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Abstract

Large Language Models (LLMs) exhibit remarkable code
generation capabilities but falter when adapting to frequent
updates in external library APIs. This critical limitation,
stemming from reliance on outdated API knowledge from
their training data, even with access to current documen-
tation, impedes reliable code generation in dynamic envi-
ronments. To tackle this issue, we propose ReCode (rule-
based Reinforcement learning for Code Update), a novel
framework that mimics human programmer adaptation to API
changes. Specifically, we construct a dataset of approximately
2,000 data entries to train the LLMs to perform version mi-
gration based on updated information. Then, we introduce a
modified string similarity metric for code evaluation as the
reward for reinforcement learning. Our experiments demon-
strate that ReCode substantially boosts LLMs’ code genera-
tion performance in dynamic API scenarios, especially on the
unseen CodeUpdateArena task. Crucially, compared to super-
vised fine-tuning, ReCode has less impact on LLMs’ general
code generation abilities. We apply ReCode on various LLMs
and reinforcement learning algorithms (GRPO and DAPO),
all achieving consistent improvements. Notably, after train-
ing, Qwen2.5-Coder-7B outperforms that of the 32B param-
eter code instruction-tuned model and the reasoning model
with the same architecture.

Code — https://github.com/zjunlp/ReCode

1 Introduction

Large Language Models (LLMs) have recently demon-
strated remarkable code generation abilities (Chen et al.
2021b; Zan et al. 2023; Roziere et al. 2024; Guo et al. 2024;
Hui et al. 2024; Team et al. 2024; OpenAl et al. 2024; Jiang
et al. 2024; Team et al. 2025a; Yang, Li et al. 2025). This
capacity enables LLMs to solve data science-related tasks
by calling external libraries in the generated code (Lai et al.
2022; Wang et al. 2025c; Hong et al. 2025). However, the
APIs of external libraries are updated very frequently, while
the model still has outdated information in their parame-
ters (Wu et al. 2024; Islah et al. 2024; Wang et al. 2025a; Yao
et al. 2023; Liu et al. 2025b). As shown in Figure 1-top, the
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Figure 1: Top: LLMs cannot be aware of API updates that
occur after their release date, which may lead to code er-
rors. Bottom: Simply incorporating update information into
the prompt cannot effectively alleviate the issue of outdated
APIs. ReCode enhances their ability to migrate code to new
versions through rule-based RFT.

LLM released before would generate code containing out-
dated APIs, leading to task failure in the up-to-date environ-
ment. This poses a challenge for the application of LLMs in
scenarios that require high-quality code generation, such as
Al4Research (Lu et al. 2024, Starace et al. 2025; Team et al.
2025c; Liu et al. 2025a), Software Engineering (Zhang et al.
2023; Jimenez et al. 2024; Deng et al. 2025), and Human-
Computer Interaction (Zhang et al. 2024; Li et al. 2025).
The root cause of these challenges lies in the fact that
LLMs are trained on static datasets, making it difficult for
them to adapt to dynamically evolving scenarios such as API
updates. While supervised fine-tuning (SFT) can partially al-
leviate this issue (Liu et al. 2025b), the high frequency of
updates may result in exorbitant costs and catastrophic for-
getting of previously learned knowledge (Biderman et al.
2024; Luo et al. 2025). An alternative approach involves
embedding updated information directly into the prompt as
a dynamic knowledge supplement (Liu et al. 2025b; Wang
et al. 2025a). This method can be further enhanced by inte-
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Figure 2: Training Reward and Test Pass Rate during RL Fine-Tuning. It demonstrates that Qwen2.5-Coder-7B-Instruct can
enhance performance on the unseen CodeUpdateArena, even surpassing 32B code model and reasoning model after training.
The two dashed lines in the figure represent the Pass@1 of the corresponding models on CodeUpdateArena.

grating it with retrieval-augmented generation (RAG), offer-
ing greater potential in handling dynamic scenarios (Lewis
et al. 2021; Gao et al. 2024; Gupta, Ranjan, and Singh
2024). Furthermore, inputting updated knowledge through
prompts avoids the risk of erasing other unrelated knowl-
edge. Nevertheless, significant room for improvement re-
mains in version-related code evaluation benchmarks, par-
ticularly for open-source code models (Liu et al. 2025b).
This may be attributed to the conflict between inherent (pa-
rameters) and external (prompt) knowledge, where LLMs
tend to prioritize their internal knowledge. In summary,
while prompting is better suited for this scenario than SFT, it
is necessary to address the challenge of knowledge conflicts.

