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Abstract. The rapid advancements in transformer-based language models have
opened new possibilities for applications such as question answering and syn-
thetic dataset generation. However, generating high-quality synthetic datasets
can be computationally expensive and require significant resources. Fine-tuning
a language model on a synthetic dataset can lead to improved performance on
context-dependent questions, but it is crucial to evaluate the quality of these da-
tasets beforehand. This study explores the benchmarking of synthetic natural lan-
guage datasets generated with open-source language models for question answer-
ing applications. We fine-tune the same base model on each dataset inde-
pendently and assess its performance on common benchmarks for question an-
swering with context. Additionally, we examine metrics of the synthetic datasets
themselves to identify potential indicators of downstream benchmark perfor-
mance. Our results show that measuring the semantic similarity between ques-
tions is an indicator of domain diversity in a synthetic question-and-answer da-
taset. We also demonstrate that short answer lengths may indicate low quality
chain-of-thought answers. Overall, Llama 3 8B Instruct performs most consist-
ently well, of the models considered, in synthetic dataset generation. Our findings
provide valuable insights for practitioners seeking to develop effective synthetic
datasets for language-based applications.

Keywords: Generative Al, Synthetic Data, Language Models, Retrieval Aug-
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1 Introduction

The capabilities of transformer-based language models are rapidly advancing. Today’s
language models are being used for advanced question answering and synthetic data
generation, among many other tasks. Generative language models are often used in ap-
plications alongside logic that retrieves recent or proprietary, unseen data and adds this
data to the input to the language model, attempting to ground the model’s response.
This is an area of active research and has many practical applications, such as using
models to answer context-dependent questions with high accuracy.

Another practical application of language models is synthetic dataset generation.
Historically, many natural language datasets have been collections of existing human-
created text [Schler et al., 2006; Zhu et al., 2015], whereas custom text creation for



datasets was very expensive and time-consuming. Now, however, language models
with advanced abilities to generalize patterns and follow instructions can quickly gen-
erate near-human-level natural language.

Synthetic dataset generation can be used to improve context-dependent question an-
swering applications when a custom dataset is created that demonstrates context-de-
pendent question answering explicitly and a language model is fine-tuned to learn this
pattern. This process, known as retrieval-augmented fine-tuning (RAFT), has shown to
improve question answering capabilities of language models, especially in domain-spe-
cific contexts, in research from [Zhang et al., 2024]. While [Zhang et al., 2024] defines
the process for generating a synthetic dataset for context-dependent question answer-
ing, it does not discuss the evaluation of these datasets to ensure they have the desired
contents and quality prior to using them in large language model fine-tuning. They
demonstrate the quality of the synthetic dataset implicitly through the downstream im-
provements in question answering benchmarks from their fine-tuned models. However,
for this process to be generalizable and scalable, future practitioners will need to verify
their synthetic datasets’ quality, preferably prior to fine-tuning.

While RAFT is an exciting and effective process, fine-tuning a language model that
has billions of parameters can be compute intensive and expensive [Lin et al., 2024].
The dataset used in training a model is crucial to its performance. It would therefore be
beneficial for practitioners to have an idea of the quality of a synthetic dataset before
committing to fine-tuning with it. There is, however, not a great deal of research in
benchmarking the quality of synthetic natural language. We conduct an experiment by
generating synthetic datasets with several different open-source language models. We
fine-tune the same base model on each of these datasets independently and measure the
fine-tuned models’ performances on common benchmarks for question answering with
context. Finally, we examine metrics of the synthetic datasets themselves to identify
any potential indicators for downstream benchmark performance.

The study highlights that while model size and format do not directly correlate with
downstream performance, understanding model size, architecture, and benchmarked
capabilities remains an important consideration in synthetic dataset quality. Addition-
ally, the percentage of correctly formatted samples, although it does not impact perfor-
mance directly, plays a practical role in compute efficiency during generation. We ob-
served that question similarity varies based on the dataset context (e.g., HotPotQA or
PubMedQA). Domain-specific contexts tend to yield more similar questions than gen-
eral-domain contexts. Additionally, shorter answer lengths in synthetic datasets may
negatively impact downstream performance, emphasizing the importance of answer
quality and reasoning capability in synthetic datasets intended for fine-tuning. In gen-
eral, we find that the Llama 3 8B Instruct large language model performs the best, of
the models considered, as a generator of synthetic question and answer datasets, and
we recommend its use in similar cases. These insights are valuable for enhancing syn-
thetic data quality and fine-tuning models effectively.

