
oritize data accuracy and diversity within a limited
sample size, rather than indiscriminately increas-
ing data quantity.

4.3 Mixture with Other SFT Data

Given that the SFT stage of recent advanced models
(Meta, 2024) typically relies on a substantial vol-
ume of high-quality, cross-domain data, we argue
that top-tier instruction-following datasets should
not only excel when trained in isolation, but also
demonstrate strong compatibility with training data
from diverse domains. Crucially, such datasets
should avoid introducing conflicts that could under-
mine overall model performance. To evaluate this,
we replace the instruction-following component of
Tulu-3 with data synthesized by DeclF. As shown
in Figure 3 (c), substituting the original data with
our synthesized dataset results in improved perfor-
mance on [FEval, while maintaining stable perfor-
mance across other domains without any signs of
degradation. This outcome clearly underscores the
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vised models. (a) Utilize LLaMA-3.1-8B-Instruct and
LLaMA-3.1-70B-Instruct as supervised models. (b) Uti-
lize Qwen-3-32B and Qwen-3-8B as supervised models.

compatibility of our synthesized data with multi-
domain training data, thereby further highlighting
the broad applicability and potential of DeclF in
diverse training contexts.

4.4 Large-Scale SFT Data Synthesis of DecIF

We observe DeclF’s strong potential to synthesize
large-scale, general-purpose data. To explore this
capability, we remove constraints generation stage
from the original pipeline and directly generate
queries. Using Qwen-3-32B as supervised model,
we obtain approximately 150k diverse instruction-
response pairs. As shown in Figure 3 (d), the
large-scale general-purpose data synthesized by De-
cIF achieves competitive performance when com-
pared to recent advanced datasets such as Ultra-
Chat (Ding et al., 2023), Magpie-pro (Xu et al.,
2024), Tulu-3-Mixture, and FuseChat-3.0 (Yang
et al., 2025b). Compared to UltraChat, Tulu-3 and
FuseChat-3.0, DeclF does not rely heavily on pre-
existing documents or external resources to synthe-
size data. In contrast to Magpie, which requires
complex filtering mechanisms to eliminate low-

quality or unparseable outputs, DeclF employs a
more controllable approach based on decomposi-
tion. We believe that DeclF also holds great po-
tential in generating instruction data. By incor-
porating additional control signals, the synthesis
process can be further refined.

4.5 Exploration of Different Supervised
Models

As shown in Figure 4, we investigate the perfor-
mance of LLaMA-3.1 series (70B and 8B) and
Qwen-3 series (32B and 8B) as supervised models
for synthesizing instruction-following data through
DeclF. To our surprise, we find that smaller mod-
els (8B) generated synthetic data performing com-
parably to larger models (32B and 70B) across
four IF benchmarks. This achievement stems from
DecIF’s decomposition-based synthesis principle
and our code-LLM hybrid verification mechanism.
Through these innovations, we break down com-
plete instruction synthesis into fine-grained steps,
enabling smaller models to perform high-quality
generation. Moreover, our precise reject sampling
scheme effectively filters out inaccurate responses
from smaller models, ultimately deriving data qual-
ity on par with larger models. This establishes
DeclF as a more flexible and reliable framework
for enhancing instruction-following capabilities.

5 Related Work

Instruction-Following. Instruction-following is
fundamental for aligning LLMs with complex hu-
man intent (Li et al., 2024b; Dong et al., 2024a,b).
Early work such as ShareGPT (Chiang et al.,
2023) leveraged user-shared dialogues for tun-
ing, while later approaches reduce reliance on hu-
man annotation via synthetic generation—using
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back-translation (Li et al., 2024b), iterative refine-
ment (Sun et al., 2024; Liu et al., 2025), or code
execution feedback (Dong et al., 2024a). Recent
methods further improve alignment by explicitly
incorporating constraint validation into data con-
struction and model training, leveraging rule-based
or code-based verification for hard constraints and
LLM-based heuristics for soft constraints (Peng
et al., 2025). Decomposition-based frameworks
such as UltralF (An et al., 2025) generate more di-
verse and structured data by splitting prompts into
sub-queries and constraints.

