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Abstract

Code editing is a foundational task in software
development, where its effectiveness depends
on whether it introduces desired code property
changes without changing the original code’s in-
tended functionality. Existing approaches often
formulate code editing as an implicit end-to-end
task, omitting the fact that code editing proce-
dures inherently consist of discrete and explicit
steps. Thus, they suffer from suboptimal perfor-
mance and lack of robustness and generalization.
We introduce EDITLORD, a code editing frame-
work that makes the code transformation steps
explicit. Our key insight is to employ a language
model (LM) as an inductive learner to extract
code editing rules from the training code pairs as
concise meta-rule sets. Such rule sets will be man-
ifested for each training sample to augment them
for finetuning or assist in prompting- and iterative-
based code editing. EDITLORD outperforms the
state-of-the-art by an average of 22.7% in edit-
ing performance and 58.1% in robustness while
achieving 20.2% higher functional correctness
across critical software engineering and security
applications, LM models, and editing modes.

1. Introduction

Pre-trained code Language Models (code LMs) have shown
impressive performance in automating software develop-
ment and substantially improved the developers’ productiv-
ity in a wide range of programming tasks (Shani & Staff,
2023). Among these tasks, code editing has been a fun-
damental building block with broad applications, such as
optimizing code efficiency (Shypula et al., 2024; Huang
et al., 2024; Peng et al., 2025b; Garg et al., 2022), reverse
engineering and decompilation (Tan et al., 2024; Hu et al.,
2024; Wong et al., 2023; Xie et al., 2024), and vulnerability
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Figure 1: A performance editing example showing how ED-
ITLORD differs from the existing approach (Shypula et al.,
2024). The editing rule library here is discovered during the
induction rule learning phase (Section 2.2) and used to pre-
pare the finetuning set or directly prompting (Section 2.4).
EDITLORD’s edits include removing redundant sort and
calling efficient I/O functions (cin to scanf), while Shy-
pula et al. (2024) provides a suboptimal performance im-
provement while breaking the original code’s input-output
functionality.

repair and security hardening (Xia & Zhang, 2024; Fu et al.,
2022; Peng et al., 2025a; He & Vechev, 2023; Perry et al.,
2023; Bhatt et al., 2023).

Code editing is often considered more challenging than code
generation, as it comes with extra requirements for intro-
ducing desired new properties, e.g., improved efficiency, in
addition to generating functionally correct code. Such new
requirements necessitate diagnosing and localizing specific
properties in the original code, determining the necessary
changes to edit these properties, and ensuring the edits do
not introduce unintended side effects. These abstract editing
procedures are often compositional because fulfilling cer-
tain code property changes can consist of multiple editing
steps at multiple program points. However, they are also
modular and reusable, as the same abstract editing steps can
be reapplied in diverse code editing scenarios.

Unfortunately, existing works often treat the knowledge of
code editing as latent and implicit, and resort to brute-force
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finetuning to internalize it as part of the model weights (Shy-
pula et al., 2024; Tan et al., 2024). Such approaches could
fail to decouple the modular code transformation proce-
dures from the specific training samples and thus suffer
from suboptimal performance (Section 3.2) and the lack of
robustness and generalization (Section 3.5).

We introduce EDITLORD, a novel framework for learning
explicit meta-program transformation rules for code editing
tasks. Instead of directly prompting or finetuning an LM
to perform the editing, EDITLORD first employs an LM
to discover a concise set of inductive transformation rules
from training data and then trains an LM to apply these
transformations for each code pair. EDITLORD consists
of three key subtasks: discovering edit rules to abstract
the editing steps, summarizing functional specifications to
maintain the code functionality, and learning the discovered
rules for code editing. Figure 1 compares EDITLORD to the
finetuned baseline (Shypula et al., 2024).

A key advantage of our approach is that it operates in a struc-
tured, discrete transformation space, reflecting the symbolic
and compositional nature of code editing tasks. Since our
discovered meta-program transformation rules are expressed
in natural language, they remain interpretable. Moreover, by
exposing the editing steps as explicit modules, EDITLORD
enables more precise operations and allows human experts
to intervene when necessary.

