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Large code models (LCMs), pre-trained on vast code corpora, have demonstrated remarkable performance
across a wide array of code-related tasks. Supervised fine-tuning (SFT) plays a vital role in aligning these models
with specific requirements and enhancing their performance in particular domains. However, synthesizing
high-quality SFT datasets poses a significant challenge due to the uneven quality of datasets and the scarcity
of domain-specific datasets.

Inspired by APIs as high-level abstractions of code that encapsulate rich semantic information in a concise
structure, we propose DATASCOPE, an API-guided dataset synthesis framework designed to enhance the SFT
process for LCMs in both general and domain-specific scenarios. DATASCOPE comprises two main components:
DskL and DGEN. On one hand, DseL employs API coverage as a core metric, enabling efficient dataset synthesis
in general scenarios by selecting subsets of existing (uneven-quality) datasets with higher API coverage. On the
other hand, DGEN recasts domain dataset synthesis as a process of using API-specified high-level functionality
and deliberately-constituted code skeletons to synthesize concrete code.

Extensive experiments demonstrate DATAScOPE’s effectiveness, with models fine-tuned on its synthesized
datasets outperforming those tuned on unoptimized datasets five times larger. Furthermore, a series of analyses
on model internals, relevant hyperparameters, and case studies provide additional evidence for the efficacy of
our proposed methods. These findings underscore the significance of dataset quality in SFT and advance the
field of LCMs by providing an efficient, cost-effective framework for constructing high-quality datasets. This
contribution enhances performance across both general and domain-specific scenarios, paving the way for
more powerful and tailored LCMs.

1 INTRODUCTION

Large language models (LLMs) have demonstrated remarkable performance across a wide range
of tasks following extensive pre-training [34, 72]. In the domain of code-related tasks, large code
models (LCMs) such as CodeLlama [66] and StarCoder [37] have exhibited impressive capabilities
in program understanding and generation, supporting various real-world applications. However,
despite their vast knowledge acquired through training on enormous datasets, these base mod-
els may not achieve optimal performance across all use cases out-of-the-box. As illustrated in
Fig. 1(a) and (c), to further align models with diverse requirements—including enhancing general
code generation capabilities [38, 66] or specializing in specific codebases or domains (supporting
commercial products like deep learning [54] or security-related [25] assists)—researchers often
employ additional datasets to fine-tune base models, yielding more powerful and customized LCMs.

Among the various fine-tuning techniques proposed, supervised fine-tuning (SFT) has emerged
as a critical approach for enhancing LLM capabilities. SFT leverages the knowledge acquired
during pre-training while aligning models with human expectations [6, 11, 81]. This process
involves further training the models on carefully curated instruction datasets, typically comprising
formatted instruction-response pairs. These pairs, represented as (INSTRUCTION, RESPONSE),
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Fig. 1. Overview of the proposed API-guided dataset synthesis framework, from its (a) targeted scenarios to
(b) methodology, and further to (c) usage for enhancing LCM SFT in general and domain-specific scenarios.

consist of human-provided tasks or queries (INSTRUCTION) and the corresponding desired outputs
(RESPONSE) that the model should generate [8, 16, 52, 90].

Given the importance of high-quality SFT datasets for LCMs, various approaches have been
developed to create and curate such datasets. These methods include the collection of real-world
code snippets [82] and the use of programming concepts and keywords (e.g., recursion and loops) to
guide LLMs in dataset construction [44]. These efforts have resulted in the generation of extensive
datasets, as exemplified by Nemotron-4’s 800k examples [3]. While such large datasets offer potential
benefits, they also present practical challenges in the SFT process. Notably, the computational
resources required for processing extensive datasets can be substantial, which is particularly relevant
given recent findings demonstrating that comparable performance can be achieved with as few as
2k high-quality examples [90]. Additionally, the generated data often focuses on solving problems
using basic Python operations, potentially limiting its adaptability and efficacy in domain-specific
scenarios. Consequently, as illustrated in Fig. 1(a), researchers currently face a dichotomy: an
overabundance of datasets with uneven quality for general scenarios, and a scarcity of high-quality,
domain-specific datasets for specialized applications.

To address these challenges, we propose DATASCOPE, an API-guided dataset synthesis framework
designed to enhance the fine-tuning performance of LCMs. DATAScOPE offers a comprehensive
solution for dataset synthesis in both general and domain-specific scenarios, distinguishing itself
from previous approaches. On one hand, it aims to “distill” existing overly abundant SFT datasets
to form concise, high-quality SFT datasets for general scenarios, thereby improving fine-tuning
performance while simultaneously reducing the cost of the SFT process. On the other hand, DATAS-
coPE supports the automated generation of domain-specific data to facilitate SFT in specialized
contexts (e.g., scientific computing and data visualization), enabling the efficient construction of
high-quality SFT datasets without requiring real-world data or being constrained by particular
powerful, proprietary LLMs.

The key observation underpinning DATASCOPE is the significant benefit APIs provide to LCMs.
APIs, as high-level abstractions of code, encapsulate abundant semantic information within a concise
token structure. As will be shown in Sec. 3, our key insight is that such API-offered conciseness fa-
cilitates LCMs’ comprehension, alters their internal behavior towards more accurate interpretation,
and, consequently, improves their performance. Moreover, the power of APIs can further benefit the
two scenarios in LCM SFTs: in contexts with overly abundant existing datasets, API coverage can
serve as a core metric for subset selection, enabling LCMs to achieve superior performance without
learning from too many examples. Conversely, in data-scarce environments, combining diverse
APIs provides an effective mechanism for constructing domain-specific datasets from scratch.

DATASCOPE concretizes the above insights and observations into two key components: DSEL
and DGEN, designed to address dataset synthesis in both general and domain-specific scenarios.
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As illustrated in Fig. 1(b), DseL employs API coverage as its primary metric, efficiently selecting
subsets from existing datasets while also taking into account the length distribution of the code
examples to ensure diversity in complexity. DGEN, on the other hand, leverages API information
to control the generated program functionality, utilizing a domain-specific language we designed
in Sec. 5.2.3, called Skeleton Domain-Specific Language (SKDSL) to provide code snippet skeletons
that guide the code structure, all without requiring real-world data.

Our experimental results not only demonstrate the effectiveness of DATAScOPE, but also provide
a series of valuable insights into API-guided dataset synthesis for LCM fine-tuning. DsEL efficiently
selects subsets with high API coverage from existing datasets, enabling models of varying sizes
to achieve performance comparable to or exceeding that of models fine-tuned on entire datasets.
This performance improvement scales with model size. Notably, fine-tuning a 34 billion parameter
LCM on just 5% of the data selected by DskL achieves 110% of the performance compared to fine-
tuning on the full dataset. Beyond selection, DGEN conceptualizes dataset generation as a process
of transforming high-level requirements into concrete implementations. It not only facilitates
domain-specific dataset synthesis without relying on real-world code snippets as seeds but also
decomposes complex tasks into more manageable components through API combination and
SKDSL utilization. Furthermore, this design allows for querying LLMs with limited capabilities
to construct domain-specific programs, enabling the automated generation of high-quality data
at reduced cost and without additional data or human effort. Specifically, domain-specific SFT
datasets of 4,000 examples can be generated at a cost of only 3 USD, whereas a similar scale and
quality human-written dataset require over 334 volunteers [35]. This capability further enhances
the SFT process in developing powerful models, offering a cost-effective and efficient pathway to
domain-specific model enhancement. In summary, our contributions are as follows:

e Drawing inspirations from how APIs facilitate low-cost and effective LCM code compre-
hension, we propose DATASCOPE, a simple yet highly effective API-guided program dataset
synthesis framework to enhance LCM fine-tuning process from two key usage scenarios —
general and domain-specific usages.

e For general SFT scenarios, we introduce DsEL, which employs a greedy algorithm to efficiently
select high-quality subsets from existing datasets. We propose well-designed, API-based
objectives in the selection process, enabling LCMs to achieve superior performance with
significantly less data.

e For domain specific SFT scenarios, we present DGEN, which automates the generation of high-
quality, tailored datasets. DGEN takes into account diverse APIs to achieve comprehensive
coverage and uses SKDSL to provide code snippet skeletons, streamlining the creation process
without relying on real-world data or proprietary LLMs.

e We demonstrate DATAScOPE’s effectiveness through comprehensive experiments, analyzing
enhanced LCMs’ performance on relevant benchmarks and their internal behavior in both
general and domain-specific scenarios. Our multi-faceted evaluation, including human as-
sessment, validates our method’s efficacy and provides insights into the impact of API-guided
dataset synthesis on LCM SFT.

2 BACKGROUND

This section introduces the background of LCMs and SFT. We explore the evolution of LCMs and
clarify two distinct scenarios in LCM fine-tuning: general and domain-specific.
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2.1 Large Code Models

The rapid advancements in deep learning (DL) techniques have led to the development of DL
models capable of generating code with near-human or even superhuman performance [6, 11, 81].
These models are often integrated into development workflows through APIs (e.g., GPT-4 [51])
or IDE plugins (e.g., Codex [50]), revolutionizing the way developers write code by improving
both efficiency and quality. The majority of state-of-the-art LLMs employ the Transformer [75]
architecture, which relies on attention mechanisms to enable tokens to communicate and exchange
information with each other. This architecture allows LLMs to generate text sequentially, predicting
the next token based on the preceding context [59]. Building upon the success of LLMs, LCMs have
emerged as a specialized variant tailored specifically for code-related tasks, leveraging the same
underlying architecture. The development of a well-performed LCM typically involves a two-step
process. First, a foundation model is selected and further pre-trained on a vast corpus of code,
resulting in a “base model.” Second, the base model undergoes fine-tuning on a task-specific dataset
using various fine-tuning techniques, ultimately yielding a fine-tuned model optimized for the
desired task [6]. A notable example is the CodeLlama base model, which is derived from the Llama
2 foundation model and offers instructed version models [66].

