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Abstract

Constructing high-quality query-response pairs from custom corpora is crucial for
supervised fine-tuning (SFT) large language models (LLMs) in many applications,
like creating vertical-domain AI assistants or roleplaying agents. However, sourc-
ing this data through human annotation is costly, and existing automated methods
often fail to capture the diverse range of contextual granularity and tend to produce
homogeneous data. To tackle these issues, we introduce a novel method named
AUGCON, capable of automatically generating context-driven SFT data across
multiple levels of granularity with high diversity, quality and fidelity. AUGCON
begins by generating queries using the Context-Split-Tree (CST), an innovative
approach for recursively deriving queries and splitting context to cover full granu-
larity. Then, we train a scorer through contrastive learning to collaborate with CST
to rank and refine queries. Finally, a synergistic integration of self-alignment and
self-improving is introduced to obtain high-fidelity responses. The results highlight
the significant advantages of AUGCON in producing high diversity, quality, and
fidelity SFT data against several state-of-the-art methods.

1 Introduction

With the rise of impressive capabilities of large language models (LLMs), a variety of vertical-domain
LLM-based AI assistants have been introduced [15, 13, 80, 25, 41]. By incorporating specialized
knowledge into LLMs, these custom models have been shown to outperform their general-purpose
counterparts in their respective areas. Directly supervised fine-tuning on the raw, custom corpora,
also known as domain-adaptive pre-training (DAPT) [24], has proven beneficial [9, 33] but revealed
to be insufficient and may impair prompting ability on domain-specific tasks [48, 56].

To better leverage the privatized knowledge and customize the outputs of LLMs, supervised fine-
tuning using custom query-response pairs has become common practice [65, 12, 10, 20, 83]. Since
sourcing these pairs through human annotation is very costly and can’t generate at scale, recent
studies have explored automated methods for creating these pairs from custom corpora [15, 28, 75].
However, those existing methods using the same workflow repeatedly on the same context tend
to produce redundant queries without adequately covering the entire context at various levels of
granularity. To automatically construct synthetic custom SFT data incorporating a wide range of
contextual granularity (queries range from detailed questions to macro topics) with high diversity
(queries need to be diversified to cover as much as possible the provided corpus), quality (responses
are correct and efficient in answering the queries), and fidelity (data needs to follow human values
and conform to predetermined tone and formats) still remain challenges.

To address these challenges, we propose AUGCON, which automatically generates multi-granularity
context-driven SFT data for LLMs at scale with high diversity, quality, and fidelity. AUGCON
performs the following three essential steps:
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Figure 1: An overview of the proposed AUGCON.

1. Recursively Deriving Queries via Context-Split-Tree: Considering that it is challenging for
predetermined prompts to generate diverse queries with broad granularity from the same context,
we propose a novel method called Context-Split-Tree (CST). Each context will recursively continue
to derive queries that matches context granularity and splits until it cannot be further divided.

2. Contrastive-Learning-Based Scorer to Rank Queries and Filtering: We use contrastive
learning to train a scorer to sort the derived queries under the same context, and we only retain the
queries that get high scores and the diversity reaching a specific threshold.

3. Obtaining High-Fidelity Responses: We employ a principle-driven self-alignment approach to
guide the LLM in producing high-fidelity responses to filtered queries and apply random search to
conduct the LLM to self-evaluate its responses and discover the best in-context learning prompt.

The entire process only requires a handful of few-shot CST examples, alignment principles, and
query response examples. We can also achieve impressive results by just utilizing the open-source
model, which will later be fine-tuned with synthetic data, eliminating the necessity of distilling more
powerful LLMs like ChatGPT.

To assess the efficacy of our approach, we meticulously construct a test scenario and carefully
assemble a dataset consisting of high-quality Chinese magazine articles centered around daily topics,
along with corresponding test queries. Human evaluation demonstrates that our method excels
in generating queries of superior quality and in enhancing the performance of fine-tuned models.
Additionally, automatic evaluations conducted on four popularly used English benchmarks with
relevant metrics further highlight the significant advantages our method holds in capturing contextual
knowledge when compared to other state-of-the-art context-driven SFT data generation approaches.

2 Our Method: AUGCON

2.1 Recursively Deriving Queries via Context-Split-Tree

This step is to derive context-query pairs (C, q) from the given corpus C. Previous approaches applied
regex-based or predetermined prompts for query generation, which often led to queries that were
relatively monotonous in structure and granularity. We believe that this type of approach did not
fully exploit the context, leading to queries incapable of effectively provoking the model’s capability
to comprehend and differentiate between various levels of detail within the context, resulting in
suboptimal outcomes.

To address this issue, we propose a very novel and effective method called Context-Split-Tree (CST),
with the pseudocode shown in Algorithm 1. CST starts with an entire context C, with each attached
with the instruct prompt ICST and few-shot examples ECST to call an LLM to generate a query q
deriving from the entire context. At the same time, we ask the LLM to semantically divide the context
into two child contexts C1 and C2, and the instruct prompt is designed with hints to let the LLM
polish the two split contexts to make them as independent as possible and collectively encompass the
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entirety of the original context. Each child context will continue to recursively derive query and split
until reaching a point where one of its split child context lengths is not less than itself or the length
falls below a predetermined threshold λ. At this point, we consider it to have been split into the
minimum granularity and cannot be further divided. Upon the completion of this recursive process,
a binary tree structure is formed, with the initial context at the root, and each node representing a
context along with its corresponding query tailored to its specific granularity. We collect data from
all nodes as the outcome of this step. The detailed prompt templates and several case demonstrations
are attached in Appendix B.1.2 and D, respectively.

The minimum length threshold λ and the initial context length l are like the lower bound and upper
bound to control the granularity distribution of generated questions. One can easily adjust the overall
average granularity of generated queries by adjusting the length threshold. Similarly, if we seek to
address more global questions, we can do it by simply increasing the initial context length, as long as
the model’s context window permits.

2.2 Contrastive-Learning-Based Scorer to Rank Queries and Filtering

To further enhance the quality and diversity of the generated data, we introduce an effective ranking
and filtering strategy collaborating with CST. Previous works have attempted to filter training data
via heuristic algorithms, such as filtering out queries that are too long or too short [74]. Other
works that are more relevant to us attempt to train scorers to judge the complexity and quality of
question-response pairs [44], but they need to have a step of distillation on stronger LLM APIs like
ChatGPT, and their training methods are less effective. For example, they put a series of responses
and ask for direct ranking, suffering from the positional bias [42] in LLMs, or ask LLMs to directly
assign a scalar score to a response, which is unstable. In this work, we apply contrastive learning to
train a scorer to judge the degree of adherence to instruct prompt and few-shot examples, which is
data-efficient and can achieve effective performance without the need for stronger LLMs.

The structure of our scorer is obtained by adding a linear head after the base model to map the last
hidden state to a one-dimensional space. We take context-query pairs as inputs, applying scorer Sc to
yield a scalar score s = Sc(C, q). We use the context query pairs obtained from Step 1 as positive
samples: q+ = LLM(ICST, ECST, C), and obtain negative samples by manipulating the instruct
prompt (use suboptimal instructions): q− = LLM(ICST

−, ECST, C), few-shot examples (reduce ICL
examples count): q− = LLM(ICST, ECST

−, C) or both of them: q− = LLM(ICST
−, ECST

−, C). The
details of constructing positive-negative pairs are presented in Appendix B.2.1. Note that we do
not generate all corresponding negative examples for positive data for training scorer, but rather
randomly select a very small number of samples (e.g. only 500 pairs for each negative types in our
implementation) to form the training set DSc. Then, the loss function of scorer can be represented as:

L = −E(C,q+,q−)∼DSc
[log(σ(Sc(C, q+)− Sc(C, q−))))] (1)

We use the trained scorer applied on all the context query pairs obtained in Step 1 to get their scores.
For each root context, we rank all queries from its CST in descending order of scores. Then, we start
with an empty set and add one training query each time, only if the current query has a ROUGE-L
precision score of less than 0.7 compared to any previously added queries. We will stop adding as
the count reaches the limit. Each context will form such a set, and ultimately, we consolidate and
retain the training data from all the sets. Through this approach, we can obtain diverse data and easily
control the quantity, for it makes it possible to apply multi-times CST in the same context and filter
the repeated one. The details of how the filtering pipeline cooperates with CST to improve the quality
and diversity of queries are expatiated in Appendix B.2.2.

