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Abstract

Existing large language models (LLMs) face challenges of following complex
instructions, especially when multiple constraints are present and organized in
paralleling, chaining, and branching structures. One intuitive solution, namely
chain-of-thought (CoT), is expected to universally improve capabilities of LLMs.
However, we find that the vanilla CoT exerts a negative impact on performance
due to its superficial reasoning pattern of simply paraphrasing the instructions.
It fails to peel back the compositions of constraints for identifying their relation-
ship across hierarchies of types and dimensions. To this end, we propose RAIF,
a systematic method to boost LLMs in dealing with complex instructions via
incentivizing reasoning for test-time compute scaling. First, we stem from the
decomposition of complex instructions under existing taxonomies and propose a
reproducible data acquisition method. Second, we exploit reinforcement learning
(RL) with verifiable rule-centric reward signals to cultivate reasoning specifically
for instruction following. We address the shallow, non-essential nature of reasoning
under complex instructions via sample-wise contrast for superior CoT enforcement.
We also exploit behavior cloning of experts to facilitate steady distribution shift
from fast-thinking LLMs to skillful reasoners. Extensive evaluations on seven
comprehensive benchmarks confirm the validity of the proposed method, where
a 1.5B LLM achieves 11.74% gains with performance comparable to a 8B LLM.
Evaluation on OOD constraints also confirms the generalizability of our RAIF.

1 Introduction

Large language models (LLMs) exhibited remarkable performance on real-world tasks [1, 2, 3, 4].
Such generalizability is built upon the instruction-following capabilities of LLMs [5, 6, 7]. To bench-
mark whether LLMs can produce the desired outputs under complex instructions, existing studies
predominantly focus on modeling various types of constraints and rules where all requirements are
expected to be satisfied simultaneously [8, 9, 10, 7]. Recently, the compositions of constraints (And,
Chain, Selection, and Nested) have been systemized [11] to enhance the complexity of instructions
and demonstrate that LLMs still fail to meet expectations under intricate structures. These complex
instructions, which are often composed of multiple sub-instructions, enforce various constraints
on the expected responses. Existing LLMs either ignore certain constraints in And structures or
misinterpret the instruction to respond to the wrong sub-instructions in Selection structures.

To improve LLMs in solving complex instructions, most prior methods leverage two kinds of tech-
niques: 1) supervised fine-tuning (SFT) [12, 13], and 2) template-guided inference [14, 15]. Despite
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Figure 1: Complex instructions with various atomic constraints and compositions pose great chal-
lenges to instruction-following capabilities of LLMs (The above example and its structure are from
the ComplexBench [11]). Our preliminary experiments demonstrate that the CoT prompting of
existing LLMs often elicits shallow reasoning that blindly, mechanically responds to the request
without formulation of structured analyses. In contrast to R1 and QwQ, most fask-thinking models
cannot bene�t from the vanilla CoT at all due to such super�cial nature (see Sec. A.7). Our proposed
method boosts deep reasoning of both fast- and slow-thinking LLMs under complex instructions.

their effectiveness, these methods are all task-speci�c. They are prone to over�tting constraints in the
training set and fail to generalize to the unseen ones [16]. For the former, a large amount of curated
instruction-response pairs are required to ensure diversity. For the latter, it is almost impossible to
exhaustively enumerate the templates for problem decomposition, re�ection, and re�nement before-
hand. Therefore, it calls upon a scalable solution that is both constructive and generalizable without
meticulous manual efforts. One intuitive method is to directly apply chain-of-thought (CoT) [17] on
complex instructions, where LLMs might bene�t from the free-form thinking for structure analysis
with highlighted, valid constraints (see Fig. 1). However, our preliminary experiments show that such
a prospective solution brings minimal or even negative performance gains, which contrasts strikingly
against its effectiveness on maths problems. We observe that such a discrepancy arises from the
underlying problem of "super�cial" reasoning, where LLMs simply summarize the instructions brie�y
without developing the solid thinking upon the instruction itself. During such shallow, parroting-style
reasoning, critical constraints and rules can be ignored and thereafter such misalignment leads to
degraded performance. For maths problems, it is indispensable for LLMs to formalize step-by-step,
divide-and-conquer process to achieve the �nal answer. On the contrary, for complex instructions,
there exists no such nature or tendency of LLMs to forge deep reasoning as they are aligned to directly
deliver responses without intermediate steps. Under such circumstance, we target reasoning that truly
empowers LLMs with strategic planning and adherence to rules.