Data Synthesis. Automated data synthesis is crit-
ical for scaling LL.Ms instruction tuning beyond
expensive manual annotation. Approaches such as
Self-Instruct (Wang et al., 2023b), WizardLM (Xu
et al., 2023), Condor (Cao et al., 2025), Person-
aHub (Ge et al., 2024), and Magpie (Xu et al.,
2024) iteratively generate large-scale, diverse in-
struction data using minimal or no human supervi-
sion, leveraging bootstrapping, knowledge-driven
generation, or persona-based diversification. Build-
ing on these advances, DeclF introduces a fully
automated process that jointly synthesizes instruc-
tions, constraints, and validation logic with only
LLMs and minimal external resources, enabling ac-
curate and diverse instruction-following data con-
struction.

6 Conclusion

We introduce DeclF, a fully automated framework
for generating accurate, diverse, and verifiable
instruction-following data for SFT and RL. De-
cIF’s modular decomposition and validation-aware
design ensure both high diversity and reliability
without heavy dependence on external resources
or existing datasets. Experiments on instruction-
following and comprehensive general benchmarks
confirm significant improvements over existing
methods and demonstrate strong generalization.
DeclIF lays a solid foundation for future advances in
high-quality instruction-following data synthesis.

Limitations

In this paper, we propose DeclF, a method that
enables the synthesis of high-quality instruction-
following data from scratch, without relying heav-
ily on existing documents or datasets. Despite De-
cIF’s superior performance, it still has several limi-
tations.

(1) Although we have explored the potential of
DeclF in synthesizing large-scale, general-purpose
instruction data, due to space and scope limitations,
we do not further investigate its full capacity. In
future work, we plan to conduct a more in-depth
study of DeclF’s ability to generate large-scale in-
struction data, with finer-grained control, to further
advance the field.

(2) In this paper, we primarily focus on single-
turn English instruction-following data. We plan
to explore DecIF’s potential in generating multi-
turn dialogue data and instruction data in other
languages in future work.

(3) In the reinforcement learning phase, this pa-
per does not further explore deeper training dynam-
ics. We also plan to make further advancements in
RL for instruction-following in the future.
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Appendix
A Detailed Experimental Setup

In this section, we provide detailed explanations
of the components that are omitted or only briefly
mentioned in the main text.

A.1 Detailed Information about Baselines

In this paper, we compare DeclF with a compre-
hensive set of baselines to thoroughly validate its
effectiveness. Specifically,

ShareGPT(Chiang et al., 2023) is an open-
source and multi-turn conversation dataset that con-
tains 52k user-shared chatting histories with GPT-4.
We randomly select 10k subset to serve as the base-
line.
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Evol-Instruct (Xu et al., 2023) is a large-scale
complex instruction dataset that evolves existing
instructions across both depth and breadth. We
also randomly select a 10k subset to serve as the
baseline.

Conifer (Sun et al., 2024) is a 13k instruction-
following dataset synthesized from seed instruc-
tions derived from ShareGPT, using a three-stage
process involving query reframing, constraint gen-
eration, and recombination. We directly utilize the
full set as the baseline.

AIR (Liu et al., 2025) collects initial instructions
from existing documents and performs iterative in-
struction refinement to construct a 10k instruction-
following dataset. We use the full set of the data as
the baseline.

Condor (Cao et al., 2025) incorporate world
knowledge tree to synthesize a large-scale instruc-
tion data. We directly use the open-source 20k data
to serve as the baseline.

AutolIF (Dong et al., 2024a) manually design
a variety of constraints and innovatively employ
Python functions to evaluate the responses. In this
paper, we directly report the performance in (An
et al., 2025).

UltralF (An et al., 2025) incorporate existing
documents and datasets to train the UltraComposer
and synthesize a large-scale instruction-following
data. We also directly report the performance in its
original paper.