2.3 Obtaining High-Fidelity Responses

Inspired by the significant impact principles [69, 68] have on LLMs, this principle-driven self-
alignment step begins by appending the context and a set of helpful, ethical, and reliable principles to
the LLM. These principles are meticulously crafted to ensure the LLM’s outputs are closely aligned
with human preferences or mimic certain response tones. Before initiating the response generation,
we deploy a self-improving pipeline that makes the LLM self-evaluate its response and sift through
the entire set of human-annotated Q&A pairs ER, where random search is applied to find the most
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fitting few-shot examples to help LLM generate high-fidelity responses under the predetermined
principles, denoted as ER

′. The detailed implementation is shown in Appendix B.3.

Our innovative synergistic integration of the principle-driven self-alignment with self-improving
methodology effectively improves the fidelity of generated responses. Following this, we execute
LLM(IR, ER

′, C, q) to elicit each response r, ensuring that each response is not only in high quality
but also in good alignment with the established principles. Notably, due to the precise matching of
each query with its context’s granularity within the CST framework, the LLM can effortlessly provide
accurate and pertinent responses to the queries.

After obtaining all generated data, we prune all context, instruction, and response principles and
only retain synthetic query response pairs as SFT data. This approach allows the fine-tuned LLM to
potentially learn the methods and nuances of responding to queries in a manner that naturally aligns
with human expectations, enabling the LLM to directly generate responses that are well-aligned with
reliable principles and optimal ICL exemplars across a wide range of queries. It’s important to note
that the fine-tuned LLM can generate high-quality responses without the need to explicitly reference
the principles set and ICL exemplars.

3 Evaluations

To demonstrate the advantages of our method, we meticulously collect the following relevant baselines:
(1)Chat Model [7, 71], (2)DAPT [24], (3)AdaptLLM [15], (4)ETRC [28], (5)Context-Instruct [75].
The set of contexts, base language models, and quantity of retained query-response pairs are main-
tained the same (if applicable) on both the baselines and our method to ensure a fair comparison.

We also notice that there are several alternative methodologies such as RAG and long context LLMs,
but we don’t compare them as we have a huge difference both in training and inference [53, 39]. We
encourage interested readers to refer to Section A for more relevant information.

For datasets featuring short-form responses (applied to the SQuAD1.1 [60], TriviaQA [30], and
DROP [19] datasets), we measure the model’s performance using exact matching (EM) accuracy.
For datasets with long-form responses (applied to the WebGLM-QA [45] dataset), we employ
BERTScore (BS) [88] (we use Roberta-Large [47] for calculation) to evaluate the semantic similarity
between the generated outputs and the reference responses.

Short-form (EM) Long-form (BS)
Method SQuAD1.1 TriviaQA DROP WebGLM-QA

Llama3-c70B 0.212±0.004 0.723±0.003 0.220±0.004 0.837±0.002

DAPT 0.258±0.004 0.767±0.003 0.266±0.004 0.851±0.002

AdaptLLM 0.273±0.003 0.791±0.004 0.284±0.003 0.842±0.001

ETRC 0.301±0.004 0.812±0.003 0.326±0.004 0.903±0.001

Context-Instruct 0.314±0.003 0.825±0.003 0.334±0.003 0.885±0.001

AUGCON(Ours) 0.336±0.004 0.849±0.003 0.350±0.003 0.924±0.002

Table 1: The results of automatic evaluation on four benchmarks. We run 10 times for each test and
report the mean value and standard deviation, with the best results shown in bold.

We use Llama3-70B-Instruct [4] as the base model for calling and conducting fine-tuning for automatic
evaluations for all our baselines and the proposed AUGCON. The detailed results are shown in Table 1.
The results illustrate that our proposed method consistently outperforms the established baselines
across all four datasets. Specifically, when analyzing short-form datasets, it becomes evident that the
data generated by AUGCON surpasses the comparative methods in extracting pivotal information and
knowledge from the corpus, thus improving the question-answering accuracy of fine-tuned models.

3.1 Abalation Study

We develop four distinct variations: (1) AUGCONw/o
CST1 drops the CST part and replaces it by directly

iteratively deriving queries from the extracted context until the desired number of queries is obtained.
(2) AUGCONw/o

CST2 removes the use of LLM to split in the CST process by directly splitting the
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contexts in the middle (we will set the whole sentence in the middle all belongs to the first sub-context
to maintain semantic integrity). (3) AUGCONw/o

filter eliminates the contrastive-learning-based score
training and filtering process and randomly samples a sufficient number of queries. (4) AUGCONw/o

fidelity
obtains the answers to the queries without adhering to self-alignment and self-improving but utilizes
fixed few-shot examples along with a straightforward prompt design devoid of guiding principles.

Variant TriviaQA (EM) WebGLM-QA (BS)

AUGCON
w/o
CST1 0.793±0.003 0.912±0.001

AUGCON
w/o
CST2 0.826±0.003 0.910±0.001

AUGCON
w/o
filter 0.828±0.003 0.915±0.001

AUGCON
w/o
fidelity 0.833±0.004 0.907±0.002

AUGCON 0.849±0.003 0.924±0.002

Table 2: The results of ablation study.

We implement the four variants on Triv-
iaQA (short-form) and WebGLM-QA
(long-form) datasets and conduct a com-
parison with our AUGCON. The results
are shown in Table 2.

We find that all variants yield suboptimal
outcomes, underscoring the fact that the
three essential steps are all crucial and col-
lectively contribute to achieving superior
performance. A more detailed results anal-
ysis and explanation of the four variants
can be found in the appendix.

3.2 Training Phase & Granularity
Comparison

We present the loss curve training on the generated DailyM-SFT in Figure 2. An interesting observa-
tion is that the training loss appears to plateau within epochs from Epoch 2 onwards, yet we observe
sudden drops in loss at the boundaries between two consecutive epochs. This pattern strongly signals
that our training dataset is characterized by extremely low similarity and exceptionally high diversity,
meaning that training on one segment of data does not have an impact on the loss associated with
another segment. We also conduct a human evaluation at each checkpoint during model training,
on DailyM test set and a widely-used general alignment benchmark AlignBench [46]. The overall
satisfaction scores increase steadily in both the DailyM test set and AlignBench, showcasing that our
methods can increase the specific conversation ability without sacrificing general performance.
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Figure 2: The training loss and human evalu-
ation results during training phase.
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Figure 3: The proportion of three levels of
granularity questions generated by AUGCON
and Context-Instruct.