In this paper, we proposeRAIF to leverageReasoning forAdvancing theInstruction-Following
capabilities of LLMs under the context of complex instructions. Inspired by the success of o1 [18],
R1 [19], and QwQ [20], we resort to CoT for tackling complex instructions. We provide a practical
guide for cultivation of effective reasoning tailored via reinforcement learning (RL). Speci�cally,
our method addresses the following two main challenges: 1)the data scarcity of diverse complex
instructionsand 2)the secret recipe behind the formulation of effective CoT. For the former, although
various data synthesis methods [12, 21, 22, 23, 24, 25, 26, 14] have been proposed to pile up
instructions, they do not take into consideration the taxonomy of constraint types and compositions.
In contrast, we stem from the atomic rules, constraints, and their compositions to perform LLM-based
evolving across various tasks and domains. Besides, our instruction scaling is integrated with our
RL-based reasoning stimulation. Both rule-based and model-based veri�cation approaches, which
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Figure 2: Illustration of the proposed method for advanced instruction-following via reasoning.

serve as reward sources later, are paired with the instructions during generation. For the latter,
existing approaches that seek to reproduce R1-like reasoning [27, 28, 29, 30] are all restricted to
solving maths problems with pure rule-based rewards, which are inapplicable for our settings. We
consequently keep an eye on the differences between maths and complex instructions, and propose
our RL recipe with rule-centric reward modeling, enforcement on superior CoT, and control on policy
distribution drift. Our contributions are three-fold: 1) We propose a systematic method to boost LLMs
under complex instructions via LLM-based evolving for instruction synthesis and reasoning-driven
reinforcement learning. 2) We advance the RL to incentivize reasoning for complex instructions by
addressing the super�cial reasoning nature. To the best of our knowledge, our work is thepioneer
that de-mysti�es the recipe behind the cultivation of reasoning under complex instructions. 3) We
validate our effectiveness onsevencomprehensive benchmarks along with extensive generalization
studies across model families, sizes, cold/warm-start reasoners, and OOD constraints.

2 Related Works

2.1 Evaluation of Instruction Following of LLMs

Tremendous benchmarks have sprouted to speci�cally evaluate instruction following capabilities
of LLMs in terms of semantic [31, 32, 33] and format constraints [13, 34, 9]. Following the
representative IFEval [7], recent studies extend the evaluation settings towards wild chat [35, 36, 37],
long context [38], multi-lingual [39, 40, 41], multi-turn [42, 43], and multi-modal [44, 45] scenarios.
The hierarchical categorization [46, 47, 48, 49] and down-streaming applications [50, 51, 52] are
considered to collect �ne-grained instruction for comprehensive evaluation.

In this paper, we measure the instruction following capabilities on the most common, comprehensive
benchmarks including IFEval [7], ComplexBench [11], CELLO [10], CFBench [8], FB-Bench [53],
FollowBench [54], and InfoBench [55]. Different from studies that merely focus on the evaluation
itself, we systematically investigate a general, scalable pipeline that enhances the instruction following
consistently across models and benchmarks via test-time compute scaling.
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2.2 Complex Rule and Constraint Following

Numerous studies enhanced rule and constraint following capabilities via data engineering [56]. The
top concerns are around the synthesis of complicated constraints without costly human intervention.
Speci�cally, WizardLM [12] presents both in-breadth and in-depth evolving to generate complex
instructions for tuning. Air [57] stems from the simple instruction distilled from documents and
then iteratively add one or more constraints to increase complexity. Back-translation [58] is another
popular technique to introduce additional constraints. Self-play [59] targets at generating constraints
that can be veri�ed by codes. SPAR [60] combines both self-play and tree-search for iterative
re�nement. The detailed taxonomy of rules and constraints [8, 61, 14], together with their structures
and relationship [62, 11, 63], allows precise synthesis control over instruction types. With respect
to the post-training technique, most methods adopt the SFT [64] and RL [65, 66, 67, 68, 69] for
preference alignment. Moreover, training-free work�ows have also been proposed to decompose
the instructions [70] and exploit veri�able feedback [71] for re�nement until all the check-boxes
are ticked [72]. The most recent recipe of post-training by Tülu 3 [16] augments the existing
instructions with IFEval constraints and optimizes the LLM with RL for better alignment. The
differences between Tülu 3 and ours are fourfold: 1) Problem de�nition. We aim at solving a broad
range of complex instructions with various constraints and their compositions via reasoning. Tülu
3 focuses only on responding to the IFEval-style instructions without the preceding reasoning, and
therefore exhibits limited generalization on out-of-domain (OOD) constraints. 2) Constraint type and
structure. We follow CFBench [8] and ComplexBench [11] respectively for the constraint categories
and composition types. Tülu 3 is limited in code-veri�able constraints with "and" structures. 3)
Reward modeling. Both code-execution and LLM-as-a-Judge are involved for veri�cation. This
greatly expands the tasks that can be handled by our method, where the semantic constraints with
LLM-as-a-Judge veri�cations are complementary to the lexical and word constraints. 4) RL algorithm.
Tulu 3 directly optimizes the response via the vanilla PPO algorithm. However, we are aimed at
incentivizing reasoning for solving complex instructions. Since LLMs are prone to shallow reasoning
and tend to muddle with a few sentences that ignore the constraints and their structures, we design
the �ltering mechanism that only selects responses with deep, true reasoning. Our proposed superior
CoT enforcement acts as a bridge between reasoning and instruction-following quality.

