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Abstract

Despite recent progress achieved by code large
language models (LLMs), their remarkable
abilities are largely dependent on fine-tuning
on the high-quality data, posing challenges
for data collection and annotation. To ad-
dress this, current methods often design var-
ious data flywheels to collect complex code
instructions, enabling models to handle more
intricate tasks. However, these approaches
typically rely on off-the-shelf datasets and
data augmentation from a limited set of pro-
prietary LLMs (e.g., Claude, GPT4, and so
on), which restricts the diversity of the con-
structed data and makes it prone to systemic
biases. In this paper, we propose Warrior-
Coder, a novel paradigm learns from expert
battles to address these limitations. Specifi-
cally, we create an arena where leading expert
code LLMs challenge each other, with eval-
uations conducted by impartial judges. This
competitive framework generates novel train-
ing data from scratch, leveraging the strengths
of all participants. Experimental results show
that WarriorCoder achieves state-of-the-art
performance compared to previous models of
the same size, even without relying on pro-
prietary LLMs. Our code and data are avail-
able at https://github.com/microsoft/
DKI_LLM/tree/main/WarriorCoder.

1 Introduction

Recent large language models (LLMs) have demon-
strated impressive performance on code-related
tasks (Li et al., 2023; Roziere et al., 2023; Guo
et al., 2024; DeepSeek-Al et al., 2024; Li et al.,
2022; Nijkamp et al., 2023; Zheng et al., 2023b;
Fried et al., 2023; Wang et al., 2021). These suc-
cesses highlight that pre-training on vast amounts
of code data significantly enhances their core cod-
ing abilities. In addition to pre-training, several

* This work was done during the internship of Huawen
Feng at Microsoft.
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Figure 1: The comparisons between our method and
traditional data flywheels. Unlike previous work, we
guides the target model to learn from pairwise competi-
tions. No demand for seed datasets, human-generated
prompts, or annotations from proprietary models, the
target model integrates the strengths of its competitors.

approaches that fine-tune LL.Ms with instruction-
following data (Ding et al., 2023) have also made
substantial progress in improving models’ under-
standing of user instructions and the quality of
their responses. However, the effectiveness of post-
training is heavily dependent on the availability of
high-quality data (Xu et al., 2024a), and challenges
of data collection and annotation remain difficult
to overcome.

To address these challenges, some approaches
propose various data flywheels to generate in-
struction data. Building on Self-Instruct, Chaud-
hary (2023) constructs Code Alpaca by prompting
teacher LLMs to generate instructions in a few-
shot setting. To further enhance the diversity and
complexity of Code Alpaca, WizardCoder (Luo
et al., 2024b) employs Evol-Instruct to evolve the
original instructions. These methods apply gen-
eral data augmentation to instruction construction,
lacking specific design considerations for the code
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domain. Given that, recent methods specifically
design frameworks for instruction generation tai-
lored to code. For example, WaveCoder (Yu et al.,
2024) collects raw code snippets and defines dif-
ferent tasks based on them. Similarly, InverseC-
oder (Wu et al., 2024b) prompts code LLMs to gen-
erate high-quality instructions based on the original
code through techniques like code summarization
and self-evaluation. These methods construct data
for code in various ways, effectively enhancing
the model’s code generation capabilities. How-
ever, they still rely on existing datasets (Muen-
nighoff et al., 2024) and calls for proprietary LLMs
(e.g., GPT-3.5, GPT-4, etc.), making data collec-
tion costly. Additionally, the limited data sources
and annotators constrain the diversity (Yu et al.,
2023; Wang et al., 2023) of the data and inherit
the system biases inherent in the limited pool of
annotators (Wei et al., 2024).

The challenges mentioned above motivated us
to propose WarriorCoder, which learns from ex-
pert battles to overcome current limitations. As
illustrated in Figure 1, the attacker challenges the
opponent within its area of expertise, and the tar-
get model learns from the winner of these pairwise
competitions. Specifically, we design a completion-
based method to mine the capabilities which the
attacker has already mastered, then integrate Elo
Rating and voting results to balance the local and
global evaluation. This approach enables us to
generate novel training data from scratch, incorpo-
rating the strengths of all the expert code LLMs,
rather than relying on limited proprietary LLMs to
expand existing datasets. Moreover, our method
eliminates the need for human involvement and
proprietary LLMs in the data collection, making
it possible to collect high-quality, diverse data at a
low cost. The main contributions of this paper are
summarized as follows:

* We identify the limitations of current data fly-
wheel and propose a new scalable paradigm
where the target model learns from expert bat-
tles to solve them.

* We design a completion-based method for col-
lecting instructions and introduce the Elo Rat-
ing system for evaluating responses, enabling
the creation of high-quality and diverse train-
ing data at a low cost. Fine-tuned on this data,
WarriorCoder incorporates the strengths of
all the experts, achieving state-of-the-art per-
formance compared to previous models of

the same size, without relying on proprietary
LLMs.