A key innovative advantage of our approach is its ability to generate queries of varying granularity.
To assess the performance of this feature in comparison to baseline methods, we categorize questions
into three distinct types based on their scope and depth: detail questions, concept questions, and
macro questions (with the detailed guidance for categorizing shown in the appendix), and compare
our method with Context-Instruct. The proportions of the three types of questions are illustrated in
Figure 3. Our approach achieves a more balanced distribution of question granularities, demonstrating
its advantage in covering a diverse range of user inquiries and providing an intuitive explanation for
our superior performance.
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4 Conclusion

In this work, we propose AUGCON, a highly innovative and effective method to build vertical-domain
AI assistants from custom corpora by deriving SFT query-response pairs with diverse granularity.
AUGCON starts with query generation through the Context-Split-Tree (CST). We then employ
contrastive learning to develop a scorer to rank and refine queries. Finally, we introduce a synergistic
integration of self-alignment and self-improving to obtain high-fidelity responses. The automatic
evaluation on four benchmarks demonstrate advantages of our method in producing high diversity,
quality, and fidelity context-driven SFT data and improving the performance of fine-tuned models.
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A Related work

Synthetic Data for Language Models Due to the challenges of data scarcity [6], privacy con-
cerns [1], and the sheer cost of data collection and annotation [22], synthetic data has emerged as a
promising solution to build large, diverse, and high-quality datasets at scale [43]. One benefit of syn-
thetic data is it can be tailored to specific requirements [15, 28, 45], with practical applications having
been employed in various domains. WizardMath [52] leverages a series of operations to increase the
complexity of questions and answers using GPT-3.5, while Reflexion [67] employs external or inter-
nally simulated linguistic feedback to improve the code reasoning capabilities of language models.
Similarly, Toolformer [64] learns to decide which APIs to call and what arguments to pass by training
on template-generated data. In addition, synthesized data has been proven effective in mitigating hal-
lucination [77, 78, 29, 70] and aligning with shared human preferences and values [8, 69, 68, 58, 32].
While the generation of context-driven synthetic data has proven to be a powerful substitute for
manual annotation, the challenge of ensuring high-quality synthetic data, which encompasses the
complexity of queries [44, 36, 40], the diversity of semantics [17, 76, 72, 51, 49], and the scale of the
synthetic datasets [85, 23, 38], has been a consistent pursuit.

Context-Driven Synthetic Data Numerous studies have developed techniques for creating syn-
thetic data informed by contextual cues. UltraChat [17] leverages user-specified topics and supple-
ments these with existing textual material to craft instructional conversations aimed at enhancing
chatbot performance. SPIN [14], on the other hand, autonomously generates training data from its
previous iterations, employing this approach to progressively refine its capabilities. Additionally,
various methods have been devised to extract character profiles and personas from collected books
or scripts for the purpose of producing roleplaying dialogues [66, 90, 75, 37], and several initiatives
focus on mining domain-specific data from specialized corpora to construct domain-specific language
models [15, 28, 21, 16, 86]. While alternative approaches employ retrieval augmented generation
(RAG) [61, 11] or integrate auxiliary knowledge in vast context windows [82, 5], issues like entity
susceptibility [18], high inference computational demand [39, 26], and alignment difficulties with
formats and preferences [57, 53, 3] highlight the crucial role of context-driven SFT in effectively
incorporating corpus knowledge internally.

B Method Details

B.1 Recursively Deriving Queries via Context-Split-Tree

Algorithm 1 Context Split Tree
Input: A corpus C, CST prompt instruction ICST, CST few-shot examples ECST
Output: Query dataset Data comprises of split context and derived query pairs

1: function CONTEXTSPLITTREE(C,Data)
2: if len(C) < λ then
3: return ▷ Below the minimum granularity
4: end if
5: Call LLM to get C1, C2, q ← LLM(ICST, ECST, C)
6: Append (C, q) to Data
7: if len(C1) ≥ len(C) or len(C2) ≥ len(C) or ROUGE-L[P] < 0.7 then
8: return ▷ The signs of hallucinations
9: end if

10: CONTEXTSPLITTREE(C1, Data) ▷ Recursive calling
11: CONTEXTSPLITTREE(C2, Data)
12: end function
13:
14: Initialize Data← empty list
15: for each extracted context C ∈ C do ▷ Extraction method detailed in Appx B.1
16: CONTEXTSPLITTREE(C,Data)
17: end for
18: return Data
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The Context-Split-Tree construction process prepares by dividing the corpus into short, consecutive
text contexts, each with a limit of 500 words. Gain inspiration from retrieval augmentation meth-
ods [63], if a sentence surpasses the 500-word threshold, we move the entire sentence to the next
context, rather than cutting it mid-sentence. This approach maintains the contextual integrity and
semantic consistency of the text in each context. After obtaining the extracted contexts, for each
context, we construct a correspondence CST in the manner described previously in Section 2.1. The
specific templates and few-shot examples used are detailed in Appendix B.1.2.

B.1.1 Proof of Linear Relationship

A commendable property is that with the initial text length l provided, we can achieve multi-
granularity effects through a linear quantity of generated questions. To be more precise, the number
of questions generated will have a linear relationship with the number of minimum sentence units
contained in the initial context. This allows us to generate different distributions of query granularity
by simply adjusting the minimum sentence length λ and the initial context length without worrying
about significant fluctuations in the computation consumption or the overall number of queries
obtained. We will prove this property in the following.

We represent context as a collection of sentences C = {S1, S2, . . . , Sn}. We assume that during the
CST process, these sentences are the smallest units and will not be split internally or increased in
quantity (they may be polished but do not change the essential semantics). Formally, we have the
following assumption.

Assumption: Given a context C = {S1, S2, . . . , Sn}(n > 1), using LLM for a split will definitely
yield one question q and two child context C1 and C2 that satisfy that there exists an integer 1 ≤ i < n
such that C1 = {S1, . . . , Si} and C2 = {Si+1, . . . , Sn}. Specifically, when the context degrades to
a single sentence, calling the LLM will generate a question and terminate.

Then, based on the preceding assumptions, we have the following proposition.

Proposition: For any context C = {S1, S2, . . . , Sn} containing n sentences, where n is an arbitrary
positive integer, applying CST to it will ultimately generate 2n− 1 questions.

Proof: We will prove the proposition using the Second Principle of Mathematical Induction.

1. First, for n = 1, calling the LLM will generate a question and then terminate, which is consistent
with the proposition.

2. Secondly, assume the conclusion holds for all n ≤ k (k ≥ 1). When n = k + 1, according to the
assumption, calling the LLM with C = {S1, . . . , Sk+1} will generate a question q, along with
two sub-contexts C1 and C2, where there exists 1 ≤ i < k + 1 such that C1 = {S1, . . . , Si}, and
C2 = {Si+1, . . . , Sk+1}. The numbers of sentences in C1 and C2 are i and k + 1− i and both
strictly less than k + 1. By assumption, C1 will eventually generate 2i − 1 questions, and C2

will generate 2(k + 1 − i) − 1 = 2(k − i) + 1 questions. Therefore, in total, C will generate
1 + (2i− 1) + (2(k − i) + 1) = 2k + 1 = 2n− 1 questions by the end. Thus, the proposition
also holds for n = k + 1.

3. Finally, combining 1 and 2 along with the Second Principle of Mathematical Induction, it can be
concluded that the proposition holds.

Therefore, a context containing n sentences will ultimately generate 2n − 1 questions, which
establishes a linear relationship between the number of sentences in the context and the number of
questions generated. □

B.1.2 Prompt Template & Few-Shot Examples

Our method is applicable across various languages, and we provide the utilized prompt templates in
English here.
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Prompt Template for Context-Split-Tree with Instruction in English

