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ABSTRACT

In this paper, we introduce Ku a novel approach for creating high-quality
instruction-tuning datasets for large language models (LLMs) without relying on
manual annotations. Adapting a self-training algorithm based on instruction back-
translation and answer polishment, Kun leverages unlabelled data from diverse
sources such as Wudao, Wanjuan, and SkyPile to generate a substantial dataset
of over a million Chinese instructional data points. This approach presents a
novel departure from traditional methods by using a self-curation process to refine
and select the most effective instruction-output pairs. Our experiments with the
6B-parameter Yi model across various benchmarks demonstrate Kun’s robustness
and scalability. Our method’s core contributions lie in its algorithmic advance-
ment, which enhances data retention and clarity, and its innovative data generation
approach that substantially reduces the reliance on costly and time-consuming
manual annotations. This methodology presents a scalable and efficient solution
for improving the instruction-following capabilities of LLMs, with significant
implications for their application across diverse fields.

1 INTRODUCTION

The development of large language models (LLMs) relies on human-annotated datasets, yet the
creation of such datasets typically faces scalability issues due to the significant resources required.
Our study introduces Kun, a novel approach leveraging unlabelled data to create a high-quality
instruction-tuning dataset. This method diverges from manual annotations, employing a self-training
algorithm that includes a unique process called AP (Answer Polishment),

AP is central to Kun’s strategy. It addresses a critical challenge in the Humpback (Li et al.,|2023c)
method, where raw data, once labeled, are directly used in instruction datasets. The unscreened raw
data often mismatches between instructions and responses, as raw data may not inherently align
with the instructional context. AP refines this raw data, ensuring a tighter correlation between the
instructions and responses through a back-translation process. This leads to a dataset where each
instruction-output pair is more coherent and contextually relevant. Unlike methods dependent on
LLMs (Peng et al.} [2023} |Taori et al. [2023b; [Zheng et al.| 2023)), Kun offers an independent and
scalable approach to instruction-based training.

We opt for the 6B-parameter Yi model due to its open-source nature and dependable performanc
Its efficacy is tested and proven across diverse dataset sizes, including widely recognized benchmarks
like C-EVAL (Huang et al.| [2023) and CMMLU (Li et al.,|2023b)). To evaluate the performance of the
model, we design a comprehensive human evaluation which contains 500 prompts from ShareGPT-zh,
covering various tasks. Responses generated by our model are compared with those from other
models, showcasing the superiority of our Kun-52k variant. Further details can be found in[4.2.3]
Additionally, we evaluate the quality of our dataset, which includes 1,000 instruction-output pairs
each from sources like Wudao (Xue et al.| 2022)), Wanjuan (He et al.,2023)), and SkyPile (Wei et al.|

!The dataset is named Kun as Chinese pronunciation of Humpback |Li et al.|(2023c).
https://github.com/0l-ai/Yi
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Figure 1: Overview of Answer Polishment. Initially, the Yi base model is fine-tuned using quality
seed instruction data to create a label and a primary chat model. The label model then annotates a
large amount of primary data, turning it into labeled data. This is filtered and refined by rules and the
primary chat model, producing the final dataset. This dataset is used to further train the primary chat
model, resulting in an highly efficient final chat model.

2023)). This evaluation, focusing on clarity, feasibility, practicality, and alignment, ensures the high
quality of our dataset. The key contributions of our work are:

* Algorithmic Advancement: AP in Kun enhances data retention and resolves ambiguities,
leading to an expanded pool of high-quality data for fine-tuning.

e Large-scale high quality data creation: Over a million diverse Chinese instructional data
points are produced from sources like Wudao, Wanjuan, and SkyPile, surpassing traditional
crowdsourced annotations in quality and reducing reliance on manual annotation.

2 RELATED WORK

Instruction Tuning Instruction tuning is widely recognized as a key technique for activating

LLMs to adhere to human conversational norms. (Mishra et al., 2022} [Wang et al., 2022b} 2023D).
Instruction tuning empowers various domain-specific or task-specific LLMs, including natural
language generation evaluation (Jiang et al., 2023, math (Yue et al., 2023} Xu et al.,2023a;|Azerbayev

et al.| 2023)), code[Luo et al.| (2023), music |Li et al[ (2023a); Deng et al.| (2023), and medicine Wang
et al.|(2023a)). Instruction tuning not only tailors the models’ task-specific responsiveness but also

bolsters their cross-task generalization capabilities, thus enhancing performance across various
dynamic application contexts (Wei et al.} 2021}, [Sanh et al., 2022} [Mishra et al.} 2022}, [Wang et al.}
[2022D). Recent studies have broadened the scope of instruction tuning to encompass a wider array of
general tasks, notably incorporating input from users of language models (Ouyang et al., 2022} [Peng|
2023).