For more challenging comparison and validate
the generalizability of DeclF, we also utilize Tulu-
3 (Lambert et al., 2025) and Magpie (Xu et al.,
2024) as our baselines.

For RL baselines, we compare DeclF with VerIF
(Peng et al., 2025) witch utilize Constraint Back-
translation (Qi et al., 2025) to synthesize hard and
soft constraints.

A.2 Detailed Description of Evaluation
Benchmarks

For the evaluation of instruction-following capabil-
ity, we utilize the following benchmarks:

IFEval (Zhou et al., 2023) is an easily pro-
ducible benchmark specifically designed to assess
the instruction-following capabilities of LLMs. It
consists of approximately 500 prompts, each con-
taining 25 types of verifiable instructions. In our
evaluation, we employ both loose and strict accu-
racy metrics at both the prompt and instruction
levels.

Multi-IF (He et al., 2024) is a benchmark de-
signed to evaluate LLMs’ proficiency in following
multi-turn and multilingual instructions. It com-
prises 4,501 multilingual conversations, each con-
sisting of three turns. We report the average ac-
curacy across all languages for each of the three
rounds in the experiment.

FollowBench (Jiang et al., 2024) is a multi-level,
fine-grained constraint-following benchmark de-
signed for LLMs. It integrates five distinct types of
fine-grained constraints, Content, Situation, Style,
Format, and Example, and emphasizes a multi-
level mechanism in the construction of instruc-
tion prompts. In our experiments, we utilize GPT-
40-2025-03-26 to evaluate whether the outputs of
LLMs satisfy each individual constraint.

LiveBench (White et al., 2025) is an LLM
benchmark that encompasses a wide array of chal-
lenging tasks, including math, coding, reasoning,
language, instruction-following, and data analysis,
with answers automatically scored based on objec-
tive ground-truth values. We use the instruction-
following subset to asses the instruction-following
capability and utilize all data to evaluate the general
capability.

For other common abilities, we incorporate the
following benchmarks to broadly assess the mod-
els:

GSMSK (Cobbe et al., 2021) consists of 8.5K
high-quality, multilingual grade school math word
problems, meticulously crafted to evaluate the
multi-step mathematical reasoning proficiency of
language models. In the experiment, we report the
overall accuracy achieved by the models.

MATH (Hendrycks et al., 2021b) is a challeng-
ing benchmark containing 12,500 high school-level
mathematics problems spanning algebra, geometry,
and more. Each problem includes a textual descrip-
tion and a step-by-step solution. The benchmark is
designed to assess the ability of language models
to perform formal mathematical problem-solving.
In the experiment, we report the accuracy of final
answers predicted by the models.

HumanEval (Chen et al., 2021) comprises 164
programming problems, each including function
signatures, docstrings, bodies, and unit tests, with
an average of 7.7 tests per problem. It is designed
to evaluate the coding capabilities of LLMs. Hu-
manEval assesses the models’ ability to synthesize
programs from docstrings, testing their language
comprehension, reasoning, algorithmic thinking,
and elementary mathematics skills. In the experi-
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IFEval Multi-IF FollowBench LiveBench
Method #ata b o In(S) Prl) In(L) Tunl Tun2 Tun3 HSR SSR Score
Results of Tulu-3 instruction-following subset
Qwen-3-4B 30k 7542 8237 7837 8501 7880 60.65 4454 61.96 72.41 53.10
Qwen-3-14B 30k 77.26 8393 8152 8792 6771 6147 49.86 70.72 79.62 44.90
Gemma-3-4B 30k 6026 6990 6396 7374 67.12 4192 3025 50.85 60.86 48.20
Gemma-3-12B 30k 6895 77.58 7227 80.34 7585 5154 39.89 6443 75.82 59.60
Results of DeclF instruction-following data
Qwen-3-4B 30k 76.16 8285 77.82 84.41 7821 6473 51.74 62.50 72.85 50.70
Qwen-3-14B 30k 80.04 8549 82.62 87.77 83.00 71.09 60.27 69.43 78.74 61.10
Gemma-3-4B 30k 65.62 74.10 68.76 7698 70.58 48.03 35.63 52.27 61.05 47.30
Gemma-3-12B 30k  72.27 79.74 7486 82.13 76.32 5517 41.63 65.01 75.37 61.20

Table 6: The results on four instruction-following benchmarks under Qwen-3 and Gemma-3 series models. Note
that we utilize LLaMA-3.1-70B-Instruct as supervised model.

