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Abstract

Recent advancements in Large Language Mod-
els (LLMs) are increasingly driven by using
LLMs themselves to synthesize large amounts
of instruction-tuning data. To transcend the
limitations of single model synthesis, recent re-
search has shifted toward multiple model data
synthesis, where distinct models assume spe-
cialized roles to synthesize data through interac-
tion. However, existing feedback cannot distin-
guish truly high-quality instructions, those that
promote complex reasoning, deviate from the
learned distribution, and require multi-source
knowledge, due to coarse granularity and signal
dilution. In human cognition, truly high-quality
instructions require greater mental effort—the
Cognitive Load—to address. In this paper, we
propose a paradigm shift in feedback. Instead
of external, result-oriented evaluation, we pro-
pose an internal, process-aware feedback based
on target models’ computational effort. The
novel feedback, namely Inference Stress In-
dex (ISI), quantifies instruction quality in a
fine-grained, dilution-resistant manner by fo-
cusing on high-uncertainty tokens. Building
on this, we present the Cognitive-Feedback
Adaptive Generation (CoFAG) framework,
a self-evolving multiple model collaboration
paradigm involving a synthesizer model, a fixer
model, and a collaborator model. Extensive
experiments demonstrate that CoFAG signifi-
cantly outperforms other data synthesis tech-
niques on complex reasoning benchmarks, val-
idating the superiority of using internal cogni-
tive feedback for generating high-quality data.

1 Introduction

In recent years, Large Language Models (LLMs)
have achieved breakthrough advances in capabil-
ities. They demonstrate remarkable performance
on diverse tasks, including math reasoning, code
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Figure 1: Summary of existing feedback mechanisms.
Outcome-Level Feedback focuses solely on the final re-
sult. Sequence-Level Feedback averages over the entire
token sequence, diluting the signal from critical tokens.
Low-quality feedback led to low-quality data synthesis.

generation, and medical question answering (Yang
et al., 2025; OpenAl, 2023; Dubey et al., 2024).
This success is largely attributed to training LLMs
on large-scale instruction datasets. However, man-
ually constructing these datasets is prohibitively
expensive and hard to scale. This challenge has
prompted the academic community to adopt a new
paradigm: leveraging LLMs to synthesize instruc-
tion datasets (Long et al., 2024; Wang et al., 2023).
Early approaches relied on single-model synthesis,
where a model attempts to self-improve via iter-
ative prompting. However, these methods often
suffer from mode collapse and self-delusion. A
model rarely generates data that exceeds its own
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intrinsic knowledge boundaries (Tan et al., 2024).
To transcend these limitations, recent research
has shifted towards multiple model collaboration
(Lietal., 2025b; Lee et al., 2024). In this paradigm,
distinct models assume specialized roles to synthe-
size data through interaction. A generator model
creates instructions, and a target model attempts
them. The core challenge lies in the design of
the feedback mechanism: how should the target
model signal the generator to synthesize better
data? We argue that truly high-quality instructions
share three key characteristics. They (1) promote
complex reasoning, (2) deviate from the model’s
learned distribution, and (3) require multi-source
knowledge integration (Ye et al., 2025). As shown
in Figure 1, existing feedback mechanisms fail to
capture these characteristics. Outcome-level feed-
back methods (Li et al., 2025b; Lee et al., 2024)
rely on binary correctness signals. These signals
are too coarse-grained to perceive the quality of rea-
soning steps. Sequence-level feedback methods (Li
et al., 2024a,b, 2025¢) use metrics like perplexity,
instruction-following difficulty, or influence func-
tions. These metrics are typically aggregated by
averaging over all tokens. While averaging ensures
length-invariance, it dilutes the signal from critical
reasoning tokens. A genuinely challenging instruc-
tion may receive a low score because high-impact
tokens are overwhelmed by low score tokens.

These feedback signals fail to accurately pin-
point the truly crucial parts of the inference pro-
cess, thus failing to properly guide the optimization
of the synthesis strategy. This ultimately leads to
low-quality data synthesis. To address this, we
draw inspiration from human psychology. In cog-
nitive load theory (Sweller, 1988; Sweller et al.,
1998), Cognitive Load refers to the mental effort
imposed on working memory during task execu-
tion. We observe a direct analogy to LLMs. When
an instruction compels a model to perform com-
plex logical inference, handle unfamiliar patterns,
or integrate multi-source knowledge, its internal
computational process becomes significantly more
effortful.

Building on this insight, we propose a paradigm
shift. Instead of external, result-oriented evalua-
tion, we advocate for an internal, process-aware
feedback mechanism. This mechanism is based on
the target model’s computational effort. We for-
malize this as the Inference Stress Index (ISI),
a novel metric that quantifies the model’s cogni-
tive load at a token-by-token level. Sequence-level

metrics suffer from averaging dilution. In contrast,
IST aggregates token-wise uncertainty in a dilution-
resistant manner. It focuses on the top fraction of
high-uncertainty tokens. This design preserves the
signal from critical reasoning steps.

We operationalize this paradigm through
the Cognitive-Feedback Adaptive Generation
(CoFAG) framework. CoFAG is a self-evolving
multiple model collaboration system. It involves
three specialized roles: a synthesizer model, a fixer
model, and a collaborator model. The synthesizer
model generates candidate instructions. The fixer
model provides cognitive feedback via ISI. The
collaborator model supplies reference responses.
CoFAG uses the fixer model’s cognitive load to
classify newly generated instructions. It then opti-
mizes the synthesizer model to learn the generation
patterns of high-cognitive-load instructions. This
iterative refinement compels the synthesizer to mas-
ter the generation of high-quality instructions. As a
result, the fixer model obtains an efficient learning
trajectory.

Our contributions are summarized as follows:

* A New Paradigm for Instruction Quality.
We are the first to propose and formalize the
target model’s internal cognitive load as a fine-
grained proxy for instruction quality in the
context of multiple model collaborative data
synthesis. We devise ISI to quantify cognitive
load, shifting feedback from coarse, result-
oriented signals to process-aware measures.

Cognitive-Feedback Adaptive Generation
Framework. We introduce CoFAG, a novel
self-evolving framework that operationalizes
our paradigm through a symbiotic three-
model collaboration, eliminating the need for
external binary feedback or manual curation.