2.2 Supervised Fine-tuning

Formally, the SFT process of the target model can be outlined as follows: for the specific domain d
with context ¢?, each task example (x%, y?) is utilized to update the model parameters. This update
aims at minimizing the loss function that measures the disparity between the data distribution and
the target model distribution, as expressed below:

Lser(6) = —log fo(y|c?, x%), 1)

Overall, this function seeks to minimize the negative log-likelihood of the target output y¢ given
the context ¢? and input x?, with respect to the model parameters . Lspr converges when the
generated response i matches y¢, i.e., the distribution of fine-tuned model aligns with the task
dataset distribution. Compared to other fine-tuning methods such as Reinforcement Learning
from Human Feedback (RLHF) [52] or Direct Preference Optimization (DPO) [61], SFT is more
efficient and effective, as it does not require a human preference dataset. Consequently, SFT
becomes a standard procedure for developing high-quality general-purpose LLMs [5, 52] and has
proven invaluable for customizing these models across numerous domains, such as medicine [67],
finance [10], and various other fields, significantly enhancing their applicability and effectiveness
in specialized contexts.

Notably, SFT methods can be further categorized into two main approaches: (1) full parame-
ter supervised fine-tuning (SFT) and (2) parameter-efficient fine-tuning (PEFT). Although PEFT
demonstrates high performance while using fewer parameters, studies [23, 86] have shown that
it primarily assists the model with response initiation and extracts most of the response from
pre-trained knowledge. In other words, PEFT does not significantly contribute to the model’s ability
to acquire new knowledge. Therefore, in this study, we focus on the full parameter fine-tuning
approach and refer to it as the SFT.

2.3 Two Mainstream LCM Fine-tuning Scenarios

The primary purpose of fine-tuning LCMs is to enhance their performance on code generation tasks
and align them with human instructions. Based on whether the fine-tuned models are intended for
specific domains, LCM fine-tuning can be categorized into two mainstream scenarios, general and
domain-specific, each facing distinct data scarcity, as illustrated in Fig. 1(a).
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General Scenario. In this scenario, the fine-tuned model is designed as a universal code generation
tool aimed at improving its general generation capabilities. A prime example is the instructed
version of CodeLlama [66], which demonstrates superior performance across a wide range of
code generation tasks compared to its base model. Researchers and practitioners working on
fine-tuning general LCMs often face an abundance of existing datasets, such as OSS-instruct [82]
and CodeExercise [12], which are typically derived from various online code repositories and
programming forums using LLMs.

While the generation methods behind these datasets attempt to synthesize a diverse range of code

snippets, they are inherently constrained by the quality of online code samples and the restricted
number of programming forums. Consequently, these datasets often suffer from a paradox of
quantity over quality, containing a large volume of data with inconsistent quality. For researchers
aiming to construct SFT datasets to enhance a model’s general performance, an efficient and
cost-effective dataset synthesis approach would involve creating new SFT datasets by judiciously
selecting from existing datasets.
Domain Specific Scenario. In real-world applications, LCMs are often designed to meet the
unique requirements of their target audience. For example, Pecan [54] focuses on generating
machine learning code, while SQLCoder2 [14] specializes in generating SQL-related code. In such
cases, fine-tuning aims to enhance the model’s performance in specific domains by leveraging
domain-specific datasets and integrating pertinent domain knowledge into the model.

Users aiming to tune domain LCMs frequently encounter a key challenge: the scarcity of high-
quality, domain-specific datasets. Curating such datasets demands expertise in the target domain and
often involves manual collection, cleaning, and annotation of code samples—a process that is both
time-consuming and resource-intensive [13, 90]. Moreover, many valuable datasets may originate
from proprietary company codebases, limiting their public availability and further exacerbating the
data scarcity issue. Given these constraints, there is a pressing need for an efficient and adaptable
framework that facilitates the synthesis of high-quality, domain-specific datasets. Such a framework
would ideally minimize the reliance on extensive manual data generation while still capturing
the nuances and complexities of the target domain, thereby enabling more effective and targeted
fine-tuning of LCMs for specialized applications.

3 A MOTIVATION EXAMPLE

While APIs have been widely recognized for their effectiveness in program synthesis [69], this
paper presents a novel perspective on their role in enhancing the performance of LCMs through SFT
dataset synthesis. To ease understanding, this section provides a motivating example to illustrate
the benefits of using APIs in LCM program comprehension. Our example aims to elucidate how
API-level abstractions can significantly improve an LCM’s ability to understand and process code
semantics, thereby underpinning our approach to SFT dataset synthesis.

Considering Fig. 2, where we present two semantically equivalent code snippets, both aim to
find customers who purchase both electronics and home goods (loyal_customers). Code snippet A
utilizes the highly abstracted np.intersect1d() API call, while code snippet B replaces the API
call with its official implementation. We input these code snippets into the llama2-7B-hf model,
prompting it to summarize the program functionality. The llama model yields responses A and B,
respectively (as shown in the bottom left of Fig. 2).

Moreover, to gain insight into the model’s internal processing, we analyze the attention mecha-
nisms within the LCM. Attention scores, a key component of Transformer-based models, reflect
the model’s understanding of input importance [75]. We calculate the average attention score
for each token across all attention heads in the model’s final layer. The top 20 tokens with the
highest average attention scores are highlighted in red for both programs. This visualization offers
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Fig. 2. An illustrative example showing the crucial role of APIs in helping LCMs understand programs. For
readability, we have shortened the example code and simplified the API calls. The blue box on the left shows
the original highly abstract code using APIs, while the right one displays the code after we manually expanded
the API calls. The tokens highlighted in red are the top 20 tokens with the highest average attention scores
across all attention heads in the model’s last layer.

a glimpse into how the LCM prioritizes different parts of the input, potentially revealing differences
in its comprehension of highly abstracted API calls versus their expanded implementations. Based
on the example, we summarize the following three key advantages of using API abstractions in
LCM program comprehension:

1. Token Efficiency: The most apparent advantage of using APIs is the substantial reduction
in token count. The API-abstracted code (snippet A) is significantly shorter than its expanded
counterpart (snippet B), comprising only 49% of the original length. Importantly, it has been
pointed out that the computational intensity and resource requirements of LCM fine-tuning
and inference processes correlate positively with input token count [30, 75]. Therefore,
the reduced token count in API-abstracted code snippets implies that the LCM’s resource
consumption will be significantly lower, and we envision that API abstraction will support
more efficient LCM fine-tuning and inference.

2. Semantic Comprehension: A closer examination reveals the benefits of APIs in enhancing
LCMs’ understanding of program semantics. Real-world API names often encapsulate pro-
gram functionality, enabling more concise and semantically rich code. Analyzing the model’s
responses, we observe that highly abstracted APIs more accurately reflect the program’s
functionality. Response A precisely captures the program’s aim of finding customers who
purchased both electronics and home goods, while response B merely describes the func-
tion’s operations. This demonstrates how API abstraction swiftly mitigates LCMs’ hurdles in
understanding complex program semantics, thereby enhancing their performance.

3. Internal Attention Patterns: When examining the LLM’s internal behavior, we notice that
API calls typically receive higher attention scores. In contrast, manually expanded programs
fail to allocate similar levels of focus on key tokens. This analysis further suggests that the
high-quality language abstraction provided by APIs augments the model’s comprehension
ability towards crucial semantic elements.

Overall, our key insight is that APIs unleash a new dimension in SFT dataset synthesis by
augmenting the comprehension capabilities and reducing the resource consumption of LCMs with
code API-level abstractions. Given the pervasive use of APIs in modern programming, this insight
is particularly valuable, as the extra cost of involving APIs is often negligible, while the benefits
are substantial. This insight is the cornerstone of our API-guided framework, which consists of
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two components to achieve well-performing and low-cost SFT dataset synthesis under different
scenarios. The subsequent sections will introduce these two components in detail.

4 API-GUIDED DATASET SELECTION (DSEL): DESIGN AND EVALUATION

We first define the problem in Sec. 4.1: we aim at selecting a subset from an SFT dataset to optimize
the performance of a model trained on this subset. In the following subsections, we first introduce
DskL, and present the implementation and evaluation results in the following subsections.

4.1 Problem Formulation

Given an SFT dataset D = (x;, yi)?il, where each example consists of an instruction x; and its
corresponding code y;, our goal is to select a subset D’ C D of size n (n < N) such that a model
trained on this subset achieves maximum performance on general code generation tasks, which
can be formulated as:

Perf D’ .t D'| =n.
g}a&() erformance(D’) s ID'| =n )

Despite the rather straightforward formulation, predicting the performance of a fine-tuned model
is challenging. Drawing inspiration from our key observations in Sec.3, which demonstrated the
influence of APIs on LCM code comprehension, we propose using API coverage as a proxy measure
for performance. Furthermore, building on previous research that highlights the importance of
diversity in dataset quality [3, 55, 90], we also consider the diversity of code lengths in the selected
subset. To quantify this aspect, we introduce a length diversity measure, LenDist(D’, D), which
assesses the similarity between the length distributions of the subset D’ and the original dataset D.
Incorporating these design considerations, we reformulate our optimization problem as:

’ ’ - . ’ <
g,leg% APICoverage(D’) s.t. |D’| =n, LenDist(D’,D) < t, 3)

where APICoverage(D’) represents the number of unique APIs covered in subset D’, and 7 is a
length diversity threshold. This formulation aims to maximize API coverage while maintaining a
representative distribution of code lengths.

SFT Dataset Selection vs. Test Case Selection. Test case selection is a well-studied problem
in software testing, with the objective to select a subset of test cases T’ C T from a large pool
T while maintaining software quality and reducing the number of test cases [42, 85]. Although
both test case selection and dataset selection can be formulated as optimization problems, there
is a notable difference: as new, non-trivial examples are continuously added to the existing test
case set, code coverage will monotonically increase, such that the software will be tested more
thoroughly. In contrast, such a monotonicity does not hold for SFT; adding more code snippets
does not necessarily lead to better model performance on the task, as it may introduce more noise
or cause overfitting [24], resulting in performance degradation.