Our work differs in two aspects. First, we propose a pioneering method that handles all kinds of
atomic constraints and their combinations. Previous studies are either limited in constraint types (e.g.,
solely considering rules that can be veri�ed by codes while neglecting semantic, style constraints)
or composition structures (e.g., simply satisfying all constraints at the same time without regarding
chaining and branching situations). Second, we resort to RL for reasoning speci�cally cultivated for
improving instruction understanding and following. Our method exhibits generalization on multi-
purpose and maths tasks, and bypasses the tedious design of decompose-and-conquer work�ows.

2.3 Chain-of-Thought Reasoning

Recent progress on the chain-of-thought (CoT) [17, 73, 74, 75, 76, 77] has attracted attentions for
advancing cognitive capabilities LLMs. Most of these approaches prompted LLMs to break down
dif�cult questions into multiple small units to tackle them systematically before jumping to �nal
answers [3, 78, 79, 80, 81, 82]. The emergence of OpenAI o1 [18] and DeepSeek R1 [19] has
incubated test-time compute scaling techniques for long CoT, where deep reasoning with extensive
exploration and feasible re�ection are encouraged [83]. Both Monte Carlo Tree Search and RL with
process and outcome rewards [84, 85, 86] are also emphasized in previous academic attempts to
replicate slow-thinking LLMs. Compared with existing studies that focus on the mathematic and logic
problem-solving, we are aimed at advancing instruction following capabilities. Motivated by R1 [19],
we incentivize reasoning with group relative policy optimization (GRPO) [87] and demonstrate that
RL with rule-centric rewards ultimately pushes the limits of LLMs in following instructions.

3 Methods

3.1 Problem De�nition

Our goal is to incentivize reasoning of a LLM to advance its capabilities of handling complex
instructions (see Fig. 2). Through systematic pipeline investigation and extensive experimental
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analyses, we offer key insights and practical guidelines to arm LLMs with deep reasoning. Our
research scope focuses on instructions that consist of one or more atomic sub-instructions with
compositional structures (And, Selection, Chain, andNested). Multiple constraints are enforced so
that LLMs have to carefully comprehend the instructions and reason onwhich sub-instructions to
perform executionandhow to obey all the rules.

Givenx as a query that contains one or more compositional complex instructions, we consider a
LLM parameterized as� to be instruction-followed if its outputy satis�es all the constraints and
requirements mentioned inx. A typical conditional distribution over the language modeling process
can be denoted as� � � yt ¶x; y1�t � 1� , whereyt denotes thet-th token ofy. The chain-of-thought
processCoT� y� L y refers to the tokens in the generated outputy that indicates the explanations of
query intents, plannings of problem solving, and step-by-step deductions. The �nal answer following
CoT� y� can be simply extracted byy¯ CoT� y� . It is noted that for fast-thinking instructed models, the
CoT prompting tokensxCoT L x (e.g.,Let's reason step by step. ) are indispensable. While
for reasoning models with slow thinking nature,xCoT � o is the default setting.

3.2 Self-Evolving Instructions with Complex Rules and Constraints

To address the scarcity of complex instructions, we propose to scale up instructions with various
rules, constraints and their veri�cation criteria via self-evolving.

Seed Instruction Selection We start by selecting a set of seed instructionsD seedfrom the commonly
used WildChat [35] and Alpaca [88] datasets. To ensure the diversity ofD seed, we follow [89] to tag
each instruction by its topics and tasks for a wide-range selection of task abilities. Details on the
tagging and selection process can be found in Sec. A.4.1.