Empirical Validation. Extensive experi-
ments demonstrate that CoFAG significantly
enhances target model capabilities on complex
reasoning benchmarks. On MATH, CoFAG
boosts accuracy to 62.30%, outperforming the
strongest baseline (61.32%).

2 Related Work

2.1 Efficient LLM Alignment

The generation of high-quality instruction datasets
aims at facilitating the efficient alignment of LLMs.
A key insight in this field is the philosophy “less is
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Figure 2: An overview of the Cognitive-Feedback Adaptive Generation (CoFAG) framework, which simulates a
dynamic, closed-loop collaboration among a synthesizer model, a fixer model, and a collaborator model.

more”. LIMA (Zhou et al., 2023) demonstrates that
fine-tuning a model on a carefully curated small
dataset of 1,000 instructions is sufficient to exhibit
strong performance. Similarly, LIMO (Ye et al.,
2025) shows that even a small number of high-
quality data can elicit complex mathematical rea-
soning abilities in models. These studies highlight
the importance of data quality over quantity in ef-
ficient alignment and capability elicitation. Our
work resonates with this principle, focusing on gen-
erating high-quality instruction data tailored to the
learning frontiers of target models.

2.2 LLM-Driven Data Synthesis

The emergence of LLMs has sparked significant
interest in exploring their potential for high-quality
data synthesis (Tan et al., 2024; Schick and Schiitze,
2021). Synthetic data is regarded as an effec-
tive data augmentation strategy to expand exist-
ing datasets and enrich data assets (Wang et al.,
2024; Chang et al., 2024). Many methods lever-
age the in-context learning capabilities of LL.Ms,
or adopt iterative self-generation techniques like
Self-Instruct (Wang et al., 2023) and Evol-Instruct
(Xu et al., 2024). However, single-model synthesis
often suffers from mode collapse and self-delusion
(Tan et al., 2024). Recent research has shifted to-
wards multiple model collaboration, where distinct
models assume specialized roles through interac-
tion (Li et al., 2025b; Lee et al., 2024; Li et al.,
2025c; Yuan et al., 2024). Existing feedback mech-
anisms either rely on coarse-grained outcome-level
correctness signals or sequence-level metrics like
perplexity, yet neither can precisely pinpoint the

truly critical parts within the reasoning process.
Our work proposes a paradigm shift from these
external evaluations to an internal, process-aware
measure based on the target model’s cognitive load.

3 Methods

3.1 Task Formulations

Given a seed dataset Deeq = { (75, rj)};v: , of size
N, our goal is to synthesize a high-quality instruc-
tion dataset via multiple model collaboration and
iteratively optimize the generator models through
feedback. Here, i; denotes the j-th instruction and
r; denotes its corresponding response.

In each round € [1, R], we construct a high-

(round) ¢ Gize N

quality instruction dataset Dhigmquality

and accumulate it as:

( ) round )

round o J

accumulated U D high_quality ( 1 )
J=1

The target model at round, is obtained by fine-

tuning the initial target model on DSfogli)ated The

generator model at round is derived by optimizing
the generator model from round — 1 via preference
learning.

Across R rounds, we obtain an optimized gen-
erator model, an enhanced target model, and an
accumulated synthetic dataset. This design pro-
motes rapid improvement with a small number of
rounds and modest synthetic data sizes.

3.2 Framework Overview

We propose CoFAG, which is illustrated in Fig-
ure 2. CoFAG is a collaborative data synthesis
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framework that operationalizes a closed-loop mul-
tiple model collaboration process. We consider a
collaborative setting with three specialized roles:

Synthesizer: an LLM that proposes candidate
instructions. Critically, it dynamically adjusts its
instruction generation strategy based on feedback
from the fixer model.

Fixer: an LLM that executes instructions, ex-
poses its cognitive state as feedback, and guides
the refinement of the synthesizer’s generation.

Collaborator: an LLM that provides reference
responses for the synthesized instructions.

CoFAG leverages the cognitive load of the fixer
model to provide fine-grained signals for optimiz-
ing the synthesizer model’s generation strategy.
CoFAG adopts token-level cognitive signals and ag-
gregates them in a dilution-resistant manner. Con-
cretely, we measure token-wise cognitive bifurca-
tion in the fixer model’s decoding process and com-
pute the Inference Stress Index (ISI) by focusing
on the top fraction of high-bifurcation tokens.

Prior to entering the iterative loop, the Model
Preparation step performs initial capability align-
ment among the Synthesizer and Fixer models
via Supervised Fine-Tuning (SFT). Subsequently,
the framework proceeds through three steps re-
peated over rounds: Data Synthesis, Cognitive
Feedback, and Model Refinement, forming a self-
evolving loop. The following subsections describe
each step in detail.

3.3 Model Preparation

Before entering the dynamic collaboration loop,
initial capability alignment among the models is es-
sential. We employ Supervised Fine-Tuning (SFT)
to achieve this goal.

Specifically, we first perform SFT on the synthe-
sizer model with data pairs from the seed dataset
Dieed = { (45, rj)}é-vzl. The prompts in the synthe-
sizer model’s training data are fixed task-designed
statements P, such as “Generate a mathematical
problem”, with labels being the instructions i; from
the seed dataset. This process enables the synthe-
sizer model to learn to generate instructions rele-
vant to the target task domain, formalized as the
optimization objective:

max Z log P(i | P;0) )
(i)eDseed

Subsequently, the preliminarily fine-tuned syn-
thesizer model generates a small-scale instruction

dataset, which is used to perform SFT on the fixer
model. This warm-up step equips the fixer model
with initial capabilities to understand and respond
to task-related instructions. Crucially, it also aligns
the fixer model’s output style with the standard for-
mat. This ensures that the subsequent ISI calcula-
tion purely reflects the cognitive load of reasoning.