IFEval Multi-IF FollowBench LiveBench
Method #ata L ¢ 1(S) Pr(L) In(L) Tum! Tum2 Tum3 HSR SSR  Score
Results of Qwen-3-32B
Qwen-3-32B (w/o think) 30k  84.84 89.57 §87.62 91.61 8695 7879 71.64 76.01 82.37 83.40
Qwen-3-32B (w/ think) 30k 8429 8885 8891 9233 87.63 79.62 7198 7552 80.58 83.90
Results of non-thinking instruction-following data
Qwen-3-4B 30k 7431 8213 78.19 85.01 74.16 6143 50.71 65.84 75.27 51.90
Qwen-3-8B 30k 78.56 84.65 81.89 87.53 80.86 6639 5532 7295 80.24 61.20
Qwen-3-14B 30k 80.41 85.61 84.66 88.97 82.02 7171 6221 73.58 81.14 67.40
Results of long-CoT instruction-following data
Qwen-3-4B 30k 74.86 82.01 78.19 84.53 7632 62.00 46.71 66.56 74.46 61.70
Qwen-3-8B 30k 78.19 84.77 81.89 87.29 8191 6350 49.66 70.84 77.51 68.20
Qwen-3-14B 30k 79.48 85.61 82.62 87.89 8451 73.04 5441 7196 78.64 71.90

Table 7: The results on four instruction-following benchmarks under various base models with long-CoT data. Note

that we utilize Qwen-3-32B as supervised model.

ment, we report the Pass@1 score on HumanEval.

BBH (Suzgun et al., 2022) is a clean, challeng-
ing, and tractable subset benchmark filtered from
Big Bench, comprising 23 types of difficult tasks
and a total of 6,511 evaluation examples. BBH pri-
marily focuses on comprehensively assessing the
reasoning capabilities and problem-solving skills
of models. In the experiment, we report accuracy
metrics on BBH.

HellaSwag (Zellers et al., 2019) is a challeng-
ing benchmark designed to evaluate the common-
sense reasoning capabilities of language models
through sentence completion tasks. It comprises
approximately 70,000 multiple-choice questions,
each presenting a context followed by four possible
endings. Only one of these endings is correct. In
the experiments, we report the model’s accuracy in
selecting the correct ending.

GPQA (Rein et al., 2023) is a highly challeng-
ing subset of the GPQA benchmark, consisting

of 198 multiple-choice questions across biology,
physics, and chemistry. The Diamond subset is
distinguished by its stringent validation criteria. In
the experiments, we report the model’s accuracy in
selecting the correct answer.

MMLU (Hendrycks et al., 2021a) is a compre-
hensive benchmark designed to evaluate the mul-
titask accuracy of language models across a di-
verse set of academic and professional subjects.
It encompasses 57 tasks, including areas such as
elementary mathematics, U.S. history, computer
science, law, and medicine, totaling approximately
15,908 multiple-choice questions. In the experi-
ments, we report the average accuracy across all
tasks.

Arena Hard (Li et al., 2024a) is an automated
LLM benchmark comprising 500 challenging user
queries, carefully curated to evaluate the compre-
hensive performance of LLMs in user dialogue
scenarios. In the experiment, we use GPT-40-2025-
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03-26 as the judge model and report the win rate of
our models compared to the baseline model (GPT-
4-0314).

B Step-by-Step Examples of DecIF

In this section, we present concrete example cases
from each stage of the DeclF synthetic instruction-
following data generation process to help readers
better visualize and understand the overall work-
flow.