Reinforcement Fine-Tuning (RFT) has been shown to en-
hance the model’s ability to integrate retrieval in RAG sys-
tems, boosting response accuracy (Jin et al. 2025). Inspired
by this, we design ReCode, a rule-based Reinforcement
learning for Code Update approach (Kaelbling, Littman,
and Moore 1996; Ghasemi, Moosavi, and Ebrahimi 2025) to
enhance the model’s code migration capabilities when en-
countering conflicting information. To take data science as
an example, programmers first learn a specific version of the
library, such as NumPy. Then, after being informed of the
API updates, they can map the old version of the code in
their minds to the new version. Our goal is to enable LLMs
to use new APIs to complete tasks based on the updated in-
formation provided in the prompt. Similar to the Version-
Aware Code Migration task in Versicode (Wu et al. 2024),
we train the model to migrate code from an old version to a
new version based on the update information. As shown in
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Figure 1-bottom, we put the updated document in the prompt
and fine-tune the model to better understand the prompt by
using reinforcement learning based on the improved string
similarity reward for code evaluation.

We evaluate the model’s performance on CodeUp-
dateArena (Liu et al. 2025b), a more challenging task, where
the model must solve practical tasks using API update infor-
mation. Our experimental results indicate that ReCode sig-
nificantly enhances LLMs’ code generation capabilities in
dynamic API scenarios. As shown in Figure 2, the trained
Qwen2.5-Coder-7B model outperforms Qwen2.5-Coder-
32B and achieves a higher Pass@1 score than DeepSeek-
R1-Distill-Qwen-32B. Additionally, ReCode’s impact on
the model’s general code generation abilities is less pro-
nounced than that of supervised fine-tuning (SFT). In sum-
mary, our contributions are: (1) ReCode is the first to explore
the application of rule-based RFT in dynamic API scenarios.
Particularly, we combine the use of prompts with RFT; (2)
We construct a training dataset comprising approximately
2,000 data entries, specifically designed to train models in
performing version migration based on updated information;
(3) Through extensive experiments and analyses, we high-
light the potential of ReCode in code generation and knowl-
edge update scenarios.

2 API Knowledge Update

Problem formula. During the pre-training phase, the LLM
accumulates code knowledge within its parameter € via an
autoregressive approach (Yenduri et al. 2023). However, 6
remains static post-pre-training and thus fails to incorporate
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Figure 3: The pipeline of data collection and training task with a running example.

subsequent API updates. Consequently, when tasked with
question g, the model may produce code containing outdated
APIs: code with outdated API < Py(-|q).

One basic strategy is to embed updated API informa-
tion within the prompt c¢pqqte. The model then generates
code based on both the question ¢ and the embedded up-
date details: code <+ Py(-|q, c). Nevertheless, this method
introduces potential conflicts between the model’s internal
knowledge (housed in 0) and external information (provided
in the prompt c). Such conflicts can lead to the model over-
looking the updated API details in ¢, even when additional
updates are supplied. Unlike directly writing the updated
knowledge into the model’s parameter 6, we employ rein-
forcement learning to fine-tune 6 — o, enabling the model
to more effectively leverage the updated API information
presented in the prompt. This refined approach allows the
model to generate code that better aligns with current API
standards: update code < Py (-|q, c).

CodeUpdateArena. CodeUpdateArena (Liu et al. 2025b) is
designed to evaluate the ability of LLMs to handle API up-
dates. The dataset comprises 670 program synthesis tasks,
covering updates to 54 functions across seven different
Python packages. Unlike other datasets, CodeUpdateArena
is a synthetic dataset generated with LLM assistance. It pre-
vents overlap with the model’s training data and allows for
the assessment of LLMs’ adaptability to completely new up-
dates. In addition, each entry in the dataset includes at least
three test cases that can be directly executed for verification.