* Extensive experiments demonstrate the excel-
lent performance of WarriorCoder on multi-
ple code-related tasks, with ablation and anal-
ysis studies explaining how and why it works.

2 Related Work
2.1 Code LLMs

Code plays a crucial role in application areas for
LLMs (Jain et al., 2024), attracting significant inter-
est from both academia and industry. Codex (Chen
et al., 2021), an LLM with 12 billion parameters,
can solve 72.31% of complex Python programming
problems. Following the success of Codex (Lyu
et al., 2024), the rise of new code LLMs has demon-
strated even greater capabilities, such as code gen-
eration and debugging, as model sizes continue to
grow (Hou et al., 2023; Zan et al., 2023). Despite
this impressive progress, the performance of cur-
rent open-source models still lags behind that of
proprietary ones (e.g., GPT-3.5, GPT-4, etc.), pri-
marily because stronger models often keep their
training data proprietary (Hui et al., 2024). As a
result, the lack of publicly available code datasets
remains a significant barrier to further development
in this field.

2.2 Learning from Battles

Studying how people interact with LLMs in real-
world scenarios is a pressing need for ensuring the
alignment of LLMs (Chiang et al., 2024). The
LMSYS Chatbot Arena (Zheng et al., 2024) has
emerged as a groundbreaking initiative for explor-
ing real-world LLM-user interactions, collecting
and analyzing data from an open platform with
over 240K votes. Experimental results demonstrate
that the quality of data from the LMSYS Chatbot
Arena is competitive with that of ShareGPT (Chi-
ang et al., 2023), underscoring its value for training.
Now more and more attentions are paid on learning
from the battles between LLMs (Li et al., 2024,
Myrzakhan et al., 2024; Bogomolov et al., 2024).
However, collecting data through human online
evaluations is both expensive and time-consuming.
To address this, recent work has leveraged LLMs to
provide their preferences when faced with different
responses (Luo et al., 2024a; Zhao et al., 2024).
Although these methods eliminate the need for hu-
man annotation during data collection, they still
require pre-designed, high-quality instructions.
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2.3 LLM as a Judge

Offering an automatic alternative to the scalabil-
ity challenges inherent in human evaluation, the
concept of LLLM-as-a-judge has garnered signifi-
cant public attention in recent years (Chiang and
Lee, 2023). As large language models (LLMs)
such as GPT-4 have demonstrated impressive ca-
pabilities, they are increasingly being considered
for use in evaluating other machine-generated out-
puts (Weyssow et al., 2024). Experimental results
by Thakur et al. (2024) show that these strong
LLMs are capable of achieving a Cohen’s Kappa
coefficient over 80%, a metric typically used to as-
sess the level of agreement between human raters.
This performance level is comparable to the con-
sensus found among human experts, highlighting
the potential of LLMs to serve as reliable evalua-
tors in various contexts. However, judge models
often struggle with complex problems, and eval-
uating responses to such problems can be just as
challenging as answering them (Wu et al., 2024a).
Moreover, LLLM-as-a-judge can introduce system
biases, such as position bias, verbosity bias, and
self-enhancement bias, which can undermine the
fairness of the evaluation process (Chen et al.,
2024a; Zheng et al., 2023a).

3 WarriorCoder: Learning from Expert
Battles

In this section, we describe how WarriorCoder
learns from expert battles. Unlike previous ap-
proaches that expand existing datasets by prompt-
ing a limited pool of proprietary LLMs, we con-
struct an arena where state-of-the-art code LLMs
compete against each other. Each model leverages
its learned knowledge to challenge others, while
judges evaluate the outcomes. The target model
then learns from the winner of these pairwise com-
petitions, progressively integrating the strengths of
all competitors.

3.1 Competitors Setting

The capabilities of competitors determine the fi-
nal performance of WarriorCoder. Theoretically,
the more diverse and high-quality training data are
derived from a larger and stronger pool of com-
petitors. For this study, we select five leading
open-source code experts from the BigCodeBench
Leaderboard (Zhuo et al., 2024) - Athene-V2-
Chat (Su et al., 2025), DeepSeek-Coder-V2-Lite-
Instruct (DeepSeek-Al et al., 2024), Llama-3.3-

70B-Instruct (Dubey et al., 2024), Qwen2.5-
72B-Instruct (Hui et al., 2024), and QwQ-32B-
Preview (Team, 2024). Notably, while Warrior-
Coder achieves state-of-the-art performance based
solely on open-source code LLMs, it can also learn
from powerful proprietary LLMs. In each round of
the arena, only one pair of code experts is selected
as competitors, while the remaining ones serve as
judges.