However, the open-source community is still lacking high-quality Chinese instruction tuning corpora.
Current datasets, like COIG (Zhang et al/,2023), BELLE (Ji et al., 2023), MOSS 2023),
and OL-CC [2023), face issues such as limited scope, poor quality, commercial restrictions,
or insufficient coverage. This gap hampers the advancement of LLMs in effectively processing
and executing complex Chinese instructions, highlighting the critical need for more diverse and
superior-quality datasets.
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Self-Improvement of LLMs In fine-tuning
LLMs, the availability of extensive, high-quality
instructional data is crucial. Presently, the gener-
ation of such data mainly relies on human man-
ual annotation, a labor-intensive method that
lacks scalability for future data augmentation.

An alternative approach involves deriving
instructional data from more advanced
LLMs (Taori et al., [2023a)), exemplified by ex-
tracting authentic instruction-response sets from
dialogues within the GPT series models (Wang
et al.,[2022a)). A more refined technique utilizes
the Self-Instruction framework, autonomously
generating additional instructional data from ini-
tial seed data. Combined with the Ada-Instruct
or the Evol-Instruct framework, this approach
can transform basic instructions into complex
ones, specifically tailored for distinct tasks (Cui
& Wang, [2023} [Luo et al., [2023).

Nevertheless, these instruction generation
methodologies all require a robust teacher.The
ultimate potential of the model is limited by the
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teacher’s expertise or resource expenditure (L1

et al., 2023c)). To overcome this limitation, the

SPIN (Chen et al, 2024) framework incorpo- Figure 2: The top 10 categories in each of these
rates a self-play mechanism, It generates train- three areas: Academic Disciplines, Industry Sec-
ing data from previous iterations, refining its tors, Text Type

strategy by distinguishing between responses

generated autonomously and those derived from human-annotated data.

This gradual process elevates the LLM from a nascent model to a robust one. Considering the vast
amount of knowledge present in web text, Humpback Li et al.|(2023c) introduces a technique based on
Instruction Backtranslation. This method allows a base model to independently utilize vast amounts
of unlabeled data to generate a high-quality instruction tuning dataset. However, empirical findings
indicate that the effectiveness of this method is still constrained by the seed model’s performance and
its ability to discern truly high-quality data.

3 METHOD

Our training methodology necessitates a foundational model, high-quality seed instruction data, and
a substantial volume of unlabeled data, with the primary source being web text. Given the extensive
content diversity inherent in large-scale web documents, which encompass a wide array of topics such
as music, art, technology, etc., reflecting the broad spectrum of human interests, certain subsets of
these documents may be more apt for generating instructions. Unlike labeled data, these documents
lack predetermined outcomes or objectives. This method involves the refinement and optimization of
data selection during the fine-tuning process of Large Language Models (LLMs), as illustrated in
Figure|l| This approach allows for the collection of a significant volume of instructional data at a low
cost, circumventing the exorbitant expenses associated with manual labor, in a manner that is both
academically rigorous and professional. Our method consists of two main steps:

* Supervised Fine-Tuning (SFT) with High-Quality Seed Data: This involves using SFT
on the base model with high-quality seed data to create two models - the label model for
annotating primary data and the primary chat for improving data quality.

* Quality Assessment and Refinement in Primary Chat: The primary chat assesses and refines
the label model’s output. This repeated process produces a lot of high-quality data, essential
for the primary chat’s further training. It leads to a high-performance final chat model,
trained extensively with superior data.
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Figure 3: Length distribution of instructions and outputs based on Yi-6B model

A more comprehensive explanation of each step is provided subsequently.

3.1 INITIALIZATION

Seed data. We use 26,000 instructions and their corresponding outputs as our seed data. Each pair is
hand-annotated and undergoes strict quality control to ensure high accuracy and consistency.

Primary Data. The primary data originates from three significant Chinese datasets: WuDao,
Wanjuan, and SkyPile. These datasets are distinguished by their extensive scale, diverse content, and
comprehensive nature. Such characteristics make them ideal for mining golden texts aligned with
specific user instructions. To facilitate this, we preprocess these datasets to isolate self-contained
segments, denoted as y;.

Supervised Fine-Tuning. We utilize high-quality seed data to execute SFT on the foundational
model, yielding two distinct models: the label model and the primary chat model.

* Primary Chat Model: This model is fine-tuned utilizing the (instruction-output) pairs (x;,
y;) from the seed data. This process creates a forward model, M,,, := p(y | ), with z and
y maintaining their respective meanings as instructions and outputs.

* Label Model: Conversely, this model undergoes fine-tuning with the (output-instruction)
pairs (y;, x;) derived from the seed data, leading to the formation of a backward model,
denoted as My, := p(z | y). In this context, x signifies the instruction, while y denotes the
corresponding output.