3 ReCode
3.1 Overview

As we described in Section 1, providing API update infor-
mation to LLMs via prompts is the most promising solution,
as it is more aligned with the behavior of human program-
mers and can be seamlessly integrated with RAG. However,
current LLMs usually miss the information provided in the
instructions. Our goal is to enhance the model’s ability to
follow the updated information provided in the prompt.
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Training. For training, we train models to perform
version migration based on updated information. As
shown in Figure 3-right, given a data entry e;
[di,vi,ui,cl(.OId),c(-taTQEt)], which corresponds to [Depen-
dency, Target Version, Update Info, Old Code, and Target
Code], the input of training task is x; = [d;, v;, u;, cEOl(i)]
and the output is y = cgt“g ) The actual prompts with
templates we used are provided in the Appendix. We provide
a detailed discussion of the training dataset construction in
Section 3.2. Moreover, we detail the rewards utilized in the
training process in Section 3.3.

Testing. During testing, each piece of data in CodeUp-
dateArena (Liu et al. 2025b) includes: Dependency and API
update doc u;, a real-world question g;, and a function signa-
ture to be implemented s;. The test task requires the model
to generate the complete function code for s; based on the
above three pieces of information. Since the dataset pro-
vides test cases, we use Pass@k as the evaluation metric.
The prompts with templates are provided in the Appendix.

3.2 Training Dataset Construction

Since no existing dataset provides input-output pairs, we
construct our own training dataset. As shown in Figure 3-
left, the data construction process is as follows:

1. We access the release notes of major data science li-
braries (e.g., Numpy, Pandas, PyTorch, matplotlib) to

identify paragraphs that detail specific API updates.

. We leverage GPT-4 to generate two code snippets with
equivalent functionality: one using the old API and the
other utilizing the updated APIL.

. Human experts review these code snippets to ensure they
incorporate the updated API correctly. More details can
be seen in Appendix.

. Only those code snippets that pass the expert review are
included in the dataset.

The final dataset comprises approximately 2K entries,
with detailed statistics provided in Appendix. It is worth not-
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Figure 4: Correctness Reward and Training Pipeline (taking GRPO as an example). The dashed box shows the correctness
reward of our design, which includes two parts: syntax checking and string matching. It is worth mentioning that ReCode can
be adapted to any reinforcement learning algorithm and is not limited to GRPO.

ing that the API updates in our dataset encompass a diverse
range of changes, including but not limited to API renam-
ing, parameter addition, and functionality modification. A
detailed discussion is included in Appendix.

Isolation of training and testing data. In addition to the
different tasks of training and testing, there are also funda-
mental differences in the sources of their API updates. The
data we collected all come from real API updates; whereas
CodeUpdateArena (Liu et al. 2025b) is a completely syn-
thetic dataset generated by LLMs. We believe that this fun-
damentally ensures the isolation between datasets.

3.3 Reward Design

Similar to the existing works (DeepSeek-Al 2025; Xie et al.
2025), the reward in ReCode consists of two parts: format
and correctness.

Format Reward. We hope that the output of our model
meets the format:

<think>...</think><answer>...</answer>.
That is, to output the thinking process within the <think>
tag, and to output the target code within the <answer> tag.
The format reward is defined as follows:

Riormat (@) = {—i—l if x meets the format )

1, else

where z is the output of the model.

Correctness Reward. Code, unlike math (Hendrycks
et al. 2021; Liu et al. 2024a; Chernyshev et al. 2025), does
not have a verifiable, unique standard answer. When improv-
ing coding skills, code quality can be verified by the pass
rate of test cases (Liu and Zhang 2025). However, we ar-
gue that the pass rate of test cases is not a suitable reward
metric for code migration task. Our training objective is to
migrate correctly generated code to a new version, with the
focus on “migration” rather than the inherent correctness of
the code itself. Following previous works (Wu et al. 2024;
Wang et al. 2025a), we use string matching metrics to eval-
uate the code’s cross-version migration capability:

» Edit Similarity (ES): ES assesses the similarity between
predicted completions and target codes by analyzing the
edit operations needed to transform one into the other.
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* Exact Match (EM): EM calculates the rate at which pre-
dicted completions exactly match the target codes after
normalizing return values.