Self-Instruct with Rules and Constraints We adapt self-instruct [21] under different �ne-grained
rules and constraints [8]. In view of the veri�cation techniques, both code-execution [90] and LLM-
as-a-Judge [32] are involved to provide evaluation feedback. For the former, we prepare a collection
of constraint templates and their executable codes. Then, we randomly instantiate a combination
of rules and constraints from the pool. To ensure their mutual compatibility, a pre-de�ned validity
check is enforced to eliminate con�icts (e.g.,The first paragraph must start with... and
Wrap your entire reply with... ). For the latter, we construct pairs of sub-instructions and
scoring questions that stress on the style and semantic constraints. Such sub-instructions corre-
spond to constraints with LLM-based evaluation (e.g.,Is the answer written in the tone
of Confucious? ), which are complementary to those relying on code-based evaluation. An off-the-
shelf LLM is utilized to perform few-shot in-breadth evolution. With respect to the composition of
these atomic sub-instructions, we refer to [13] for de�nitions of And, Chain, andSelection. These
sub-instructions are assembled for the integrated instructions. Details can be found in the Sec. A.4.2.

Response Generation and Quality Check We use LLMs to generate responses and �lter out
low-quality query-response pairs that fail to pass the associated veri�cation tests. Additionally, we
observe that the self-evolved instructions still contain unreasonable constraints or nonsensical queries
(e.g., Give me a very short, concise, and clear response...The response should
have 4 sections. ). Under such circumstance, we summarize seven typical issues and curate
judgment prompts for LLMs to double-check the instructions and keep the valid ones (see Sec. A.4.3).

3.3 Reinforcement Learning for Reasoning Under Complex Instructions

We propose to incentivize reasoning of LLMs via RL [5, 19]. The development of CoT is optimized
towards being structured and sophisticated, which ultimately leads to improved �nal answers. Without
loss of generality, we adopt the GRPO [87] algorithm. Details can be found in Sec. A.2.

Rule-Centric Reward Modeling To explicitly distinguish the reasoning from the answer contents,
we employ a simple minimalist rule-based format reward that checks the existence of "<think> ",
"</think> ", "<answer>" and "</answer>" tags. The format reward encourages the thinking
contents encolosed solely between "<think> " and "</think> ". It is noted that for R1-series
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reasoning models, "<answer>" and "</answer>" tags are not necessary for answer extraction.

Ri
format � v � 1 if 1� <think> :::</think><answer> :::</answer> " yi � ;

� 1 otherwise.
(1)

With respect to the accuracy reward, the answer contents are extracted for comparison and evaluation
only if the format constraint is satis�ed. Compared with the maths problems that each has an exclusive
ground-truth, the correct responses to complex instructions can vary greatly. Therefore, there exists
no rigorous exact-match assessment [91]. Instead, we propose the rule-centric accuracy rewards
that stem from veri�cation standards. Speci�cally, we take into consideration the evaluation of
responses in following each constraint and indicate its satisfaction condition as rewards. Given an
instructionx that containsC atomic constraintsxC � r cj xC

j � 1; cj L x, the sampled responseyi is
judged as instruction-followed only if all the valid, active constraintscj " xactive

C L xC are satis�ed.
Accordingly, a piecewise reward function is de�ned via measurement is_followed� yi ¶�� :

Ri
accuracy�

~„„„„‚„„„„€

� 2 if is_followed� yi ¶cj � ¾cj " xactive
C ;

< C
j � 1

1 � cj " x active
C && is_followed� y i ¶cj ��

1 � cj " x active
C �

elif is_followed� yi ¶cj � ¿cj " xactive
C ;

� 2 otherwise.

(2)

It is noted that the detailed implementation of the veri�cation depends on the constraints [8]. For
the lexical-level constraints (e.g., keywords and phrases), the numerical constraints (e.g., letters
and words), and the format constraint (e.g., JSON, XML, LaTeX, HTML, and Markdown), we
resort to simple heuristics with python which provides precise feedback [7, 59]. In contrast, for the
semantic-level constraints (e.g., themes and perspectives), stylistic constraint (e.g., writing styles,
tones, and role-plays), linguistic constraints (e.g., dialects and morphologies), we bring in the reward
modelr � for judgment [13, 55, 11]. However, different from the original GRPO wherer � implicitly
scores the responses in terms of instruction following, we explicitly employr � to check the following
conditions of constraints. Besides,r � delivers scalar scoring in previous studies while we request
for ef�cient boolean validation (True or False ). Since multiple constraints might be active for
steering generation, we develop the piecewise reward that promotes more constraint satisfaction while
penalizing greatly the extreme cases. In total, our rule-centric reward is de�ned below.