This paper is organized as follows: Section 2 summarizes related works. Section 3
describes the methodology followed in carrying out the work reported in this paper.
Section 4 presents the results of the experiments. Section 5 is a discussion of various



factors that influenced the results and ends with a summary of future research direc-
tions. Finally, Section 6 provides the conclusions.

2 Related Work

2.1  Retrieval-Augmented Generation (RAG)

Since the invention of attention-based transformers [Vaswani et al., 2017], language
models’ abilities have grown to include general-purpose language understanding and
generation [Minaee et al., 2024]. LLM’s consists of billions of parameters which makes
retraining for a specific domain expensive [Samsi et al., 2023]. RAG extends the
knowledge of an LLM to a specific domain or knowledge base without retraining which
makes it a cost-effective approach to improving LLM output staying relevant to the
context. RAG systems have improved performance across various NLP tasks, espe-
cially open-domain question answering (QA) [lzacard et al., 2023; Lewis et al., 2020].
While RAG generally improves on the performance of isolated LLMs, it can face chal-
lenges from the failure of retrieval systems to return relevant context or failure of the
LLM to properly integrate context into its response [Gao et al., 2023]. Fine-tuning an
LLM with examples that demonstrate how to handle a lack of relevant context and how
to synthesize context into responses can improve the reliability of RAG, as shown in
[Zhang et al., 2024] through a process called retrieval-augmented fine-tuning, or RAFT.

2.2 Retrieval-Augmented Fine-Tuning (RAFT)

RAFT combines RAG and fine-tuning for adapting LLMs to specific domains [Zhang
etal., 2024; Soudani et al., 2024]. It addresses the challenges of fine-tuning LLMs like
over-specialization while also improving in-domain RAG performance. RAFT pro-
vides a more focused approach for in-domain tasks by demonstrating effective handling
of distractor documents and relevant context extraction, improving reasoning abilities
[Zhang et al., 2024]. Earlier work focused on the testing domain being different than
that of the training time [Lin et al., 2023; Xu et al., 2023; Wang et al., 2023; Zhang, Y.
et al., 2024]. RAFT’s reliance on synthetic data generation for its training set highlights
the amplifying demand for generated synthetic data. [Zhang et al., 2024] does not de-
scribe any analysis or cleaning process for their synthetic dataset used in RAFT. Since
fine-tuning a model is generally compute- and time-intensive, it is important to qualify
a synthetic dataset before using it in fine-tuning. Therefore, we look for indicators of
quality in a variety of synthetic datasets by comparing measurable features of datasets
with the downstream performance of the models fine-tuned on those datasets.

2.3 Synthetic Data and its Generation Using Large Language Models

The rising needs of large corpus datasets for training LLMs coupled with the scarcity
of high-quality, diverse, and privacy- and license-compliant data has necessitated the
generation of synthetic data. The use of LLMs for generation of synthetic data is an
alternative approach to collection and curation of high-quality training data [Li et al.,



2023]. In addition to generation of synthetic data for Computer Vision (CV) tasks [Kar-
ras et al., 2018; Zhang et al., 2021; He et al., 2022; Besnier et al., 2020; Zhang et al.,
2021], generative models have been used to create synthetic data for NLP tasks as well
[Wang et al., 2021; Ye at al., 2022; Kumar et al., 2020; Chung et al., 2023; Gupta et
al., 2023; Xu et al., 2022; Chen et al., 2022]. Research suggests a surge in generating
synthetic data from LLMs, marking a notable shift in generative Al applications. How-
ever, the effectiveness of LLM-generated synthetic data is inconsistent across different
tasks [Li et al., 2023] and it creates a need for accurately benchmarking the quality of
synthetically generated datasets.