We evaluate EDITLORD on the three critical software engi-
neering and security code editing tasks, including optimiz-
ing code efficiency, improving the readability of decompiled
code, and repairing security vulnerabilities. EDITLORD
outperforms the state-of-the-art code editing techniques by
23.3%, 12.7%, and 27.6%, respectively, across multiple
code LMs. With explicit editing rules, EDITLORD signif-
icantly improved the baseline in generalization, e.g., by
up to 24.87% improvement in length generalization and
58.1% improved robustness against semantics-preserving
code transformations. In addition to finetuning, EDITLORD
applies to different editing modes, with an average of 56.3%
improvement in zero-shot prompting and 5.7% improve-
ment for iterative refinement based on execution feedback.
As EDITLORD exposes the explicit editing steps, we show
that its editing performance can be further improved by up
to 35.5% when steered by human experts.

2. Methodology
2.1. Problem Statement

The code editing task aims to transform a given pre-edit
code into a post-edit code. The post-edit code must be
semantically equivalent to the pre-edit code, i.e., preserving
its input-output behavior and possessing the desired new
code properties, e.g., improved efficiency, readability, or

security (fewer vulnerabilities).

More formally, given a Language Model (LM) M and a
training dataset D = F(X;; yi)giL,; D X Y, where
X = fx;gjL; is the set of pre-edit code samples and Y =
TyigiL, is the set of post-edit code samples. Finetuning M
for code editing tasks can be formulated as optimizing the
conditional probability Pp (Y jX) with respect to M.

EDITLORD first creates an augmented training set D” before
finetuning the model to perform rule-based code editing.
Specifically, there are three steps: (1) data-driven inductive
rule discovery, (2) functional specification discovery, and (3)
rule-based code editing. Figure 2 illustrates the high-level
workflow of EDITLORD. The first two steps bootstrap the
training data D, while the third step finetunes the code LM
based on the augmented training set D”.

In data-driven inductive rule discovery, we query an LM
G to iterate the training set and summarize a meta-rule set
R. We will elaborate on the process in Section 2.2. In
functional specification discovery, we extract the functional
description S; 2 S that describes the shared input-output
behavior of both X; and y;. Such a behavior is expected to be
the same because the post-edit code y; should preserve the
same input-output semantics of X;. With the meta-rule set R
and the functional specifications S, we obtain an augmented
trainingsetD* X Y R S.

During finetuning, we train the LM M to predict
the per-sample editing rules R;, functional specifica-
tion Sj, before predicting the post-edit code yj, all
nditioned on the pre-edit code Xi: Pwm(YijXi)
si:r: P (SilXi)P (Rijxi; si)P (yijxi; si; Ri).  Besides
finetuning, we also consider other editing modes, e.g.,
prompting (Section 2.4).

2.2. Data-Driven Inductive Rule Discovery

Transformations required to achieve the desired changes in
code property can be formalized as editing rules. Intuitively,
these rules represent the explicit knowledge of code edits
instead of the implicit weight internalized in the model. Our
goal is to learn such an explicit meta-rule set R from the
training samples, before learning to perform the code editing
guided by these explicit rules for better generalization. In
the following, we describe how EDITLORD iterates the
training set D to grow R and ensures the rules in R remain
modular and reusable.

Inductive meta-rule set initialization Formally, we start
by extracting raw editing rules by iterating each training
code pair (Xj; Yi). For each (Xj; Vi), we query an LM G to
generate a per-sample raw editing rule set R; that explicitly
describes the code property changes required to transform
Xj into yj. Each raw rule set R; is thus defined as Rj =
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Figure 2:EbITLORD work ow. The upper section shows how EditLord takes pre-edit and post-edit training code samples

as input and outputs the discovered meta-rule set and functional speci cations (dotted-box) for each sample. The lower
section shows holDITLORD augment the training data. We nally augment each input with the synthesized functional
speci cations and per sample rule set derived from the meta-rule set. The editing process can then be performed either
by querying the netuned LMs (by augmented training samples) or using the meta-rule set as the prompt to guide the
zero-shot prompting and the iterative re nement with external feedback. Note that the rule learning steps for three tasks are
independentWe put them together just to show that the process is generic for different editing tasks.