3.2 Instruction Mining from Scratch

Considering a battle between LLM A and LLM B
where A is the attacker and B is the defender. The
first step of the arena is to use the strengths of A to
challenge B, which makes it necessary to know
what A has learned during its training process.
However, almost all open-source LLMs keep their
core data proprietary. Inspired by Magpie (Xu et al.,
2024b), we design a completion-based method to
mine the capabilities which the code LLMs have
already mastered (© Completion-based Instruc-
tion Mining). Here we take Qwen2.5 (Hui et al.,
2024) as an example. A conversation about writing
Python code in the chat template of Qwen2.5 is:

<lim_start/>system

You are an Al assistant designed to provide helpful
on Python coding problems.<lim_end|>
<lim_start/>user

Write a Quicksort algorithm.<lim_endI|>
<lim_start/>assistant

Here is the solution:

def quicksort(arr):

<lim_endI>

Such chat templates are pre-defined conversa-
tional structures to guide the interaction between
the model and the user. Based on the LLMs’ strong
completion abilities, we feed only the prefix of the
chat template into them, prompting the LLM to
generate the user instructions:

<lim_startl>system

You are an Al assistant designed to provide re-
sponses on Python coding problems.<lim_end/>
<lim_start/>user

In this way, we can collect various instructions
I the model has already learned under various gen-
eration settings (different values of temperature
and top-p). Unlike traditional data synthesis, I is
not synthesized by the models but directly sam-
pled from their distributions, which avoids pattern
overfitting and significant shifts in the output distri-
bution (Chen et al., 2024b). However, these instruc-
tions may be repetitive, ambiguous, unclear, or too
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Figure 2: The diagram of learning from expert battles. In each round of the arena, the attacker challenges the
defender in its area of expertise under the evaluation of judges, and then the winner’s response is added to the
training data. In this manner, the target model gradually incorporates the strengths of all the code experts by

fine-tuning on the data.

easy. To address these concerns, we deduplicate
the data and adopt judges to assess their difficulty
(@ Deduplication and Difficulty Filtering). We
divide the difficulty of instructions into four levels:

¢ Excellent (9-10): For instructions that are
very clear, specific, and well-articulated.
These instructions are particularly challeng-
ing and excellently designed to assess the Al’s
proficiency.

¢ Good (6-8): For instructions that are clear
and specific instructions. These are not overly
difficult to answer and moderately assess the
AT’s capabilities.

Average (3-5): For instructions that are fairly
clear and specific instructions. These instruc-
tions are easy to answer.

Poor (1-2): For instructions that are ambigu-
ous or unclear.

Only good and excellent instructions are consid-
ered during the following steps:

I={ili e Ind()>6}

where d(i) is the difficulty of instruction i.

Then we compress the high-quality instructions
I for the efficiency of post-training (® Embedding-
based Compression). To ensure the diversity
and representativeness of instructions, we employ
KCenterGreedy algorithm (Sener and Savarese,
2018) to select the final instructions I based on
the embedding model - all-roberta-large-v1 (Liu
etal., 2019).

()

3.3 Win-Loss Decision

The defender is required to respond to the attacker’s
question, while the attacker A must also provide
an answer to its own instruction (® Code Generat-
ing). Once both answers are collected, the judges
(the rest LLMs in arena) will evaluate the correct-
ness and helpfulness of the pairwise responses and
vote for their preferred one (more details can be
found in Appendix B). Then we can calculate the
local score for each response:

ta tp
ta+tp ta+1tp

where xf4> p and :ciB> 4 are the local scores for
A’s and B’s responses to the instruction i. x4
represents the percentage of votes that candidate
A receives, while miB> 4 similarly represents the
percentage of votes that candidate B receives. t 4
and ¢ p are the number of votes which A and B win.

However, relying solely on the local score to
select the winner can be problematic. In some
cases, a weaker model may receive more votes
than a stronger one, even though its responses are
not significantly better. This can occur because
the local score may not fully capture the quality of
the model’s performance, especially in situations
where the voting is influenced by factors, such as
randomness or bias from LLM judges.

To address this limitation, we propose consid-
ering both local contingency and global consis-
tency in the decision-making process. Instead of
directly basing our analysis on the immediate vot-
ing outcomes, we introduce the concept of the

7 7
Tp~B = Tpsp = (2)
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global score — specifically, the Elo rating (Bai
et al., 2022), which provides a more comprehen-
sive reflection of a model’s relative performance
over time and across various evaluations. The Elo
rating system, originally developed to calculate the
relative skill levels of players in two-player games
(such as chess), has been successfully adapted to
assess the performance of competitors in a range of
competitive scenarios, including esports and other
skill-based games.