4.2 Selection Algorithm

Although the optimization problem here can be solved through an exhaustive search approach, it
quickly becomes infeasible for large datasets due to the combinatorial explosion of possible subsets.
Therefore, we propose a sub-optimal greedy algorithm in DsEL to efficiently solve this problem.
The main idea is to iteratively select examples that maximize the incremental API coverage while
maintaining the diversity of code lengths. The detailed steps are shown in Algorithm 1. We first
initialize the selected indexes subset as empty and the API set as empty (line 2). We also initialize a
list bucket.p; to keep track of the number of examples selected for each length bucket and calculate
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its initial values by distributing the total number of examples to be selected (n) across the buckets
based on the length distribution of the original dataset (lines 3-4).

In each iteration (lines 5-17), we select the example that adds the most uncovered APIs to the
current API set. To ensure diversity, we prioritize examples from underrepresented length buckets.
We traverse each non-empty bucket (line 7) and each example within the current bucket (line 8).
For each valid example (i.e., not already selected and belongs to the current bucket), we calculate
the number of new APIs it would add to the API set (lines 9-10). We update the best example if it
adds more new APIs than the current best (lines 11-12). If the best example is found for the current
bucket, we break the loop and move to the next iteration (lines 13-14).

After selecting the best example, we add its index to the selected indexes subset, update the API
set with its APIs, and decrement the count for its corresponding length bucket (lines 15-17). We
repeat this process until n examples are selected or no more examples can be added to improve the
API coverage.

Algorithm 1 SFT data selection using DSEL.

Require: n (Number of cases to select), api_stats (API statistics for each case), case_lens (Lengths of each
case), buckets (Number of buckets for length distribution)
Ensure: Indices of selected cases
1: procedure SELECTTOPAPI(n, api_stats, case_lens, buckets)

2: Initialize selected « [], api_set «— {} > Init selected indices and API set
3: Initialize bucket_cnt « [0] X buckets > Init bucket counts
4: Calculate initial bucket_cnt based on n, case_lens and buckets > Distribute n cases across buckets
5: fori «— 1tondo
6: Initialize best « —1, max_new « —1
7: for bkt in prioritized order do > Traverse each non-empty bucket
8: for id, apis in api_stats do > Traverse each case for current bucket
9: if id is valid for current bkt and not in selected then

10: Calculate new_apis for id > Number of new APIs id would add to api_set

11: if new_apis > max_new then

12: Update best «— id, max_new <« new_apis

13: if best # —1 then

14: break

15: if best # —1 then

16 Add best to selected, Update api_set with APIs from api_stats[best]

17: Decrement bucket_cnt for the corresponding bkt by 1 > Update bucket count

18: return selected

4.3 Experimental Setup for General Scenario

SFT Datasets. We evaluate DseL on two datasets: CODEE and OSS. CODEE is primarily sourced
from the CodeExercise dataset [12], which contains programming exercises covering a wide range of
Python-related topics, including basic syntax, data structures, algorithm applications, and database
queries. To further enhance the dataset’s diversity and quality, we supplement it with the MEIC
dataset [76], which follows a similar data generation process and template, providing a substantial
number of high-quality instruction pairs. In contrast, OSS is derived from the MagicCoder’s OSS-
Instruct dataset [82]. This dataset generates a large number of instruction pairs by querying GPT-3.5
with a combination of real-world code snippets. To ensure data quality and consistency, we apply
a further processing step to both datasets. We select Python-related examples, remove instances
failing syntax checks or exceeding length thresholds, and eliminate potentially invalid or excessively
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Table 1. Hyper-parameter settings.

Hyperparameter ‘ Value H Hyperparameter ‘ Value
Optimizer AdamW [33] Warm-up steps 100
Learning rate 5e-6 Training batch size 64
LR scheduler Cosine Scheduler [41] || Validation batch size | 32
Sequence Len. 2,048 Adam epsilon le-8
Max. gradient norm 1.0 Precision BF16
Max Gen. Tokens ‘ 512 H Top-P ‘ 0.95

long code snippets. This filtering process helps to eliminate any potentially invalid or excessively
long code snippets that may adversely affect the training process. After processing, we obtain
76,512 examples from CODEE and 37,284 examples from OSS, forming the basis for evaluating our
proposed SFT subset selection method.

Models. For our SFT experiments, we select CodeLlama, a family of LCMs based on Llama 2, as our
starting point. CodeLlama has demonstrated strong performance in code-related tasks and has been
widely adopted in previous works [15, 73, 87], establishing itself as a reliable benchmark model. To
investigate the impact of model size on the effectiveness of SFT, we consider three different sizes
of the CodeLlama base model: 7B, 13B, and 34B parameters. As noted in Sec. 2, META provides
both base and instructed versions of CodeLlama. We opt for the base version to ensure that our
evaluation is not influenced by the fine-tuning process used in CodeLlama’s instructed version, as
the technical details and SFT datasets used are not clearly disclosed [66]. Using the base version
allows us to isolate the effects of DsEL and maintain a fair comparison across different model sizes,
without potential confounding factors introduced by the instructed version’s fine-tuning process.
Benchmark. We select Humaneval [9] as our benchmark, which has become a widely accepted
standard for evaluating the performance of SFT models on code generation tasks [4, 15, 49, 71].
Humaneval comprises a diverse collection of programming problems accompanied by human-
written instructions and corresponding code solutions. This benchmark serves as a reliable indicator
of a model’s general code generation capabilities.

Metrics. In line with prior studies [2, 37, 45, 66, 83], we employ the Pass@k metric to assess the
accuracy of LCMs in solving programming problems. This metric determines whether LCMs can
pass all unit tests within k generated solutions. Formally, it can be expressed as:

% T, (1(pass,))
Pass@k = = " , 4)

where n and k represent the number of problems and the number of generated solutions, respectively.
s{ denotes the j-th solution for the i-th problem. The function 1(x) returns 1 if x is True and 0
otherwise, and pass(s) returns True if the solution s successfully passes all unit tests. Following [37,
45, 83], we adopt Pass@1 as our primary metric, i.e, k = 1.

In addition to the Pass@k metric, we employ the Jensen-Shannon (JS) divergence [21] to evaluate
the similarity between the length distributions of the selected subset and the original dataset.
To calculate the JS divergence, we divide the range of code lengths into equal-width bins and
compute the normalized frequency counts of code lengths falling into each bin for both datasets.
The JS divergence between the two resulting distributions measures their similarity, ranging from
0 to 1, with smaller values indicating higher similarity. A smaller JS divergence suggests that the
selected subset better represents the code length diversity of the original dataset, helping assess
the representativeness of the selected subset in terms of code length distribution.
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Table 2. Comparative analysis of subset selection methods on BENCH. APl coverage (higher is better) and
Jensen-Shannon (JS) divergence (lower is better) are shown for different subset sizes using Random selection,
Clustering-and-Retrieve (CaR), and our proposed DsEL.

API Coverage (%) JS Divergence
Random | CaR | DseL | Random | CaR | DseL
2.5% 6.84 7.01 18.95 0.0787 | 0.0886 | 0.0763

5% 13.08 11.55 | 39.84 0.0760 | 0.0739 | 0.0734
0SS 10% 26.53 22.45 | 55.33 0.0678 | 0.0781 | 0.0677
20% 25.99 40.06 | 67.23 0.0772 | 0.0801 | 0.0659
25% 31.67 56.26 | 77.82 0.0765 | 0.0798 | 0.0546
2.5% 6.74 7.76 23.37 0.0546 | 0.0560 | 0.0512

5% 11.86 11.70 | 36.98 0.0538 | 0.0539 | 0.0514
CODEE | 10% 19.45 19.09 | 56.45 0.0543 | 0.0550 | 0.0503
20% 32.17 32.21 | 89.00 0.0547 | 0.0539 | 0.0310
25% 38.21 37.97 | 100.00 | 0.0543 | 0.0540 | 0.0208

Dataset | Size

Hyperparameters. Table 1 lists the hyperparameters used in our experiments. For DsEL, we set the
number of buckets to 40 and the budget constraint n to 2.5%, 5%, 10%, 20%, and 25% of the training
data size. These settings allow us to investigate the effectiveness of our method under different
data budgets. The API coverage is calculated based on the unique APIs in the selected subset. All
experiments are conducted on a server equipped with eight H800 GPUs, each having 80GB of
graphic memory. To optimize GPU memory usage and improve training efficiency, we employ
Optimizer State Sharding (ZeRO 3) techniques from DeepSpeed [62, 63]. For larger models such
as CodeLlama 34B, we further offload the optimizer state into CPU memory to mitigate potential
out-of-CUDA memory issues. Following [76], we allocate 10% of the training samples as a validation
set. During training, we monitor the validation loss and select the three checkpoints closest to the
lowest validation loss for inference. From these three checkpoints, we choose the best-performing
one as our final model.

4.4 Results for DseL

In this section, we first analyze the subset selection results of DsEL in terms of API coverage and
JS divergence. Then, we evaluate the performance of SFT models trained on the selected subsets
using the Pass@1 metric on the Humaneval benchmark. Finally, we provide a detailed analysis of
the results and offer insights into the effectiveness of DsEL.