For the query generation stage, we sequentially
synthesize four pieces of meta information. A spe-
cific example is as follows:

Sports (domain) — Write a news (request) —
Someone wants to write a sports news article re-
porting on a recent football match between two
major teams (scenario) — A high school journal-
ism student wants to write a sports news article
about a recent football match between two major
teams for the school newspaper (persona).

For the constraint formulation stage, we decom-
pose the constraints into soft and hard constraints.
For soft constraints, we first prompt LLMs to de-
sign a set of high-level constraint categories. Then,
we utilize LLMs to generate template-style con-
straints and validation questions based on the cate-
gories. A specific example of the category and its
constraint template is:

Style (category) — The response should be in
[placeholder] style (template-style soft constraint)
& Is the response satisfy the [placeholder] style
(validation question).

For hard constraints, we start with a seed set
of rule-based constraints and their corresponding
verification functions, while we expand the set us-
ing LLMs. A specific example of the final hard
constraint set can be:

The response should be under [placeholder]
characters (template-style hard constraint) &
def evaluate(response, max_word=[placeholder]:
return response.split() <= max_word (verification
function).

C Further Experiments

C.1 More SFT Results on Various Base
Models

To further validate the effectiveness of DeclF, we
conduct experiments across a variety of base mod-
els. Specifically, we compare DeclF with the
instruction-following subset of Tulu-3, using sev-
eral state-of-the-art models such as Qwen-3-4B,

Qwen-3-14B, Gemma-3-4B, and Gemma-3-12B.
Detailed results are presented in Table 6. DeclF
consistently achieves strong performance across
most benchmarks, demonstrating its broad applica-
bility and effectiveness.

C.2 Long-CoT SFT

Recently, the long-chain-of-thought (long-CoT)
training approach has demonstrated strong per-
formance across various domains, particularly in
mathematical reasoning and code generation. In
this section, we investigate its potential within
instruction-following scenarios. Specifically, we
employ Qwen-3-32B to generate long-CoT re-
sponses for our synthesized instructions and use
these responses to train a range of base models.
As presented in Table 7, models trained with long-
CoT data exhibit a performance drop on IFEval
compared to non-thinking baselines, yet achieve
substantial improvements on LiveBench. Further-
more, in the Multi-IF benchmark, thinking models
show superior performance in the first turn, but
their effectiveness diminishes as the number of in-
teraction turns increases. In contrast, non-thinking
models perform relatively better in later turns. We
hypothesize that this is due to the single-turn na-
ture of our training data, thinking models are not
exposed to multi-turn long-CoT dialogues during
training, which limits their ability to maintain co-
herent reasoning over extended interactions. Over-
all, incorporating long-CoT data during the SFT
stage yields notable gains for certain input types,
with minimal adverse effects on others. We believe
that long-CoT data holds significant promise for
advancing instruction-following capabilities and
warrants further exploration as a direction for fu-
ture research.

Conflict Filtering Reject Sampling RL Filtering
61.72% 37.69% 83.65%

Retention Rate

Table 8: The efficiency analysis of our data synthesizing
pipeline.

C.3 Efficiency Analysis

We analyze the efficiency of DeclF’s data synthesis
process, evaluating three key retention metrics as
shown in Table 8. First, during constraint conflict
filtering, we randomly combine constraints and
prompt the model to filter them, achieving around
60% retention rate. Notably, this filtering step
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Generate exactly {number of domains} real-world domains that these tasks might address.
Criteria:

- Cover everyday life comprehensively.

- Each domain is broad, distinct, and has clear practical value.

- All tasks within the domain must be solvable by a language model.
Examples:

- Education

- Healthcare

- Finance

- Technology

- Travel

- Computer Science

- Artificial Intelligence

- Data Science

- Mathematics

*Strict Output Format Requirements™

- Each domain must start with a hyphen followed by a space ("- ")
- Do not number the items

- Do not include any additional text, explanations, or formatting

- Do not repeat any examples from the input

- Maintain exactly one domain per line

Output exactly {number of domains} domains in this format:

- Domain A

- Domain B

- Domain C

Generate nearly {number of requests} diverse short task instructions (meta requests) specifically for
the {domain} domain.