By incorporating the Elo rating, we account for
both local performance in individual contests and
global performance across multiple rounds, pro-
viding a more robust and accurate measure of a
model’s overall ability. This helps to mitigate the
risk of weak models winning based on isolated,
potentially unrepresentative votes:

Elo _ 1
A>B 14+ 10(RB—RA)/4OO 3
FElo 1 ( )

B>A = 1 ((Ra—Rp)/400

where X EEB and X gf ', indicate the expected

probabilities of A defeating B and B defeating A,
respectively. R4 and Rp are the Elo rating of A
and B, which are updated dynamically and itera-
tively. Given the battle result of A and B on an
instruction %, we update them by:

Rao+ Ra+ K x (shsp — EZ;B)

Rp < Rp+ K X (SiB>A - ng)A)

“)

where sf4> p and siB> 4 are the actual score of the
battle result of player A and B (1 for a win, 0.5 for
a draw, and O for a loss). The factor K controls the
sensitivity of rating changes.

Based on Equation 2 and Equation 3, we can
obtain the final score of A’s response for instruction

1.
G Y

BeCom\A

QXEI;B +(1— O‘)xf4>B (5)

where Com is the set of all the competitors and
“\” is the subtraction operation. « is the coefficient
to balance the local contingency and global consis-
tency.

3.4 Final Training

Each item in the constructed dataset consists
of an instruction, responses from various strong
LLMs, and their corresponding scores, which sup-
ports multiple post-training methods like SFT,

DPO (Rafailov et al., 2023), and so on. For SFT,
we select the highest-scoring response as the gold
output. For DPO, we use the pair of responses
with the highest and lowest scores as the chosen
and rejected outputs, respectively. In this manner,
WarriorCoder integrates the strengths of all the
code experts, as their expertise is embedded in the
instructions and responses within the training data.

4 Experiments

4.1 Experimental Details

Backbones We use DeepSeekCoder-Base-
6.7B (Guo et al., 2024) to initialize WarriorCoder.
As for the competitors of expert battles, we
choose strong open-source LLMs including
Athene-V2-Chat (Su et al., 2025), DeepSeek-
Coder-V2-Lite-Instruct (DeepSeek-Al et al., 2024),
Llama-3.3-70B-Instruct (Dubey et al., 2024),
Qwen2.5-72B-Instruct (Hui et al., 2024), and
QwQ-32B-Preview (Team, 2024).

Datasets To evaluate the code generation capa-
bility of WarriorCoder, we conduct evaluations
on HumanEval (Chen et al., 2021), MBPP (Austin
et al., 2021), HumanEval+ (Liu et al., 2023), and
MBPP+ (Liu et al., 2024). Besides, we also eval-
uate its code reasoning and libraries usage capa-
bilities on CRUXEval (Gu et al., 2024) and DS-
1000 (Lai et al., 2022). For a fair comparison, we
use the same decoding strategies and generation
configs as the previous work (Wei et al., 2024; Luo
et al., 2024b; Yu et al., 2024).

Experimental Settings During the intruction
minging, we adopt 9 different generation configs
where temperature ¢t € {1.0,1.1,1.2} and top-p
p € {0.99,0.995,1.0}. The final number of battle
rounds is set to 70,000 and K is set to 40. « is set
to 0.7 because we need the Elo Rating only when
judges’ opinions are divided on the evaluation. The
detailed prompts can be found in Appendix A. As
for the training stage, we conduct parallel training
on 8 NVIDIA A800 80G GPUs. The global batch
size is set to 512, and a WarmupLR scheduler with
a warmup ratio of 0.2 is used. The number of total
training steps is set to 448 & 168 and the learning
rate is set to 1 x 107° & 1 x 1076 for SFT and
DPO, respectively.

Baselines The baselines consist of proprietary

models, base models, and fine-tuned models.
Proprietary Models. These models, unlike open-

source models, are developed, owned, and man-
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Independent of

Models HumanEval HumanEval+ MBPP MBPP+  BigCodeBench-Hard BigCodeBench-full .
proprietary LLMs?
Code-Davinci-002 47.0 58.1
. Code-Cushman-001 33.5 - 15.9 - - -
Proprietary Models GPT-3.5-Turbo 76.8 70.7 82.5 69.7 18.2 39.2
GPT-4-Turbo 90.2 86.6 85.7 733 29.1 48.1 -
DeepSeekCoder-Base (6.7B) 47.6 39.6 70.2 56.6 - - -
Base Models CodeLlama (6.7B) 37.8 354 59.5 46.8 34 219 -
StarCoder (15B) 34.1 29.3 55.1 46.1 - - -
DeepSeekCoder-V2-Lite-Base (15.7B) 65.9 62.2 77.8 64.0 -
CodeT5+ (16B) 31.7 26.2 54.6 444 X
WizardCoder-CL (6.7B) 48.2 40.9 56.6 47.1 X
WizardCoder-SC (15B) 51.9 45.1 61.9 50.6 X
Magicoder-DS (6.7B) 66.5 60.4 75.4 61.9 - - X
Fine-tuned Models MagicoderS-DS (6.7B) 76.8 70.7 75.7 64.4 132 36.2 X
Magicoder-CL (6.7B) 60.4 55.5 64.2 526 - - X
MagicoderS-CL (6.7B) 70.7 66.5 68.4 56.6 - - X
WaveCoder-DS (6.7B) 72.0 - 63.6 - 12.8 38.8 X
WaveCoder-CL (6.7B) 48.1 472 - - X
‘WaveCoder-SC (15B) 50.5 - 51.0 - - - X
Ours WarriorCoder-SFT (6.7B) 80.5 (+32.9) 75.6 (+36.0) 762 (+6.0) 64.8 (+8.2) 142 39.9
WarriorCoder-DPO (6.7B) 81.1 (+33.5) 76.8 (+37.2) 78.1(+7.9) 65.6(+9.0) 14.7 40.2