3.4 Data Synthesis

In each iteration round, the synthesizer model gen-
erates candidate instructions based on the task-
designed prompt P. Formally, given the current
synthesizer model S("%"4) we sample a set of
instructions:

1oound) — fi 3y, iy ~ Pstouna (- | P). (3)

Subsequently, the collaborator model provides
reference responses for each synthesized instruc-
tion. For each instruction i;, the collaborator model
generates a corresponding response 7, forming the
test dataset:

round .
D™ = {(i, )}, @)

where each response r; is a token sequence
(t1, .- ostr;)

3.5 Cognitive Feedback

This step converts the fixer model’s cognitive state

into supervision for optimizing the synthesizer
(round)

model. Given the synthesized data Dy, ', the
fixer model processes each pair and exposes a
token-level score. We aggregate the token scores
as an instruction’s cognitive load.

Specifically, let V be the vocabulary. At decod-
ing step k, given instruction ¢; and context t.y,
the fixer model produces P(- | ij,t<; ¢). We de-
fine the instantaneous Cognitive Bifurcation as
the entropy of this distribution:

Bi ==Y P(v]ijtek;)log P(v ] ij, tek; d).

veEY

)
High B;, indicates that the fixer model faces mul-
tiple plausible reasoning continuations or must re-

trieve non-trivial knowledge.
Then, we aggregate these token-level signals into
a sequence-level score, namely Inference Stress In-
dex (ISI), which quantifies the overall cognitive
load of a sample. To avoid diluting the impact of
truly difficult reasoning tokens in long outputs, we
adopt a Pareto-style aggregation: we compute ISI
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using only the top p fraction of Cognitive Bifur-
cation values. Following the insight from 80/20
rule(Wang et al., 2025), we set p = 0.2 in all exper-
iments. Formally, let {Bk}ﬁi | be the bifurcation
sequence for sample j, and let 7; be a permutation
that sorts the bifurcations in descending order. De-
fine m; = max(1, [pL;]). We then define the ISI

as:
m;

ISI(ij; ¢, p) = i > Br. (6)

i k=1
Finally, we treat ISI(i;; ¢, p) as a reward sig-
nal for instruction quality (higher indicates more
cognitively demanding instructions). We rank in-
structions by ISI and construct preference pairs by
selecting the top 50% as positive examples ¢,, and

the bottom 50% as negative examples 7;. Each pair
(round)

(4w, 1) is stored in the preference dataset D ¢

3.6 Model Refinement

This step leverages the cognitive feedback to refine
both the synthesizer model and the fixer model.
We adopt the Direct Preference Optimization
(DPO) (Rafailov et al., 2023) algorithm to refine the
instruction generation strategy of the synthesizer

model using the preference data D" The loss

pref
function is defined as:
ﬁ(SS 5’ref) = _E(iw,z‘l)NDpref
Ps (i) Ps(i7) ﬂ )
logo | flog ————~ — Blo .
|: g ( g PSref(Zw) g Psref (Zl)

where S is the synthesizer model to be optimized,
Srer 18 a copy of the pre-optimization synthesizer
model, 3 is a hyperparameter controlling the de-
gree of policy deviation, and o denotes the Sigmoid
function. The newly optimized synthesizer model

is employed to generate the final high-quality train-

ing data Dl(;goﬁ‘_ Zﬁz)ility for this iteration round.

The (ﬁxer r)nodel is trained (0§1 the accumulated
round | |round j

data Daccumulated - szl Z)high_qua]ity7 where the

responses are provided by the collaborator model.

This enables the fixer model to progressively im-

prove its capabilities, providing more accurate cog-

nitive feedback in subsequent rounds.

4 Experiments

4.1 Experimental Settings

Datasets. We selected five seed datasets from the
mathematics, legal, and medical domains to evalu-
ate the improvement of our method’s synthetic data
for LLMs. We selected three distinct mathematics

datasets, each representing a different level of prob-
lem complexity. For a simple mathematical reason-
ing scenario, we utilized GSM8K (Cobbe et al.,
2021), a primary school math problem dataset. To
simulate a medium-difficulty scenario, we lever-
aged the mathematics-focused subset of Infinity-
Instruct (Li et al., 2025a), a large-scale instruction
tuning dataset. To test performance on complex
and challenging problems, we employed MATH
(Hendrycks et al., 2021), a dataset composed of
competition-level mathematics problems designed
to rigorously assess advanced problem-solving abil-
ities. For the legal domain, we incorporated Olaw
(Lab, 2024), a dataset comprising legal questions
and case analyses to test legal reasoning and com-
prehension. For the medical field, we used medical-
ol-reasoning-SFT (Chen et al., 2024), a collection
of medical case studies and reasoning questions
aimed at evaluating the model’s clinical reasoning
and application of medical knowledge.

Evaluation Metrics. Across all experiments, we
adopt Accuracy as the evaluation metric. We use
an LLM judge (Qwen-plus-latest) to assess if the
model’s generated response is semantically equiv-
alent to the ground-truth answer. This approach
eliminates the format mismatch problem between
the ground-truth answers in test datasets and the
response format learned by the fixer model. The
accuracy is formally calculated as follows:

N
1
Accuracy = N Z I(response; = answer;) (8)
i=1

where [(+) is the indicator function, which returns
1 if the judge deems the model’s response and the
ground-truth answer equivalent, and 0 otherwise.
The experimental demonstration will show the max-
imum value from multiple experiments.

Baselines. To benchmark the performance of our
proposed CoFAG framework, we compare it with
several data synthesis methods. These include
methods that focus on generating challenging in-
structions, such as Forewarned is Forearmed (Li
et al., 2025b), which optimizes a proposer model
to specifically generate instructions that induce
failure from the target model. Another approach,
LLM2LLM (Lee et al., 2024), operates on a sim-
ilar principle of error-based feedback, iteratively
using the synthesizer model to generate new data
for samples where the fixer model previously made
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| Math Reasoning Tasks Domain Reasoning Summary
Method | GSMSK MATH Inf-Inst Avg. | Olaw Med Avg. | Avg Impr. (A)
Fixer Model: Qwen2.5-3B

Zero-shot | 79.52 59.62 77.50 7221 | 39.84 34.02 3693 | 5810 -
Forewarned is Forearmed

Iteration 1 81.04 60.26 78.80 73.37 38.03 32.48 35.25 58.12 +0.02

Iteration 2 80.97 61.32 79.30 73.86 38.97 33.72 36.34 58.86 +0.76
Montessori-Instruct