Given an entire context as the Context, generate a Question about the entire context that users
might be interested in, which answer should be able to be derived directly from the Context.
Then, divide the entire context into two sub-contexts Context 1 and Context 2 based on their
semantic content, making necessary adjustments within each sub-contexts to ensure they are
independently coherent.
—
Provide in the following form:
Context: The entire context
Question: Regarding the entire context
Context 1: Sub-context 1
Context 2: Sub-context 2
—
Context: Trying to rebound from their divisional home loss to the Buccaneers, the Panthers
flew to the Louisiana Superdome for a Week 5 divisional duel with the winless New Orleans
Saints. With QB Jake Delhomme out and done for the year with a right elbow injury, QB
David Carr was given the start. In the first quarter, Carolina took the early lead with kicker
John Kasay getting a 23-yard field goal. The Saints responded with kicker Olindo Mare
getting a 25-yard field goal. In the second quarter, the Panthers went back into the lead with
Kasay nailing a 35-yard field goal. New Orleans would respond with Mare kicking a 28-yard
field goal. In the third quarter, Carolina trailed as Saints FB Mike Karney got a 2-yard TD
run for the only score of the period. In the fourth quarter, the Panthers tied the game with
Carr completing a 17-yard TD pass to WR Steve Smith. Afterwards, Carolina sealed the win
in the final seconds with Kasay nailing a 52-yard field goal as time ran out.
Question: How did the Carolina Panthers secure their victory against the New Orleans Saints
in their Week 5 divisional duel?
Context 1: Trying to rebound from their divisional home loss to the Buccaneers, the Panthers
flew to the Louisiana Superdome for a Week 5 divisional duel with the winless New Orleans
Saints. With QB Jake Delhomme out for the year with a right elbow injury, QB David Carr
was given the start. In the first quarter, Carolina took the early lead with kicker John Kasay
getting a 23-yard field goal. The Saints responded with kicker Olindo Mare getting a 25-yard
field goal. In the second quarter, the Panthers went back into the lead with Kasay nailing a
35-yard field goal, followed by New Orleans’ response with Mare kicking a 28-yard field
goal.
Context 2: As the game progressed into the third quarter, the Panthers found themselves
trailing after Saints FB Mike Karney got a 2-yard TD run, marking the only score of the
period. However, in the fourth quarter, the Panthers managed to tie the game thanks to QB
David Carr completing a 17-yard TD pass to WR Steve Smith. The climax of the match came
in the final seconds with John Kasay nailing a 52-yard field goal as time ran out, securing a
dramatic victory for Carolina against the New Orleans Saints.
—
Context: As a cell grows, its volume increases more quickly than its surface area. If a cell
was to get very large, the small surface area would not allow enough nutrients to enter the cell
quickly enough for the cell’s needs. However, large cells have a way of dealing with some
size challenges. Big cells, such as some white blood cells, often grow more nuclei so that they
can supply enough proteins and RNA for the cell’s requirements. Large, metabolically active
cells often have lots of cell protrusions, resulting in many folds throughout the membrane.
These folds increase the surface area available for transport of materials into or out of the cell.
Such cell types are found lining your small intestine, where they absorb nutrients from your
food through protrusions called microvilli.
Question: How do large cells adapt to the challenge of having a volume that increases more
quickly than their surface area to meet their metabolic needs?
Context 1: As a cell grows, its volume increases more quickly than its surface area. If a cell
was to get very large, the small surface area would not allow enough nutrients to enter the
cell quickly enough for the cell’s needs.
Context 2: Large cells have a way of dealing with their size challenges. Big cells, such as
some white blood cells, often grow more nuclei so that they can supply enough proteins
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and RNA for the cell’s requirements. Large, metabolically active cells often have lots of
cell protrusions, resulting in many folds throughout the membrane. These folds increase
the surface area available for transport of materials into or out of the cell. Such cell types
are found lining your small intestine, where they absorb nutrients from your food through
protrusions called microvilli.
—
Context: Philip Arnold Heseltine is best known as a composer of songs and other vocal music;
he also achieved notoriety in his lifetime through his unconventional and often scandalous
lifestyle.
Question: Why is Philip Arnold Heseltine’s reputation mixed?
Context 1: Philip Arnold Heseltine is best known as a composer of songs and other vocal
music.
Context 2: Philip Arnold Heseltine also achieved notoriety in his lifetime through his
unconventional and often scandalous lifestyle.
—
Context: {Context}
Question:

In the prompt template, the {Context} in blue color will be replaced with the given context to derive
query and split during usage. After the LLM provides a response, we employ regular expressions
to parse out the fields for Question, Context 1, and Context 2. Should the parsing fail, we will
attempt the process up to three more times; otherwise, the context will be discarded. However, in
our experiment, we find that almost all contexts can be successfully parsed in the first response. To
observe this template in a more specific way, we have provided a detailed case demonstration in
Appendix D.

Note that the three few-shot examples in the prompt templates are not entirely fixed but can be adapted
to different corpora by selecting suitable examples to stimulate the model to generate a question
distribution that is close to the distribution of real user questions about that domain corpus, which
can improve the quality of the synthetic data and the effectiveness of the final fine-tuned model.

B.2 Training Scorer to Rank Queries and Filtering

B.2.1 Training Scorer via Contrastive Learning

In our approach to enhancing data quality and diversity, we focus on the innovative construction of
positive and negative samples for training our scorer. By employing contrastive learning, we train the
scorer that efficiently evaluates the degree of adherence to instruct prompts and few-shot examples,
surpassing previous methods that rely on heuristic algorithms or direct scoring, which are prone to
positional bias and instability.

Positive samples are straightforwardly generated by employing the LLM to create context-query
pairs that adhere to well-designed instruct prompts and few-shot examples shown in Appendix B.1.2,
which are also the queries generated through Step 1. These serve as exemplars reflecting the desired
output. On the other hand, the creation of negative samples involves intentional manipulation of
instruct prompts or few-shot examples, or both. More specifically, we manipulate the instruction
by simplifying the instruct prompt to “Given a context, generate a question and split context into
two sub-contexts”. To manipulate few-shot examples, we degrading it to one-shot by retaining only
one example. We also combine both approaches to simultaneously manipulate the instruction and
few-shot examples to generate more negative samples. These manipulations aim to deviate from the
optimal query generation, thus producing examples that diverge from the model’s training objective.
For each type, we randomly select 500 positive samples generated from Step 1 to construct negative
samples, forming 1, 500 positive-negative sample pairs for scorer training in total.

We construct the scorer’s structure as outlined in Section 2.2, initializing it with parameters from
our base LLM to serve as the training warm-up. The scorer’s parameter set is a duplicated version,
ensuring that modifications do not impact the original base LLM. For efficient training, we employ
QLoRA with 4-bit quantization and the ranks of 32, significantly reducing GPU memory requirements
and speeding up the training process. A more detailed breakdown of the hyperparameter configuration
is provided in Table 6.
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B.2.2 Collaborating Scorer with CST to Filter Queries

Firstly, we show the pseudocode of filtering process in Algorithm 2.

Algorithm 2 Scorer collaborates with CST to filter queries
Input: A Context C, Required number of maintained queries N
Output: Query dataset Data comprises exactly N queries with high quality and
diversity

1: function FILTER(QAll)
2: Initialize QCand ← empty list
3: Sort QAll by score descending
4: for each (q, s) ∈ QAll do
5: if All ROUGE-L[F1] with QCand < 0.7 then
6: Append q to QCand ▷ Append if diversity reach the threshold
7: if len(QCand) = N then return QCand ▷ Enough quantity
8: end if
9: end if

10: end for
11: return QCand

12: end function
13:
14: Initialize Data← empty list
15: Initialize QAll ← empty list ▷ Store all query-score pairs
16: while len(Data) < N do ▷ Iterate until enough queries obtained
17: Initialize QNew ← empty list
18: CONTEXTSPLITTREE(C,QNew) ▷ Call CST to get new queries
19: for each q ∈ QNew do
20: Apeend (q, Sc(C, q)) to QAll ▷ Score each new query
21: end for
22: Set Data← FILTER(QAll)
23: end while
24: return Data

The scorer is designed to work in cooperation with CST to enhance the quality and diversity of the
generated questions while also meeting the quantitative requirements. For a given context, we first
use CST to generate a series of potential questions. Then, each question is scored by the scorer, with
the scores used to rank them from highest to lowest. We sequentially add questions to a candidate
set, but only if the current question’s ROUGE-L F1 similarity to any question already in the set is
less than 0.7. This process continues until the number of questions in the candidate set reaches the
desired quantity N .

If the initial round of CST and scoring does not yield the required number of questions, we initiate
another round of CST to expand on the initial questions, followed by repeating the scoring and
selection process until the target quantity is achieved. The scorer’s role in scoring and filtering is like
to effectively condense the output from CST, ensuring that even with a smaller set of questions, both
high quality and diversity are maintained.