Table 1: The pass@ 1(%) results on the code generation benchmarks (Humaneval, Humaneval+, MBPP and MBPP+).

aged by a private entity or organization. They are
trained on specialized or private datasets that are
not publicly available to serve specific business
needs or objectives. Access to these models is
usually based on API calls. Proprietary Models
include Code-Davinci-002, Code-Cushman-001,
GPT-3.5-Turbo (Ouyang et al., 2022) and GPT-4-
Turbo (OpenAl et al., 2024).

Base Models. They are the foundational, pre-
trained models that serve as the core for further
fine-tuning or adaptation to code tasks. Base
Models include DeepSeekCoder-Base (Guo et al.,
2024), CodeLlama (Roziere et al., 2023), and Star-
Coder (Li et al., 2023).

Fine-tuned Models. These models are initially
pre-trained on a large, general-purpose dataset and
then fine-tuned on a smaller, code-specific dataset.
This two-step process enhances the model’s perfor-
mance on coding tasks by enabling it to leverage
both broad general knowledge and more focused,
domain-specific expertise. Fine-tuned models in-
clude CodeT5+, DeepSeek-Coder-Instruct (Guo
et al., 2024), WizardCoder (Luo et al., 2024b),
Magicoder (Wei et al., 2024), and WaveCoder (Yu
et al., 2024). The suffixes -DS, -CL, and -SC
denote the base models DeepSeekCoder-Base,
CodeLlama-Python, and StarCoder, respectively.

4.2 Main Results

The results on the code generation benchmarks are
summarized in Table 1. WarriorCoder achieves
SOTA performance, with a pass@1 accuracy of
80.5% (75.6%) in HumanEval (HumanEval +)
and 76.2% (64.8%) in MBPP (MBPP +), sur-
passing all other fine-tuned models. Particularly,
it shows a significant boost over on HumanEval

and HumanEval+ (with gains of 32.9 and 36.0,
respectively). WarriorCoder also outperforms
MagicoderS-DS, Magicoder-DS and WaveCoder-
DS, which share the same backbone architecture
and similar amounts of training data. This substan-
tial performance gap highlights the effectiveness of
our approach in generating higher-quality training
data, providing a clear advantage over models that
rely on similar foundational setups.

Moreover, WarriorCoder also achieves excel-
lent performances on the code reasoning bench-
mark and libraries usage benchmark. As shown
in Table 2, WarriorCoder outperforms a range
of open-source models, including those with sizes
up to 34B, in pass@1 accuracy and achieves bet-
ter pass@5 accuracy compared to GPT-3.5-Turbo
(66.5% vs 63.2% on CRUXEval-I and 66.3% vs
59.3% on CRUXEval-O). Table 3 shows that War-
riorCoder outperforms all baselines on most of
the libraries, especially on SciPy, Sklearn and Ten-
sorflow (33.0% , 39.1% , and 42.2%, respectively).
These results highlight WarriorCoder as a pow-
erful paradigm - a data flywheel that absorbs ex-
pertise from multiple code domains. Our approach
significantly enhances the target model’s ability to
generalize across various tasks, demonstrating its
superiority in leveraging diverse data sources to
drive performance improvements.

Addiontionally, previous data flywheels typi-
cally rely on augmentations and annotations gen-
erated using proprietary LLMs and specially de-
signed prompts. In contrast, our approach does not
require pre-existing datasets, diverse handwritten
prompts or proprietary LLMs. Despite this, we
get competitive results that rival those of advanced
proprietary code experts. This highlights the effec-
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Models CRUXEval-I CRUXEval-O
Pass@1 Pass@5 Pass@] Pass@5

GPT-4-Turbo 69.8 76.8 68.7 73.0

Proprietary Models GPT-3.5-Turbo 49.0 63.2 49.4 59.3
Claude-3-Opus 64.2 - 65.8 -

StarCoder (6.7B) 29.7 473 322 44.9

StarCoder (15B) 313 49.2 34.2 47.1

DeepSeekCoder-Instruct (6.7B) 37.4 53.3 41.2 52.8

CodeLlama-Python (6.7B) 373 57.0 35.9 48.8

Open-source Models CodeLlama-Python (13B) 39.7 56.9 39.8 52.5

CodeLlama-Python (34B) 43.9 59.5 41.4 529

Mistral (6.7B) 35.0 52.3 343 48.6

WizardCoder (13B) 36.5 51.6 41.3 52.4

WizardCoder (34B) 427 57.5 434 53.8

Magicoder(6.7B) 41.7 62.4 44 4 57.5

Ours WarriorCoder-SFT (6.7B) 429 66.5 454 66.3

WarriorCoder-DPO (6.7B) 43.2 67.2 46.1 66.8

Table 2: The pass@1(%) and pass@5(%) results on the code reasoning benchmark (CRUXEval).