2.4 Benchmarking Quality of Generated Synthetic Datasets

Recent works have shown various techniques to generate better synthetic data
[Veselovsky et al., 2023; Gupta et al., 2023] and its challenges [Guo et al., 2024].
Benchmarking its effectiveness involves evaluating the performance of models
trained/fine-tuned on these synthetic data. There have been multiple studies involving
various metrics on which synthetic datasets are benchmarked including F-1 score and
accuracy among others [Layeghy et al., 2021; Singh et al., 2024; Jin et al., 2022]. LLM
generated synthetic data are benchmarked on downstream tasks that measure accuracy
[Gupta et al., 2023] our paper delves into understanding if insights regarding quality of
datasets and compute required can allude to downstream benchmark results on fine-
tuned models using QA datasets across various domains [Yang et al., 2018; Jin et al.
2019]. We examine intrinsic features of synthetic datasets, including semantic similar-
ity between samples and sample length. We also consider characteristics of the LLMs
used to generate synthetic datasets and the ability of those models to generate data con-
sistently in the desired format.

3 Methods

3.1 Introduction to Methods

The RAFT [Zhang et al., 2024] process starts with a set of context documents: this is a
collection of unstructured text. The process then uses an LLM to generate a dataset
from the context documents, which we will explain thoroughly in Section 3.3. This
synthetic dataset of {context, question, answer} triplets is then used to finetune an
LLM, training it to respond with answers, using the provided question and associated
context. We experiment by using various LLMs to generate the synthetic dataset. We
attempt to find qualitative indicators of synthetic dataset quality by comparing dataset
metadata with the performance of an LLM finetuned on that dataset on standard bench-
marks.



3.2  Context Documents and Benchmarks

RAFT has demonstrated performance gains on several context-dependent question-an-
swering benchmarks [Zhang et al., 2024]. Of those, we use PubMedQA [Jinetal., 2019]
and HotPotQA [Yang et al., 2018]. Each of these datasets consists of datapoints that
contain context documents, along with associated questions and answers. PubMedQA
is a biomedical question answering dataset that tests a model’s ability to answer ques-
tions with yes/no/maybe using abstracts from published medical papers as context. Hot-
PotQA is a diverse, explainable, multi-hop dataset consisting of 113k question-answer
pairs with context from Wikipedia article excerpts. To construct our synthetic datasets,
we use the context document collections from PubMedQA and from HotPotQA. By
using these datasets, we include both domain-specific and diverse benchmarks.

3.3 Synthetic Dataset Generation Process

For both PubMedQA and HotPotQA, we take a subset of the context documents from
the datasets. The two context document collections are then independently used in
prompts to an LLM to generate a dataset used for retrieval-augmented fine-tuning.

We synthetically generate questions and answers by prompting an LLM with a con-
text document and instructions to generate a question and answer using the information
in the document.

Table 1. For synthetic dataset generation, the document parameters are based on
those determined to generalize to high downstream performance in [Zhang et al,

2024].
Parameter Value
Number of distractor docu- 4
ments in each datapoint
Fraction of datapoints to con- 0.8
tain relevant context documents
Number of datapoints per 2

context document

To construct a datapoint for the fine-tuning dataset, we add four random “distractor”
documents, documents that are not relevant to the question. Using distractor documents
in the training set prepares the fine-tuned LLM for future unseen questions, when the
context retrieval system may provide irrelevant documents that it should ignore. Addi-
tionally, the relevant document is removed from 20% of datapoints, preparing the
model for instances where the context retrieval fails to retrieve any useful context.
These parameters were determined to yield the best performance in [Zhang et al., 2024]
and are summarized in Table 1. In conclusion, each datapoint in the synthetic dataset
used for fine-tuning contains inputs: distractor context documents, a single relevant
context document (sometimes omitted), and a question; and an output: the answer to
the question. An example of a datapoint’s inputs is shown in Figure 1.
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Figure 1. The components of a datapoint in a RAFT synthetic dataset are a question,
a relevant context document, and other “distractor” documents, paired with an answer
to the question. (Figure Source: Zhang et al., 2024.)