Ri � Ri
format � Ri

accuracy: (3)

Experience Replay Buffer with Superior CoT Enforcement Compared with the maths tasks,
instruction-following differs in that their reasoning processes are not compulsory. For maths, the step-
by-step decomposition and derivation is a prerequisite to obtaining the �nal answer, which is naturally
cultivated [27, 28, 29, 30]. However, in the context of complex instructions, responses are readily
accessible even without deliberate reasoning. Therefore, there exists no enforced association between
the emergence of long, deep reasoning and the improved responses. In this case, we implement
an adaptive replay buffer to enforce superior CoT at the sample level. We introduce the� � old

for
providing the sample-wise contrast between the responses with and without reasoning. The output
without the essential CoT̂yi (i.e., <think>\n\n</think> ) receives its accuracy reward̂Ri

accuracy.

We �lter out x when all its rolloutsr yi xG
i � 1 are inferior to those reasoning-free counterpartsr ŷi xG

i � 1:

Ĵ i
GRPO � Ex � D; r y i xG

i � 1 � � � old � �¶x � ;r ŷ i xG
i � 1 � � � old � �¶x; CoT� ŷ i � � o �

1� max�r Ri
accuracyx

G
i � 1� ' min�r R̂i

accuracyx
G
i � 1� � J i

GRPO:
(4)

We evaluate whether theyi bene�ts from the reasoning by comparing its rewardRi
accuracywith

respect toR̂i
accuracy. If all the responses are judged worse than the vanilla output, it implies that

the reasoning capacity of the policy model fails to meet the standard (e.g., constraints ignorance or
mis-interpretation). In this case, the sample is too challenging to foster proper reasoning and can be
simply skipped until that at least one rollout designates the paradigm leading to superior reward.

Policy Distribution Drift Control with Behavior Cloning Another fundamental difference be-
tween maths problems and complex instructions is that the former merely emphasizes the correctness
of �nal answers while the latter also assesses responses in terms of semantics. During the rollout
sampling, responses that meet more constraints are prioritized even at the expense of coherence,
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�uency, idiomaticity, and clarity. Such semantic-level degradation may not be easily resolved due
to the constraints imposed on the instructions, as the compliant responses inherently differ from the
pretraining texts. In light of this statement, a challenge arises from the excessive policy distribution
drift where the catastrophic forgetting of the initially acquired knowledge from� ref occurs. We
propose to explicitly perform behavior cloning of expert response~y underx.

J SFT � Ex � D � � log � � � ~y¶x� � : (5)

Compared with the KL-penalty term (Eq. 8), the behavior cloning by SFT explicitly constrain the� �
for semantic alignment. It guarantees that: 1) the adherence to the expected format can be expedited
for successful parsing of answers and reward computation at an early stage; 2) the organization of deep
reasoning can be imitated and traced even with models of incompetent instruction following basis; 3)
the potential reward hacking (e.g., responses that satisfy constraints but exhibit poor semantics) can
be mitigated without relying on a well-trained reward model for scalar scores.

4 Experiments

4.1 Experimental Setup

Dataset Statistics about our self-evolving dataset can be found in Sec. A.4. We also incorporated
DeepScaleR [29] (see Sec. A.5). The evaluation metrics for each benchmark are reported in Sec. A.3.2.

Baselines We compared with: 1) I/O: direct input withxCoT � o ; 2) CoT: reasoning prompting [17]
to �rst deliver the thought and then the answer; 3) SDC: self-DeepClaude [92, 93] technique that �rst
prompts for the thought and then packs the original input with the thought as a new context for the
answer (see Sec. A.6.3); 4) SFT: supervised �ne-tuning for learning the aligned responses.

Implementation Details We use OpenRLHF [94] for both cold-start (Qwen2.5-1.5B/7B [95],
LLaMA3.1-8B [2], and Ministral-8B [96]) and warm-start (DeepSeek-Qwen1.5B/7B [19] and
DeepScaleR-1.5B [29]) experiments. Detailed settings can be found in Sec. A.6.