Iteration 1 80.74 60.36 78.20 73.10 38.34 32.80 35.57 58.09 -0.01

Iteration 2 80.81 60.94 78.60 73.45 39.41 34.06 36.73 58.76 +0.66
LLM2LLM

Iteration 1 80.21 59.98 78.10 72.76 38.15 32.62 35.38 57.81 -0.29

Iteration 2 80.36 60.22 78.30 72.96 38.65 33.24 35.95 58.15 +0.05
sRecycled | 80.66 60.80 78.60 7335 | 3953 34.18 3686 | 5875 +0.65
Ours

Iteration 1 81.12 60.76 79.10 73.66 38.59 33.78 36.19 58.67 +0.57

Iteration 2 81.50 (+0.38) 62.30 (+0.98) 80.70 (+1.40) 74.83 (+0.97) | 40.16 (+0.32) 34.90 (+0.72) 37.53 (+0.60) | 59.91 (+1.05) +1.81

Fixer Model: Llama3.2-3B-Instruct

Zero-shot | 78.08 51.70 75.60 6846 | 37.03 32.14 3459 | 5491 -
Forewarned is Forearmed

Iteration 1 79.22 52.12 76.10 69.15 36.65 31.88 34.27 55.19 +0.28

Iteration 2 79.60 51.84 76.30 69.25 37.59 32.90 35.25 55.65 +0.74
Montessori-Instruct

Iteration 1 78.46 51.80 76.00 68.75 36.71 32.12 34.41 55.02 +0.11

Iteration 2 79.15 51.94 76.60 69.23 37.40 32.76 35.08 55.57 +0.66
LLM2LLM

Iteration 1 78.39 51.48 75.70 68.52 36.40 31.62 34.01 54.72 -0.19

Iteration 2 78.62 51.76 76.00 68.79 37.15 32.30 34.72 55.17 +0.26
sRecycled 78.92 51.82 76.50 69.08  |38.15 (+0.12) 33.48 (+0.22) 35.81 (+0.17)|  55.77 +0.86
Ours

Iteration 1 79.45 52.04 76.50 69.33 37.34 32.54 34.94 55.57 +0.66

Iteration 2 80.43 (+0.83) 52.68 (+0.56) 77.30 (+0.70) 70.14 (+0.81) 38.03 33.26 35.64 56.34 (+0.57)  +1.43

Table 1: The performance of different data synthesis methods on various datasets using different models as fixers.

errors. A more sophisticated method, Montessori-
Instruct (Li et al., 2025¢), using Influence Func-
tions to assess the utility of synthetic data. We
also include sRecycled (Li et al., 2024a), which
introduces a selective reflection-tuning mechanism
where the fixer model autonomously selects and
recycles high-quality synthetic data.

Implementation Details. For our method and all
baselines, we select Qwen2.5-7B-Instruct (Yang
et al., 2024) as the synthesizer model, alongside
Qwen2.5-3B (Yang et al., 2024) and Llama3.2-3B-
Instruct (Dubey et al., 2024) as the fixer models. As
the collaborator model, we utilized Qwen2.5-Math-
7B-Instruct for mathematical tasks and Qwen2.5-
7B-Instruct for other domains. All experiments
follow the two-iteration setting established by the
baseline methods (Li et al., 2025c). Detailed pa-
rameter settings are presented in Appendix B.

4.2 Main Results

Performance on Math Reasoning. To rigor-
ously assess our framework, we evaluated it on
challenging mathematical reasoning benchmarks.
As evidenced in Table 1, when applying Qwen?2.5-

3B as the fixer model, CoFAG demonstrates a sig-
nificant performance advantage. Notably, the per-
formance of our method after a single iteration is
already comparable to, or even exceeds, the final
performance of other methods. After the second
iteration, CoFAG’s superiority is even more pro-
nounced. This consistent performance margin vali-
dates the superiority of the CoFAG framework.

Cross-Architecture and Domain Generalization.
We replicated our experiments using Llama3.2-3B-
Instruct as the fixer model. As shown in Table 1, the
performance trends mirror those observed with the
Qwen model. CoFAG delivers the highest scores
across all benchmarks, improving the fixer model’s
accuracy on GSMS8K to 80.43% and on MATH
to 52.68%. This demonstrates that the benefits
of our framework are not contingent on a specific
model family. And we extended our evaluation to
knowledge-intensive domains beyond mathematics,
including medicine and law. In Table 1, the data
synthesized by CoFAG improved the fixer model’s
accuracy by a notable margin over baselines. The
results confirm that our framework is an architec-
turally agnostic and domain-versatile tool for en-
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Model Method MATH AIME Avg.
Base 59.62 10.00 34.81

Qwen2.5-3B  Forewarned is Forearmed 61.32  11.67 36.50
CoFAG (Ours) 62.30 15.00 38.65

A vs. Forewarned +0.98  +3.33 +2.15

Base 64.22 13.33 38.78

Qwen2.5-7B  Forewarned is Forearmed 65.38  13.33  39.36
CoFAG (Ours) 66.16 16.67 41.42

A vs. Forewarned +0.78  +3.34  +2.06

Base 67.86 15.00 4143

Qwen2.5-14B  Forewarned is Forearmed 68.40 16.67 42.54
CoFAG (Ours) 69.14 18.33 43.74

A vs. Forewarned +0.74  +1.66 +1.20

Base 63.90 12.78 38.34

Average Forewarned is Forearmed 65.03  13.89 39.46
CoFAG (Ours) 65.87 16.67 41.27

A vs. Forewarned +0.83  +2.78 +1.80

Table 2: Performance comparison of different data syn-
thesis methods across Qwen2.5 model scales on MATH
and AIME.

hancing diverse LLMs.

Scalability and Computational Cost. To further
evaluate the scalability and robustness of CoFAG,
we conduct experiments with fixer models of differ-
ent scales and extend the evaluation to more chal-
lenging mathematical benchmarks. Specifically,
we use Qwen2.5-3B, 7B, and 14B as fixer mod-
els. In addition to MATH, we further evaluate on
AIME by combining the 2024 and 2025 datasets as
the test set. As shown in Table 2, CoFAG consis-
tently outperforms both the base model and the
strongest baseline across all model scales. On
AIME, CoFAG achieves 15.00%, 16.67%, and
18.33%, bringing clear improvements over the cor-
responding base models. The cognitive-feedback
mechanism remains effective as model scale in-
creases and continues to provide useful guidance
on more challenging reasoning tasks.