3.2 GENERATING CANDIDATE INSTRUCTIONS WITH THE LABEL MODEL

For each example y; in the unlabeled set, we utilize the backward model to infer a candidate
instruction, denoted as &;. This procedure generates a collection of potential enhanced pairing data,
represented as (Z;, y;). During annotation, initial filtering is based on perplexity (ppl) and length,
and excludes any data exceeding 512 tokens. We also discard data unsuitable for instructional use,
like purely descriptive statements, while retaining useful data, such as commands and questions. We
apply a filter prompt in this selection, keeping only data that triggers a positive response. The final
labeled dataset contains instruction and output components, with instructions from the label model
and outputs from primary data, known as candidate labeled data. Figure [4|shows the filter prompt
used in this stage.

3.3 REFINEMENT OF CANDIDATE LABELED DATA USING THE PRIMARY CHAT MODEL

Given the extensive volume of primary data, not all candidate labeled data derived from it are of
uniformly high quality. Our objective is to curate high-quality labeled data, necessitating rigorous
filtration of the candidate labeled data.

Our experiments tested two different filtering methods, each with its strengths and weaknesses:
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Please tell me if the following text is a question or an imperative Ifitis a ion or imp: i , answer "Yes"; if it is not a
question or imperative sentence, answer "No". For example:

Input: What is trace element fertilizer? Answer: [Yes];

Input: What issues should be considered during a fire safety assessment? Answer: [Yes];

Input: What are some art books suitable for art novices? Answer: [Yes];

Input: Please give me a brief introduction to the “nursing profession”. Answer: [Yes];

Input: Please express your views on the importance of corporate culture construction. Answer: [Yes];

Input: Foreign Research Edition Grade 8 English Module 3 Writing Topic: My Favorite Place Answer: [No];

Input: Tai'an No.1 Middle School, as a long-established educational institution, has always adhered to fine traditions and is committed to providing
quality educational resources. Answer: [No]

Please judge the following input text:

Figure 4: Filter prompt we use to screen out unsuitable content for instructions.

» Comprehensive Scoring of Labeled Data: This method evaluates the full labeled data set
based on a combined score, including instructions and outputs.

* Focused Scoring of Instruction Component: This technique only assesses the instruction
part (output from the label model). High-scoring instructions are chosen, and then the output
part of these selected data is refined.

Our analysis shows that the second method is more effective than the first. In the first method, good
outputs are often discarded because of poor instructions from the label model, and the reverse is also
true, causing unnecessary exclusions. Moreover, this approach occasionally retains data with one
poor quality instruction because the corresponding output is high quality, and vice versa, leading to
uneven data quality and negatively impacting further training.

In contrast, the second method only scores the instruction component, as in instruction tuning for
LLM, instructions are often considered more important than outputs, Yet, it doesn’t assess the output,
sometimes leading to suitable instructions paired with unsuitable outputs. To address this, we use the
primary chat model to evaluate and refine the instructions and outputs, ensuring they align well. This
approach produces high-quality labeled data. The score and refine prompts we used in this process
are shown in Figure[I0]

Utilizing the substantial volume of top-quality labeled data from these procedures, we further train
the main chat model, achieving a high-performance final model, as shown in Experiments.

4 EXPERIMENTS

In this section, we comprehensively detail the experimental procedures and methodologies employed
in our study.

4.1 EXPERIMENTAL SETUP

We first detail the experimental setup used in our study, covering the base model selection, fine-tuning
process, baseline comparisons, and the evaluation methods.

4.1.1 BASE MODEL & FINETUNING

In our experiments, we utilize the Yi model with 6B parameterﬂ developed by 01.Al, as our
foundational language model for fine-tuning. Renowned for its proficiency in both English and
Chinese, the Yi series has shown impressive results on global benchmarks like the AlpacaEval
Leaderboard (Dubois et al.| 2023} |Li et al.}[2023d) and SuperCLUE (Xu et al.,[2023b).

Shttps://huggingface.co/0l-ai/Yi-6B
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Source Instruction Quality Output Quality

Clarity% Feasibility% Practicality% Excellent% Pass% Fail%
Wudao 96.67 96.40 96.87 69.50 20.03 10.47
Wanjuan 98.27 97.63 96.57 85.63 11.13 3.24
Skypile 98.90 98.37 95.40 42.73 40.43 16.84
ALL 97.94 97.47 96.28 66.00 23.87 10.13

Table 1: Manual Quality Analysis of Synthetic Data Generated by Kun.

The fine-tuning process is carried out using varying sizes of our high-quality, instructionally curated
dataset. This phase is executed on a computing setup with 32 Nvidia A800 GPUs, amounting to
a total of 192 GPU hours. We adopt a learning rate of 2e-5 and a batch size of 16, aiming for an
optimal balance between computational efficiency and model performance. All the models have been
fine-tuned with the same number of update steps.