B.3 Obtaining High-Fidelity Responses

Our design is motivated by the significant influence principles have on guiding LLMs, aiming to
achieve high-fidelity responses through a principle-driven self-alignment step. These principles are
anticipated to enhance the LLM’s ability to produce high-fidelity, realistic, and helpful answers, and
the specific principles vary depending on the task and remain exploratory. They may also include
rules for directing the LLM to generate responses in a particular tone. This could be particularly
valuable when creating SFT data for a custom LLM assistant or for role-playing. Furthermore, the
existence of principles serves as a method for aligning with human preferences, offering a viable
alternative to the cumbersome process of reinforcement learning from human feedback (RLHF) [55].
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Different from previous approaches, we innovate to integrate a self-improving pipeline to further
increase fidelity. Instead of manually selecting a few-shot examples from annotated examples, we
divide the annotated examples into training and testing sets. We then conduct a random search that
iteratively selects a subset from the training set and allows the LLM to self-evaluate the output scores
in the test set. This process is iterated 16 times by default, and the subset that achieves the highest
scores in the test set is used as the few-shot ICL examples. We implement this pipeline through the
DSPy [31] framework, significantly reducing coding effort. This self-improving process works well
with principle-driven self-alignment, as it aids in identifying the optimal ICL examples that guide the
LLM to generate helpful, realistic, and reliable answers in line with alignment principles, markedly
enhancing the quality and fidelity of the responses and, consequently, the responses by the fine-tuned
models.

Finally, we prune all contexts, principles, and ICL examples to retain only the query-response pairs for
supervised fine-tuning of the LLM. While several studies [87, 84, 81] try to further execute filtering
on generated answers, we leave it as a future work as it is not such crucial for our method. Actually,
simply generating additional iterations on the same query and retaining self-consistent [73] responses
may further improve some degrees of reasoning accuracy for short-form responses. However, this
might not be a good deal when also taking the computing costs into consideration since letting LLMs
improve and correct their own responses is not an easy thing [27]. We believe that since each question
we obtain in CST precisely matches the granularity of its context, it will be easy for LLM to provide
accurate and pertinent answers to the questions.

C Implementation Details

All experiments are implemented on a single node with eight Nvidia A100 80G GPUs and 160 Intel
Xeon Gold 6248 CPUs. To speed up the generation of LLM calls, we use the vLLM [34] inference
engine for acceleration, and make concurrent requests with a concurrency of 8 threads. In order to
reduce GPU memory usage and accelerate training speed, we use the DeepSpeed [62] distributed
training framework accelerating with ZeRO-2 [59], where the AdamW [50] optimizer is applied for
gradient descent. We employ QLoRA with 4-bit quantization and the ranks of 32, which has been
demonstrated to be able to achieve satisfactory results in previous works [28, 89]. We train for 4
epochs in total, for it has been shown as the maximum number of iterations that negligible affect the
training loss [54]. On the DailyM dataset, our AUGCON generates about 120K pieces of data in 184
A100 GPU hours and required another 272 A100 GPU hours for supervised fine-tuning. On four
benchmarks, the generation throughput is about 340 pairs per A100 GPU hour and the total running
times vary from 120 to 448 A100 GPU hours depending on corpus size. More detailed settings on
hyperparameters can be found in Appendix C.3.

C.1 Baselines

(1) Chat Model [7, 71] applies instruction tuning and alignment tuning after pre-training. We utilize
it both as the basic baseline and as the base model for calling and fine-tuning across all other baselines
and our methods for fair comparison.

(2) DAPT [24] continuously pre-trains directly on the raw custom corpus to adapt and grasp domain-
specific knowledge.

(3) AdaptLLM [15] builds SFT samples by converting the raw corpora into reading comprehension
tasks via regex-based mining patterns. Tasks they design include summarization, word-to-text, natural
language inference, commonsense reasoning, and paragraph detection.

(4) ETRC [28] derives question-answer pairs from extracted contexts with an LLM and augments data
by ensembling contexts and their corresponding question-answer pairs with a length-based clustering
algorithm. their corresponding question-answer pairs with a length-based clustering algorithm.

(5) Context-Instruct [75] is a context-driven instruction generation method that contains three parts:
1) partition text into manageable segments, 2) use an LLM to generate question, response, and
confidence score triplets based on the segments, and 3) apply confidence-score-based filtering and
deduplication to ensure data quality and diversity.
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C.2 Assets Use

All the pre-trained LLM and open-source datasets we use in experiments can be respectively found
on Huggingface transformers [79] and datasets [35], and we have checked that they are available for
research purposes and have been properly cited and correctly adhered to open-source licenses. We
list the public links of the used LLMs in Table 3 and the used datasets in Table 4. We will also make
our DailyM dataset open-sourced at https://anonymous.4open.science/r/AugCon to boost
the academy.

Table 3: Public links to the used LLMs.
LLM Link
Qwen1.5-c32B [7] https://huggingface.co/Qwen/Qwen1.5-32B-Chat
Llama3-c70B [4] https://huggingface.co/meta-llama/Meta-Llama-3-70B-Instruct

In our experiments, we conducted an automatic evaluation on four widely-used benchmarks, with the
detailed description of these benchmarks listed below:

(1) SQuAD1.1 [60] is a reading comprehension dataset, consisting of questions posed by crowdwork-
ers on a set of Wikipedia articles, where the answer to every question is a segment of text, or span,
from the corresponding reading passage. SQuAD1.1 contains 100, 000+ question-answer pairs on
500+ articles.

(2) TriviaQA [30] includes 95K question-answer pairs authored by trivia enthusiasts and indepen-
dently gathered evidence documents, six per question on average, that provide high quality distant
supervision for answering the questions.

(3) DROP [19] is a crowdsourced, adversarially-created, 96K-question benchmark, in which a system
must resolve references in a question, perhaps to multiple input positions, and perform discrete
operations over them.

(4) WebGLM-QA [45] is the data used to train the WebGLM generator module and an LLM
bootstrapped quoted and long-formed QA dataset via in-context learning and corresponding strategies
to clean and refine, with 45K high-quality filtered and 83K unfiltered samples.

Table 4: Public links to the used datasets.
Dataset Link
SQuAD1.1 [60] https://huggingface.co/datasets/rajpurkar/squad
TriviaQA [30] https://huggingface.co/datasets/mandarjoshi/trivia_qa
DROP [19] https://huggingface.co/datasets/ucinlp/drop
WebGLM-QA [45] https://huggingface.co/datasets/THUDM/webglm-qa

C.3 Hyperparameters

We present the generation hyperparameters in Table 5 and the fine-tuning configurations in Table 6.

D Case Demonstration

In this section, we select a specific context as a case demonstration to inspect the entire process around
it, from generating questions by constructing Context-Split-Tree, to scoring queries and filtering
them, and finally to generating answers by attaching self-alignment principles and optimal few-shot
examples. This demonstration is designed to provide a clearer and more intuitive understanding of
our algorithm’s workflow.

Initially, we input the starting context as the root node of the whole Context-Split-Tree. With the
assistance of the LLM, we derive an overall question from this context and simultaneously split it into
two child contexts. We have omitted the specific instruction in the text boxes below, as it has already
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Table 5: Generation Hyperparameters
Parameter Value
Max instruction length 4096
Max new tokens 4096
Top-k 50
Top-p 1.0
Temperature (for query) 0.85
Temperature (for response) 0.2

Table 6: Training Configurations
Parameter Value
Epoch 4
Learning rate 5e-5
Mini batch size 4
Warmup steps 50
Weight decay 0.01
Compute dtype bfloat16
Quantization dtype nf4
Lora rank 32
Lora alpha 32
Lora dropout 0.05
Lora bias none

been presented in detail in Appendix B.1.2. The Context in boxes is the input while the Question,
Context 1, and Context 2 are parsed outputs:

Node 1→ Node 2, Node 3

Context: The profits of the contemporary global value chains (GVC) form a V-shape, also
known as the “smile curve”. At one end of this curve are research and development (R&D)
and design, and at the other end are services and marketing, with processing and production
situated in the middle. Typically, the profit margin for industries at both ends ranges from
20% to 25%, whereas the profit margin for the production processes in the middle stands at
merely 5%.
Question: Why do entrepreneurs worldwide strive to move up the value chain?
Context 1: The profits of the contemporary global value chains (GVC) form a V-shape, also
known as the “smile curve”. At one end of this curve are research and development (R&D)
and design, and at the other end are services and marketing, with processing and production
situated in the middle.
Context 2: Typically, the profit margin for industries at both ends of the global value chains
ranges from 20% to 25%, whereas the profit margin for the production processes in the
middle stands at merely 5%.