Versicode (Wu et al. 2024) introduced the Critical Diff
Check (CDC) metric by adding rules based on EM. How-
ever, since it only considered API name updates, CDC is
not applicable to diverse API updates. Drawing on Logic-
RL’s (Xie et al. 2025) reward mechanisms, we incorporated
Abstract Syntax Tree (AST)-based code syntax checking
into the string matching metrics, as illustrated in Figure 4.
Taking EM as an example:

+2.0, if x match the target
EM*(x) = {—1.5, elif x is syntactically valid  (2)
—2.0, else
Similarly, £.S™ is:
«/ \ _ ) —2.0,if x isn’t syntactically valid
ES™(x) = { ES(z) x 3.5 — 1.5, clse 3)

The reward range when the syntax is correct is also
[—1.5,2.0]. Our reward is applicable to any RL algorithm
that uses policy gradient updates. In our experiments, we
select GRPO (Shao et al. 2024) and its modified version,
DAPO (Yu et al. 2025), as the training algorithms.

4 Experiment
4.1 Experimental Setup

Model. The community commonly opts for rule-based re-
inforcement learning training of models in the Qwen fam-
ily (Yu et al. 2025; Liu and Zhang 2025; Zeng et al.
2025). In our experiments, we use two code models to
evaluate our method. This is to verify that our method
can bring improvements not only to the Qwen model.
The models we used are Qwen-2.5-Coder-7B-Instruct (Hui
et al. 2024) and DeepSeek-v1.5-Coder-7B-Instruct (Guo
et al. 2024). Both models demonstrate superior performance
among models with fewer than 10B parameters. Notably,
instruction-tuned models are found to retain R1 character-
istics (Xie et al. 2025). Additionally, in the experimental



Model ‘

CodeUpdateArena \ HumanEval+(A)

Method
\ | Pass@ 1(A) Pass@ 5(4) |

Qwen2.5-Coder-32B-Instruct Untrained 75.7 (+0.0) 84.3 (+0.0) -

DeepSeek-R1-Distill-Qwen-32B Untrained 78.2 (+0.0) 86.1 (+0.0) -
Untrained 59.1 (+0.0) 72.5 (+0.0) 71.3 (+0.0)
SFT 53.4 (-5.7) 67.3 (-5.3) 64.0 (-7.3)
DS-vl.5-Coder-7B-Instruct | b de GRPO | 63.6 (+45)  77.3 (+4.7) 67.7 (-3.6)
ReCode DAPO 63.6 (+4.5) 78.2 (+5.6) 68.9 (-2.4)
Untrained 67.3 (+0.0) 74.0 (+0.0) 84.1 (+0.0)
SFT 69.4 (+2.1) 78.2 (+4.1) 70.2 (-11.7)
Qwen2.5-Coder-7B-Instruct | o 4e GRPO | 74.6 (+7.4)  82.1 (+8.0) 82.3 (-1.8)
ReCode DAPO | 78.7 (+11.3)  84.3 (+10.2) 81.7 (-2.4)

Table 1: The performance results using the GRPO and DAPO algorithms on CodeUpdateArena and HumanEval+.

section, we employ Qwen2.5-Coder-Instruct-32B (Hui et al.
2024) and DeepSeek-R1-Distill-Qwen-32B (DeepSeek-Al
2025) as baseline models. The performance metrics for these
two models are obtained via the API of SiliconFlow'. A de-
tailed discussion on baseline selection is left in Appendix.
Training. In our experiment, we utilize the DoRA (Liu et al.
2024b) to update the model due to the computational limits.
The hyperparameters are configured as r = 64, = 64.
For the RL component, both GRPO and DAPO are set with
G = 8, while in GRPO, the parameter [ is assigned a value
of 0.001. The training procedure spans 5000 steps, targeting
the training tasks with a batch size set at 8 and a learning
rate of 5 x 107°. Specifically, the initial 150 training steps
incorporate a learning rate warm-up schedule, which is sub-
sequently followed by a cosine schedule.

Test Dataset and Metric. We select the CodeUpdateArena
benchmark (Liu et al. 2025b) as our test task and filter inac-
curate cases from this public dataset>. A detailed account of
these errors is provided in Appendix. We evaluate our cor-
rected data using the Pass @k metric, with & values of 1 and
5 in our experiments. All tests are conducted using the inputs
with updated information as described in Section 3.1. This in
itself represents the setting of RAG. To examine how addi-
tional training affects the model’s general code capabilities,
we employed HumanEval+ (Liu et al. 2023).