Compared with standard SFT, CoFAG intro-
duces offline computational overhead during the
training phase. This overhead mainly comes from
two components: the fixer model performs an ad-
ditional forward pass to compute ISI, and the syn-
thesizer model is updated by DPO on preference
data. As detailed in Appendix F, the additional
training-side overhead is on the same order as one
SFT training iteration. However, CoFAG improves
data efficiency, substantially reducing the scale of
SFT dataset required. The instruction generation
process avoids the costly manual or model-assisted
construction of SFT dataset.

None Exactly One Exactly Two M All Three
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I

I 12.2 |

e ]
Low proportion

Forewarned is Forearmed

— o

| 10.7 :

Medium proportion —

Ours e ket ¥ = —
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Figure 3: Distribution of instructions’ characteristics
before and after different methods (N=1,000).

Analysis of Instruction Quality. To quantita-
tively measure the impact on instruction quality
of our framework and baseline, we conducted an
analysis of the generated instructions (with Infinity-
Instruct as the seed dataset). We sampled 1,000
instructions from the synthesizer model before any
iterative refinement and after frameworks had con-
verged. We then utilized Qwen-plus-latest to clas-
sify each instruction, identifying how many high-
quality characteristics it exhibited: promoting com-
plex reasoning, deviating from the learned distribu-
tion, and requiring multi-source knowledge. The
results are summarized in Figure 3. CoFAG sig-
nificantly enhanced the synthesizer model’s capac-
ity to create high-quality instructions. The pro-
portion of instructions featuring exactly two and
three characteristics soared from 28.8% to 52.6%,
significantly surpassing 34.1% of Forewarned is
Forearmed. CoFAG specifically enhanced the syn-
thesizer model’s ability to synthesize instructions
with multiple layers of cognitive complexity. The
more detailed case analysis of the instructions is
presented in Appendix D and Appendix E.

4.3 Ablation Studies

Effect of Warm-up. To dissect the contribution
of our model preparation step, we conducted sepa-
rate ablation experiments by individually removing
the warm-up process for the synthesizer model and
the fixer model. As shown in Table 3, removing
either warm-up component degrades performance.
Removing the initial SFT for the synthesizer model
results in the most significant performance drop.
This is because the unaligned synthesizer model in-
troduces semantic noise into the system. Forgoing
the fixer model’s warm-up step leads to a score of
61.40%. This configuration introduces feedback
noise. The unwarmed fixer model lacks the base-
line competency to properly assess the instructions.
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Method MATH GSMS8k
Ours 62.30 81.50
Effect of Warm-up

W/o synthesizer’s warm-up  60.76 (-1.54)  79.37 (-2.13)
W/o fixer’s warm-up 61.40 (-0.90) 80.97 (-0.53)
Effect of Cognitive Feedback

Forewarned is Forearmed 61.32 (-0.98) 81.04 (-0.46)
Montessori-Instruct 60.94 (-1.36)  80.81 (-0.69)
IFD 61.24 (-1.06) 80.89 (-0.61)
Effect of Synthesizer Optimization

Original synthesizer 59.88 (-2.42)  79.68 (-1.82)
LLM2LLM 60.22 (-2.08) 80.36 (-1.14)
Filtering 61.08 (-1.22)  80.66 (-0.84)

Table 3: Ablation study of different components on
MATH and GSMS8K datasets with Qwen2.5-3B as the
fixer model.

Effect of Cognitive Feedback. To evaluate dif-
ferent methods for collecting the fixer model’s
feedback, we compared our cognitive feedback
with three baselines: (1) Forewarned is Fore-
armed, which takes instructions that the fixer model
failed to perform correctly as positive samples;
(2) Montessori-Instruct, which selects instructions
based on the reduction of the fixer model’s loss
on the seed test set; and (3) IFD (Li et al., 2024b),
which utilizes the Instruction Following Difficulty
metric to score and select instructions. The results
in Table 3 clearly show that our method achieves
a superior accuracy of 62.30%, consistently out-
performing Forewarned is Forearmed (61.32%),
Montessori-Instruct (60.94%), and IFD (61.24%).
This outcome highlights a fundamental conclusion:
our process-aware cognitive feedback is a far more
effective signal for instruction quality than result-
oriented correctness, training benefit, or sequence-
level difficulty metrics.

Effect of Synthesizer Optimization. To analyze
the effectiveness of the synthesizer model’s opti-
mization, we compare our method with the fol-
lowing baselines: (1) Original synthesizer model:
This method solely uses the warm-up synthesizer
model to generate training data in one go, with the
same scale as that produced by other methods. (2)
LLM2LLM: This method generates training data
by rewriting instructions that the fixer model failed
to handle correctly. (3) Filtering: This method uses
the warm-up synthesizer model to generate a large
number of instructions in one go, then selects the
top 50% of the instructions with the highest ISI
from this pool as training data. As illustrated in
Table 3, our method consistently shows superior

(a) MATH Performance (b) GSM8K Performance
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Figure 4: Ablation study of global iterative process on
MATH and GSMSK datasets.

performance and data efficiency across all base-
lines. It achieves the highest accuracy of 62.30%,
while other methods lag significantly. The conclu-
sion is that the optimization process itself is critical.
Merely filtering for high ISI instructions or rewrit-
ing failed ones is insufficient.

Effect of Global Iterative Process. We ana-
lyze how the number of iterations impacts the
fixer model’s performance. Figure 4 plots the
fixer model’s accuracy on the MATH and GSM8K
dataset against the total training data size, compar-
ing the results of a single iteration versus two itera-
tions. The results show a clear benefit to the itera-
tive process. The second iteration demonstrates sig-
nificantly greater data efficiency. The fixer model
achieves an accuracy of approximately 62.0% with
only 15K training samples at the second iteration in
MATH. Additionally, the iterative process success-
fully raises the fixer model’s absolute performance
ceiling. The fixer model’s peak accuracy improves
from 61.82% in the first iteration to 62.3% in the
second. The performance gain across iterations pro-
vides strong evidence that a dynamic and iterative
process yields a more efficient learning trajectory.