Models Matplotlib NumPy Pandas PyTorch SciPy Sklearn TensorFlow Overall

(155) (220) (291) (68) (106)  (115) (45) (1000)
INCODER (6.7B) 283 4.4 3.1 4.4 2.8 2.8 3.8 7.4
CodeGen-Mono (16B) 31.7 10.9 3.4 7.0 9.0 10.8 15.2 11.7
Code-Cushman-001 40.7 21.8 7.9 12.4 11.3 18.0 12.2 18.1
StarCoder (15B) 51.7 29.7 11.4 21.4 20.2 29.5 245 26.0
WizardCoder-SC (15B) 55.2 33.6 16.7 26.2 24.2 24.9 26.7 29.2
CodeLlama-Python (6.7B) 553 34.5 16.4 19.9 22.3 17.6 28.5 28.0
WizardCoder-CL (6.7B) 535 344 15.2 25.7 21.0 24.5 289 28.4
Magicoder-CL (6.7B) 54.6 34.8 19.0 24.7 25.0 22.6 28.9 29.9
MagicoderS-CL (6.7B) 55.9 40.6 28.4 40.4 28.8 35.8 37.6 37.5
WarriorCoder-SFT (6.7B) 55.5 41.8 26.1 41.2 33.0 39.1 422 38.1
WarriorCoder-DPO (6.7B) 56.1 45.0 32.0 38.2 36.8 4.3 48.9 41.7

Table 3: The pass@ 1(%) results on the benchmark for using Python libraries in data science (DS-1000).

Task Percentage(%) Definition
Code Generation 514 Generating source code based on certain specifications or requirements.
Code Debugging 12.2 Identifying, diagnosing, and fixing errors or bugs in a code snippet.
Code Optimization 3.8 Improving a program’s performance, efficiency, or resource usage without changing its functionality.
Code Reasoning 29 Predicting the output based on the given input or predicting the input from the known output.
Code Analysis 6.6 Analyzing, understanding, and explaining how a piece of code works.
Theoretical Explanation 222 Answering the questions about principles, theories, and properties of programming language.
Code Transpile 0.9 Converting source code from one programming language into another programming language.
Table 4: The proportion of different tasks in the training data.
Tegd‘er(s) H”“;g“fval H”m;‘z“];"a“ N;];‘IZP M;P? when learning from just one code LLM, indicating
wen . . . . . . R
Qwen+Athene 772 733 745 629 that even a single code expert enables it to acquire a
All Competitors 80.5 75.6 762 648 specific set of knowledge. However, as the number

Table 5: The results observed when learning from vary-
ing numbers of experts.

tiveness of our data flywheel, demonstrating the
feasibility of collecting high-quality data at a low
cost.

4.3 Ablation Study

Table 5 presents the results observed when the tar-
get model learns from varying numbers of experts.
The target model shows a significant improvement

of experts increases, WarriorCoder benefits from
learning across all expert code LLMs. As a result,
the model trained with 5 code LLMs outperforms
others across all four benchmarks, demonstrating
the advantages of integrating knowledge from mul-
tiple specialized experts.

4.4 Data Analysis
4.4.1 Dependence Analysis

Figure 3 illustrates the overlap between the instruc-
tions mined from expert LLMs and those from
widely used code training datasets, measured us-
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Figure 3: The overlapping rate between the mined in-
structions and existing training datasets.
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Figure 4: The heatmap of win rates of the selected code
experts.

ing the ROUGE score. The majority of the mined
instructions have a ROUGE score of less than 0.3,
suggesting they are largely distinct from those in
existing datasets. Notably, no mined instructions
exceed a ROUGE score of 0.6, further emphasiz-
ing that the mined instructions are drawn from the
internal distribution of expert LLMs, rather than
being simple replications or extensions of the train-
ing data. Consequently, these instructions exhibit
a higher degree of independence, making them
particularly valuable for training, as they provide
novel examples that can enhance the target model’s
capabilities.