G(xi;yi). We then aggregateR; ; :::;
raw editing rule seR = ~[_; R;.

Rnhgto initialize the  To systematically perform the re nement, we de ne three
operations thaG can use to update the inductive meta-rule

setR.

Iterative meta-rule set re nement While the initial R
collects the raw editing rules for each sample, they are either
too generic or too speci ¢ to provide actionable guidance for

« ADD: R[f rg! R. This operation instruct& to
directly add the rule 2 R; derived from the training
sample(x;; yi) to the meta-rule séR. This step is still

an effective editing. For example, they can be as generic as
“check for potential vulnerability”, or as speci ¢ as “switch
froma toa+1” (with very speci c variable names). Addi-
tionally, multiple editing rules may indicate similar trans-
formations, e.g., “switch fronsin to scanf " and “switch
from std::cin toscanf ". Given these challenges, we
introduce an iterative meta-rule set re nement algorithm to
ensure the ultimatR is concise and effective. We start with
this initial R and iteratively re ne each rule 2 R until R
converges. Figure 2 illustrates the procedures.

necessary as MERGE and PRUNE (described below)
can be very aggressive and some useful rules have been
inadvertently removed.

* MERGE:RI[f r; rjgnfri;rjg! R. This operation
instructsG to merge two rules;; r; 2 R by replacing
them with an updated rule ;.

« PRUNE:R nfrg! R. This operation instructs to
remove the rule from the meta-rule seR.
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Algorithm 1 Iterative Meta-Rule Set Re nement speci cationss; to prepare the augmented netuning set
input Initial Meta-Rule SeR D? = f(xi;si;Ri;yi)gk, (as shown in bottom-left in Fig-
output Finalized Meta-Rule Se&R° ure 2).

1 RO_ R The netuning task can now be formulated as model-

2: while R®not convergg:lo ing the following conditional probability for each sample:

3 foreachr 2 R[ R"do Pw (yi:si:Rijxi) = P(sijxi)P(Rijxi; )P (yijxi;si; Ri).

4 if r is well-balancedhen Note that the LMM to be netuned may differ fronG,

5 if @ 2 R%similar tor then which is used to construct the meta-rule Beaind func-

6: /* Add Rules */ tional speci cationsS (see Section 3).

7 R RO[f rg

8: else

9: /* Merge Rules */ Other editing modes Beyond editing the code using the
10: R RO[fr rgnfrrg netuned model, the generic design BbITLORD also sup-
11: end if ports other editing modes. For example, with the meta-rule
12: else setR, we can simply prompt an LNY to directly generate
13: /* Prune Rules */ the edited code or further re ne the edited code based on
14: R R%frg external feedback (e.g., execution information (Peng et al.,
15: end if 2025b)). Figure 2 illustrates other code editing modes, i.e.,
16: end for zero-shot prompting and iterative re nement with execution
17: end while feedback. We study ho®&DITL ORD assists these additional
18: return RO editing modes in Section 3.4.

3. Experiments

Algorithm 1 shows the procedures of updating the editingwe evaluateEDITLORD on three critical software engineer-
rule setR. Before adding each (ADD and MERGE) to  ing and security applications that can be formulated as code
R, we promptG to assess whether it is a balanced ruleediting tasks (Section 3.1). We consider inference using the
i.e., neither too generic nor too speci ¢ (line 4). If not, we netuned model as our default editing mode and compare it
apply PRUNE to discard it (line 14). Otherwise, we prompt o the state-of-the-art baselines, which are also mostly based
G again to decide whether we should ADD or MERGE  on netuning (Shypula et al., 2024; Tan et al., 2024; Fu et al.,
(line 5). Speci cally,G will be prompted to decide whether 2022). In Section 3.4, we also shd@ITLORD comple-
there exists a rule iR similar or identical ta. We apply  ments other editing modes. We choose models that can be
MERGE (line 10) if yes and ADD (line 7) if not. Figure 2 fyll-parameter netuned on our local hardware (2x4 Nvidia
and Table 5 include some examples of the learned rules in40s GPUSs), i.e., open-source DeepSeek-Coder 1.3B and

R after this algorithm completes. 6.7B, or via an online API, i.e., GPT-40 mini. To gener-
ate the functional speci cations and editing rules, we use
2.3. Functional Speci cation Discovery GPT-40 mini G in Section 2).