4.2 Main Result

Table 1 presents the results obtained from CodeUp-
dateArena after training.

ReCode enhances the model’s pass rate within the
arena. We conduct an ablation study on the reward com-
ponents in Section 4.3 and adopt ES* as the training reward.
As shown in Table 1, both GRPO and DAPO yield consistent
gains on the arena leaderboard. Most notably, the Qwen2.5-
Coder-7B-Instruct model ultimately surpasses both the 32B-
parameter instruction-tuned model and the distilled reason-
ing model of the same architecture on Pass@1. Its Pass@5

"https://www.siliconflow.cn/
Zhttps://github.com/leo-liuzy/CodeUpdate Arena/blob/main/
data/arena-ungrouped.jsonl

is slightly lower than that of DeepSeek-R1-Distill-Qwen-
32B, a finding that echoes prior work (Yue et al. 2025):
the ceiling of reasoning improvements delivered by RL is
capped by the base model’s intrinsic capacity. Crucially,
the benefits of ReCode are not confined to Qwen models:
DeepSeek-Coder also enjoys a substantial uplift (Pass@]1
+4.5, Pass@5 +5.6). Considering that DeepSeek-Coder is
inherently weaker than Qwen2.5-Coder, the observed dis-
parity in performance gains remains entirely reasonable.

SFT exhibits limited generalization capabilities when
transitioning from the code migration task to real-world
code generation tasks. As Table 1 shows, SFT’s perfor-
mance gains lag behind those of ReCode (Qwen), and in
some cases even degrade the pre-trained model’s efficacy
(DS), consistent with observations by Liu et al. 2025b.
This limitation stems from SFT’s tendency to minimize loss
by memorizing prompt—answer pairs while ignoring update
documentation, leading to poor robustness under task dis-
crepancy. In contrast, RL encourages the model to earn high
rewards only by correctly interpreting documentation and
generating valid code, thereby fostering genuine understand-
ing and enabling consistent generalization across dynamic,
decoupled training—testing settings.

ReCode has less impact on the general capabilities of
LLMs than SFT. Training the model on the updated API
data may degrade its general-purpose coding proficiency. To
quantify this, we evaluate the model on HumanEval+ (Liu
et al. 2023), a benchmark specifically designed to assess
general code-generation abilities, after training. As shown
in Table 1, comparing pre-training and post-training results
reveals that ReCode exerts a far milder influence on gen-
eral coding capabilities than SFT. Consequently, we main-
tain that ReCode remains the most viable and promising so-
lution for dynamic API scenarios.

4.3 Reward Design Ablation

In Section 3.3, we outline the design space for the cor-
rectness reward, which encompasses EM, ES, EM*, and
ES* metrics. Using Qwen2.5-Coder in conjunction with
GRPO (Shao et al. 2024), we conduct a comparative anal-
ysis to evaluate how these different reward mechanisms in-
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| format | +EM  +ES | +EM* +ES*
Pass@1(A) | -23 | -12 454 | +1.1 474
Pass@5(A) | 3.0 | 3.2 452 | 420 480

Table 2: Ablation study on reward design using Qwen2.5-
Coder and GRPO, comparing the impact of format reward,
exact match (EM), edit similarity (ES), and their syntax-
checked variants (EM*, ES*) on final performance metrics
(Pass@1 and Pass@5).

fluence the final performance.

Table 2 illustrates the variations in the final metrics when
training with different rewards. Below are three key findings:

Using only the format reward does not lead to im-
provement. Without correctness rewards, the policy model
cannot receive feedback on whether the code migration is
correct. Moreover, instruction-tuned models can follow in-
structions well without additional training; further training
using only format rewards would be redundant. This under-
scores the necessity of introducing correctness rewards in
the API update scenario.

The inclusion of AST-based syntax checking is nec-
essary. It is evident that regardless of whether using the
strict matching metric EM or the loose similarity measure
ES, the inclusion of syntax checking enhances performance.
We speculate that pure string matching may result in the
model’s understanding of the task degrading. Additionally,
Versicode (Wu et al. 2024) also observed that when the tar-
get code length increases, the correlation coefficient between
EM and the pass rate of test cases decreases.