We use the following open-source LLMs to generate the datasets, using two model
architectures and using model sizes spanning from 7 billion to 70 billion parameters:

e Llama 3 8B Instruct

e Llama 3 70B Instruct

« Llama 3 8B Instruct (g4_0 quantization)

» Mistral 7B (gq4_0 quantization)

3.4 Synthetic Dataset Metrics

We evaluate several metrics about the generated synthetic datasets. These metrics con-
sider the quality of the dataset and the amount of compute required to create that dataset.

Model Factors. We note the total count of parameters in each model used to generate
datasets. We also note the format of the model parameters, such as the bfloat 16 (bf16)
floating point data type or g4-0 4-bit quantization.

Percentage of Correctly Formatted Synthetic Samples. We filter out samples from
the synthetic dataset where the LLM did not follow the prompt or respond in the re-
quested format. Specifically, for question generation, we verify if the generated string
contains question words and has a length of fewer than 50 tokens. For chain-of-thought
answer generation, we check whether the generated string contains the specified sepa-
rator (i.e., “answer:”

Average Question Similarity. We measure the similarity of questions generated in
each synthetic dataset by creating text embeddings with the all-MiniLM-L6-v2 embed-
dings model, then calculating the cosine similarity of each pair of question embeddings.
We examine the distribution of cosine similarity scores, expecting a normal distribu-
tion. For each synthetic dataset, we report the average cosine similarity score, which
serves as an indicator of the degree to which the generated questions are similar to one
another, ranging from -1 (opposite) to 1 (identical), revealing the variety or uniformity
in the topics and phrasing produced by the model.

Average Datapoint Length. We measure the average length (in characters) of each
datapoint in the synthetic dataset.



Downstream Performance. We fine-tuned Llama 2 7B using each synthetic dataset
and tested the models on the first 200 test samples from HotPotQA and PubMedQA,
corresponding to the contexts used in the dataset generation. For each test sample,
which includes a question and context as input, we used the fine-tuned model to gener-
ate an answer and measured its similarity to the ground truth answer.

For PubMedQA, we extracted “yes,” “no,” or “maybe” from the model output and
calculated accuracy (exact match) and F1 score against the ground truth. For Hot-
PotQA, we processed both the model output and the ground truth into bags of tokens
and calculated accuracy (exact match) and F1 score at the token level for each sample.
LLM Fine-tuning Process. We use the low-rank adaptation (LoRA) [Hu et al., 2021]
technique to fine-tune the Llama 2 7B LLM. We use a learning rate of 0.0001, batch
size of 128, and train for 50 steps.

4 Results

This section gives an overview of the results for each metric defined above. Table 2
and Table 3 show the synthetic dataset metrics and downstream benchmark perfor-
mance for the HotPotQA and PubMedQA datasets, respectively.

Table 2. Synthetic dataset metrics and results on the HotPotQA benchmark.

Dataset Generation Llama 3 8B Llama370B  Llama38B In- Mistral 7B In-
Model Instruct Instruct struct (quant.)  struct (quant.)
Parameter Count 8.03B 70.6B 8.03B 7.25B
Parameter Format bf16 bf16 g4 0 g4 0

% Correct Format 83.34 83.33 92.95 99.86

Avg. question similarity 0.10 0.10 0.11 0.08

Avg. question length 51 56 51 60

Avg. answer length 722 601 804 667
HotPotQA accuracy 29% 30% 26% 11%

HotPotQA F1 0.42 0.39 0.36 0.26




Table 3. Synthetic dataset metrics and results on the PubMedQA benchmark.