4.1.2 BASELINES

For the Kun dataset, we annotated command data from three sources: Wudao, Wanjuan, and Skypile.
Quantitative details of this augmented dataset are provided in Figure[/| In evaluating the performance
of Kun, our study contrasts it with data curated from four prominent Chinese open-sourced datasets,
including COIG (Zhang et al.,[2023; BAAIL |2023ajb)), OL-CC (OL-CC| |2023)), and BELLE (Ji et al.,
2023)). These datasets are unique in their composition and focus, providing a comprehensive basis for
comparison.

4.1.3 EVALUATION

Human Evaluation. To assess the general quality of model responses, we conduct human evaluations
using a test set of 500 prompts sampled from ShareGPT-zh. These prompts, derived from real world
user inquiries, encompass a diverse array of tasks, such as creative writing, information seeking,
providing guidance, logical reasoning, storytelling, problem-solving, etc.

For the evaluation, responses generated by different models for each prompt are presented side-by-
side. Human evaluators are asked to choose their preferred answer, providing a direct comparison
of model performance. In total, eight models were compared.For this evaluation, we engage a team
of experienced crowdsource annotators, ensuring a balanced and unbiased assessment. Detailed
examples that show the comparison process can be found in Figure Standard Benchmarks.
In addition to human evaluations, the models are also assessed using two standard benchmarks for
Chinese LLM evaluation: C-EVAL (Huang et al.,[2023) and CMMLU (Li et al.,|2023b).

These evaluation methods, comprising both human judgment and standardized benchmarks, offer a
multifaceted perspective on the capabilities of the Kun model, enabling a thorough comparison with
existing models and datasets.

4.2 AUGMENTATION DATA STATISTICS

In this section, we delve into the detailed statistical analysis and diversity assessment of our augmented
dataset, as well as the rigorous quality evaluation conducted using human annotators. By exploring
the comprehensive scale, varied nature, and assessed quality of the instruction-output pairs, we aim
to highlight the robustness and reliability of the data curated for our study.

4.2.1 STATISTICS AND DIVERSITY

Our work involve the purification of approximately 377,592 high-quality instruction-output pairs
from the Wudao, Wanjuan, and Skypile datasets.We analyze a 10% subset of instructions from the
past 20 years, revealing significant temporal diversity with 56% of instructions from the recent three
years (Figure[§). The variation in instruction and output lengths, analyzed using the Yi-6B model, is
shown in Figure 3| reflecting content complexity.
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To assess instruction diversity, we categorize them into 24 academic disciplines, 16 industry sectors,
and 15 text types as per Wikipedieﬂ using the Qwen—72B—ChalE| (Bai et al., 2023). Repeated for
accuracy, this categorization highlights the data’s range, as shown in Figure 2] where the top 10
categories in each area signify its broad scope.
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4.2.2 QUALITY EVALUATION

A critical aspect of our dataset curation process is the rigorous data quality assessment. We conduct
a comprehensive quality evaluation of the instruction-output pairs to achieve this. For augmented
data curated from each source (Wudao, Wanjuan, and Skypile), we randomly select 1,000 instruction-
output pairs, resulting in 3,000 pairs subjected to an independent quality assessment.

Instruction Quality. For instruction quality, a team of 24 professional annotators with a bachelor’s
degree or higher evaluates each instruction across three key dimensions: clarity, feasibility, and
practicality. Each aspect is assessed with a simple yes/no answer, providing a straightforward yet
effective measure of instruction quality. The evaluation criteria are as follows:

* Clarity: Evaluators determine whether the instruction was unambiguous and coherent,
encompassing necessary information without any vague terms or explanations.

 Feasibility: Evaluators assess whether the instruction was valid and answerable within the
context and scope of the model’s capabilities.

 Practicality: Evaluators judge the relevance of the instruction in everyday scenarios.

Output Quality. The quality of the outputs is evaluated based on their alignment with the instructions.
Evaluators are asked to rate each output as Excellent, Pass, or Fail, based on how well it met the
requirements and intent of the instruction.

To ensure objectivity and reliability, three different evaluators evaluate each instruction-output pair.
The consistency rates for the evaluation across the three dimensions of the instructions have all
exceeded 90%, and the evaluation of the instruction-response are also Consistently. This results
demonstrate a significant degree of consistency in their judgments. Further details on evaluating
identical ratings are presented in Figure[6and Table 2} Examples that demonstrate the process of
assessing can be found in Figure ]

As indicated in Table[I] the instruction quality across all sources is consistently high, suggesting
effective formulation and clarity in conveying their purposes. However, the output quality varies
more noticeably among the sources. While some sources like Wanjuan exhibite a high percentage
of “Excellent” outputs, others such as Skypile demonstrate a more diverse distribution of output
quality. This section presents the analysis of our experiment results, encompassing human evaluation
outcomes and performance on standard benchmarks.