We consider functional speci cation as a high-level nat- .
ural language description of the program's intended be:-g'l' Setup: Tasks, Datasets, and Metrics
havior and input-output constraints. Speci cally, for each performance optimization This task aims to edit a given
sample(xi; yi) in the training dataset, we de ne the func- program to improve its execution ef ciency (see prompts
tional speci cations; of the training code pairx(;yi) as  in Appendix A.1). Following Shypula et al. (2024), we
si = fdesg;in;;outig, wheredesg describes the func- speci cally focus on the execution time speedup and use
tionality implemented inX;; yi), andin; andout; species  gem5 CPU simulator (Binkert et al., 2011) to mitigate the
the input and expected output constraintsxgf ¢i), respec-  noises introduced by the bare metal. We use-f¥high

tively. We promptG to generates; . quality) dataset from Shypula et al. (2024) for training and
evaluation. The dataset consists of 4,085 training (slow and
2.4. Code Editing Modes fast code) pairs, 2,544 validation samples, and 978 testing

Finetuning for rule-based code editing Once we ob- samples.

tain the meta-rule sé®, we iterate each training sample We adopt the same metrics as Shypula et al. (2024):
(xi;vi), and prompG to identifyR; R as the per-sample Correct@k: the percentage of problems in the testing set
editing rules that transform; to y;. With the per-sample for which the LM generates at least one correct solution out
rulesR;, we also incorporate the corresponding functionalof thek candidatesOPT@k: the percentage of problems in

4
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Decompile (Tan et al., 2024). Overall, our dataset set con-
sists of 8,567 (machine-decompiled code, original source
code) training code pairs, 834 validation samples, and 131
testing samples with test cases.

We adopt the same metrics in Tan et al. (2024) and extend
its readability measurement€ompilability. the percent-
age of problems in the testing set where the model gener-
ates the compilable prograr@orrectnessthe percentage

of problems in the testing set where the model generates
the correct programReadability similarity between the
ground truth and the edited code at three different levels,
i.e., character-, token-, and embedding-level. The similarity
isdenedasl d, whered is the edit distance between the
ground truth source code and the recovered original code at
the character and token level, and cosine distance between
CodeSage (Zhang et al., 2024) embeddings of them at the
embedding-level.

Figure 3: The similarity metrics between the Ghidra de-
compiled code and its corresponding source code are Cog'ecurity hardening This task aims to edit a given vul-

sistently low. This outcome is primarily due to the non-p g ap1e code into the patched version (see prompts in Ap-
descriptive variable names and convoluted data structuresendix A.3). In the vulnerable code, there can be one or

Whi?lh result in both poor readability and consistently Iow 5o\ inerabilities under different Common Weakness
similarity scores. Enumeration (CWE) categories.

We obtain the vulnerable and secure code pairs from

the testing set that the fastest and correct code amorig theSVEN (He & Vechev, 2023) for training and validation,
LM generated programs is at least 10% fasBmeedup®:  and evaluateEDITLORD on a strictly unseen testing set,
the average absolute ratio between the execution time r&WEval (Peng et al., 2025a). CWEval includes vulner-

quired by the given slow code and the fastest and corredble code samples covering 31 CWEs. Importantly, we
code among thk LM-generated programs. choose CWEval because each of its samples includes both

functionality and security tests to automate the evaluation,
while the other benchmarks, e.g., (Fu et al., 2022) focus
only on security xes and rely on manual effort to check the
ilmctionality.