4.4.1 Comparative Analysis of Subset Selection Methods. To comprehensively evaluate the effective-
ness of DsEL, we conduct experiments on two datasets (OSS and CODEE) and compare DsEL against
two baselines: random selection (Random) and a clustering-based selection (CaR) [22]. For the
Random baseline, we randomly select three sets of examples using different random seeds, perform
a preliminary study, and choose the seed that yields the best results for subsequent experiments.
In the CaR baseline, we follow the same setting, where we use the Sentence-BERT model [64] to
embed the instruction pairs and apply K-means [31] clustering algorithm on the feature vectors
processed by PCA [1]. We then select the top k examples from each cluster as representatives. The
results are shown in Table 2, from which we can make the following observations:

API Coverage Analysis. DsEL consistently achieves significantly higher coverage compared
to both Random and CaR across all subset sizes and datasets. Notably, at the 25% subset size,
DsEL covers 77.82% and 100% of the unique APIs for the OSS and CODEE datasets, respectively,
outperforming the baselines by 33.85% and 41.80%. This demonstrates the effectiveness of DsEL
in maximizing API coverage through its iterative greedy selection approach. As the dataset size
increases, the API coverage of all three methods increases. However, the convergence speed is
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Fig. 3. Pass@1 score of DseL, Random, and CAR on the Humaneval benchmark using CodelLlama models of
different sizes trained on subsets of varying sizes from the OSS and CODEE datasets in BENCH.

slower on OSS compared to CODEE, with DskL achieving a coverage increase of 58.87% from 2.5%
to 25% subset size on OSS, compared to a 76.63% increase on CODEE. This indirectly reflects the
challenge of finding a well-covering subset for OSS, as it stems from complex real-world code
crawled from the internet. Interestingly, all methods’ API coverage values are higher than the
corresponding dataset percentages. We attribute this to that different examples contain varying
numbers of APIs, as well as some examples are relatively easy or share common APIs, such as
max(), min(), etc. Such usage overlap leads to higher API coverage values.

JS Divergence Analysis. DsEL consistently maintains lower divergence compared to the baselines,
especially at larger subset sizes. On average, DsEL achieves JS divergence that is 0.0128 lower
than Random and 0.0203 lower than CaR. At the 25% subset size, DSEL achieves JS divergence of
0.0546 and 0.0208 for OSS and CODEE, respectively. These values are 0.0219 and 0.0252 lower than
Random, and 0.0252 and 0.0332 lower than CaR for OSS and CODEE, respectively. This highlights
the ability of DsEL to select subsets that closely resemble the length distribution of the original
dataset. Similar to the API coverage results, we observe that the JS divergence decreases more
slowly on OSS compared to CODEE, with a decrease of 0.0217 from 2.5% to 25% subset size on
0SS, compared to a decrease of 0.0304 on CODEE. This further reflects the complexity of the data
distribution and the effectiveness of DsEL in handling it.

4.4.2 DseL’s Performance Evaluation and Analysis. Fig. 3 presents the evaluation results of DsEL on
the Humaneval benchmark using CodeLlama models of different sizes (7B, 13B, and 34B), in which
the score is represented by pass@1 rate. Overall, we view the results as highly promising. We now
analyze the results by analyzing the “full dataset training” and two random selection baselines.
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We first investigate how models fine-tuned using DsEL-selected subsets perform compared to
those trained on the full SFT dataset (denoted as “FULL” in Fig. 3). Interestingly, we observe that for
the 7B model, using the full SFT dataset yields better results than using subsets selected by DsEL.
However, this trend reverses for the 13B and 34B models, where using fewer examples selected
by DskEL leads to better performance. Moreover, we find that the larger the model, the smaller the
number of examples required to achieve superior performance compared to training on the full
dataset.

We hypothesize that this phenomenon can be attributed to the following reasons: The 7B model
may not have effectively learned code-related knowledge during pretraining, thus requiring more
data to assist in its learning process during SFT. On the other hand, the 34B model has already
acquired a substantial amount of code-related knowledge during pretraining, enabling it to learn
more effectively with only a small amount of carefully selected data during SFT. This finding has
significant implications, as larger models incur higher fine-tuning costs in terms of both time
and hardware requirements. The effectiveness of DsEL in improving the performance of larger
models while using fewer examples demonstrates its potential to greatly reduce the computational
resources needed for SFT, making it more feasible to develop and deploy large-scale LCMs.

Besides the full dataset results, DsgL largely improves the performance of SFT models across

all model sizes and datasets compared to the random selection (Random) and clustering and
ranking (CAR) baselines. On average, DsEL outperforms Random and CAR by 7.96% and 7.14%. In
general code generation scenarios where syntax and semantics correctness is required, this relative
improvement means approximately 7-8% more user queries can be correctly processed on the first
attempt. Even considering just a single round of re-querying (i.e., simply asking again to obtain the
correct result), this improvement translates to at least 7% reduction in computational costs, which
can be significant in large-scale applications.
Impact of Model Size and Dataset Quality. First, we observe that as the model size increases
from 7B to 34B, the relative improvement brought by DsEL also increases. For instance, on the
CODEE dataset, compared to the base model finetuned with two baselines, DsEL achieves an average
Pass@1 improvement of 4.29% for the 7B model, while the improvement increases to 7.06% and
5.45% for the 13B and 34B models, respectively. This suggests that larger models generally benefit
more from the intelligent selection of SFT data by DsEL. Second, we notice that the performance of
models finetuned on the OSS dataset is consistently lower than those tuned on the CODEE dataset
by a margin of 8.29%. This significant gap highlights the importance of dataset quality and the
limitations of using open-source code to construct SFT datasets. Finally, we find that for larger
models (13B and 34B), increasing the subset size does not always lead to better performance, which
is consistent with the findings in [16].

Implication for DSEL: Selecting subsets of existing datasets with higher API coverage not only
aids in efficient dataset synthesis, but also provides increasingly significant benefits as model size
scales up.

5 API-GUIDED DATASET GENERATION (DGEN)

Building upon our previous analysis of API impact on LCMs, both without fine-tuning (Sec. 3) and
fine-tuning in general scenarios (Sec. 4), we now address the challenge of dataset scarcity in domain
usages. To complete our framework and provide a comprehensive solution for dataset synthesis,
we introduce DGEN, a component designed for generating high-quality SFT datasets leveraging
API combinations.
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Library: Numpy

API Chosen: np.squeeze(),
np.random.uniform(), np.vstack(),
np.var(), np.median()

Skeleton code:
def function_name():
<Random Stmt>
if <IF CONDITION>:
<Random Stmt>
<Random Stmt>
if <IF CONDITION>:
<Random Stmt>
for <FOR ITERATION>:
<Random Stmt>
<Random Stmt>

(a) Overview of DGEN for SFT dataset generation and BENcH for evaluation. (b) An example of key com-
ponents in DGEN’s step2.

Fig. 4. Overview of DGEN for SFT dataset generation and BENCH for evaluation, with an example of key
components in DGEN’s instruction generation process.

5.1 Problem Statement and Approach Overview

Extending our research beyond the scope presented in Sec. 4.1, we now confront a more complex
challenge: the absence of a pre-existing dataset D. Our task evolves from subset selection to the
creation of an entirely new, “domain-specific” dataset from scratch.

Domain-Specific Context. In the context of this work, “domain-specific” refers to code related
to particular applications or specialized programming areas. For instance, relevant commercial
products like PECAN [54] specifically focus on synthesizing code for machine learning tasks
(where machine learning is their focused domain). Nevertheless, establishing a universal definition
over “domain-specific” code appears challenging. Therefore, we adopt a pragmatic approach: we
deem one library representative enough to scope a domain. For instance, we consider NumPy as
representative of the scientific computing domain, Pandas for data manipulation and analysis, and
Matplotlib for data visualization. This approach is intuitive, and it allows us to concretely define and
work with domain-specific datasets throughout our study. Unless otherwise specified, subsequent
references to domain-specific contexts in this paper adhere to this definition.

Fig. 4a illustrates the three-step process employed by DGEN for domain dataset synthesis: @ API
collection: Given the documentation of a library (usually can be obtained by crawling the library’s
official website), DGEN first extracts the complete API list, then categorizes them into “Advanced
APIs” and “Basic APIs” based on their popularity and complexity. @ Instruction generation: DGEN
further combines the APIs into B_SET and MIX_SET to specify the target functionality of the
generated code. It also incorporates skeleton domain-specific language (SKDSL) to define the code
structure, resulting in the assembly of comprehensive instruction prompts. @ Dataset generation:
Finally, DGEN uses the instruction prompts to generate data, validates them against a predefined
checklist, and produces a high-quality SFT dataset. These three steps are elaborated in Sec. 5.2.2,
Sec. 5.2.3, and Sec. 5.2.4, respectively.

In the following sections, we apply DGEN to three distinct domains: scientific computing, data
manipulation and analysis, and data visualization. These domains are represented by NumPy, Pandas,
and Matplotlib, respectively, chosen for their comprehensive API collections and meticulously
maintained codebases. This selection allows us to demonstrate the versatility and effectiveness of
DGEN across a range of practical programming scenarios. Furthermore, it is important to note that
the proposed technique is general and can be applied to other well-documented domains.
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SFT Data Generation vs. Test Case Generation. The generation of high-quality SFT datasets
shares certain commonalities with test case generation in software testing, despite their divergent
objectives. While test case generation aims to produce scenarios that trigger software failures,
SFT dataset generation seeks to create exemplars for improved model fine-tuning. In test case
generation, complex cases that traverse deeper code branches are generally considered more
valuable than trivial ones [20, 53]. Similarly, in SFT dataset generation, the quality of instructions
and code examples takes precedence over mere quantity. Zhou et al. [90] demonstrate that utilizing
1,000 high-quality, manually crafted instructions by domain experts yields significantly greater
performance improvements compared to larger but less curated datasets for SFT. However, a key
distinction lies in the emphasis on diversity. For SFT datasets, achieving a diverse range of functional
code completions is more crucial than solely pursuing complex corner cases.

5.2 Generation Algorithm

This section details DGEN’s three-step process for generating high-quality SFT datasets: API collec-
tion, instruction generation, and dataset generation. We first introduce the key insights of DGeN’s
design, followed by giving the details of each step.