The child context undergoes recursive splitting and derives questions with corresponding granularity:

Node 2→ Node 4, Node 5

Context: The profits of the contemporary global value chains (GVC) form a V-shape, also
known as the “smile curve”. At one end of this curve are research and development (R&D)
and design, and at the other end are services and marketing, with processing and production
situated in the middle.
Question: What are the key components of the contemporary global value chains?
Context 1: The profits of the contemporary global value chains (GVC) form a V-shape, also
known as the “smile curve”.
Context 2: At one end of the smile curve are research and development (R&D) and design,
and at the other end are services and marketing, with processing and production situated in
the middle.

We use depth-first-search (DFS) so this is the time for Node 4. Actually, using breadth-first-search
(BFS) will ultimately achieve the same effect. Node 4 derives a question but terminates afterward
due to its unsuccessful attempt to split into two viable child contexts:
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Node 4 Ends

Context: The profits of the contemporary global value chains (GVC) form a V-shape, also
known as the “smile curve”.
Question: What does the global value curve look like?
Context 1: The profits of the contemporary global value chains (GVC) form a V-shape, also
known as the “smile curve”.
Context 2:

The child Context 1 split from Node 5 will not further derive questions or split because it falls below
the minimum length threshold. However, one can adjust this threshold to a lower value to derive
more detailed questions:

Node 5→ Node 6

Context: At one end of the smile curve are research and development (R&D) and design,
and at the other end are services and marketing, with processing and production situated in
the middle.
Question: What is the structure of the smile curve?
Context 1: At one end of the smile curve are research and development (R&D) and design.
Context 2: The other end of the smile curve are services and marketing, with processing and
production situated in the middle.

Node 6 derives a question and terminates because both of its child contexts are too short:

Node 6 Ends

Context: The other end of the smile curve are services and marketing, with processing and
production situated in the middle.
Question: What lies in the middle of the smile curve?
Context 1: The other end of the smile curve are services and marketing.
Context 2: The processing and production are situated in the middle.

After Node 2 has completed its recursion, it is now Node 3’s turn to proceed:

Node 3→ Node 7, Node 8

Context: Typically, the profit margin for industries at both ends of the global value chains
ranges from 20% to 25%, whereas the profit margin for the production processes in the
middle stands at merely 5%.
Question: Which type of industry has the lowest profit margin?
Context 1: Typically, the profit margin for industries at both ends of the global value chains
ranges from 20% to 25%.
Context 2: Whereas the profit margin for the production processes in the middle stands at
merely 5%.

Node 7 and Node 8 terminate after deriving one detailed question each, as they have reached the
minimum granularity and cannot split properly:

Node 7 Ends

Context: Typically, the profit margin for industries at both ends of the global value chains
ranges from 20% to 25%.
Question: How high can the profit margin go for industries at two ends of the global value
chains?
Context 1: Typically, the profit margin for industries at both ends of the global value chains
ranges from 20% to 25%.
Context 2:
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Node 8 Ends

Context: Whereas the profit margin for the production processes in the middle stands at
merely 5%.
Question: What is the profit margin for the production processes?
Context 1: Whereas the profit margin for the production processes in the middle stands at
merely 5%.
Context 2:

Then, the recursion comes to an end, and this entire process ultimately results in the formation of the
Context-Split-Tree depicted in Figure 4. Each node within this tree contains a context and a question
that align with the corresponding granularity.

1
2 3

4 5

6

7 8 Minimum Granularity

Figure 4: The schematic of the constructed CST in this case. Each node contains a context and a
corresponding question, with the node size indicating different levels of granularity.

We collect context question pairs from all nodes into a list and employ the trained scorer to evaluate
each item. The items are then sorted based on their scores, from highest to lowest. Next, we
sequentially examine each item and choose those queries whose ROUGE-L scores with all previously
selected queries are below 0.7. Due to the low ROUGE-L scores among query pairs in that case, the
resulting selected set shown in Table 7 primarily comprises the preceding few items. However, if
we aim to derive a greater number of questions from the context, such as 10 questions, an additional
round of CST becomes necessary. Following this, all queries generated across both CST sessions
undergo a collective ranking and filtering process. During this step, the ROUGE-L metric proves
useful for eliminating queries that have lower scores and are similar to previously selected ones.

At this point, in addition to our results, we also provide the generated query list using the Context-
Instruct method for a direct comparison. The Context-Instruct method produces question-confidence-
answer triplets, where the confidence level can be either high or low and is used for filtering purposes.
The results are presented in Table 8, with the responses omitted to conserve space. Putting Table 7 and
Table 8 together, we can perceive that the queries generated by Context-Instruct exhibit a noticeable
lack of diversity and granularity compared to our queries. This discrepancy provides an intuitive
explanation for our method’s superior performance in generating multi-granularity queries and
ultimately producing better results than other methods.
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query score select
Why do entrepreneurs worldwide strive to move up the value chain? 0.95 ✓
What are the key components of the contemporary global value chains? 0.91 ✓
How high can the profit margin go for industries at two ends of the global value
chains?

0.88 ✓

What does the global value curve look like? 0.83 ✓
Which type of industry has the lowest profit margin? 0.74 ✗
What is the structure of the smile curve? 0.67 ✗
What is the profit margin for the production processes? 0.64 ✗
What lies in the middle of the smile curve? 0.59 ✗

Table 7: The results of ranking and filtering the queries.

query confidence select
What is the shape of the profits of global value chains? High ✓
What is the “smile curve” also known as? High ✓
What is the primary function of the industries at one end of the “smile
curve”?

High ✓

Which activities have a profit margin ranging from 20% to 25%? High ✓
What is the typical profit margin for industries in the middle of the “smile
curve”?

High ✗

What is situated at both ends of the “smile curve”? Low ✗
Do companies typically earn higher profits from production processes than
from R&D?

Low ✗

Is the “smile curve” a linear representation of profits in global value chains? Low ✗

Table 8: The generated questions using Context-Instruct.

Returning to our workflow, after filtering the queries, we leverage the alignment principles and a
select few-shot examples (detailed in Appendix B.3) to assist our LLM in providing high-fidelity
answers to these questions. Thanks to our Context-Split-Tree process providing the specific window
of context required to answer the questions, obtaining these answers is relatively easy and results
in more accurate and context-relevant responses. Once we have obtained high-fidelity answers, we
remove the alignment principles, few-shot examples, and context, retaining only the query-response
pairs to supervised fine-tune our LLM. The final obtained SFT data for this case are presented in the
following text tables.

SFT Data 1

Question: Why do entrepreneurs worldwide strive to move up the value chain?
Answer: Entrepreneurs worldwide strive to move up the value chain because the profit
margins are significantly higher at the ends of the curve, ranging from 20% to 25%, compared
to the middle, which has a profit margin of only 5%. By moving up the value chain,
entrepreneurs can increase their profit margins and gain a competitive advantage in the
market.

SFT Data 2

Question: What are the key components of the contemporary global value chains?
Answer: The key components of the contemporary global value chains are:
1. Research and Development (R&D) and Design (at one end of the curve)
2. Processing and Production (at the other end of the curve)
3. Services and Marketing (in the middle of the curve)
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SFT Data 3

Question: How high can the profit margin go for industries at two ends of the global value
chains?
Answer: The profit margin for industries at both ends of the global value chains can go up to
25%.

