AlchemistCoder: Harmonizing and Eliciting Code
Capability by Hindsight Tuning on Multi-source Data
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Abstract

Open-source Large Language Models (LLMs) and their specialized variants, partic-
ularly Code LLMs, have recently delivered impressive performance. However, pre-
vious Code LLMs are typically fine-tuned on single-source data with limited quality
and diversity, which may insufficiently elicit the potential of pre-trained LLMs.
In this paper, we present AlchemistCoder, a series of Code LLMs with enhanced
code generation and generalization capabilities fine-tuned on multi-source data.
To achieve this, we pioneer to unveil inherent conflicts among the various styles
and qualities in multi-source code corpora and introduce data-specific prompts
with hindsight relabeling, termed AlchemistPrompts, to harmonize different data
sources and instruction-response pairs. Additionally, we propose incorporating the
data construction process into the fine-tuning data as code comprehension tasks,
including instruction evolution, data filtering, and code review. Extensive experi-
ments demonstrate that AlchemistCoder holds a clear lead among all models of the
same size (6.7B/7B) and rivals or even surpasses larger models (15B/33B/70B),
showcasing the efficacy of our method in refining instruction-following capabilities
and advancing the boundaries of code intelligence. Source code and models are
available athttps://github.com/InternLM/AlchemistCoder.
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Figure 2: Overview for developing AlchemistCoder series. We first integrate high-quality open-source
data (a) and conduct data evolution based on them (b). Then, we adopt AlchemistPrompt to harmonize
their inherent conflicts (c) and construct code comprehension data (d). We use a mix of these data to
fine-tune various pre-trained LLMs to obtain our AlchemistCoder models.

works [15, 132} 22, 136} 3] have amassed extensive code data for pre-training, while recent open-source
models [30} 44] highight the effectiveness of high-quality or targeted code fine-tuning datasets.
Despite these advancements, current fine-tuning methods mainly rely on a specific type of code-
related question-answering dataset, unlike the pre-training stage that integrates code-related corpus
from various sources [35]. Such a discrepancy indicates that the fine-tuning data may lack the
necessary diversity to fully stimulate the capabilities of base models, resulting in limited performance,
generalization, and robustness.

To overcome the limitations in quality and diversity within single-source data, we pioneer to explore
integrating multi-source data for Code LLM fine-tuning. However, this is a non-trivial paradigm
and blindly integrating multi-source data can potentially lead to inferior performance (e.g., the
DirectlyMix-L-7B model in Fig. [T). To track this, we unveil inherent conflicts in multi-source code
corpora, including conflicting code language requirements and response styles. Inspired by hindsight
relabeling [1} 48], we propose to design data-specific prompts to harmonize the inherent conflicts for
multi-source data integration, better eliciting the performance of base models. We term this form of
prompts as AlchemistPrompts, inspired by the power and definition of Alchemists:

“Alchemist: Someone Who Transforms Things for the Better.” —— Merriam Webster

Specifically, we first integrate several open-source code datasets and conduct instruction evolu-
tion [30] based on some of them (Fig. 2[a, b)). As shown in Fig. [2{c), for instruction-response
pairs of different sources, we adopt one LLM to generate AlchemistPrompts that accurately and
explicitly describe the characteristics as requirements of the response to enrich the instructions.
In-depth, the efficacy of AlchemistPrompts is twofold: 1) Harmonization between different data
sources: AlchemistPrompts generated from the same LLM have similar styles and can bridge the style
differences between sources, while the introduction of AlchemistPrompt-customized data, accounting
for only 5%, achieves a balance between data diversity and domain gaps; 2) Harmonization within
instruction-response pairs: As fine-grained and data-specific prompts, AlchemistPrompts are designed
to augment instructions with specific programming languages, algorithm concepts, and other code-
related information involved in responses, which can refine the alignment within instruction-response
pairs and enhance the instruction-following abilities of fine-tuned models.

Apart from the conventional problem-solution data, we argue that the progression of code data (e.g.,
data evolution, cleaning, and quality evaluation) reflects higher-level capabilities and offers valuable
insights for the enhancement of Code LLMs. Consequently, we delineate the construction of data
into three integral tasks for training: instruction evolution, data filtering, and code review (see Fig. 2]
(d)), facilitating enhanced code comprehension capabilities.

We conduct extensive experiments with various base models [40} 35, [14] and develop the instruction-
tuned AlchemistCoder series. As shown in Fig. |1} on two mainstream code benchmarks, HumanEval



Instruction:
Change the color of the text to blue.
## Input:
Text: The quick brown fox
Response:
To change the color of the text to blue, you can
use CSS. Here's an example of how you can
achieve this:
<style> HTML
.blue-text {

color: blue;

</style>

<p class="blue-text">The quick brown fox</p>
By applying the "blue-text" class to the paragraph
element, the text will be displayed in blue color.