5.2.1 Key Insights. DGEN incorporates two key insights. First, it frames the task as a transforma-
tion process from high-level requirements to concrete implementations. By providing the LLM
with specific, comprehension-friendly functional and structural requirements for code generation,
DgEN reduces the need for extensive domain-specific knowledge, enabling the model to focus on
translating clear specifications into actual code. Second, DGEN decomposes complex generation
problems into simpler sub-problems using API sets and SKDSL, lowering the capability threshold
required at each step.

As a result of these insights, DGEN reduces the strict demand for a “high-capability” model,
potentially enabling a weak-to-strong [7] generation paradigm where less capable models could
be used for initial data generation, which is then used to further improve the model performance.
DGEN’s novel approach enhances flexibility and cost-effectiveness, establishing it as a versatile
and scalable framework for specific dataset synthesis, adaptable to varying model capabilities and
domain requirements.

5.2.2  API Collection. To use DGEN for dataset generation, we first extract APIs from a targeted
library specified by the user. As illustrated in Fig. 4a, we first extract APIs from the library’s official
documentation, following the method proposed by [9]. This process yields 4,089, 3,296, and 3,683
APIs from Matplotlib, Pandas, and Numpy respectively, including their parameters and functional
descriptions. Then, we rule out certain APIs based on the following criteria: (1) APIs starting with
“__”or “c” are excluded, as they are typically internal or low-level APIs related to the underlying C
implementation; (2) For method implementations in both base and derived classes, we only retain
the base class implementation as the API call; (3) any API invocation with a method chain [48]
longer than three is excluded from further consideration.

Finally, we categorize the kept APIs into basic and advanced types. We select basic APIs directly
from the examples in the official tutorials of each library, limiting their number to 50. These basic
APIs are frequently used and easily understood, such as numpy . sum and pandas.read_csv. The
remaining APIs are classified as advanced, which are typically less common and often require
specialized knowledge, as exemplified by numpy.linalg.eig and pandas.DataFrame.groupby.
Proprietary Libraries. Notably, while this extraction and filtering process is straightforward for
most public libraries with comprehensive documentation, we assume similar completeness for
proprietary libraries considered for SFT dataset construction. It is worth mentioning that only
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Table 3. The prompt template with two slots ({Library} and {API chosen}). Text in red will only show up when
SKDSL is enabled.

[System prompt]: You are a teacher who is good at {Library}. You are exceptionally skilled at crafting
high-quality programming problems and offering precise solutions.

[User prompt]: Please take inspiration from the following list of application interfaces and their
definitions to create a quality programming problem. Requirement: Use to all APIs in the list. Present
your output in two distinct sections: [Problem Description] and [Solution]. API list for inspiration:
{API chosen} You will be given a Python code skeleton, and you need to follow the structure to
complete your solution. Example Python code skeleton: {SKDSL code}

Guidelines for each section: 1. [Problem Description]: This should be **completely self-contained™”,
providing all the contextual information one needs to understand and solve the problem. Assume
common programming knowledge, but ensure that any specific context, variables, or code snippets
pertinent to this problem are explicitly included. 2. [Solution]: Offer a comprehensive, **correct™
solution that accurately addresses the [Problem Description] you provided.

high-quality internal codebases typically require SFT, and organizations with substantial codebases
may customize their filtering rules to best suit their specific needs and codebase characteristics.

5.2.3 Instruction Generation. As shown in Fig. 4a, the second step of DGEN involves preparing
instructions for querying the LLM to synthesize the SFT dataset. More specifically, this step is
divided into two separate parts: choosing the appropriate APIs and selecting the prompt template.
For the chosen APIs, we consider two different strategies to create API sets of varying difficulty
levels:

B_SET = RandomSample(BasicAPIList, N)

5
MIX_SET = RandomSample(BasicAPIList U AdvancedAPIList, N) ®)

B_SET focuses on commonly used APIs, ensuring high coverage of basic functionalities. MIX_SET
introduces higher difficulty by incorporating advanced APIs, simulating real-world scenarios where
complex APIs are used alongside basic ones. The selected APIs, along with their relevant information
extracted from documentation, are then incorporated into the prompt template (see Table 3).
SKDSL for Code Skeleton Generation. While API sets of varying difficulties control code content
complexity, we design SKDSL, a domain-specific language, to govern code structure by allowing
rapid prototyping of Python’s high-level logic flow through specified Python keywords (e.g., def,
if, else). Given a randomly generated keyword list, we incrementally incorporate each keyword
into the code, randomly injecting valid statements (e.g., a = 1) between keywords. These injected
statements serve to create a more complete code skeleton, enabling subsequent validation by a
syntax checker. While this approach may occasionally produce invalid code skeletons, we maintain
it for its simplicity and efficiency. If an invalid skeleton is detected, we discard it and generate a
new one. This process of generating and validating is significantly faster than querying the LLM
for generation, often by a factor of thousands. Consequently, the occasional generation of invalid
skeletons has a negligible impact on overall efficiency, while allowing us to produce a diverse range
of valid code skeletons.

After generating the code skeletons, SKDSL integrates with a grammar checker to perform
basic validation, catching syntactic errors early before full implementation. This process enhances
the quality of the generated skeletons. Subsequently, we standardize these skeletons by replacing
random statements with the special token <Random Stmt> and conditions in control flow keywords
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(e.g., if, while) with <Corresponding Keyword + Condition>. These refined and standardized
code skeletons then serve as the example code part in the prompt template (see Table 3), which is
ultimately assembled into the final prompt for LLM querying. To illustrate this process, we present
an example in Fig. 4b, where a skeleton code incorporating two if statements and one for loop is
generated using five chosen NumPy APIs, demonstrating how these elements are assembled to
create the final prompt.

5.2.4 Dataset Generation. The final stage of DGEN uses the generated instruction prompts to
query the LLM, producing library-specific instruction and response code pairs. Each pair undergoes
format and length checks, discarding those that fail to meet specified criteria. These criteria include
the presence of a code snippet and content length requirements, where pairs with fewer than
32 tokens or more than 4,096 tokens are excluded. Subsequently, we perform content validation
on the remaining pairs. As mentioned in Sec. 5.2.3, the inserted random valid statements enable
grammatical correctness checks. Based on this, we define a threshold T (0 < T < 1) to determine
code acceptance. If the number of detected APIs in the generated code exceeds N X T, where N is
the required number of APIs, the pair passes content validation. Only the pairs that successfully
pass all the aforementioned checks are included in our SFT dataset.

Automated Pipeline. Notably, DGEN is designed to establish an efficient and automated SFT dataset
generation process. The entire procedure does not necessitate any manual intervention, from API
collection through instruction generation to dataset creation. It guarantees the scalability and
reproducibility of the dataset generation pipeline, facilitating the creation of extensive, high-quality
SFT datasets for a wide range of domain-specific libraries. By minimizing human involvement,
we not only increase efficiency but also reduce the potential for human-induced biases or errors,
ensuring consistent quality across large-scale dataset synthesis efforts.

5.3 BENcH: A Benchmark for Evaluating Code Generation in Specific Domains

To evaluate the effectiveness of DGEN and address the lack of existing benchmarks in this area, we
developed BENCH, a novel benchmark designed to assess model performance on specific domains. As
outlined in Fig. 4a, the creation of BENcH follows a three-step approach: @ problem selection through
a highly automated collection process, @ instruction rewriting using an automated rewriting process,
and ® human inspection with rigorous selection criteria. This comprehensive process ensures
the quality and relevance of the included questions, facilitating further research and assessment
of LCMs in specific domains. In the following subsections, we detail each step of this process,
beginning with our approach to problem selection.

5.3.1  Problem Selection. We use the Stack Exchange platform [70] to identify popular library-
specific questions, searching with the target library name as the keyword. We prioritize questions
with accepted answers or, in their absence, those with the highest-voted responses. To ensure
quality and relevance, we apply a filtering criterion based on the average monthly vote count,
considering only questions with at least 5 votes per month. We also verify the presence of the
target library in the answer code snippets. This process yields 439, 642, and 391 Python-related
question-answer pairs for Numpy, Matplotlib, and Pandas, respectively, encompassing a diverse
range of domain-specific tasks.

Data Leakage. Notably, to mitigate the risk of data leakage and maintain the integrity of the
evaluation, we exclusively consider questions posted between August 2023 and April 2024, ensuring
that the selected data is temporally distinct from the training data of the LCM model used for
comparison in our experiments. This temporal separation guarantees that the benchmark accurately
assesses the model’s ability to generalize to unseen domain-specific tasks, providing a fair and
unbiased evaluation of its performance.
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5.3.2 Instruction Rewriting. To enhance the quality of the selected question-answer pairs, we
employ a rewriting process similar to previous works [40, 90]. First, we extract code snippets from
raw answers, removing unrelated information, indentation symbols, and HTML tags (e.g., <p>).
Then, we utilize GPT-4 to generate refined instruction pairs based on the questions and answers. This
process involves improving clarity, eliminating unnecessary details, and ensuring the instructions
are easily comprehensible. GPT-4 assists in creating clear, concise guidance accompanied by relevant
code snippets. The result is a set of high-quality instruction pairs that effectively capture the essence
of the original question-answer pairs while significantly enhancing their clarity and usefulness for
evaluating LCMs in specific libraries.

Table 4. Human evaluation criteria for the quality of instruction pairs.
Criteria for INSTRUCTION

Dimension Description Main Checklist

Contextualization The instruction includes context on code functionality, Check for clear specs of code purpose, interface, require-
inputs/outputs, and constraints. ments and key details.

Feasibility The instruction is clear, specific, feasible, and easily un- Check for ambiguity, errors or unreasonable requests
derstandable. beyond AT’s capability.

Readability The instruction follows conventions for describing soft- Check for terminology, completeness, consistency, and
ware requirements. organization.