Dataset Generation Llama 3 8B Llama370B  Llama38B In- Mistral 7B In-
Model Instruct Instruct struct (quant.)  struct (quant.)
Parameter Count 8.03B 70.6B 8.03B 7.25B
Parameter Format bf16 bf16 g4 0 g4 0

% Correct Format 66.16 66.67 74.17 99.90

Avg. question similarity 0.19 0.24 0.19 0.20

Avg. question length 80 83 78 88

Avg. answer length 1100 666 1039 1033
PubMedQA accuracy  60% 37% 50% 52%
PubMedQA F1 0.25 0.18 0.22 0.23

4.1  Model Factors

We used Llama 3 8B Instruct, a model with 8.03 billion parameters, in both its original
bf16 and quantized g4-0 formats. We also used Llama 3 70B Instruct, of the same ar-
chitecture, with 70.6 billion parameters in its original bf16 format. Finally, we used
Mistral 7B Instruct, the smallest of the models with 7.25 billion parameters in quantized
g4-0 format.

4.2 Percentage of Correctly Formatted Synthetic Samples

The unquantized models, Llama 3 8B Instruct and Llama 3 80B Instruct, generated
questions and answers in the correct format at nearly identical rates: 83% for HotPotQA
contexts and 66% to 67% for PubMedQA contexts. Llama 3 8B Instruct (quantized)
generated in the correct format at higher rates: 93% for HotPotQA contexts and 74%
for PubMedQA contexts. Mistral 7B Instruct (quantized) almost always generated in
the correct format, above 99% for both datasets.

4.3 Average Question Similarity

All synthetic datasets had a normal distribution of cosine similarities between question
pairs. Average question similarities were distinct between HotPotQA and PubMedQA
datasets but were consistent within those groups. HotPotQA datasets ranged from 0.08-
0.11 average cosine similarity, while PubMedQA datasets showed higher similarity be-
tween questions, ranging from 0.19 to 0.24 average cosine similarity. We also measured
the percentage of question pairs within the same synthetic dataset that are very similar
to each other (greater than 0.8 cosine similarity). In each dataset, this percentage was
less than 0.1%, indicating that near-duplicate questions were rare.

4.4 Average Datapoint Length

Average of generated questions ranged from 51 to 60 characters for HotPotQA datasets
and from 78 to 88 characters for PubMedQA datasets. Average length of generated



answers ranged from 601 to 804 characters for HotPotQA datasets and from 666 to
1100 characters for PubMedQA datasets.

45 Downstream Performance

On the HotPotQA benchmark, the datasets generated by Llama 3 models yielded simi-
lar results, ranging from 26% to 30% accuracy and 0.36 to 0.42 F1 scores. The dataset
generated by the Mistral 7B Instruct (quantized) model achieved only 11% accuracy
and a 0.26 F1 score downstream.

On the PubMedQA benchmark, accuracy rates varied from 37% to 60%, while F1
scores ranged from 0.18 to 0.25.

5 Discussion

In this section, we discuss the results and potential relationships between model factors,
synthetic benchmark metrics, and downstream performance of fine-tuned models. We
attempt to explain the results where possible and evaluate if our results demonstrate
whether each metric would be useful in a synthetic dataset benchmark.

5.1 Model Factors

While our results do not show any definitive relationship between the size and param-
eter format (i.e., quantization) of the generation model with downstream performance,
basic information such as these factors and the model architecture are important to note
for a full understanding of a generated dataset. As described in [Hodak et al., 2023],
benchmarks for large language models should include measures of accuracy, coher-
ence, cost, energy efficiency, and throughput, among other factors. These model factors
are important to know in the context of a synthetic dataset. A generative model’s accu-
racy and coherence, especially graded from benchmarks similar in domain or task to
the dataset being generated, can indicate whether the choice of model was appropriate
to generate the dataset. For example, one should have low confidence in the quality of
a synthetic dataset in the mathematical word problems domain that was generated by a
model that scored poorly on the MMLU Math [Hendrycks et al., 2021] benchmark.
Additionally, if changes or additions are needed in a synthetic dataset, it will be im-
portant to know the cost, energy requirements, and time requirements of further gener-
ation with the model. These factors are directly related to the size, format, and archi-
tecture of a language model.