Similarity measurement is better than strict matching.
We find that although ES and EM ultimately share the same
goal of aligning the output with the target code, ES and ES*
achieve superior results. This may be related to the calcu-
lation of the inter-group advantage in naive GRPO. When
none of the outputs in a group strictly match the target code,
each output receives the same reward, leading to a zero ad-
vantage for each output. DAPO (Yu et al. 2025) also high-
lighted this issue. In contrast, ES offers more flexible values.
Even if none of the outputs in a group strictly match the tar-
get code, different outputs can still receive varying rewards.
To verify this, we calculate the proportion of data with inter-
group reward variance being 0 before training started. To
better highlight the differences, we discard the data with an
initial reward of 2. As shown in Figure 5-left, ES* has a
lower proportion than EM*. This means the model can get
reward feedback on more data it couldn’t handle before (re-
ward < 2) when using GRPO.

5 Analysis

If not specifically emphasized otherwise, the analyses are
based on Qwen2.5-Coder-7B-Instruct w/ DAPO ReCode.

5.1 Training Dynamics

Reward and Pass Rate. As depicted in Figure 2, during
the initial few hundred training steps, the reward under-
goes a decline rather than an increase. This may appear
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Figure 5: Left: the proportion of data with inter-group re-
ward variance being 0. Right: The changes in response
length during the training process.

counterintuitive, but our analysis reveals that the primary
driver of this early-stage reduction is the decrease in for-
mat reward. Instruction-tuned models inherently possess ro-
bust instruction-following abilities, enabling them to readily
comply with reasoning formats without undergoing training.
Nevertheless, this very strength in adhering to instructions
might concurrently restrict the exploration space of rein-
forcement learning algorithms, potentially entrenching spe-
cific modes of thinking. We posit that the initial reward drop
reflects the model’s reluctant shift as it commences explo-
ration. It discards its pre-existing instruction-following ca-
pabilities and established thought processes to embark on a
new learning phase. The subsequent reward increase is at-
tributed to the model having sufficiently expanded its explo-
ration space, which in turn enables the gradual enhancement
of both reward and performance metrics. However, in our
experimental observations, even with this initial reward de-
cline, instruction-tuned models demonstrated a faster learn-
ing pace compared to their base model counterparts.
Response Length. As shown in Figure 5-right, the model’s
output length tends to increase during training. However,
we do not believe there is a direct relationship between the
model’s reasoning ability and response length. In our train-
ing tasks, the length of the model’s Chain of Thought (CoT)
output is inherently limited (around 300), and even after
training, the model’s output length only increases to approxi-
mately 400. This may be due to the limited thinking required
for the migration task, with the model not engaging in exces-
sive thinking throughout the process.

5.2 Case Study: The Impact of RL?

A natural question arises: Why does ReCode result in im-
provements? To explore this question, we divide the error
cases before training into two categories. One category in-
cludes cases that are corrected after training, and the other
includes those that remain wrong.

ReCode can help LLMs overcome their laziness in
acquiring external knowledge. We observe that the pre-
trained model exhibits “laziness” regarding the updates in
the prompt. Specifically, it either ignores the mentioned up-
dated APIs or overlooks the new API parameters. In the Ap-
pendix, we show an erroneous case where the model disre-
gards the updated API math.sin and misinterprets the angle
unit ’gradian,” producing incorrect code.



Hypothesis. When generating code, an LLM draws
from two information sources: internal knowledge
(parameters) and provided prompts. Similar to hu-
mans, the model tends to rely more on its internal
knowledge.

This propensity limits improvements when using prompts
as the sole information source in dynamic scenarios. This is
also one of the challenges faced by RAG systems. Longpre
et al. 2022 found that when encountering conflicting infor-
mation between context and internal knowledge, QA mod-
els tend to rely on internal knowledge. Xu et al. 2024 em-
phasized that knowledge obsolescence can lead to a conflict
between parameters and prompts. Fortunately, ReCode cor-
rects these issues, as demonstrated in the Appendix, where
the model accurately uses the updated API information. Re-
Code enables the LLM to overcome its tendency to be “lazy”
in utilizing external knowledge.

The capacity to address problems is fundamentally
constrained by the pre-trained model. Most uncorrected
cases are unrelated to API updates. In the Appendix, we
show a case where the model is supposed to develop a pen-
dulum simulation program. It ignores the physical quanti-
ties in the parameters and fails to describe the physical laws
as required in the prompt. Unsurprisingly, even after train-
ing, the model still couldn’t write this function correctly
under the condition of Pass@1. Our method doesn’t focus
on enhancing physical reasoning abilities. Thus, Qwen2.5-
Coder-7B-Instruct, which originally lacked this ability, still
couldn’t complete the task after training.