Relevance The instruction is relevant to the target library. Check that the task aligns with the intended use and

functionality of the target library’s APIs.
Criteria for RESPONSE

Dimension Description Main Checklist

Correctness Responses should be syntactically correct, functional, and ~ Check for syntax errors, logical bugs, and deviations from
follow the library’s best practices. the library’s common usage or style guidelines.

Readability Responses should be clean, well-structured, and use mean- Check for unclear code, inconsistent formatting, and
ingful variables, avoiding excessive randomness. poorly named variables or functions.

Usefulness Responses should directly address the user’s request and  Check that the code directly solves the requested task
provide helpful solutions. and provides a helpful solution.

Safety Responses should be harmless and not about non-ethical ~Check for the promotion of illegal activities or inappro-

topics. priate content.

5.3.3  Human Inspection. Finally, in the third step, human inspection, we carefully review the
rewritten instruction pairs to ensure their quality and relevance to the target library. To maintain
consistency and objectivity during the human inspection process, we adhere to a set of predefined
criteria, as detailed in Table 4. These criteria encompass various aspects, including contextualization,
feasibility, readability, relevance, correctness, usefulness, and safety. Our inspection process follows
a similar approach to that of [40], with adaptations made to accommodate the specific requirements
of code generation. By applying these criteria rigorously, we ensure that the final benchmark
dataset meets high standards of quality and can effectively evaluate the performance of LCMs in
specific libraries. Instruction pairs that fail to satisfy any of the specified criteria are excluded from
the final benchmark. This meticulous inspection process guarantees that only the most suitable and
relevant instruction pairs are included. As a result of this comprehensive evaluation, we obtain 115
high-quality instruction pairs for each library. This curated benchmark dataset covers a wide range
of domain-specific tasks, providing a robust foundation for assessing the capabilities of LCMs in
generating accurate and effective code snippets for domain-specific programming challenges.

5.4 Experimental Setup for Specific Scenario
To evaluate the effectiveness of DGEN on BENCH, we employ the same models described in Sec. 4.3.
However, to better align with the specific requirements of BENCH, we have adjusted our evaluation
metrics and some hyperparameters accordingly.
Metrics. We employ four distinct metrics to comprehensively assess the performance of DGEN:
e CodeBLEU: We use CodeBLEU [65], a metric that evaluates the quality of generated code
snippets by comparing them to the ground truth code snippets. CodeBLEU takes into account
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token-level, structural-level, and semantic-level information. It consists of four components:
n-gram matching score BLEU, weighted n-gram matching score weighted_BLEU, syntactic
AST matching score AST_Score, and semantic data flow matching score DF_Score. The
overall CodeBLEU score is calculated as:

CodeBLEU = a * BLEU + f * weighted_BLEU
6
+y % AST_Score + § = DF_Score ©)

where a, §,y, § are the weights for each component, all set to 0.25 as suggested in [43, 80]. A
higher CodeBLEU score indicates better quality of the generated code snippets.
Cyclomatic Complexity: We use cyclomatic complexity [46] to measure the complexity of
the code generated by DGEN. This metric corresponds to the number of linearly independent
paths through the code and serves as an indicator of the code’s complexity, which quantifies
the number of decisions within a block of code. We apply Radon [60] to analyze the AST tree
of a Python program and compute its cyclomatic complexity.

Silhouette Coefficient: This metric measures the similarity of a sample point to its own
cluster compared to other clusters. It is calculated as (b(i) — a(i))/max(a(i), b(i)), where
a(i) is the average distance between sample point i and all other points in the same cluster,
and b(i) is the minimum average distance between i and points in any other cluster. The
value ranges from -1 to 1, with higher values indicating better clustering results. The overall
Silhouette Coefficient is the mean of the coefficients for all sample points.
Calinski-Harabasz Index: Similarly, Calinski-Harabasz Index (CH-Index) is used to assess
the compactness and separation of clusters. It is calculated as (SSB/(k — 1))/ (SSW/(n — k)),
where SSB is the between-cluster sum of squares, measuring the variance between cluster
centers, and SSW is the within-cluster sum of squares, measuring the variance of sample
points within each cluster. k is the number of clusters, and n is the total number of sample
points. A higher Calinski-Harabasz Index indicates better clustering quality, with more
compact clusters and greater separation between them.

Hyperparameters. We maintain consistency with most of the hyperparameter settings outlined
in Sec.4.3. However, to enhance training stability and ensure reliable results, we adjust the training
batch size from 64 to 32 for datasets containing fewer than 2,000 examples.

5.5 Results for DGEN

In this section, we present a comprehensive evaluation of DGEN. We begin by examining its
performance on BENCH and analyzing the impact of dataset size. Subsequently, we delve into an
analysis of internal logits for clustering evaluation. We then investigate the relationship between
pass rate and cost, as well as the influence of hyperparameters. Finally, we employ both LLM-based
and human evaluations to assess the quality of DGEN’s output.

5.5.1 Main Results. Table 5 presents the evaluation results on BENCH using CodeBLEU as the
metric for CodeLlama models of 7B and 13B sizes. We compare the performance of base models
without fine-tuning, models fine-tuned on the full CODEE dataset (76K examples), and models
fine-tuned using our generated datasets. “DSL-Guided” indicates whether SKDSL was used in
dataset generation. The “Dataset” column specifies the prompt selection method: BASIC uses only
the B_SET, MIX uses only the MIX_SET, COMB combines both BASIC and MIX, and COMB-BOTH
randomly selects 2K examples from each of the two COMB datasets, resulting in a total of 4K
examples. The “# Examples” column shows the detailed number of examples in each SFT dataset.

The results in Table 5 demonstrate that fine-tuning the models using our generated datasets
consistently improves their performance on all three libraries compared to the base versions without
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Table 5. Performance comparison of 7B and 13B models on the BENcH dataset. Scores are reported using the
CodeBLEU metric. Bold values indicate the highest scores for each model size and library combination.

Model Size Dataset DSL-Guided # Examples Numpy Pandas Matplotlib
13B - - - 0.1917  0.2014 0.2177
13B CODEE - 76k 0.3218  0.3183 0.3436
13B MIX No 2k 0.3380  0.3151 0.3679
13B BASIC No 2k 0.3493  0.3319 0.3699
13B COMB No 4k 0.3563  0.3470 0.3722
13B BASIC Yes 2k 0.3546  0.3359 0.3472
13B MIX Yes 2k 0.3535 0.3314 0.3519
13B COMB Yes 4k 0.3681  0.3452 0.3513
13B COMB-BOTH Yes 4k 0.3815 0.3552 0.3973
7B - - - 0.1467  0.1327 0.1442
7B CODEE - 76k 0.3112  0.2994 0.3312
7B MIX No 2k 0.3169  0.2802 0.3522
7B BASIC No 2k 0.3205  0.2811 0.3668
7B COMB No 4k 0.3324  0.3266 0.3714
7B MIX Yes 2k 0.3402  0.3064 0.3443
7B BASIC Yes 2k 0.3392  0.3033 0.3324
7B COMB Yes 4k 0.3425  0.3474 0.3336
7B COMB-BOTH Yes 4k 0.3452 0.3544 0.3795

fine-tuning. For instance, fine-tuning the 13B and 7B models with COMB-BOTH (4K examples)
achieves CodeBLEU scores of 0.3973 and 0.3795 on Matplotlib, representing relative improvements
of 82.4% and 163.2% over their respective base models. Moreover, using COMB-BOTH achieves
better results than fine-tuning with the full 76K examples from the CODEE dataset. For example,
fine-tuning the 13B model with COMB-BOTH outperforms fine-tuning with CODEE by 9.3%, 11.6%,
and 15.6% on Numpy, Pandas, and Matplotlib, respectively.

Impact of API Selection Strategies. Both API selection strategies contribute to the improvement
in model performance. The models fine-tuned with COMB consistently exhibit higher scores
compared to each component across all three repositories. On average, fine-tuning the 13B model
with COMB improves the CodeBLEU score by 3.5% and 5.1% compared to fine-tuning with MIX
and BASIC, respectively. While some individual improvements may appear modest in absolute
terms, the consistent upward trend across various settings underscores that the coverage of API
combinations is crucial to enhance the models’ ability to generate accurate and relevant code.
Impact of SKDSL. SKDSL plays a vital role in generating high-quality SFT datasets. Using SKDSL
improves the CodeBLEU score by 7.3% and 5.2% on Numpy and Pandas, respectively, compared
to the Non-SKDSL approach. However, for Matplotlib, the Non-SKDSL SFT dataset yields better
performance. Analysis of code length and cyclomatic complexity reveals that SKDSL-generated
code is longer (37.51%, 43.57%, and 27.01% for Numpy, Pandas, and Matplotlib) and more complex
(71.68% higher cyclomatic complexity) than Non-SKDSL code.

We hypothesize that this discrepancy in performance across libraries is due to their inherent
characteristics. The increased complexity benefits libraries like Numpy and Pandas, which require
more logical reasoning. In contrast, Matplotlib often involves simpler workflows where complex
code structures are less common. It’s worth noting that we did not dynamically adjust SKDSL
specifications to generate simpler structures in our experiments, which might have influenced
the results for Matplotlib. Despite these variations, COMB-BOTH achieves the best performance
across all three repositories, outperforming the two COMB groups by an average of 5.7% and 3.2%
on the 7B and 13B models, respectively. These findings demonstrate the effectiveness of DGEN in
generating SFT datasets, emphasizing the importance of considering both API coverage and code
structure in the dataset generation process.

Impact of Dataset Size. Audiences may question our choice of 2k as the minimum dataset
size in the above experiments. The primary rationale behind this decision stems from previous
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Table 6. Impact of dataset size on model performance and API coverage on Numpy.