4.4.2 Diversity Analysis

Table 4 reveals the distribution of different tasks
in the training data. The range of instructions cov-
ers a variety of tasks, ensuring that WarriorCoder
can generalize effectively across multiple bench-
marks. Notably, while Code Reasoning represents
only 2.9% of the entire dataset, WarriorCoder still

Difficulty of Instructions

DeepseekCoder Quen Qwa

Athene Lama

Percentage (%)

3 5
Difficulty Score

Figure 5: The proportion of difficulties of mined in-
structions. As mentioned in Section 3.2, the difficulties
of instructions are divided into four levels: excellent
(9-10), good(6-8), average(3-5) and poor(1-2).

achieves outstanding performance on CRUXEval,
highlighting the potential of the framework that
learns from expert battles. Furthermore, Figure 4 il-
lustrates the battle results between the five selected
code experts. Even though an expert may have the
highest Elo Rating, it is not necessarily the best
performer on all tasks. However, WarriorCoder
learns from the winner of each instruction, thereby
diversifying the target responses. More details
about competitors can be found in Appendix C.

4.4.3 Difficulty Analysis

Figure 5 shows the difficulty distribution of the
mined instructions, offering insights into the in-
ternal knowledge of the code experts. Most in-
structions fall within the ’good’ level, with scores
between 6 and 8. Instructions rated as ’excellent’
(scores 9-10) constitute only a small portion of the
dataset, indicating that highly complex or advanced
tasks are relatively rare. Instructions with scores
below 6 are excluded from the training set, as they
tend to be either too easy or overly ambiguous.
Such instructions are considered detrimental to the
training stage, as they may not provide meaningful
learning signals and could undermine the model’s
performance and generalization ability. More ex-
amples are listed in Appendix E.

5 Conclusion

This paper highlights the limitations of existing
data flywheels for code LLMs that primarily rely
on pre-existing datasets and annotations from a lim-
ited pool of proprietary LLMs, leading to a lack
of data diversity and reinforces the systemic bi-
ases. Even more concerning is the fact that many
current open-source expert code LLMs keep their
training data proprietary, further restricting access
to diverse and high-quality data sources. To ad-
dress these challenges, we propose WarriorCoder,
which learns from expert battles, enabling the ab-
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sorption of each expert’s strengths. Unlike existing
methods that expand and refine datasets, we con-
struct training data from scratch and achieve SOTA
performances on multiple benchmarks without the
need for pre-existing datasets and costly annota-
tions. Furthermore, our approach can potentially
be applied to other complex tasks besides coding
in the future.

Limitations

In this paper, we propose a novel training paradigm
in which the target model learns from expert bat-
tles, aiming to overcome the limitations of current
data flywheels. While we can generate high-quality
and diverse data from scratch at a low cost, the
battle process can become time-consuming when
the number of experts is large. Exploring more effi-
cient and effective competition modes is a promis-
ing direction for future work.
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A Prompts for Instruction Mining and
Evaluation

You are an Al assistant designed to provide helpful,
step-by-step guidance on coding problems. The
user will ask you a wide range of Python coding
questions. Your purpose is to assist users in under-
standing coding concepts, working through code,
and arriving at the correct solutions.

Table 6: The prompt for instruction mining.

Table 6 and Table 7 show the prompts for in-
struction mining and evaluation. To maintain im-
partiality in the evaluation process, we withhold
the names of the opponents from the judges, thus
avoiding potential system biases. Additional rules
will be discussed in the next section.

B Rules for the Fairness of Evaluation

To ensure impartiality in the evaluation process,
we establish a set of rules, including order shuf-
fling, suspicion averting, and offensive-defense
balance.

Order shuffling refers to the practice of ran-
domizing the order in which responses from the
attacker (A) and defender (B) appear in the eval-
uation prompt. This helps mitigate any positional
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This is a chatbot arena. You will be given assis-
tant A’s answer, and assistant B’s answer. Please
act as an impartial judge and evaluate the capa-
bility of two Al assistants. You should choose
the assistant that follows instructions and answers
questions better. Your evaluation should consider
factors such as helpfulness, relevance, and accuracy.
Begin your evaluation by comparing the responses
of the two assistants and provide a short explana-
tion. Avoid any position biases and ensure that
the order in which the responses were presented
does not influence your decision. DO NOT allow
the LENGTH of the responses to influence your
evaluation, choose the one that is straight-to-the-
point instead of unnecessarily verbose. When the
two candidates perform equally well, choose the
SHORTER answer. Do not favor certain names
of the assistants. Be as objective as possible. Af-
ter providing your explanation concisely within
200 words, output your final verdict by strictly fol-
lowing this format: "[[A]]" if assistant A is better,
"[[B]]" if assistant B is better, and "[[Tie]]" for a
tie. Finish your judgement within 300 words.
[[User Question]]

{instruction}

[[The Start of Assistant A’s Answer]]

{#A’s Answer}

[[The End of Assistant A’s Answer]]

[[The Start of Assistant B’s Answer]]

{#B’s Answer}

[[The End of Assistant B’s Answer]]

Table 7: The prompt for the evaluation of pairwise com-
petitions.

bias that may arise if a particular position is favored
by certain language models.