‘nttps://www.wikipedia.org
Shttps://huggingface.co/Qwen/Qwen—72B-Chat
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evaluators.

4.2.3 HUMAN EVALUATION

Our human evaluation results are illustrated through the heatmap in Figure [5] which shows the model
vs. model win rates, with color variations indicating the relative performance strengths. The heatmap
highlights that the Kun-52k model emerges as the most dominant, followed by the mixed model,
showcasing their superior ability to handle a wide range of prompts. In contrast, the baseline models
COIG-39k, and Belle-52k, garner lower preference percentages. This suggests that despite their
strengths, these models may not align as closely with user expectations or prompt requirements as
the Kun models. Further analysis is provided in Appendix A.4.

4.2.4 STANDARD BENCHMARKS

The performance of the models on standard benchmarks, Table [3| presents the performance statistics
of various models on the C-EVAL and CMMLU benchmarks. As shown, we evaluate numerous
models, including different sizes of the Kun model, baseline models, and mixed models. Each model’s
performance is measured in terms of perplexity and generation quality, providing a comprehensive
view of its strengths and weaknesses.

From the table, we observe that Kun-39k generally exhibits lower perplexity and higher generation
quality, confirming its top-tier performance in language understanding and generation. Interestingly,
the mixed model display robust performance, with the mixed model often outperforming Kun-52k.
The baseline models and smaller Kun variants present mixed results, excelling in some metrics while
falling short in others. These highlight potential areas for further improvement in model training and
fine-tuning strategies.

5 CONCLUSION

Our approach represents a breakthrough in instruction-tuning for LLMs, utilizing a novel self-training
algorithm to leverage over a million quality Chinese instructional data points from diverse sources
effectively. This strategy, different from manual annotations, not only enhances the instruction-
following capabilities of LLMs but also ensures the high quality and diversity of training data.
Empirical evaluations using the 6B-parameter Yi model across benchmarks like C-EVAL, CMMLU,
and human evaluations, have demonstrated its robustness and scalability. Innovations within our
approach, such as AP, have notably improved data retention and clarity, offering a scalable, efficient
way to augment LLLMs’ instructional capabilities. This research not only progresses the field but
also broadens LLMs’ application scope, offering a novel solution to the challenges in developing
instruction-tuning datasets.

ETHICS STATEMENT

This study adheres to the highest ethical standards, ensuring all research activities are conducted with
a commitment to responsibility and respect for participant rights. Our ethical policy encompasses
data usage, intellectual property rights respect, and research transparency. To safeguard data privacy
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and security, particularly when handling unlabeled data from sources like Wudao, Wanjuan, and
SkyPile, we implement stringent measures to comply with data protection laws, especially concerning
personal information. This involves anonymizing and desensitizing data prior to utilization. In terms
of intellectual property rights, we ensure that all employed data and generated guiding points adhere
to applicable copyright laws and intellectual property agreements, thereby avoiding infringement
on any third-party intellectual property rights. Moreover, we pledge to provide a comprehensive
account of our research methodology, detailing the processes of data generation, model training, and
evaluation, to facilitate reproducibility and validation by the academic community.

LIMITATIONS

This study introduces an innovative methodology for generating data to reduce the reliance on costly
and time-consuming manual annotations. However, there are limitations impacting the generalizability
and scalability of our findings. Firstly, the diversity of data: the methodology, while capable of
generating instructional data from a vast pool of unlabeled data, may produce data whose quality and
diversity are constrained by the original data source’s breadth and caliber. This is particularly relevant
when generating instructions for niche or specialized domains, where additional methods might be
necessary to guarantee comprehensive coverage and precision. Secondly, the generalization capability
of the model: although tests on the 6B-parameter Yi model confirm the methodology’s efficacy, its
performance and applicability could differ among models of various sizes and tasks. Its effectiveness
might require further investigation, especially in smaller models or those not designed for Chinese
language processing. Thirdly, the assumptions underlying the algorithm: the study’s self-training
algorithm relies on instruction back-translation and answer embellishment. These premises might
not hold across all instruction or answer types, notably for tasks demanding specialized knowledge
or creativity, where the generated instructional data may not adequately reflect complex cognitive
processes. Future Directions: Subsequent research should examine the methodology’s applicability to
large-scale language models across different languages and the generation of high-quality instructional
data in specialized fields such as medicine or law. Additionally, advancing self-training algorithms
to more effectively manage intricate and specialized instructions represents a crucial avenue for
exploration.
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A APPENDIX

A.1 EXAMPLES IN HUMAN EVALUATION OF DATA AND MODEL PERFORMANCE

Figure|l I|illustrates specific examples from our human evaluation process, as detailed in Sections
@.2.2)and This figure includes the evaluation of both instruction and output quality, along with
a comparison of model answers. For each example, the original question is provided, followed by the
evaluated responses.