Dataset Size 1k 2k 3k 4k
CodeBLEU 0.3142 0.3169 0.2969 0.3006
Basic API coverage 1.00 1.00 1.00 1.00

Advanced API coverage 0.9106 0.9525 0.9777 0.9804

research [90], which suggests that 2k high-quality examples are sufficient to produce an effective
SFT dataset and yield an excellent model with a stable training process. Conversely, using too few
examples (e.g., 10) can lead to training difficulties, such as convergence issues.

To further validate this choice, we conduct experiments on Numpy using four different dataset
sizes: 1k, 2k, 3k, and 4k. The results are presented in Table 6. Our findings reveal that a 1k dataset
achieves 100% coverage for basic APIs, while a 2k dataset surpasses 95% coverage for advanced
APIs. The CodeBLEU scores for the 1k, 2k, 3k, and 4k datasets are 0.3142, 0.3169, 0.2969, and 0.3006,
respectively. Interestingly, we observe that the CodeBLEU score peaks at 2k and slightly decreases
for larger dataset sizes. The coverage of advanced APIs increases from 0.9106 for the 1k dataset
to 0.9804 for the 4k dataset, but the rate of improvement slows down as the dataset size grows
beyond 2k. Balancing computational costs with the saturation of API coverage, we conclude that a
2k dataset size offers an optimal trade-off between model performance and efficiency.

5.5.2  Logits Analysis and Clustering Evaluation. Beyond evaluating the performance improvement
of our supervised fine-tuned models on downstream code generation tasks, we conduct a deeper
analysis to investigate how DGEN-generated SFT datasets impact the models’ ability to distinguish
between different third-party libraries. We treat questions from BENCH pertaining to distinct third-
party libraries as separate categories. Our analysis process involves several steps: ® encoding the
input instructions using the tokenizer to obtain input IDs and attention mask tensors; @ performing
a forward pass through the specific model with the encoded inputs to obtain the logits output; ®
computing the sum of logits weighted by the attention mask from the last layer; and @ applying
t-Distributed Stochastic Neighbor Embedding (t-SNE) [74] to reduce the dimensionality of the
logits sum data to two dimensions for visualization.

We evaluate clustering quality using Silhouette score and CH Index score (See in Sec. 5.4),
analyzing the base model and two fine-tuned variants for each model size. Table 7 presents the
average scores for each model configuration.

Table 7. Average Silhouette and CH Index scores for each model.

Base Model Dataset # Examples | Avg. Silhouette | Avg. CH Index
CodeLlama-7b | - - 0.079 6.282
CodeLlama-7b | CODEE 76k 0.085 6.249
CodeLlama-7b | COMB-BOTH 4k 0.076 6.906
CodeLlama-13b | - - 0.287 80.413
CodeLlama-13b | CODEE 76k 0.120 14.107
CodeLlama-13b | COMB-BOTH 4k 0.315 99.745

Our experimental results reveal two key insights. First, the DGeN fine-tuned model consistently
outperforms both the base model and the full dataset fine-tuned model across various configurations.
It achieves average CH index improvements of 16.98% and 408.76%, respectively. Interestingly, for
the 7B model, we observe a higher CH index despite a slightly lower Silhouette score. This anomaly
stems from a small cluster of Pandas data points incorrectly grouped with Numpy, as illustrated in
Fig. 5a.

Second, model size significantly impacts clustering performance. The 13B base model exhibits
stronger discriminative power compared to the 7B model. Moreover, the DGEN fine-tuned model
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Fig. 5. (a) Clustering behavior in the 7B model. (b) and (c) Comparison of the base 13B model and model
fine-tuned with DGEN in distinguishing between Matplotlib and Pandas.

demonstrates an improved ability to distinguish between third-party libraries. Fig. 5b and Fig. 5¢
illustrate this enhancement, showing the base and fine-tuned models’ performance in distinguishing
Matplotlib from Pandas. The fine-tuned model’s improved discriminative performance aligns with
the observed increases in Silhouette and CH index values.

5.5.3  Pass Rate and Cost. Our initial evaluation employs GPT-3.5 as the backbone LLM for gener-
ating SFT datasets, aligning with our baseline SFT datasets [12, 82] for fair comparison. However,
considering that vendors who construct these datasets and fine-tune models on them prefer to avoid
relying on closed-source models to prevent potential copyright disputes, it is crucial to assess the
ability of open-source models to generate high-quality datasets. Furthermore, as outlined in Sec. 5.2,
each generated code snippet undergoes a series of compliance checks, introducing a trade-off
between generation cost and pass rate.

To provide a comprehensive analysis of the trade-off between generation cost and pass rate, we
evaluate the pass rate of the SFT dataset generated by 8 different models, including 6 open-source
and 2 closed-source models of varying sizes. For each model’s generated responses, we set the
threshold T, as described in Sec. 5.2, to (0.2, 0.4, 0.6, 0.8, 1.0) to calculate the pass rates. The results,
presented in Fig. 6a, reveal a general trend of decreasing pass rates as the threshold increases,
indicating that more stringent criteria lead to lower acceptance of generated data. However, the
performance varies among different models. In terms of pass rates alone, GPT-4 consistently
outperforms all other models across all thresholds. Llama-3-70B, the largest open-source model in
our experiment, and GPT-3.5 alternate in leading performance at different thresholds, highlighting
their competitive capabilities. Conversely, some smaller models (e.g., Llama-3-8B) or models that
have undergone code continuation pretraining (e.g., CodeLlama-13b) exhibit lower pass rates across
all thresholds.

Considering the price differences among the top three models in terms of pass rates, GPT-3.5
emerges as a cost-effective option. The cost of generating one million tokens using GPT-3.5 is 0.5
(input) / 1.5 (output), which is only 58% of the cost of Meta-Llama-3-70B and 5% of the cost of
GPT-4. Therefore, GPT-3.5 strikes a good balance between the generation cost and the pass rate,
making it a suitable choice for our evaluation and subsequent SFT. Our experiments show that
generating a 4k SFT dataset using GPT-3.5 costs approximately 3 USD, whereas a human-written
dataset of comparable scale and quality would require contributions from over 334 volunteers [35].

5.5.4  Hyperparameter Impact. To further investigate the impact of hyperparameters on the perfor-
mance of DGEN, we conducted experiments with different combinations of temperature and top_p
values on GPT-3.5 with threshold T set to 0.6. The temperature ranged from 0.4 to 2.0, and top_p
ranged from 0.2 to 1.0. Fig. 6b shows the pass rate heatmap for various hyperparameter settings,
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Fig. 6. Comprehensive evaluation of LLM performance: Pass rate analysis and hyperparameter impact
assessment.

where the pass rate value indicates the percentage of generated code that satisfies the specified API
usage requirements.

The heatmap reveals that the pass rates range from 0.76 to 0.82 for most hyperparameter combina-
tions, with the best performance achieved when both temperature and top_p are set to 0.8, resulting
in a pass rate of 0.82. This suggests that the default hyperparameter configuration (temperature=0.8,
top_p=1.0) already yields good results, making it a suitable choice for generating high-quality data
that adhere to the specified API usage requirements. However, extreme hyperparameter config-
urations, such as setting both temperature and top_p to very high values (e.g., temperature=2.0,
top_p=1.0), can lead to the generation of incoherent text with random characters. This is because a
higher temperature value would increase the randomness of sampling, while a top_p value of 1.0
considers all possible tokens during sampling. The combination of high temperature and top_p
significantly increases the uncertainty of the output, resulting in the generation of incoherent
text containing a mix of seemingly random English words, programming terms, numbers, and
non-standard Unicode symbols. These extreme settings can negatively impact the quality and
coherence of the generated data, rendering them unusable for further fine-tuning.

5.5.5 Pairwise Comparison of Model Performance. To further evaluate DGeN’s effectiveness, we
conduct pairwise comparisons between responses generated by different models using both LLM-
based and human evaluations. We focus on 7B and 13B model sizes. For each size, we compare
the COMB-BOTH version (our primary model) against four variants: the CodeLlama-provided
instructed version, and versions fine-tuned on the full CODEE, BASIC, and MIX datasets respectively.
All fine-tuned models use the settings described in Sec. 5.5.1.

LLM-based Evaluation. As advanced LLMs demonstrate superior performance in providing
valuable evaluations, we follow previous work [89] and conduct an evaluation using GPT-4 as the
judge for our pairwise comparison. For each question, we compare the responses generated by
different models and ask GPT-4 to select the better one. The results are then aggregated to calculate
the win rate of each comparison, as shown in the column “Win Rate by GPT-4” in Table 8.

The results reveal two key findings. First, the model trained on the COMB-BOTH dataset
consistently outperforms the instructed version and the model fine-tuned on the entire CODEE
dataset, both of which utilize a significantly larger amount of data for fine-tuning. When using
CodeLlama?7b as the base model, COMB-BOTH achieves a remarkable win rate of 85.22% against
Instruct-hf and maintains win rates above 64% across all comparisons. This observation highlights
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Table 8. Win rates of model fine-tuned on COMB-BOTH compared to other models, evaluated by GPT-4 and
human judges.

Base Model | Compared Model | # Examples | Win Rate by GPT-4 | Win Rate by Human
Instruct-hf - 85.22% 94.67%
CODEE 76k 67.83% 74.52%
CodeLlama-7b BASIC 2k 72.81% 88.15%
MIX 2k 69.30% 81.34%
Instruct-hf - 84.55% 93.78%
CODEE 76k 64.35% 76.36%
CodeLlama-13b BASIC 2k 81.74% 89.33%
MIX 2k 71.93% 84.27%

the effectiveness of DGEN in generating a small quantity of high-quality, domain-specific data to
facilitate further SFT and improve performance in domain-specific code generation tasks. Second,
in line with the findings in Sec. 5.5.1, models fine-tuned with COMB-BOTH consistently exhibit
a win rate of more than 50% compared to each component (BASIC and MIX), demonstrating the
importance of combining different API sets in generating high-quality SFT datasets.