Suspicion averting ensures that competitors do
not evaluate their own responses, preventing any
potential bias in favor of their own generated an-
SWers.

Offensive-defense balance guarantees that all
competitors have an equal number of offensive and
defensive turns, maintaining fairness in the evalua-
tion process.

C Details about Competitors

Our goal is not just to use a stronger teacher model
to train a better model but to leverage multiple di-
verse experts. While a stronger competitor sets a
higher performance ceiling, diversity among ex-
perts plays a crucial role. Table 8 shows the re-
sults of experts and GPT-4 on the code genera-
tion benchmarks. Although the experts we used

Models HumanEval HumanEval+ MBPP MBPP+
Athene 84.6 80.3 87.7 73.9
DeepseekCoder 79.1 74.2 81.3 67.8
LLama 82.1 77.3 85.8 71.0
Qwen 86.4 80.3 88.5 74.7
QwQ 85.2 80.9 80.5 67.0
GPT-4 90.2 86.6 85.7 73.3

Table 8: The results of experts and GPT-4 on the code
generation benchmarks.

Percentage of Top-Voted

Models Elo Rating Responses (%)
Athene 769.1 33.36
DeepseekCoder 751.1 10.31
LLama 632.3 27.79
Qwen 842.5 14.87
QwQ 678.7 13.67

Table 9: The Elo Rating and percentage of top-voted
responses of experts.

outperform GPT-4 in certain aspects, GPT-4 still
shows a superior performance in general. However,
WarriorCoder learned from the experts worse than
GPT-4 gets a better performance than those utilize
GPT-4 (e.g., WaveCoder utilizes GPT-4 to augment
the dataset, and Magicoder also incorporates evol-
codealpaca-v1, which is constructed using GPT-4).

The Elo Rating and percentage of top-voted re-
sponses of experts are shown in Table 9. Although
Qwen has the highest Elo rating, its top-voted re-
sponses account for only 14.87% of the data. This
indicates that WarriorCoder learns from the best
response for each instruction rather than relying
solely on the highest-rated model, thereby increas-
ing response diversity. In contrast, Athene’s re-
sponses make up the largest proportion despite
its significantly lower Elo rating, highlighting its
highly unstable performance—excelling in some
cases while performing poorly in others.

D Details about Generation
Configurations for Instruction Mining

Based on small-batch observations, we explored
the impact of different generation configurations
on the mined instructions. Similar to previous
work (Xu et al., 2024b), we found that while higher
temperature and top-p values tend to decrease over-
all instruction quality, they contribute to increased
diversity. Moreover, under the same generation
configurations, the overlap between mined instruc-
tions remains very high. After deduplication, only
a small fraction of the original instructions remains,
significantly reducing the efficiency of instruction
mining.
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In summary, constructing a sufficiently large,
diverse, and high-quality dataset within a single
configuration is challenging. To address this, we
sample instructions using multiple generation set-
tings as we mentioned in Section 4. In other words,
with the same GPU hours, our current approach en-
ables us to obtain a greater number of high-quality
and diverse instructions compared to using a fixed
high temperature.

E Case Study

Here we show two examples of mined instructions.
The first has a score of 6:

I’'m trying to combine two dictionaries into one and
eliminate duplicate values for a given key the two
dictionaries may have different structures, eg.
dictA = {’catl’:{’cat2’:’A’}, *cat2’:{’cat3’:’B’}...}
dictB = {’catl’:{’cat2’:’C’ } }

Combining with a recursive function seems the best
option but I can’t seem to get it right.

**Please Help.**

And the second has a score of 9:

**Function to Get the Index of an Element in a 2D
List (List of Lists)**

Create a function named ’get_index_2d’ that
accepts three parameters:
- a 2D list *matrix’
- an element to search for target’
- a default value to return ’default’
If the ’target’ exists in the *matrix’, the function
should return its index (a tuple containing row,
column).
If the ’target’ is not found in the ’matrix’, the
function should return the ’default’ value.
"""python
def get_index_2d(matrix, target, default=None):

# implement function

nn

### Example Use Cases:

| Matrix | Target | Default | Expected |
I [[1,2],[34]] | 4 | None |l (1,1) |
[ [[1,2],[3,4]] | 5 | None | None |
I [[1,2],[34]] | 1 | (O-1) 1 (0,0) I
| [a’,;b’], Ce’yd’ ]l °d | (-1,-1) | (1,1) |

Both instructions are clear and specific, provid-
ing a solid foundation for tackling the problem.
However, the first instruction is more straightfor-
ward, with fewer requirements and a greater em-

phasis on practical tips and strategies to handle the
task. In contrast, the second instruction introduces
more complex conditions and does not include any
guidance, making the problem more challenging to
solve.
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