SFT Data 4

Question: What does the global value curve look like?
Answer: It looks like a V-shape, also known as the “smile curve”.

E Additional Experiments Analysis

E.1 Ablation Study

In this section, we detail the ablation experiments conducted to assess the indispensability and impact
of the three essential steps in our proposed method. These steps are integral to our approach, designed
to recursively derive queries, rank and filter them for quality and diversity, and finally, generate
high-fidelity responses. Through these experiments, we aim to delineate the contribution of each step
towards the overall effectiveness of our method. In this study, we develop the following four distinct
variations of our method, with each one specifically tailored to concentrate on a fundamental step:

1. AUGCONw/o
CST1 omits the use of the Context-Split-Tree for iteratively splitting and generating

queries for given contexts. Instead, AUGCON
w/o
CST employs a technique where few-shot examples

are used to iteratively derive queries from the extracted context until the desired number of queries
is obtained (we set the desired number to be the same with all generated queries of AUGCON
without filtering). The purpose of this modification is to assess the efficacy of CST in deriving
multi-granularity queries. Additionally, this variant facilitates an examination of how the exclusion
of CST impacts the diversity of the generated queries and the overall performance of the final
fine-tuned model.

2. AUGCONw/o
CST2 also omits the use of the Context-Split-Tree for iteratively splitting and generating

queries for given contexts. Different from AUGCON
w/o
CST1, AUGCON

w/o
CST2 splits the contexts in a

heuristic way that each time splits it in the middle (we will let the whole sentence in the middle in
the first sub context to maintain semantic integrity) until reaching the minimum granularity. And
then use all split contexts to iteratively derive queries until the quantity is enough. This variant
is designed to further assess the efficacy of CST in deriving multi-granularity queries with the
comparison with a heuristic context segmentation method.

3. AUGCONw/o
filter eliminates the scoring and filtering process to evaluate its effects on the overall

quality and diversity of the generated queries. If the number of queries generated in Step 1 exceeds
the predetermined limit, we just proceed by randomly selecting a sufficient number of queries to
meet the quota. This variant enables us to assess the effects of bypassing our established quality
and diversity control mechanisms.

4. AUGCONw/o
fidelity obtains the answers to the queries without adhering to self-alignment or employing

the self-improving. Instead, AUGCON
w/o
fidelity utilizes fixed predetermined few-shot examples along

with a straightforward prompt design devoid of guiding principles. This variant allows us to
evaluate the efficacy of our response generation methodology in enhancing the overall quality and
relevance of responses.

We implement the four variants on TriviaQA (short-form) and WebGLM-QA (long-form) datasets
and conduct a comparison with our AUGCON. The results are shown in Table 2.

Our analysis has led to three key insights. Firstly, when compared to our AUGCON, all variants
yield suboptimal outcomes. This highlights the critical nature of each step within our methodology,
underscoring the fact that they are all crucial and collectively contribute to achieving superior
performance.
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Secondly, within the context of short-form datasets, it was observed that the variants that undergo
modifications in the CST process perform the poorest. This finding suggests that the CST process
plays a vital role in encompassing a comprehensive scope of granularity, thereby enabling the
extraction of a broader spectrum of knowledge.

Thirdly, with regard to long-form datasets, the variant AUGCON
w/o
fidelity demonstrates the lowest level

of performance. This outcome underlines the significance of self-alignment and self-enhancement
mechanisms in generating responses of high quality and fidelity.

E.2 GPT-4 Judge

To conduct a more comprehensive evaluation, we utilized GPT-4 [2] (we use gpt-4-0125-preview) to
judge as the referee on the baseline method and our approach. By using GPT-4 to compare the outputs
of the model fine-tuned on our generated data with the baseline methods, we can better understand
the advantages of our model and avoid biases stemming from manual preferences. We provide the
query in the DailyM test set as inputs and get the outputs of the model fine-tuned using our method
and baseline method on the DailyM dataset. To facilitate a nuanced evaluation, we categorized the
queries into three levels of granularity: detail question (e.g., how deep does the abortion needle
penetrate?), concept question (e.g., what is the difference between emergencies and crises?), and
macro question (e.g., what impact does faith have on us?). We present the detailed guidance for
categorizing in Table 11.

For the reliability of the results, we extract relevant references to the questions in the dataset corpus
to assist GPT-4 in making decisions. Then, we ask GPT-4 to compare the outputs generated by the
two models, with the template shown in below text box. To mitigate the potential impact of position
bias of LLMs, we implement a robust evaluation strategy that for each pair of outputs, we swap
their positions and queried GPT-4 twice. In cases where the two responses were not consistent, we
continued to inquire until we obtained a unanimous answer. The comparison results are shown in
Figure 5.

GPT-4 Judge Template

Given a question and relevant reference, decide which one is better between answer 1 and
answer 2.
Question: {Question}
Reference: {Reference}
Answer 1: {Answer1}
Answer 2: {Answer2}
Your decision:
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(a) Detail question
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(b) Concept question
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(c) Macro question

Figure 5: The results of GPT-4 judge on three levels of questions.

The performance comparisons are depicted in Figure 5. Note that since we employ a decisive, non-tie
judgment, for a method to be considered superior, it must surpass the 50% winning threshold. Through
this rigorous comparison, it becomes apparent that our proposed method significantly outperforms
the baseline methods across all three categories of question granularity. Notably, the winning rates
for the baseline methods generally fall below 40% in most instances, underscoring the effectiveness
of our approach.
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Among the baseline methods evaluated, ETRC and Context-Instruct exhibit relatively better per-
formance in the domain of concept questions, with winning rates slightly exceeding 40%. This
performance is commendable when compared to other baseline methods. However, it’s important
to acknowledge that even these higher-performing baselines do not meet the 50% threshold and
exhibit weaknesses across the other two question granularities. This observation highlights a critical
advantage of our method: its ability to maintain a balanced focus across different types of questions.
Consequently, our approach not only excels in one particular area but also enhances performance
across all three types of queries simultaneously.

The results from this comparison clearly illustrate the superior capability of our method in handling
a diverse range of question complexities and types. This balanced focus is pivotal for developing
systems that can adapt to varied informational needs, thereby improving the overall query response
performance. Our findings suggest that our method could significantly contribute to advancements in
improving the performance of fine-tuned models by offering a more versatile and effective approach
to extracting multi-granularity query-response pairs from context.

E.3 Computation Experiment

In previous experiments, since we find that all methods spend much more time on final fine-tuning
compared to the previous generation, we maintained that each method produced an equivalent
number of query response pairs for the given contexts to balance computing resources. Nonetheless,
when examining methods like ETRC, Context-Instruct, and our AUGCON that need LLM calls, we
observed variations in the computational time required to generate each query response data pair.
In this evaluation, we control the LLM computation to be the same, all gave 80 A100 GPU hours
for running the workflow to generate data from the DailyM dataset and then compare the fine-tuned
model using GPT-4 judge on DailyM test set. The results are shown in Table 9.

Winning Rate

AUGCON 64.5% 35.5% ETRC

AUGCON 60.3% 39.7% Con-Instr

Table 9: The winning rates in computation experiment.

In our comparative analysis, we discovered that our AUGCON consistently achieved higher winning
rates when set against two other LLM-based, context-driven query extraction methodologies. This
finding is particularly significant as it validates the efficacy of our method in yielding positive
outcomes even with a reduced quantity of query-response pairs. The cornerstone of this enhanced
performance lies in the superior quality and diversity of the data pairs generated by our method.
Unlike conventional approaches that may produce voluminous but redundant data, our method
focuses on creating data pairs that are both essential and varied. This strategic approach to data
generation ensures that AUGCON operates efficiently, making the most of every data pair to contribute
meaningfully to the fine-tuning of LLMs. As a result, AUGCON stands out as a highly data-efficient
method, capable of fine-tuning LLMs with less generated data to achieve better performance. This
advantage is especially crucial in scenarios where access to large amounts of the corpus or the
computation resource is constrained. By eliminating redundancy and emphasizing the importance of
quality and diversity, AUGCON paves the way for more effective and efficient context-based SFT data
generation processes, ultimately leading to enhanced model performance even with limited sources.