Human Evaluation. To validate our LLM-based evaluation, we conduct a complementary human
evaluation. We randomly select 25 samples for each model pair comparison and create an online
questionnaire. We invite five experts, including two industrial developers and three academic
researchers with expertise in Python, as participants. We provide two generated code snippets for
the same question without specifying their origins and ask the participants to evaluate the quality
of the code snippets based on the following criteria: (1) correctness, (2) relevance to the question,
and (3) readability. The participants are then required to choose the better response.

The human evaluation results, presented in Table 8, align with the LLM-based evaluation findings.
The primary model achieves an average win rate of 85.30%, significantly outperforming other models
and reaffirming our approach’s superiority in generating high-quality SFT datasets. To address
potential inter-rater variability [56], we calculate the Fleiss’ Kappa score [19] for the questionnaire.
The resulting score of 0.63 indicates substantial agreement among participants, bolstering the
reliability of our human evaluation results.

Implication for DGEN: The effectiveness of DGEN, validated through downstream benchmarks
(Sec. 5.5.1), internal logits analysis (Sec. 5.5.2), and human evaluations (Sec. 5.5.5), underscores
the crucial role of APIs in specific SFT dataset synthesis. By using APIs, DGeN frames specific SFT
dataset synthesis as a process of transforming high-level requirements into concrete implementa-
tions, enabling the decomposition of complex generation problems into manageable sub-problems.
This approach allows DATAScOPE to robustly and efficiently synthesize high-quality data without
relying on real-world datasets or being constrained by specific powerful, proprietary LLMs.

5.6 Alternative Generation Strategies

An alternative approach to dataset generation draws inspiration from real-world codebases. For
instance, MagicCoder [82] generates SFT datasets using GitHub repository code snippets. To
explore this method’s potential in domain-specific contexts, we conduct a comparison study by first
replicating MagicCoder’s approach. We instruct models to reference original code and incorporate
five specific Numpy APIs (np.squeeze(), np.random.uniform(), np.vstack(), np.var(), and
np.median()) in their generated code.

Fig. 7 illustrates the results of our test. Fig. 7(a) shows the real-world code snippet used to
inspire the LLM, while Fig. 7(b) displays the code generated by GPT-3.5. The output demonstrates
GPT-3.5’s difficulty in meeting the desired specifications. It merely adds a random condition
np.random.uniform(@, 1) > 0.5 to the existing if statement, failing to meaningfully utilize the
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defread css and check html(css_file, folder, template): defread_css_and_check_html(css_file, folder, template): def process(months_data):
css_content ="" css_content ="" cleaned_data = [np.squeeze(month) for month in months_data]
html_exists = False html_exists = False combined_data = np.hstack(cleaned_data)
if ¢ss_file is not None: if css_file is not I\«mcland np.random.uniform(0, 1)> ()_5:| noise = np.random.uniform(-0.5, 0.5, combined_data.shape)
with open(css_file, '') as f: with open(css_file, ) as f: noisy_data = combined_data + noise
css_content = f.read() css_content = f.read() variance = np.var(noisy_data)
himl_file = Path(f { folder}/layouts/ {template} /index.html') html_file = Path(f {folder}/layouts/{template} /index.html’)  median = np.median(noisy_data)
if html_file.is_file(): if html_file.is_file(): print(f'Variance of the noisy temperature data: {variance:.2f}")
html_exists = True html_exists = True print(fMedian of the noisy temperature data: {median:.2f}")
return css_content, html_exists return css_content, html_exists
(a) Original seed code snippet (b) OSS-inspired with GPT-3.5 (c) OSS-inspired with GPT-4

Fig. 7. Example of alternative generation strategy with various models, showing only the generated code
solutions. The accompanying problem descriptions are omitted for brevity.

Numpy APIs or alter the original code’s semantics. Furthermore, Fig. 7(c) showcases the output
from GPT-4. While GPT-4 demonstrates improved performance by integrating more of the specified
APIs, it still struggles to effectively draw inspiration from the provided code snippet. The resulting
code lacks the complexity and sophisticated structure found in the original snippet.

This comparison study reveals potential limitations in the generation approach based on real-
world code snippets. When the model’s capability is limited, it may struggle to generate meaningful
code. Even with more advanced models, the generated code may lack the desired complexity.
The insights gained from this test highlight the strengths of DGEN’s core design principles. By
decomposing complex problems to match LLM capabilities and specifying concrete APIs and
code structures, DGEN offers a more targeted and effective framework for domain-specific dataset
synthesis. This approach addresses the challenges observed in the alternative strategy, potentially
explaining DGEN’s superior performance in synthesizing high-quality, domain-specific datasets.

6 RELATED WORK

Component-based program synthesis. Program synthesis utilizing various levels of abstraction
and specifications has demonstrated effectiveness in previous research [17, 28, 47, 58, 78]. Our
work specifically relates to program synthesis techniques that generate concise code fragments
by utilizing components from existing libraries. The primary objective of these techniques is to
support developers in programming tasks through library code reuse or to test complex software
systems such as compilers. In these scenarios, a developer supplies an incomplete expression
[29, 57] or a method signature [18, 26, 27], and the program synthesis tool generates a ranked list
of implementation sketches that better align with the developer’s intent. While these approaches
strive to synthesize optimal solutions based on various factors (including code size, frequency of
API method invocations, type distance, or user intent), our objective diverges. We aim to generate
a diverse set of domain-specific programs to enhance SFT for LCMs.

Our work draws inspiration from THALIA [69], an API-driven program synthesis approach for
testing the implementation of compilers’ static typing procedures. However, THALIA emphasizes
exploring the connections between different API implementations and associating them to syn-
thesize meaningful programs that cover a wide range of type-related API usage patterns, aiding
in compiler testing. In contrast, our method does not prioritize the meaningfulness of API combi-
nations compared to existing code snippets. Instead, it focuses on creating unexpected programs
that are rarely found in the existing codebase. Regarding implementation details, we reference
SKETCH [68] in designing the “hole” concept in our code skeleton. Our approach contributes to the
SFT process by exposing the model to a more diverse set of programs, fostering a comprehensive
understanding of the target library’s API.

SFT Dataset Selection. LIMA [90] reveals that a limited amount of carefully curated human-
written SFT data is sufficient to teach models to produce high-quality output. Furthermore, Dong
et al. [16] discover that different abilities, such as math or reasoning, benefit from selecting varying
proportions of data from the entire dataset. Based on these findings, numerous studies have focused
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on selecting the most representative data from the original dataset. Jiang et al. [32] propose using
learning complexity (LC) as a scoring function for data pruning in classification and regression
tasks. Wang et al. [77] employ determinantal point processes to capture the diversity and quality
of SFT datasets for subset selection, measuring dataset diversity with log determinant distance
between the dataset of interest and a maximally diverse reference dataset. INSTRUCTMINING (8]
combines customized language indicators with an advanced searching algorithm to automatically
assess data quality and identify the optimal subset for fine-tuning language models.

In addition to selecting the most representative data using indicator-based methods, some studies
also consider employing DL models to aid in the selection process or using LLMs to rewrite the data
for quality improvement. Ge et al. [22] propose Clustering and Ranking (CaR), a two-step approach
that involves ranking instruction pairs using a scoring model aligned with expert preferences and
preserving dataset diversity through a clustering process. CoachLM [39] uses an LLM fine-tuned
on a coach finetuning dataset to rewrite the SFT data, enhancing the quality of fine-tuning datasets
through automatic sample revisions.

DskL distinguishes itself from these methods in two key aspects. First, to the best of our knowledge,
DskL is the first work specifically focusing on LCMs, while most existing work concentrates on
natural language processing tasks and relies on natural language indicators for selection. Second,
DskL is model-agnostic, meaning it does not require a deep learning model or training process
information to aid in the selection process, unlike existing work that depends on such resources.
SFT Dataset Generation. Various methods have been developed to generate high-quality SFT
datasets. Self-Instruct [79] aligns LLMs with human intent using teacher LLM-generated data,
while Evol-Instruct [84] creates large volumes of instruction pairs step by step with varying
complexity levels. These approaches have led to comprehensive datasets like Alpaca-GPT4 [55]
and Lmsys-chat-1m [88]. Demonstrating the power of synthetic data, Nvidia’s Nemotron-4 [3]
achieves state-of-the-art performance using 98% synthetically generated data in its alignment
process. For LCMs, Luo et al. [44] adapted Evol-Instruct to generate code snippets. Nemotron-4
further incorporated programming keywords in its generation process. However, these methods
often lack diversity in seed programs. To address this, OSS-Instruct [82] integrates real-world code
snippets, while AutoCoder [36] combines agent interaction with code execution verification to
generate “correct” programs.

DGEN distinguishes itself from existing methods in two key ways: First, it utilizes APIs in combi-
nation with program skeletons to generate high-quality SFT datasets, offering greater flexibility and
data control than relying on real-world code snippets or specific topics. Second, DGEN’s pipeline
doesn’t require any specific powerful model, further enhancing its capabilities and generalization.

7 CONCLUSION

We introduce DATASCOPE, an API-guided dataset synthesis framework for enhancing the fine-
tuning process of LCMs. Our approach, comprising DsEL for efficient subset selection and DGeN for
domain-specific dataset generation, addresses the challenges of dataset quality and scarcity in both
general and domain-specific scenarios. Extensive experiments demonstrate the effectiveness of our
framework, with models fine-tuned on datasets constructed using DseL and DGEN outperforming
those tuned on larger, unoptimized datasets. Our work highlights the crucial role of APIs in guiding
the synthesis of high-quality datasets for LCM fine-tuning. By leveraging API-level abstractions,
we offer a novel perspective on dataset synthesis that improves the efficiency and effectiveness of
fine-tuning. This API-guided approach to dataset synthesis not only enhances model performance
but also provides a scalable solution for both general and domain-specific applications of LCMs.
We believe that further research in this direction will lead to more powerful and adaptable LCMs,
opening new avenues for Al-assisted software development.
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