Missing Language Declaration. The instruction
does not specify the programming language, while
the response assumes HTML/CSS and provides an
implementation accordingly.

AlchemistPrompt-customized Instruction:
Assume we are working with a HTML document
and have the permissions to modify the CSS styles
associated with it.

Change the color of the text to blue.

## Input:

Text: The quick brown fox

Instruction:

Find the minimum of two given numbers.
## Input: 4, 6

## Output: The minimum number is 4

Response:
*Notebook Format:*
**Reasoning:**
To find the minimum of two given numbers, we can
use an if-else statement. We will compare the two
numbers, assign the smaller value to a variable called
"minimum_number", and print out it.
**Code:**
numl, num2 = 4, 6
if numl < num2:

minimum_number = numl
else:

minimum_number = num2
print(“The minimum number is", minimum_number)

Python

**Execution Results:**
The minimum number is 4

Format Exception. The response introduces a
notebook format not specified by the instruction.
AlchemistPrompt-customized Instruction:
Complete the simple task in notebook format,
including reasoning, code, and execution results.
Find the minimum of two given numbers.

##Input: 4,6

## Output: The minimum number is 4

Instruction (Source #1&2):

Replace all words with 5 letters or more that start with
a vowel, and end with a consonant, with "*****" jn
the given text.

"The quick brown fox jumps over the lazy dog"
Response (Source #1):

Sure! Here is the text with the specified replacements:
"The quick brown fox jumps ***** the lazy dog"”

Response (Source #2):
Here's a Python function that achieves this:

import re

def replace_words(text):
pattern = r'\b[aeiouAEIOU]\w{3, }[*aeiouAEIOU]\b"
result = re.sub(pattern, '***F*', text)
return result

Python

text = "The quick brown fox jumps over the lazy dog"
print(replace_words (text))

Response Format Discrepancy. For similar instructions,
Source #1 provides the result directly, while Source #2
provides the implementation code, which may lead to
confusion in understanding the instructions.

AlchemistPrompt-customized Instruction (Source #2):
In this task, you are required to create a Python
program that scans through a given text and replaces
specified words.

Replace all words with 5 letters or more that start with
a vowel, and end with a consonant, with "*¥*¥**" jn
the given text.

"The quick brown fox jumps over the lazy dog"

Figure 3: Examples of inherent conflicts (e.g., various styles and quality) within multi-source code
corpora. By applying AlchemistPrompt-customized instructions that are more consistent with the
responses, the diversity from multiple sources can be effectively managed and utilized, thereby
improving the quality of our fine-tuning data and the instruction-following capabilities of the fine-
tuned models.

and MBPP, AlchemistCoder holds a clear lead among all models of equivalent size (6.7B/7B), and
rivals or even surpasses larger models (15B/33B/70B), demonstrating harmonized and formidable
code capabilities. Furthermore, we delve into the effectiveness of AlchemistPrompts and discern that
they alleviate the misalignment between instructions and responses within the data. Remarkably,
AlchemistPrompts allow the code corpus to also significantly improve the general capability of Code
LLMs, as demonstrated by the improvements on MMLU, BBH, and GSMS8K. Our main contributions
are summarized as follows:

* Our work pioneers to integrate multi-source data for Code LLM fine-tuning to overcome the
limitations of quality and diversity inherent in single-source data.

* We unveil inherent conflicts within multi-source code corpora and introduce Alchemist-
Prompts, revealing the power of hindsight tuning for code generation, aiming to harmonize
the conflicts among sources and bridge the alignment within instruction-response pairs.

* We propose to incorporate data construction process into the fine-tuning data and design
code comprehension tasks, including instruction evolution, data filtering, and code review,
endowing comprehensive code capabilities.

» Extensive ablation and analytical studies confirm the efficacy of our key concepts for
enhancing the diversity, quality, and cost-effectiveness of Code LLM fine-tuning data.
Through instruction tuning on various base models, we develop the AlchemistCoder series,
surpassing all Code LLLMs of the same size on a wide spectrum of code benchmarks.

2 Method

To more comprehensively elicit the capability of the base LLMs, we first construct multi-source
data for fine-tuning (§ 2.1)), which is harmonized by AlchemistPrompts to take effect(§ 2.2). Code
comprehension tasks are also constructed to further improve the performance(§ . We also discuss
the details and statistics of the filtered and harmonized multi-source data in §

2.1 Multi-source data construction

To fully elicit the capability of code LLMs, we first collect the fine-tuning data from multiple sources
(Fig. [2(a)) and adopt the instruction evolution [30] to improve the complexity of the instructions
(Fig.[2(b)). However, integrating multi-source data for instruction tuning poses challenges. Naturally,



one code-related question can be solved by different coding languages with various algorithms or
response style®(g, with or without reasoning). When naively combing data curated by different
developers with different LLMs, the model tends to learn to answer similar questions with different
coding languages and response styles, as depicted iff Fig. 3. On the one hand, learning diverse
responses may elicit different capability aspects of the base models. On the other hand, since the
learned responses to similar instructions often diverge due to implicit human intentions, the LLMs
tend to be unaligned (to our expectation) after the ne-tuning on the directly mixed elgtane

cannot expect which coding language the LLMs will use in real-world applications), resulting in
inferior performance. Therefore, directly mixing multi-source data is not a promising solution and
can be detrimental.