5.2 Percentage of Correctly Formatted Synthetic Samples

Because incorrectly formatted synthetic samples were removed from the fine-tuning
dataset, the percentage of correctly formatted samples is unlikely to have an impact on
the downstream performance. Yet this metric is relevant for practical purposes, as mod-
els that follow the desired generation format at a low rate will require much more com-
pute to generate the same amount of correctly formatted samples compared to a model



that dependably follows desired formats. However, this is an imperfect metric, as there
is no guarantee that filtering efforts eliminate all format inconsistencies. While meas-
uring this metric may not be necessary for synthetic datasets, the process of checking
and cleaning synthetic datasets for the desired formatting and content is very important
to the overall data quality and downstream performance. The unquantized models,
Llama 3 8B Instruct and Llama 3 70B Instruct, underperformed the quantized models
in matching the desired format. Mistral 7B Instruct (quantized) was the best model for
generating data in the desired format. Although Mistral matched the desired format in
over 99% of samples, its downstream performance on HotPotQA was the worst of any
model, indicating that correct formatting of generated data does not guarantee that data
demonstrates more complex qualities such as language understanding and knowledge
synthesis.

5.3  Average Question Similarity

Average question similarity appears to depend on the dataset used as context (i.e., Hot-
PotQA or PubMedQA). Within these groups, there was very little difference in similar-
ity scores between datasets from different LLMs. Likely, domain-specific contexts,
such as PubMedQA, will yield more similar questions than general-domain contexts
like HotPotQA. This outcome is apparent in our results. The distribution of similarity
scores between samples should be checked for synthetic datasets to ensure the dataset
has the desired diversity, with the understanding that domain-specific datasets will
likely have higher similarity scores. Otherwise, the downstream fine-tuned model may
not learn to generalize to the task properly. While we found that near duplicates in our
generated data were rare, it is important to check for these to ensure quality training
data.

5.4  Average Datapoint Length

An unexpected result of our experiment was that the dataset generated by the Llama 3
70B Instruct model, the largest and most generally capable model used, based on Pub-
MedQA context had the worst downstream performance on the PubMedQA bench-
mark. A salient metric for this dataset was its relatively short average answer length: at
666 characters, its answers were over 30% shorter than those of the other PubMedQA
synthetic datasets. While we expected the largest model to generate the best synthetic
dataset, in this case, the opposite occurred. We hypothesize that answer length is an
indicator of quality when using chain-of-thought reasoning [Wei et al., 2023] in syn-
thetic datasets. PubMedQA synthetic datasets showed a strong correlation between av-
erage answer length and downstream performance measures, with correlation coeffi-
cients 0.948 and 0.955 compared to accuracy and F1 scores, respectively. With a sam-
ple size of only four PubMedQA synthetic datasets, we believe short answer lengths
are likely associated with lower quality training data, but this should be further studied.

Table 4 demonstrates an example question-and-answer pair from the PubMedQA
synthetic dataset created with Llama 3 70B Instruct. This answer is the shortest in the
dataset, and, although the final answer is correct, it does not demonstrate generalizable
reasoning steps.



Table 4. “We need to look for the relevant information in the context,” taken from the
synthetic dataset with the worst downstream performance on the PubMedQA bench-
mark, does not demonstrate generalizable reasoning steps.

Prompt context From March 2007 to January 2011, 88 DBE procedures were performed

(not generated) on 66 patients. Indications included evaluation anemia/gastrointestinal
bleed, small bowel IBD and dilation of strictures. Video-capsule endos-
copy (VCE) was used prior to DBE in 43 of the 66 patients prior to DBE
evaluation. The mean age was 62 years. Thirty-two patients were female,
15 were African-American; 44 antegrade and 44 retrograde DBEs were
performed. The mean time per antegrade DBE was 107.4+30.0 minutes
with a distance of 318.4+152.9 cm reached past the pylorus. The mean
time per lower DBE was 100.7+27.3 minutes with 168.9+109.1 cm meters
past the ileocecal valve reached. Endoscopic therapy in the form of electro-
cautery to ablate bleeding sources was performed in 20 patients (30.3%),
biopsy in 17 patients (25.8%) and dilation of Crohn's-related small bowel
strictures in 4 (6.1%). 43 VCEs with pathology noted were performed prior
to DBE, with findings endoscopically confirmed in 32 cases (74.4%). In 3
cases the DBE showed findings not noted on VCE.