5.3 Evaluation Under Complex Scenarios

Since our training and testing tasks only involve a single API
update at a time, we explore two more complex scenarios:
Multiple updates to a single API. forch.gels() was
deprecated in version 1.2 in favor of rorch.lstsq(). Later,
torch.lstsq() was also deprecated in version 1.9, replaced
by torch.linalg.lstsq(). To update code from forch.gels to
torch.linalg.lstsq, one could do it in two steps following the
version sequence. However, as shown in Appendix, with
update-aware prompting, the model can directly migrate
from torch.gels to torch.linalg.lstsq without going through
torch.lstsq, which is more align with human programmers.
Multiple API Updates. Can the model handle updates to
multiple APIs at the same time? In the Appendix, we provide
an example where the model correctly generated code when
facing multiple API updates. It also doesn’t show laziness
in using the knowledge from the prompt. To demonstrate
the improvement achieved by ReCode, we construct 20 sim-
ilar questions involving multiple API updates to test mod-
els’ performance. As shown in Table 3, ReCode enhances
the performance of Qwen2.5-Coder, bringing a 7B instruct
model closer to the performance of a 32B reasoning model.

6 Related Work

Benchmarking Code Generation. Most current code com-
pletion benchmarks (Chen et al. 2021a; Austin et al. 2021;
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Model | Pass@1  Pass@5
DeepSeek-R1-Distill-Qwen-32B | 65 80
Qwen2.5-Coder-7B-Instruct 35 55
+ReCode 60 75

Table 3: The results tested on 20 questions involving multi-
ple API updates.

Cassano et al. 2023; Nijkamp et al. 2023; Zheng et al. 2024;
Zhuo et al. 2025) fail to test models’ cross-version code mi-
gration skills. To address this issue, several version-related
code completion benchmarks have been proposed recently.
Versicode (Wu et al. 2024) includes over 9,000 code sam-
ples from websites but only covers API name changes and
lacks executable test cases. In contrast, GitChameleon (Is-
lah et al. 2024) collects over 100 real-world update samples
to evaluate whether models can generate correct code based
on library versions. CodeUpdateArena (Liu et al. 2025b) is
a dataset of synthetic data with 670 samples generated by
LLMs that includes executable test cases.

Reinforcement Fine-Tuning. Reinforcement Learning
(RL) remains crucial for LLM post-training, with RLHF be-
ing key to GPT’s evolution into ChatGPT (Ouyang et al.
2022). With the emergence of slow-thinking reasoning mod-
els (OpenAl 2024; DeepSeek-Al 2025; Team et al. 2025b),
the community has recognized the importance of rule-based
RL. Particularly, the ”Aha moments” observed in mathemat-
ical tasks are quite fascinating. Recently, the community has
found that RFT is also effective in other domain tasks, such
as video understanding (Feng et al. 2025a; Chen et al. 2025),
code generation (Liu and Zhang 2025; Ma et al. 2025), tool
using (Li, Zou, and Liu 2025; Qian et al. 2025; Wang et al.
2025b), machine translation (Feng et al. 2025b), and oth-
ers (Jin et al. 2025).

7 Discussion and Conclusion

To the best of our knowledge, ReCode is the first to adopt the
rule-based RFT post-training method for dynamic API sce-
narios. By training models on the code migration task, we’ve
addressed the issue of Al programmers struggling to mi-
grate code based on updates without test data. ReCode helps
models make correct choices when encountering knowledge
conflicts. Al programmers are tireless and efficient but lack
dynamic adaptability to new knowledge, a reasoning ability
once thought unique to humans. How to endow Al with this
ability remains a significant challenge.

ReCode represents an exploratory step in code generation.
Through ReCode, Qwen2.5-Coder-7B-Instruct has achieved
cross-scale performance, surpassing the strong reasoning
model with 32B parameters in the Pass@ 1 metric. In the fu-
ture, we aim to explore this paradigm’s application in other
knowledge update scenarios and further enhance reward de-
sign and training algorithms.
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