Table 1: Performance on seven instruction benchmarks. Best/2nd best are markedbold/underlined.
Model Method IFEval CELLO

CF
Bench

Complex
Bench

FB
Bench

Follow
Bench

Info
Bench Avg.

Qwen2.5-1.5B-InstructI/O 45.28 71.00 36.00 50.97 39.81 40.00 71.24 50.61
Qwen2.5-1.5B-Instruct CoT 28.65 59.30 22.00 32.94 37.31 29.28 62.22 38.81(-11.79%)

Qwen2.5-1.5B-Instruct SDC 41.95 66.10 30.00 41.70 36.52 37.39 67.55 45.89(-4.71%)

Qwen2.5-1.5B-Instruct SFT 65.61 71.20 48.00 57.46 42.75 56.47 76.22 59.67(+9.06%)

Qwen2.5-1.5B-InstructOurs 44.91 73.50 53.66 63.92 58.67 59.82 81.95 62.35(+11.74%)

DeepSeek-Qwen1.5B I/O† 36.04 62.50 27.99 39.89 34.51 20.29 52.00 39.03
DeepSeek-Qwen1.5B SFT 45.29 63.20 25.33 35.53 37.59 22.18 51.96 40.15(+1.12%)

DeepSeek-Qwen1.5B Ours 57.67 69.00 40.00 44.38 37.78 37.79 60.48 49.58(+10.54%)

DeepScaleR-1.5B I/O† 41.77 65.00 30.00 40.70 40.24 26.01 60.31 43.43
DeepScaleR-1.5B SFT 48.24 62.90 28.00 36.68 35.72 26.50 54.22 41.75(-1.67%)

DeepScaleR-1.5B Ours 55.63 67.30 39.33 43.23 37.81 36.80 60.08 48.60(+5.17%)

Qwen2.5-7B-Instruct I/O 72.82 76.50 64.33 74.47 59.29 75.03 85.60 72.58
Qwen2.5-7B-Instruct CoT 69.50 75.20 61.66 72.00 42.65 74.86 82.13 68.28(-4.29%)

Qwen2.5-7B-Instruct SDC 60.44 72.60 65.66 76.53 60.07 76.09 86.88 71.18(-1.39%)

Qwen2.5-7B-Instruct SFT 72.45 77.50 63.33 74.23 58.76 75.92 84.31 72.36(-0.21%)

Qwen2.5-7B-Instruct Ours 70.06 79.20 65.00 77.40 64.45 75.32 82.67 73.44(+0.85%)

LLaMA3.1-8B-Instruct I/O 77.63 75.20 56.99 69.11 46.92 53.52 71.52 67.01
LLaMA3.1-8B-Instruct CoT 60.44 65.50 47.66 56.54 32.34 37.36 58.48 54.53(-12.48%)

LLaMA3.1-8B-Instruct SDC 80.22 71.00 58.33 68.73 38.36 48.92 72.89 65.24(-1.77%)

LLaMA3.1-8B-Instruct SFT 77.26 75.80 54.00 65.24 40.16 59.56 65.30 64.92(-2.09%)

LLaMA3.1-8B-Instruct Ours 13.49 4.6 1.33 2.71 7.14 1.08 0.51 4.06(-62.95%)

Ministral-8B-Instruct I/O 59.51 76.20 62.33 70.03 54.54 73.49 84.00 68.58
Ministral-8B-Instruct CoT 48.79 61.90 49.66 61.31 39.17 61.75 79.73 57.47(-11.11%)

Ministral-8B-Instruct SDC 58.59 63.60 56.99 68.32 48.06 69.37 84.08 64.14(-4.43%)

Ministral-8B-Instruct SFT 68.57 66.30 48.66 67.20 37.26 54.37 76.62 59.85(-8.72%)

Ministral-8B-Instruct Ours 72.64 72.6 59.33 70.45 54.35 76.08 75.33 68.68(+0.10%)

DeepSeek-Qwen7B I/O† 60.81 72.39 57.99 66.86 59.59 62.80 79.64 65.73
DeepSeek-Qwen7B SFT 67.09 69.10 58.66 58.42 55.60 65.96 79.15 64.85(-0.88%)

DeepSeek-Qwen7B Ours 71.35 71.40 58.67 62.04 59.65 59.38 82.00 66.35(+0.62%)

† The default outputs of reasoning models by I/O prompting contain both the thought and the answer parts.

4.2 Main Results

Comparison with the Baselines Our method effectively boosts most of the existing LLMs in
handling complex instructions (see Table 1), demonstrating the generalization of the cultivated deep
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