2.2 AlchemistPrompt

To harmonize the inherent conicts within
multi-source data, we propose to customize
data-speci ¢ prompts calledlchemistProm,
(Fig. [4(c)), inspired by the concept of hind-
sight [1, [48]. Speci cally, we employ GPT-

4 [34] to play the role of arhlchemistand design
the prompt as illustrated in Fig. 4 to obtahh
chemistPromm. For instance, for an instruction
of "Write code to nd the shortest path from
one vertex to all other vertices in a graph’, if
the response involves Python code of a Bellman-
Ford algorithm with dynamic programming, we
would expect to customize the instruction with
anAlchemistPrompof "Please generate Python
code for the following task and attempt to use
the concept of Dynamic Programming'.

For the selection of data customized by

AlchemistProm®, we calculate the differ-

ences in perplexities of generating responses

with/without given instructions, called Con-

ditional Perplexity Discrepancy (CPD). Therfigure 4: Detailed prompt designed for generating

we selectively chose data with higher CPMata-speci cAlchemistPromyst

values for AlchemistPromptharmonizations.

We treat CPD as an indicator of how data affects the complexity of model-generated re-
sponses under given conditionse( instructions), and its calculation formula GPD =
Perplexity(conditional _instruction + response) Perplexity(response) The level of CPD re-

ects the impact of the conditional instruction on the complexity of the generated response. Specif-
ically, a high CPD indicates that the perplexity of the generated response signi cantly increases
under the presence of a conditional instruction, which usually re ects a poor alignment between the
instruction and the response, the instruction may be unclear or not speci ¢ enough, or insuf cient
contextual information, thereby increasing the dif culty of model response generation. By analyzing
high CPD values, we can identify cases where instructions and responses are poorly aligned and more
effectively optimize data quality.

The adjustments to data madeAlghemistPrompst are relatively minor and well-calibrated. Our abla-
tion study indicates that the optimal performance can be achieved by incorpoktirgmistPromp

into only 5% samples, striking a balance between the diversity and domain gap resulting from the
fusion of multi-source data. Crucially, by retrospectively analyzing responses and reinterpreting them
as alternate goals, tidchemistPromps serve to elevate the condition/goal of data. This hindsight
integration [L, 48, 26] allows for a more nuanced and adaptive learning process, enhancing not only
the models' comprehension of data but also re ning instruction-following capabilities.

2.3 Code comprehension task

The existing training datasets for Code LLNM%Y 4, 39, 30, 44] primarily focus on the code generation
task consisting of programming problems and their corresponding code solutions. However, we



contend that beyond this, the process of constructing code data demonstrates higher-level abilities.
Consequently, we devise three code comprehension tasks relevant to data construction, including
instruction evolution, data Itering, and code review (Fig. 2(d)).

Instruction evolution. Inspired by the concept of instruction evolutiotb[ 30], we employ GPT-3.5

[33] to construct instruction evolution task data, which entails augmenting the requirements for
instructions and providing detailed explanations for programming tasks. Integrating the instruction
evolution task aids the model in discerning the disparities before and after evolutions, thereby
deepening the comprehension of programming requirements, code complexity, task decomposition,
and other code-related concepts.

Data ltering. We identify four categories of low-quality data from multiple sources: (a) responses
that are excessively short and lack code, (b) code that fails to compile, (c) code with poor clarity,
and (d) code that does not adhere to the requirement in the instruction regarding its organization in
function form. Each instruction in the data Itering task presents the model with a low-quality sample
and prompts the model to classify it into one of the four categories. The data Itering task entails
recycling the Itered-out data by offering counterexamples, thereby assisting the model in generating
fewer low-quality responses.

Code review.In this task, we require the model to review a piece of code and assign scores between
0 and 10 for correctness and clarity separately. Additionally, the model is expected to provide
suggestions for code improvement and present the re ned code. To obtain higher-quality data, we
utilize GPT-4 B4] to generate code reviews and select cases that are more representative, particularly
those with average correctness and clarity scores exceeding 8 or falling below 6. Simultaneously,
we focus on instances where one aspect exhibits severe de cieneigthie score of correctness or
clarity is equal to or below 4.