5 Conclusion

This paper introduces a novel data synthesis frame-
work, CoFAG, designed to generate higher-quality
training data by measuring fixer models’ internal
processing effort. Central to this method is a self-
evolving loop where a synthesizer model is op-
timized to generate instructions that induce high
Cognitive Load, a process-aware quality signal we
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quantify using ISI. Empirical results demonstrate
that, CoFAG produces a curriculum with verifiably
higher quality. The performance in all aspects val-
idates the superiority of using internal cognitive
feedback for high-quality instruction generation.

Limitations

Although CoFAG achieves consistent improve-
ments, several limitations remain. First, its three-
model collaborative framework introduces addi-
tional offline cost for response generation, ISI
computation, and DPO-based synthesizer refine-
ment, while the final fixer model retains the same
inference cost. Second, ISI relies on a reason-
ably aligned fixer model; when seed data are lim-
ited, insufficient warm-up may introduce noisy
cognitive feedback. Third, while CoFAG is eval-
uated across different architectures, its behavior
on frontier-scale models and the calibration of ISI
across model scales remain underexplored. Finally,
CoFAG mainly optimizes instruction generation,
while the quality of reference responses still de-
pends on the collaborator model. Noisy or incom-
plete responses may therefore limit the quality of
the final SFT data.
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Algorithm 1 CoFAG for synthetic data construc-

tion

Require: Initial seed instructions Dg..q4, synthe-
sizer model S with parameters 6, fixer model
F with parameters ¢, Number of iterations R.

1: Warm up S by maximizing

Ei~p...,[log P(i|p; 0)], where p is a fixed
prompt. Let model be S(O. {Step 1: Model
Preparation}

2: Generate warm-up set Dyarmup ~ 5(0) (p);

fine-tune £ on Dyqrmup t0 get FO),

3 Dfinal 0

4: for round =1to R do

5:  Generate candidate instructions Dggtu nd)
S(roundfl) (p) ]

6: Foreachi; € D§§§;‘ nd), calculate cognitive
load ISI(i;; p(roumd=1)). {Step 2: Cognitive
Feedback }

7. Form preference dataset Dpr of

{(iw,1;)} by pairing high-load instructions
(24) with low-load ones (7;).

C e . . (round)
8:  Minimize Lppo using pairs from Dpr ef

to produce the optimized synthesizer
G(round) {Step 3: Strategy Refinement}

(round)

9:  Generate a new dataset Dhigh_quality

S(round) (p) )
D(round)

10: Df'mal — Dfinal U high_quality*

11:  Fine-tune initial model Fy with D ;4 to
produce the enhanced fixer model F(round)

12: end for

13: return Final fixer model F(®) and dataset
Dfinal~

A Algorithm Pseudocode

This section presents the pseudocode for the
Cognitive-Feedback Adaptive Generation (CoFAG)
framework. As shown in Algorithm 1, the algo-
rithm formalizes the iterative synthesizer-fixer loop
described in the main paper, outlining the key steps
from the initial warm-up phase to the dynamic pro-
cess of cognitive feedback and strategy refinement.
This provides a high-level guide for implementing
the CoFAG workflow.

B Detailed Experimental Setup

This section outlines the specific configurations
used to conduct our experiments, ensuring they can
be precisely replicated. We detail the dataset sizes
for each stage, the software and hardware environ-

ments, and the complete set of hyperparameters for
all model training and optimization phases.

B.1 Dataset and Iteration Sizes

The volume of data generated at each step was
calibrated based on the domain.

For mathematical reasoning datasets (GSM8K,
MATH, Infinity-Instruct):

* Synthesizer Warm-up: A maximum of
10,000 instructions from the original training
set were used.

* Fixer Warm-up: The warm-up synthesizer
generated 5,000 instructions.

* Cognitive Feedback Loop (per iteration):

— The synthesizer generated a test dataset
of 10,000 instructions.

— We selected the top 50% (5,000) as posi-
tive samples and the bottom 50% (5,000)
as negative samples to create 5,000 pref-
erence pairs for DPO.

* Fixer Optimization (per iteration): The re-
fined synthesizer generated 10,000 new in-
structions for training the fixer model.

For legal (Olaw) and medical (medical-ol-
reasoning-SFT) datasets:

* The process was identical to the math setup,
with one exception.

* Fixer Optimization (per iteration): The re-
fined synthesizer generated 15,000 instruc-
tions. This larger size was chosen to help
the fixer model achieve better convergence
in these knowledge-intensive domains, espe-
cially since our framework focuses on opti-
mizing instruction generation, not the ground-
truth responses.

B.2

* Models: As stated in the paper, the primary
synthesizer was Qwen2.5-7B-Instruct,
and fixers included Qwen2.5-3B and
Llama3.2-3B-Instruct. Ground-
truth responses were generated by
Qwen2.5-Math-7B-Instruct (for math)
and Qwen2.5-7B-Instruct (for other
domains). The automated judge was
Qwen-plus-latest.

Implementation Details
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Stage ‘ Fine-tuning ‘ LoRA ‘ Batch | Gradient LR Learning ‘ DPO Parameters
Type Rank | Size Steps | Scheduler Rate B | FTX | Loss Function
Synthesizer Warmup LoRA 16 1 2 Cosine 20x107% | - - -
Fixer Warmup Full+ZeRO-3 - 1 2 Cosine 1.0x 1075 | - - -
Synthesizer Optimization | DPO+LoRA 16 1 1 Cosine 5.0x 1077 |0.1] 0.2 Sigmoid
Fixer Optimization Full+ZeRO-3 - 1 2 Cosine 1.0x107% | - - -

Table 4: Hyperparameter Settings for Model Training and Optimization

* Hardware: All experiments were con-
ducted on a server equipped with 4 NVIDIA
GeForce RTX 3090 GPUs (24GB VRAM

each).

* Software: Model fine-tuning and optimiza-
tion were managed using LLaMA-Factory.
Data generation was accelerated with VLLM.
Key libraries included PyTorch, Transformers,
and DeepSpeed for ZeRO-3 optimization.