Generated How many patients were African-American?

guestion

Generated Here's the step-by-step reasoning to answer the question:
chain-of-

thought answer To find the number of patients who were African-American, we need to
look for the relevant information in the context.

##begin_quote## Fifteen were African-American; ##end_quote##
This sentence directly provides the answer to the question.

<ANSWER>: 15

We start with a context document from PubMedQA-this is an abstract from a medical
research paper. The LLM is prompted with the context document, along with instruc-
tions to generate a relevant question and chain-of-thought answer. In this case, the LLM
generated the question “How many patients were African-American?” The answer to
this question can be found in the context document: the fifth sentence states 15 of the
patients were African-American.

An answer that demonstrates strong reasoning ability, making it a good training ex-
ample for model fine-tuning, would break down the task into intermediate steps rele-
vant to the context of the question. For example: “To find the number of patients who
were African-American, we need to look for patient demographics in the study. Then,
we need to find the total number of African-American patients who underwent DBE
procedures.”

However, the answer generated by the LLM did not break the task into intermediate
steps or frame thoughts in the context of the question. Instead, it simply states “To find



the number of patients who were African-American, we need to look for the relevant
information in the context.” This answer is very short, because it does not break down
the task into components. As a training example, this answer does not effectively
demonstrate chain-of-thought reasoning, likely leading to worse downstream perfor-
mance of the fine-tuned LLM.

5.5 Model Recommendation

Our results show that average answer length of a synthetic question and answer dataset
is the best indicator, of those considered, of downstream performance. Llama 3 8B In-
struct (bf16) performed well in dataset generation for both open-domain (HotPotQA)
and domain-specific (PubMedQA) contexts. In general, we recommend using this
model for synthetic dataset generation.

5.6 Future Work

Future Research on Synthetic Dataset Benchmarking. Further work could be done
to provide clear definitions for these and other metrics for synthetic dataset. A toolkit
or set of best practices for cleaning synthetic datasets and ensuring they adhere to de-
sired formats would likely improve their utility in downstream applications. Addition-
ally, while we believe short chain-of-thought answer length may be an indicator of poor
quality, this measurement is only a naive proxy for the quality of a highly complex
reasoning mechanism. While language models are being used to generate answers to
questions and synthetic datasets, there is also likely great potential for language models
to assist in measuring and improving the quality of natural language datasets.

Expanding the LLMs used in this study to other families of open-source models and
to much larger (hundreds of billions of parameters) or smaller (1-2 billion parameters)
models may corroborate or add nuances to our findings.

A Suggested Modification of RAFT. As a modification on RAFT as described in
[Zhang et al., 2024], we propose that those implementing RAFT consider the specific
task the synthetic dataset is supposed to exemplify. For example, the PubMedQA da-
taset’s task is classification between “yes”, “no”, and “maybe” answers. However, the
published RAFT code for generating synthetic datasets [Patil, 2024] yields freeform
answers. While these synthetic datasets likely improve a fine-tuned LLM’s in-domain
reasoning, they do not train it to perform the task of classification. This disconnect
between training and evaluation tasks is likely why the results of [Zhang et al., 2024]
show that RAFT did not significantly outperform domain-specific fine-tuning + RAG,
which, like their implementation of RAFT, would demonstrate in-domain reasoning,
but not classification.

6 Conclusion

In this paper, we experimented with various language models to generate synthetic da-
tasets within the RAFT process [Zhang et al., 2024]. Our findings enable a more



informed use of synthetic datasets, moving beyond the naive acceptance of generative
language model outputs. This work represents a significant step forward for RAFT and
other processes relying on synthetic datasets, especially for fine-tuning large language
models and other compute-intensive tasks.

Considering the rapid evolution of generative artificial intelligence (Al), it is crucial
for researchers and industry experts to develop innovative techniques for evaluating
Al-generated content. Our study on synthetic natural language dataset quality provides
a foundation for comprehensive benchmarks. By offering a framework to assess the
quality and limitations of these datasets, we aim to improve synthetic data quality and
optimize the use of language model fine-tuning resources.
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