*Requirements*

1. Each instruction must be **less than 4 words**, specific, unique, realistic, common, and
*model-solvable*.

2. All instructions must be relevant to the {domain} domain.

3. No duplicate instructions within the output.

4. Instructions should be clear and actionable (avoid vague commands like "Do task").

*Example output for "Education” domain (Strictly follow this format and use lowercase letters)*

- explain the math concept

- grade student essays

- create lesson plan

- suggest teaching methods

- recommend educational apps

Now generate nearly {number of requests} diverse meta requests specifically for the {domain}
domain:
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For the meta request {meta_request}, generate {count} diverse and realistic scenarios

that would naturally require this action in everyday life. Each scenario should:

1) Include clear contextual elements (time, location, event trigger)

2) Cover different domains (work, study, family, social, etc.)

3) Be no more than 2 sentences and avoid mentioning specific personas

4) Use hyphen formatting (- ...) for each scenario

Example:

Meta request: Book a restaurant

- To celebrate their anniversary, a couple wants to book a seaside restaurant with ocean views for the
weekend

- A company needs to book a private room with projector equipment for a team dinner

- While traveling for business, one needs to book a hotel restaurant near the conference center that
offers free breakfast

Now generate scenarios for:
Meta request: {meta_request}

For the following scenario: {scenario}

Generate {count} variations of this scenario, each featuring a distinct persona with an implicit skill
level.

Ensure personas come from different domains (e.g., education, healthcare, business, etc.) and subtly
convey their skill level through job title or context (e.g., primary school teacher vs. university
professor)

Each variation should:

1) Use a dash ("-") at the beginning

2) Be no more than 2 sentences long

3) Clearly embed the persona and context while preserving the original scenario theme.

Example:

Scenario: Someone wants to schedule a video call with a colleague.

- A university professor schedules a late-night video call with a co-author in another time zone to
finalize a journal submission

- A customer service representative arranges a video call with a client to resolve a technical issue

- A primary school teacher sets up a video call with a parent to discuss the student’s recent behavioral
changes

- A freelance designer books a video call with a startup founder to pitch branding ideas

- A hospital administrator schedules a video call with regional clinics to coordinate resource distribu-
tion

Start generating now.
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Generate {num} high-level primary constraint types for text generation responses.
Requirements: 1. Focus on COMMON user needs (exclude rare/niche requirements)
2. Categories should be MUTUALLY EXCLUSIVE

3. Each type should represent a DISTINCT dimension of constraints

4. Use broad categories like ’Content’, ’Format’ etc.

Output format:

- [Type Name]: [Description (1 sentence)]

Examples:

- Content Constraints: Requirements about the substance and information included
- Format Constraints: Requirements about the structure and presentation

- Style Constraints: Requirements about linguistic style and tone

- Example Constraints: Requirements about following a limited set of samples

You are an expert in evaluating language model outputs through LLM-based semantic constraints.
===TASK ===

Generate MULTIPLE constraints for: {primary_type}

=== REQUIREMENTS ===

1. Each constraint should:

- Focus on meaning, appropriateness, coherence, style, or nuance

- Be impossible or impractical to verify using strict programmatic code
- Require semantic or subjective judgment

2. For EACH constraint, provide:

- Natural language description

- A precise yes/no verification question based on the description

3. DO NOT include constraints related to:

- JSON format

- Character or word count

- Keyword presence

- Capitalization, punctuation, or grammar

- Regex or other rule-based methods

4. If {primary_type} is mostly rule-verifiable or unsuitable for semantic evaluation, output:
No constraints

=== EXAMPLE (Valid Type: Style Constraints) ===

Response must use [placeholder] tone

Question: Is the tone consistently use [placeholder] tone?