* Generation Parameters: For tasks using
VLLM, the temperature for creative instruc-
tion generation was set to 1.2 with top-p sam-
pling at 0.9. To ensure deterministic and fac-
tual ground-truth responses, the temperature
was set to 0.

B.3 Hyperparameter Settings

All supervised fine-tuning (SFT) and Direct Prefer-
ence Optimization (DPO) stages were performed
using LLaMA-Factory. The key hyperparameters
are detailed in Table 4. Parameters not specified
here were left at their default values within the
LLaMA-Factory framework.

C Prompting Template

This section provides the exact templates used for
interacting with the large language models at vari-
ous stages of our framework. Precise and consistent
prompting is critical for reproducibility, as minor
changes in wording can lead to significant differ-
ences in model behavior. We present the prompts
for instruction generation, standard response gener-
ation, and automated answer evaluation.

C.1 The Prompt of Instruction Generation

In math domain:

Generate a mathematical problem that is
clear, solvable, challenging, and suitable for
students to practice in class.

In legal domain (the English version is shown
for clarity; the Chinese version was used in experi-
ments to match the Olaw dataset.) :

Generate 1 legal question. The problem
needs to meet the following requirements:
1. Complexity requirements:

- The answer to the question needs to be
concluded through in-depth understanding
and analysis of reference legal materials

- It should be an open question, requiring
reasoning and explanation

- Can’t be simple questions or factual ques-
tions

2. Problem form:

- Can be a case analysis question

- Can be a legal application

- It can be a legal concept explanation ques-
tion

3. Problem structure:

- Clear statement of problem

- No answer required

4. Difficulty level:

Medium difficulty, suitable for law students
or practitioners to think and discuss

Please output the question directly.

In medical domain:

Generate a medical problem.

C.2 The Prompt of Standard Response
Generation

In math domain:

Please reason step by step, and put your
final answer within \\boxed{ }.

27750



|nequalities

'9onometric ldentitles

7
§
o
§
£
g
g

Figure 5: Distribution of instruction categories before and after synthesizer optimization. Inner rings represent

major categories; outer rings represent subcategories.

<instruction>

In legal domain (The English version of the
prompt is displayed, but in order to keep the lan-
guage setting consistent with the original dataset,
the Chinese version of the prompt is used in the
experiment) :

You are an expert legal advisor, able to rea-
son and answer legal questions step by step.
You will be given a legal question. Your task
is to answer it by reasoning step by step.
Requirements:

1. Use multiple reasoning steps

2. Explore multiple approaches to reach an
answer

3. Verify the given answer through different
methods

4. Consider potential alternative answers
and explain why they were rejected

5. Thoroughly test all other possibilities.
You may be wrong

6. After reasoning, produce a clear conclu-
sion

<instruction>

Prompt

You are an expert medical consultant who
can reason and answer medical questions
step by step. You will be given a medical
question. Your task is to answer the ques-
tion by reasoning step by step.
Requirements:

1. Use multiple reasoning steps

2. Explore multiple methods to reach the
answer

3. Verity the given answer through different
methods

4. Consider potential alternative answers
and explain why they were rejected

5. Fully test all other possibilities. You may
be wrong

6. After reasoning, output a clear conclu-
sion

<instruction>

In medical domain:

C.3 The Prompt of Answer Judge

All areas use the same prompt template:

The following is the student’s answer (pre-
dict) and standard answer (label) on a math-
/legal/medical problem. You need to deter-
mine whether the student’s answer is cor-
rect. You just need to answer 'YES’ or
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Calculate 111111 *

22222222

To calculate the product of
111111 and 22222222 ......
1. Write down the numbers one below
the other: ......
2. Multiply each digit of the first
number by each digit of the second
number: ......
3. Move one position to the left and
repeat the process. ......
4. Continue this process for all digits in
both numbers. ......
5. Add up all the results. ......
6. find that the product of 111111 and
222222221s ......

X

[Instruction] How many times does
the number '9' appear in all the
integers from 1 to 9117

[Response] To determine how many
times ......

1. Units Place: The digit '9' appears in
9, 19,29, ...,,899,909. ......

2. Tens Place: The digit '9' appears in
90-99, 190-199, ..., 890-899. ......

3. Hundreds Place: The digit '9'
appears in 900-911. ......

4. Therefore, the final count is the sum
of all occurrences. ......

[Complex reasoning paths]

[Instruction] There are three colors of
balls in a box: red, blue, and green.
Except for two that are not red balls,
except for two that are not blue balls,
except for two that are not green balls.
How many balls are there in the box?
[Response] This problem requires
translating natural language constraints
into a formal system. ......

1. Blue + Green =2

2.Red + Green =2

3.Red + Blue=2

4. Solving this system of linear
equations reveals that Red = 1, Blue =1,
and Green = 1.

[Instruction] A spider is at point A, a
corner of the bottom surface of a
rectangular room that is 30 meters long,
12 meters wide, and 14 meters high. It
wants to go to point B, the opposite
vertex (on the top surface). What is the
shortest distance the spider can crawl
on the wall and the ground?

Response| [To find the shortest surface

distance, we must unfold the 3D room
into a 2D plane. There are multiple
ways to unfold it. ......
1. Combine width and height......
2. Combine length and height......
3. Combine length and width......
4. So the shortest path is ......

(Decomposition by place value)
[Deviation from training] X

X [Multisource knowledge] X @

1.01 [IS1] .36

[Complex reasoning paths] X [Complex reasoning paths] (Multi-
@ step conceptual transformation)
[Deviation from training] X [Deviation from training] (Non-

[Multisource knowledge] & (Natural
language & Algebraic modeling)
[IS1] .48

standard geometric application)
[Multisource knowledge] (3D
reasoning & 2D path optimization)
SU254 )
&/

Figure 6: Case studies illustrating the correlation between task complexity and the Inference Stress Index (ISI).
We present four distinct instruction types ranging from rote calculation to complex spatial reasoning. The ISI
score accurately reflects the cognitive load imposed on the model, with higher scores indicating tasks that require
multi-step conceptual transformations and deviation from standard training distributions.

’NO’. Do not have any additional output:
predict: <Tested Answer>
label: <Real Answer>

D Case Study.