E.4 Human Evaluation

In human evaluation on the test scenario, we meticulously curate a corpus dataset, referred to as the
DailyM dataset, which consists of 1, 000 articles carefully selected from a variety of high-quality
Chinese magazines closely related to daily life. These articles extensively cover issues of widespread
public concern such as basic livelihood, politics, economics, and law, with each article containing
approximately 4, 000 Chinese characters. Then, we test how well our method and baselines build
an AI chat assistant specialized in this daily concern corpus. We apply our method on DailyM to
generated SFT data called DailyM-SFT and use these data to fine-tune Qwen1.5-32B-Chat [7] to get
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fine-tuned model Qwen-DailyM-32B. To further test our method, we conduct annotators to write a
total of 1, 000 queries they are interested in related to these articles, forming the DailyM test set.

E.4.1 Metrics

In our comprehensive evaluation framework, we assess both the generated queries and the outputs
under the DailyM test set of the fine-tuned models to ensure a holistic understanding of the method’s
performance. Specifically, we evaluate the realism and diversity of generated queries and the
relevance, accuracy, and satisfaction of fine-tuned models’ outputs.

For both generated queries and model outputs, evaluators are provided with detailed scoring rubrics
and examples to promote consistency in evaluation. The queries and outputs will be reviewed by
multiple independent evaluators to ensure a balanced and objective assessment, with average scores
calculated for each metric to determine the overall performance. Detailed annotation instructions are
shown in Appendix F given space limitation.

E.4.2 Results

For all our baselines and the proposed AUGCON, we employ Qwen1.5-32B-Chat [7] as the base
model for calling and conducting fine-tuning for later evaluations. For methods such as AdaptLLM,
ETRC, Context-Instruct, and our AUGCON which generate query-response pairs based on context,
we adhere to a standard where every 35 Chinese characters derive one query-response pair to ensure
a fair comparison. We limit the number of generated entries to the same in the comparison because
we find that all methods spend much more time on final fine-tuning process compared to the previous
generation.
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Figure 6: The results of human evaluation on DailyM. Query metrics are not applicable for the base
chat model and DAPT so we don’t show them.

Figure 6 presents the results of the human evaluation on the DailyM test set. The results demonstrate
that AUGCON consistently surpasses the baseline methods across all evaluation metrics. Specifically,
the superior performance in terms of query realism and diversity underscores our method’s ability
to produce human-like and high-diversity queries. Since our CST and filtering process effectively
gain multi-granularity queries that are more effective in covering all granularity levels of context,
the derived data will extract more useful knowledge from the corpus. Furthermore, the impressive
performance in judging relevance, accuracy, and satisfaction in responses from fine-tuned models
further validates that our method’s high-quality and diverse queries, coupled with high-fidelity
responses, can indeed enhance the performance of subsequently fine-tuned models and achieve higher
satisfaction scores from humans. This suggests that AUGCON is particularly adept at constructing
high-quality supervised fine-tuning data for LLMs from a given corpus.

F Human Evaluation Guidance

To establish a robust assessment framework for both generated queries and model outputs, we
have devised an extensive human evaluation guideline shown in Table 10. Each score will also be
accompanied by several corresponding examples, ensuring a consistent and objective evaluation
process. This guideline emphasizes key metrics, including realism, diversity, relevance, accuracy,
and satisfaction. By following this guide, evaluators can thoroughly assess the effectiveness of our
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method, guaranteeing the generation of high-quality, multi-granularity queries and responses. Our
approach strives for comprehensive evaluations, aided by detailed scoring rubrics and examples to
enable balanced decision-making.
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Table 10: The guidance for human evaluation.
Score Realism
5 The query is indistinguishable from those a human might ask. It is natural,

authentic, and precisely the type of question a curious user would pose.
4 The query closely resembles real user inquiries, with minor differences. It

maintains a high level of realism and naturalness.
3 The query shows moderate realism, differing somewhat from typical user

questions. It still appears natural and understanding.
2 The query has noticeable deviations from real user questions, affecting its

realism. It shows signs of artificiality but remains understandable.
1 The query is clearly artificial, lacking realism and naturalness. It differs

significantly from how a real user would ask.

Score Diversity
5 The queries exhibit exceptional diversity, covering a wide range of topics and

varying greatly in their nature and specificity.
4 The queries show good diversity, exploring multiple topics and presenting

different types of questions. They maintain a solid variety, even if not exhaustive.
3 The queries present moderate diversity, touching upon several topics but with

some repetitiveness or predictability in their nature.
2 The queries show limited diversity, often sticking to a narrow range of topics or

lacking variety in their structure and content.
1 The queries lack diversity, being highly repetitive, monotonous, and showing

minimal to no variation in topics or approach.

Score Relevance
5 The response is highly relevant, precisely addressing the query’s intent and

providing contextually appropriate information.
4 The response is mostly relevant, with minor deviations that do not significantly

affect its overall alignment with the query.
3 The response shows moderate relevance, partially addressing the query but with

some noticeable gaps or misalignments.
2 The response has limited relevance, straying significantly from the core of the

query or providing only partially related information.
1 The response is irrelevant, failing to address the query’s intent or providing

information that is completely off-topic.

Score Accuracy
5 The response is completely accurate, with no factual errors or hallucinations. All

information provided is verifiable and aligns with external sources.
4 The response contains minor inaccuracies or minor hallucinations, but the

overall information conveyed is mostly correct and reliable.
3 The response shows moderate accuracy, with some noticeable factual errors or

hallucinations that don’t significantly alter the main message.
2 The response has significant inaccuracies or hallucinations, affecting the overall

reliability and correctness of the information provided.
1 The response is highly inaccurate, containing multiple factual errors or severe

hallucinations that render the information untrustworthy.

Score Satisfaction
5 The evaluator is highly satisfied with the responses. They fully meet

expectations, leaving no room for improvement.
4 The evaluator is mostly satisfied. The responses are generally good, with only

minor shortcomings or areas for improvement.
3 The evaluator feels moderately satisfied. The responses have notable strengths

but also some weaknesses that need addressing.
2 The evaluator is somewhat dissatisfied. The responses show significant room for

improvement and may not fully meet expectations.
1 The evaluator is highly dissatisfied. The responses fail to meet expectations on

multiple levels, requiring substantial improvement.29



Table 11: The guidance to categorize each granularity of questions.
Category Description and Examples

Detail
Questions

Description: Detail questions ask for specific information or facts about a partic-
ular aspect of a broader topic. These questions are often precise and seek exact
answers.
Tips for Identification:

• Look for questions asking for “how,” “what,” “where,” “when,” or “who” in
a specific context.

• These questions usually focus on a narrow aspect rather than the whole topic.

Examples:
• How deep does the abortion needle penetrate?
• What is the boiling point of mercury?
• Who was the first person to climb Mount Everest?

Concept
Questions

Description: Concept questions explore the understanding, differences, or defini-
tions of ideas, theories, or terminologies. They are more about the “why” or “what
is” than about specific details.
Tips for Identification:

• These questions often ask for explanations, comparisons, or definitions.
• They seek to clarify concepts or understand the distinctions between them.

Examples:
• What is the difference between emergencies and crises?
• How do you differentiate between classical and operant conditioning?
• What does the term ’biodiversity’ encompass?

Macro
Questions

Description: Macro questions address broad themes, trends, or impacts. They
are expansive and consider the bigger picture, often relating to societal, global, or
philosophical inquiries.
Tips for Identification:

• Look for questions that ask about “impact,” “influence,” “role,” or “impor-
tance.”

• These questions are overarching and not limited to specific instances.

Examples:
• What impact does faith have on us?
• How does climate change affect global agriculture?
• What is the role of technology in shaping modern education?
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