=== EXAMPLE (Invalid Type: Length Constraints) ===

Output:

No constraints

=== YOUR TASK ===

Generate LLLM-based constraints for: {primary_type}
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You are an expert in designing code-verifiable constraints for evaluating language model outputs.
=== TASK ===

Given:

1. An original constraint (natural language)

2. Its associated Python evaluation function

Your job is to generate multiple NEW constraints that:

- Are verifiable using Python code (reusing or modifying the original function)

- Follow the same underlying principle or logic as the original

- Focus on structural, behavioral, or surface properties that can be programmatically checked
=== REQUIREMENTS ===

For EACH new constraint, output:

- A natural language description of the new constraint

- A corresponding Python evaluation function that returns a boolean

Do NOT generate constraints that depend on:

- Semantic nuance

- Subjective interpretation

- Human judgment of style, tone, or meaning

Here is the given constraint and its corresponding verification functions:

Constraint: {constraint}

Function: {function}

Now generate several new constraints and their corresponding verification functions follow the above
output format.

You are an expert in constraint validation and logical consistency checking.

Your task is to analyze the given set of constraints (evaluation functions and verification questions)
and determine whether:

- They contain **conflicting requirements**

- They impose **impossible or mutually exclusive conditions**

- They have **hidden risks** that would make it extremely difficult or impossible for a language
model to satisfy all constraints simultaneously

Functions:

{functions}

Questions:

{questions}

Output:

"yes" if there are conflicts or risks

"no" if the constraints are consistent and feasible

Do not output any explanation, only "yes" or "no"
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You are a helpful assistant that generates instructions and evaluation functions for response validation.
Given:

1. A persona description

2. Multiple Python evaluation functions (with placeholders for parameters)

3. A list of natural language verification questions

Your task is to:

- Generate an **instruction** that reflects the **persona** and includes two types of constraints:

- **Qbjective constraints**, which are clearly verifiable via the provided evaluation functions

- **Subjective qualities**, which are evaluable through the provided natural language verification
questions

- Output only the **instruction**, followed by the **evaluation functions with concrete parameters**,
and the **verification questions**, each wrapped in “‘python*“‘ code blocks

- Only specify the parameters of the evaluate function; do not modify the function name and function
body (e.g., avoid adding extra code like nltk.download)

- **Must contain** the "import" information such as "import re" or "import nltk" in the function body
Example Input:

Persona: You are a middle school science teacher helping students write clear experiment reports.
Functions:

“‘python

def evaluate_max_words(response, max_words):

"""Validate total word count <= max_words."""

import nltk

from nltktokenize import word_tokenize

words = word_tokenize(response)

return len(words) <= max_words

Questions:

“‘python

Is the originality in the response meaningful and contextually appropriate, rather than artificially
imposed or distracting?

1313

Example Output:

Instruction: Write a science experiment report suitable for middle school, with no more than 300
words total. Ensure the originality of the response is meaningful and fits the context naturally. The
conclusion should clearly reflect the observations made in the experiment.

“‘python

def evaluate_max_words(response, max_words=300):

"""Validate total word count <= max_words."""

import nltk

from nltktokenize import word_tokenize

words = word_tokenize(response)

return len(words) <= max_words

1313

Now generate the output based on the following persona, evaluation functions, and verification
questions:

Persona: {persona}

Functions:

{functions }

Questions:

{questions} 866



You are an expert tasked with answering the given query.

Please provide a clear and concise response directly, without introductory phrases such as "What a
great question’, "Here is the answer’ or similar expressions.

Focus solely on addressing the query.

Now please answer the given query while strictly following its inside constraints.

[Query] {query}

remains computationally efficient without signifi-
cantly impacting overall framework performance.
Second, for SFT data, after reject sampling, the
retention reaches approximately 40%. For RL data,
where we only need to filter erroneous verification
code and incomplete validation questions, reten-
tion exceeds 80%. These results demonstrate that
DeclF maintains high retention rates while synthe-
sizing accurate and diverse instruction-following
data nearly from scratch. Crucially, this efficient
synthesis can be accomplished using smaller mod-
els, confirming DeclF’s superior efficiency.

D Prompt Templates

In this section, we list all the prompt templates used
in DeclF in the above boxes.
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