We present qualitative examples to illustrate how
CoFAG adapts instruction difficulty across training
iterations. For detailed examples of ISI calcula-
tion, see Appendix E. To intuitively understand
how CoFAG reshapes the data distribution to target
the fixer model’s weaknesses, we use Qwen-plus-
latest to classify instructions and removed classes
that appeared less than 1% of the time. We vi-
sualize the topic composition of the synthesized
instructions from the MATH dataset across two iter-
ations in Figure 5. The inner ring represents broad
mathematical disciplines and the outer ring details
fine-grained subtopics. In Iteration 1, the generated
data is heavily dominated by Algebra, accounting
for half of the distribution. This aligns with the
fixer model’s initial state, where standard algebraic
manipulation yields higher cognitive load. How-
ever, a shift occurs in Iteration 2. The frequency
of occurrence of Algebra began to decrease, while
the frequency of occurrence of Geometry gradually
increased. Moreover, the outer ring in Iteration 2
exhibits a richer spectrum of subtopics, indicating
that CoFAG not only increases quality but also sig-
nificantly keeps the diversity of the dataset. This
evolution confirms that our method effectively acts

as an adaptive instruction scheduler, dynamically
steering generation away from the model’s comfort
zone toward its knowledge frontiers.

E ISI Calculation Examples

To provide a concrete understanding of how the
Inference Stress Index (ISI) quantifies cognitive
load, we present a qualitative analysis of four dis-
tinct instructions and their corresponding ISI scores
in Figure 6. These cases illustrate the correlation
between the complexity of the required reasoning
path and the resulting ISI metric.

Case 1: Rote Calculation (ISI = 1.01). The first
case involves a large number multiplication task
(111111 x 22222222). While computationally in-
tensive for a human, for an LLM, this task follows
a strict algorithmic pattern. The reasoning path is
linear and relies heavily on learned arithmetic dis-
tributions. Consequently, the model exhibits low
uncertainty across tokens, resulting in a baseline
IST of 1.01.

Case 2: Decomposition and Counting (ISI =
1.36). The second case requires counting the oc-
currence of the digit ’9’ in a range of integers. This
forces the model to decompose the problem by
place value (units, tens, hundreds). The cognitive
load increases as the model must maintain a run-
ning count and apply logic rather than simple pat-
tern completion. The ISI rises to 1.36, reflecting
this moderate increase in reasoning demand.
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Operation Scale Estimated forward passes
ISI scoring 10,000 data points 10,000
DPO optimization 5,000 pairs 40,000
CoFAG extra cost - 50,000
SFT baseline 10,000 samples 30,000

Table 5: Estimated forward-pass cost of the additional training-side operations in one CoFAG iteration compared

with one standard SFT run on the same data scale.

Case 3: Logical Modeling (ISI = 1.48). The
third case presents a logic puzzle involving col-
ored balls ("Except for two that are not red...").
To solve this, the model must translate natural lan-
guage constraints into a system of linear equations
(Algebraic modeling). This translation process in-
duces higher cognitive bifurcation (entropy) as the
model bridges the gap between linguistic ambiguity
and formal logic, yielding an ISI of 1.48.

Case 4: Spatial and Geometric Reasoning (ISI
= 2.54). The final case is the most complex, in-
volving a "spider in a room" shortest path prob-
lem. This requires a multi-step conceptual transfor-
mation: the model must unfold a 3D rectangular
prism into a 2D plane to calculate the Euclidean
distance. This task deviates significantly from stan-
dard textual training data and requires integrating
spatial reasoning with geometric optimization. The
fixer model exhibits high uncertainty at key reason-
ing junctions (such as deciding how to unfold the
room), resulting in a high ISI of 2.54.

These examples validate that ISI is not merely
measuring sequence length or vocabulary rarity, but
is effectively capturing the process-aware difficulty
of the underlying reasoning steps.

F Computational Cost Analysis

We provide a first-order calculation of the ad-
ditional computational cost introduced by one
CoFAG iteration in Table 5. This calculation fo-
cuses on the training-side overhead required by
CoFAG beyond the standard SFT stage. Specif-
ically, we count the cost of ISI-based feedback
computation and DPO-based synthesizer optimiza-
tion. The cost of sample generation is not included
in this comparison, since generation serves as an
offline data acquisition process and substantially
reduces the human labor required to construct the
training dataset.

In one CoFAG iteration, ISI is computed over a
pool of 10,000 data points. These data points are
ranked by ISI, and the top 5,000 and bottom 5,000

samples are paired to form 5,000 positive-negative
preference pairs for DPO. The corresponding SFT
baseline trains the fixer model on the full set of
10,000 data points.

We use forward passes as the accounting unit.
For SFT, each sample requires one forward pass
and one backward pass. Following the common
approximation that a backward pass costs about
twice a forward pass, the cost of SFT on 10,000
samples is:

Cspr = 10,000 x (1 + 2)

9
= 30,000. ©)

For ISI computation, the fixer model scores each
data point with teacher forcing. Since the full re-
sponse sequence can be processed in parallel, we
count one forward pass per data point:

CISI = 10,000 x 1

10
= 10,000. (19

For DPO, each preference pair contains one pos-
itive sample and one negative sample. For each
sample, the trainable policy requires one forward
pass and one backward pass, while the frozen ref-
erence model requires one additional forward pass.
Thus, the cost of one DPO pair is:

CDPO—pair =2X ((1 + 2) + 1)

_q an

Since CoFAG uses 5,000 preference pairs, the
DPO cost is:

CDPO = 5,000 X 8

12
= 40,000. (12)

Therefore, the additional training-side overhead
of one CoFAG iteration is:

CCOFAG—extra = C1ISI + C’DF’O
= 10,000 + 40,000
— 50,000.

(13)
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The relative overhead compared with one SFT

run is:
CCoFAG—extra 50,000

Cspr 30,000 (14)
~ 1.67.

This calculation shows that the additional
training-side overhead of one CoFAG iteration is on
the same order as one standard SFT run on the same
data scale. The main overhead comes from DPO-
based synthesizer optimization, while ISI scoring
adds only one forward pass per data point. In ad-
dition, all these costs are incurred offline during
data construction and synthesizer refinement. Once
the fixer model is trained, CoFAG introduces no
additional inference-time cost.
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