The instruction quality is assessed for clarity, feasibility, and practicality to evaluate the precision in
formulating instructions. The output quality assessment focuses on the extent to which each response
meets the instruction’s requirements. Additionally, the model comparison examines which answers
align most closely with human preferences, highlighting the practical effectiveness of the models
under consideration.

A.2 DATA FILTERING RULES

The text provided lists the manually established rules we use to delete some low-quality data in
the process of generating data to improve data quality. These rules are used to filter the generated
instructions or responses in cases with very obvious low-quality characteristics, thereby ensuring the
reliability of the entire process. 1.Sensitive information such as phone numbers, home addresses, etc.
Further analysis is provided in Figures 9] which depict the human preference evaluation win rates of
Kun-52k and the mixed model, respectively, when compared with other models. Notably, the mixed
model demonstrates a higher win rate than Kun-52k, indicating its enhanced effectiveness in meeting
human evaluators’ preferences.

» Paragraphs that are largely repetitive.

The length is too short (Iength j=4).

* The text contains a large number of meaningless characters.
* Contains specific low-quality keywords.

* Refusal to answer.

 Text formatting errors.

A.3 YEARS

Year
2005201020152020 | 0

Figure 8: Instructions spanning over 20 years, with 56% from the last five years.

12



648
649
650
651
652
653
654
655
656
657
658
659
660
661
662
663
664
665
666
667
668
669
670
671
672
673
674
675
676
677
678
679
680
681
682
683
684
685
686
687
688
689
690
691
692
693
694
695
696
697
698
699
700
701

Under review as a conference paper at ICLR 2025

A.4 MORE SHOWCASES OF HUMAN EVALUATION RESULTS

Further analysis is provided in Figures[9] which depict the human preference evaluation win rates of
Kun-52k and the mixed model, respectively, when compared with other models. Notably, the mixed
model demonstrates a higher win rate than Kun-52k, indicating its enhanced effectiven.

. Wins
- Wins B Loses
- Loses
oL-cc
oL-CcC
mix_one
mix_one
mix_lite
mix_lite
coig-one
coig-one
belle
belle
39k
52k
. . 0 20 40 60 80 100
0 20 40 60 80 100 Win Rate (%)
Win Rate (%)
s Wins s Wins
B Loses s Loses
mix_one oL-cc
mix_lite mix_one
coig-one mix_lite
belle belle
52k 52k
39k 39k
0 20 0 60 80 100 0 20 0 60 80 100
Win Rate (%) Win Rate (%)
- Wins s Wins
W Loses s Loses
oL-cCc o oL-cc
mix_one mix_one
mix_lite coig-one
coig-one belle
52k 52k
39 39
0 20 0 0 80 100 0 20 0 60 80 100
Win Rate (%) Win Rate (%)
- Wins
B Loses
oL-cc
mix_lite
coig-one
belle
52k
39
0 20 20 60 80 100

Win Rate (%)

Figure 9: shows the human preference evaluation win rates of Kun-52k and the mixed(kun+COIG-
one) model, respectively, when compared with other models. Notably, the mixed model demonstrates
a higher win rate than Kun-52k, indicating its enhanced effectiven
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A.5 PROMPT

TNESRE. REUTESCARER (7] R [E] TN, [F] SRR A™E, 3 [£] NE¥EL.

’mﬁi?ﬁ@%&

R SR ENUERRR B, RENFANIES, HRBEMENORBRIARE.

STEM: ﬁﬁ@,é‘ﬁﬁﬁ%?ﬂ’ﬂ%ﬁ, HATHABEEN. .o Score
T BRECELNRN, HEAERENEN. n

BEINF: HBEIRFHES R, 7 Prompt

RREIESHMT:

SRIMEE: MARE,

EHARREE: Bir. S8, TR B HREH

T‘EI‘J%Z ERERKA. HIRAIIAH .

AYISKRR: BEATENENRTR.

EAM: ﬁﬁn%ﬁ’]ﬂﬂi RESSESEEAE, WERHRFE.
iﬁﬁi&ﬁ: SBRIPFAEIHRZ LTXER.

=i

- [BBBEARREAR, RERNKRSKE. | & (5]

- [(RAREEE? | & [£]

- [T ARHHMEFT? > AR 4] & [£]

- (TARREB? FazR@? 1 % [£]

- [BREAABELARRIN HERABLHSREME? | & (2]
- [(BEAEBEHSERYE | B { 1

| [BRER—TEmHEEEN. | & (2]

Assess the quality of i ions. the following content with either "Good" or "Poor", where "Good" is judged by very strict standards and

"Poor" is judged very leniently.