2.4 Data cleaning and decontamination

In practice, we have established a set of Itering rules to enhance our data cleaning and puri cation
procedures. These rules involve excluding samples based on various criteria, such as response length
(either too short or too long), absence of code or insuf cient code content, non-compilable code,
code failing test cases (pertinent to certain samples), responses structured in notebook form, and
instances with excessive textual descriptions preceding the code. After conducting an extensive series
of validation experiments, we conclusively decide to eliminate low-quality data meeting either of the
following conditions: (a) responses that are excessively brief and lack code. Such responses typically
offer direct answers to the instructions, neglecting both the code solution and explanatory annotations.
Additionally, these samples frequently present overly simplistic questions in the instructions; (b) code
solutions that are non-compilable or fail test cases (relevant to speci c samples).

Concurrently, following 13], we employ N-gram similarity, cosine distance of code embeddings,
and edit distance of code syntax trees to calculate the similarity between training data and samples in
HumanEval and MBPP. We subsequently discard samples through this process of data Itering and
deduplication, resulting in the removal of approximately 6% of the dataset.

2.5 Harmonized AlchemistCoder dataset

Our AlchemistCodedataset ( 200M tokens) comprises four types of multi-source data, encom-
passing open-source datasets and three types of data constructed by us. Speci cally, (a) open-
source datasets including Evol-Instruct-Code-80k4d,[CodeExercise-Python-27R]} and evol-
codealpaca-v139), (b) EvolCode data generated from gpt-3.5-turbo followi8@]] (c) data cus-
tomized byAlchemistPromg, and (d) data of the code comprehension taisis iqstruction evolu-

tion, data Itering, and code review).

We visualize the distributions of data sources and programming languages using two circular graphs in
Fig. 5. Concurrently, Fig. 6 reports a distribution of text description lengths and code lines. Compared
to CodeAlpaca4] and OOS-INSTRUCT44], our AlchemistCodedataset presents a notably diverse
distribution and maintains moderate overall text description and code lengths, bene ting signi cantly
from the integration of multi-source data along whAlchemistPrompg and code comprehension
tasks. This is instrumental in contributing to a comprehensive evolution of code capability.



Figure 5: Data distribution analysis of oAl-
chemistCodedataset. The outer and inner cir-
cular diagrams respectively display the distribu-

tions of data composition and programming langq e 6: Comparative distribution of text de-
guages. Data fromichemistPromptand code  gqyintion lengths (top) and code lines (bottom).

comprehension tasks, cqnstituting only 8% Opyr dataset contains high-quality samples with
the total data, plays a crucial role in harmonizing,,,re diverse distributions.

and polishing the ne-tuning data.

3 Experiments

In this section, we report results on various benchmarks of code generation and conduct ablation
experiments. Furthermore, we present analytical studies to provide a more in-depth demonstration of
the ef cacy of ourAlchemistCoder

3.1 Benchmarks and implementation details

Benchmarks. We adopt six code benchmarks: HumanE®#J HumanEval+ 7], HumanEval-

X [49], MBPP [2], MBPP+ [27], and DS-100021]. In addition, we access three mainstream
benchmarks (MMLU 15|, BBH [37], and GSM8K B]) to evaluate generalization abilities. All
evaluation and benchmark details can be found in Appendix §D.

Baselines.We compare with the following competitive baselines. Closed-Source Models: GPT-3.5-
Turbo [33] and GPT-4-Turbo34]. Open-Source Models: Llama 2(], CodeLlama 85], StarCoder
[22], WizardCoder [30], DeepSeek-Coder [14], and Magicoder [44].

Supervised ne-tuning. We adopt Llama-2-7B, CodelLlama-Python-7B, and DeepSeek-Coder-Base-
6.7B as the base models and ne-tune all the base models for 2 epochs using 32 NVIDIA A100-80GB
GPUs. We set the initial learning rate, minimum learning rate, and optimizer warmup steps and at
le-4, 6e-6, and 15, respectively. We use Adam optimi2&8lrdnd choose a batch size of 2 with a
sequence length of 8192.

3.2 Evaluation on code generation task

Results on python code generationWe rst access HumanEval and MBPP to evaluate the capability

of the AlchemistCodeseries for Python code generation. These benchmarks necessitate models to
generate code based on the function de nitions and subsequently pass the test cases. Models are
evaluated in zero-shot on HumanEval and 3-shot on MBPP. The comprehensive comparisons in Tab.
1 and Fig. 1 demonstrate the impressive capabilitiesliciemistCodemodels. From the results,
AlchemistCoder-lattains a remarkable performance boost of 42.7% and 28.4% pass@1 scores on
HumanEval and MBPP respectively, compared to Llama 2-7B. NotaldiremistCoder-D8levates

the pass@1 scores to 79.9% and 77.0% on these benchmarks, holding an overall improvement of
33.3%. Moreover, ouhlchemistCodeseries with 7B parameters outperforms larger modets, (
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