- Characteristics of high-quality instructions:

Clarlty and Precision: Clearly states ob/ecnves, prawdes detailed instructions, and avoids any vague explanations or terminology.
Ensures all y il is it leaving no need for guesswork during execution.

Feasibility: Ensures it ions are p ical and suitable for the recipient's capabilities.

Logical Order: Describes steps in a logical sequence.

- Characteristics of low-quality instructions:

Contains Private Information: Such as personal names.

Vague and Unclear: Goals, steps, requirements, or purposes are unclear.

Information Issues: Information is missing, incorrect, or outdated.

Impractical: Beyond the 's bilities or 3

C ity: Uses redund. y, jargon, or involves multi-modal content such as images or tables.
Logical Disarray: Steps are out of order or lack contextual background.

Examples:

- [Please explain what is "joint development" and its risks and rewards.] Answer: [Good]

- [Do you know Huang Feng?] Answer: [Poor]

- [What is an exclusive license? -> What is What is] Answer: [Poor]

- [What is a civil burrow? What is a civil burrow?] Answer: [Poor]

- [What social i does ion have? What social i does ion have?] Answer: [Poor]
- [What social fi ions does ion have?] Answer: [Good]

- [Help me search for "Li Si" on Baidu Baike.] Answer: [Poor]

{output},iE[E] & {instruction}* I I I I Refine
Prompt

{output}, please answer: {instruction}*

*{foutput} and finstruction} refer to the output and instruction parts of the current labeled data, respectively. This prompt aims to use the output as
background information, employing the primary chat model to re-answer the question to obtain a new output suitable as training data.

Figure 10: The top section comprises score prompt used to assess the quality of labeled data
instructions. The bottom section features refine prompt for refining the output part of the labeled data.

14



Under review as a conference paper at ICLR 2025

TEX T BT

Instruction: B HRBAPRFRTAMN? EBWATRRMA? TURRBLFM? e Ction
QL BRIESRBAH?  (AEMIRR B, SSMAXENEL, TREMOBEIAE) 1T =

Q2 ERESRET?  (AMESRARATEEN) T [R] Quality
Q3: FIRIESRERA? (AERREFTEEHN) 1M (B

Please evaluate the following instruction:

Instruction: What does protein crystallography study? What are its main research methods? What problems can it solve?

Q1: Is the above instruction clear? (i.e., clearly states the goal, contains all necessary inf ion, and has no i ions or terms)
Evaluation: [Yes]

Q2: Is the above instruction feasible? (i.e., the instruction is valid and answerable)

Evaluation: [Yes]

Q3: Is the above instruction practical? (i.e., frequently occurs in everyday life)

Evaluation: [No]

Question: Ak T8 S HLL?
Answer: RFEEE BEEIPLATREON AT, REEHNASEERRES0E, SAETS1%)
SFEART ATV 1 GASRE - KT, AE%, 2 8% - SEIASBIL. HHRTBHARRS
BRES. 3 AR - GUIERH. TRAL, BALSTMIHTIENS, 4 FEBH - LMERSE. BEH,
B SRR, 5 AKEREE - BANKE (RSHKS, SHKER) IARS. o BRLE-SREH ..
AT EDATAM RS RBEHRGS, 7 PAPEAS - RADHAT. KRN, EREAIABERHSE, Output
BUNRE - XEBBMLSE, QIENHAL, EOA, ATHL. BHEHL, TR, STUEEEE, O FREE- 5 .
TEOEEHL. BMRG. B consoles F. 10 BREREEH - NAMRIH, SIEEE. Bo MG Quality
%, WENENHS, FAESFUORABERINEN, RihRRELS T BEATE, THUEITFIY
FRFLESRARAE, SN ETERESHEESHE, TRIROR, LAIRIFRIERD, -
RETHAX TRASRORAREEL, 15, MEHD0ES, —LARNBRTRLRESK. D
H93 = AR,
BXUE RGN, CREEETIES R G
A ERESABBNOEE
B TNBEEMES, BRE—K
FERARRRENE S
W (A

Question: What are some household appliances?

Answer: Household appllances refer to electrical devices used in daily family life to provide convenience and improve the quality of life. They
multiple categ i but not limited to the following:

1. Refrig ion Appli : Such as refrig 5, freezers, etc.

2. Air Conditioners: Including window air conditioners, split systems, and central air conditioning systems.

3. Cleaning Appli : For le, washing hil dryers, vacuum cleaners, and floor waxers.

4. Cooking Appliances: Like rice cookers, mi , ovens, and induction cookers.

5. Water Heating Appliances: Including water heaters (gas water heaters, electric water heaters) and heat pumps.

6. Lighting Appliances: Comprising various lamps, LED bulbs, and intelligent lighting control systems.

7. Personal Care Appliances: Such as electric shavers, hair dryers, beauty il 5, and p

8. Small Appliances: This category includes a wide variety, such as coffee makers, toasters, juicers, blenders, soy milk makers, air fryers, etc.

9. Entertainment Appliances: Mainly include televisions, sound systems, gaming consoles, etc.

10.Smart Home Appli : Like smart ther , smart sockets, security cameras, etc.

With technological advancements, many new household appliances continue to emerge, often featuring smart functions that can be operated via

mobile apps or voice control, bringing more convenience and comfort to people's lives. It is important to note that the above list is not exhaustive;

different cultures and regions may have specific types of h hold li Additionally, over time, some older appliances may be replaced by

more efficient, energy-saving new products.

Please evaluate this answer. Does it respond to the question asked?
A. Correct and satisfactory answer

B. Acceptable answer, but of average quality

C. Incorrect or poor-quality answer

Evaluation: [A]

Question: 265 BT HAA REAM R EFE N K Model
Answerl: ZEL EHUEREEHR, T HRAIEFEEIERN . A RAMATR AR, BERAN |I|t
TMEERE: 1. 2RFIF (Full Wite) © L4BERTENENNFRILRITER, BNMFREBTH v Answer

SEMEH. XMSETRTPRIERREA LR, BTESBEARNERAALEERFES L, ¥HR .
GEVBAEEOR, 2. FERIHT (Partial Write) © T EARDEIANFHHBIEER, R HKITAERX Comparison
Ht TR, XAMARTUERSARENEN, TEHNEMEE, BEE, 3. EEXSE (Overlap

Writing) © BZMESMEANRESGIFH—RABHSNERE, ATKAESHOTALE. KM%
BEATREXHREREHENRFRDFS T, EBTZRARGME, 4. FHSE (Asynchronous) © RIFREMFERFAGEM, Wi
SEASERY, TUESFAEGRRNE), BRRSGHSBATOMIE. 22, SMERREREELBINEMAEE, EXmEA
TRABREERHTESRAE, MHRRGRESTINAIRERR.

Answer2: ZEVFENRGERITH, AT RSFHBNGEDEENRMIEEEME, BEXANSEMN (HF5 Cache’) FAR. H—PEIER
N, EESBHAFAISEARD, RFHCPURAFREIESREEXENARSIRFTREL, INHRER T BEMNRFREERKIESN
FREE, #BE T RENMERI, BN, BTSEMRAT CPURMETFHEEENTEE, FE T MREEN T FHEEMLER0ED, N
TABMRUBNREHEFBAMR. SR BERANFIHAR, ARUENREDELEFHREAELE. ESRENSEINRT .
BRI, BESEMITIERASENR REERTHTENGERNERSTETTNEFHAAERHRR.
TEMILEFANEIE ik IR A F 48— TR

A Answerl

B Answer2

PN (Al

Question: Describe Exumples af cache write policies in computer architecture.

Answer 1: In ar ite-back gies include: 1. Full Write: Updates the entire memory chip when a memory

address is modified, ensuring accuracy but may be inefficient. 2. Partial Write: Updates only nearby areas for small data changes, saving time and
reducing power consumption. 3. Overlap Writing: Combines multiple write operations into one for efficiency, especially for large files or frequently
accessed code. 4. Asynchronous Write-Back: Writes back data at optimal times based on system conditions, optimizing resource use and
minimizing delays. These strategies vary in their features and applications, requiring careful selection for optimal system performance.

Answer 2: Computer systems often use write buffer (Cache) technology to speed up memory access and reduce CPU wait times. Data updates are
first stored in the write buffer, then written to memory, reducing direct memory access delays. This technique, evolving with newer, more efficient
schemes, enhances overall system performance and user experience.

Choose the better response:

A. Answer 1

B. Answer 2

Evaluation: [A]

Figure 11: Examples in Human Evaluation of Data and Model Performance.
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A.6 STANDARD BENCHMARKS

Model C-EVAL CMMLU
PPL GEN PPL GEN
Kun-9k 72.95 72.96 73.53 24.53
Kun-26k 73.73 73.26 75.75 25.23
Kun-39k 73.84 73.38 75.68 25.31
Kun-52k 73.36 72.72 75.48 25.50
Kun-100k 72.95 72.96 73.53 24.53
Kun-200k 73.36 72.07 74.81 31.81
Kun-360k 73.25 71.88 74.14 46.58
Kun-52k +
COIG-one-38k 73.61 73.38 75.70 34.84
COIG-38k 74.09 72.95 75.92 38.40
Belle-52k 72.31 72.56 74.73 44.56
OL-CC-10k 72.00 71.62 74.97 34.38

Table 3: Performance Statistics on Standard Benchmarks.The best results in each section are Bold , the

second-best results are underlined, while the results of our best model are in Blue . PPL:Perplexity
GEN:Generation
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