Decompilation This task aims to edit a highly unreadable
decompiled code into a more readable form (see prompts i
Appendix A.2). We obtain these decompiled code sample
using the off-the-shelf decompiler Ghidra (Agency, 2019)Following CWEval (Peng et al., 2025a), we de neas the
Figure 3 shows an example of the unreadable decompilettal number of sampled solutions and a varying n.
code and its original source code. We then evaluate the security repair performance with the

T truct traini d validati I follow T following three metricsCorrect@k: the expectation of any
0 construct training and validation Samples, we 1010w 1an ¢ | \ generated solutions is correcBecurity@: the

et al. (2024) to randomly sample original code snippets frorrb : : :
: xpectation of any ot LM generated solutions is secure.
AnghaBench (Da Silva et al., 2021) and construct the cor= b Y 9

) . . .- Correct & Security@: the expectation of any df LM
responding Ghidra decompiled code samples by Comp'“ng%enerated solutions is both correct and secure.
the original code and decompiling it. We keep the testin
samples strictly non-overlapping with the training by usingThese metrics are calculated through the same formula

HumanEval-Decompile (Tan et al., 2024). Epropiems 1 ("« . wherec is the number of correct

. . . . k
Ghidra decompiled code in HumanEval-Decompile mayyoqrams;, sec(uZe programs, and both correct and secure
contain both syntactic and semantic errors, i.e., the pre'edﬂrograms, respectively.
decompiled code may not compile or fail the test cases.
These samples make it impossible for any code editor t% 2. Main Results
reconstruct the semantically correct code without an ora-""
cle, which is often not available in typical code editing We compareéepITLORD to zero-shot prompting, chain-of-
scenarios (Section 4). Therefore, we only consider théhought prompting (CoT), and netuning (state-of-the-art

functionally correct decompiled code from the HumanEval-baselines) on three tasks: performance optimization, de-

5
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Table 1: Main results for performance optimization, decompilation, and security hardening. “Finetuned” refers to the
approach from Shypula et al. (2024), Tan et al. (2024), Fu et al. (2022), respectively.

Performance opt OPTGEK Speedup@®* _Correct@& Decompilation Compile Correct Readability
k=1 k=8 k=1k=8 k=1k=8 char token emb
DeepSeek-Coder 1.3B DeepSeek-Coder 1.3B
Prompt 4.0 162 1.0 1.2 11.3 18.3 Prompt 67.9 65.7 314 357 31.3
CoT 56 159 10 1.2 10.0 19.3 CoT 10.7 6.9 317 359 312
Finetuned 125 475 15 3.0 185 67.5 Finetuned 77.1 38.9 36.6 40.8 375
EDITLORD (Ours) 16.4 53.1 1.7 3.8 28.9 72.0 EDITLORD (Ours) 93.1 46.6 44.0 47.6 41.4
DeepSeek-Coder 6.7B DeepSeek-Coder 6.7B
Prompt 6.0 195 11 1.2 60.0 895 Prompt 83.2 64.9 35.3 39.3 343
CoT 41 68 11 1.2 16.0 36.6 CoT 4.4 4.4 30.8 354 327
Finetuned 7.8 769 21 3.1 20.7 87.4 Finetuned 89.6 56.5 42.1 47.8 39.7
EDITLORD (Ours) 11.0 825 2.7 45 36.0 89.5 EDITLORD (Ours) 90.1 58.8 46.2 49.9 433
GPT-40 mini GPT-40 mini
Prompt 12.2 264 1.1 1.3 47.4 715 Prompt 61.8 44.3 33.1 37.0 37.9
CoT 100 29.1 11 15 452 64.1 CoT 59.5 46.6 34.3 38.3 39.8
Finetuned 28.1 615 23 3.8 59.0 89.5 Finetuned 86.3 52.7 45.6 494 43.6

EDITLORD (Ours) 31.2 725 29 4.2 62.5 93.5 EDITLORD (Ours) 97.7 67.2 51.4 549 48.4

Correct@ " Security@ " Correct & Sec@ "
k=1 k =10 k =50 k=1 k =10 k =50 k=1 k=10 k =50
DeepSeek-Coder 1.3B

Prompt 6.7 26.8 40.4 3.0 15.2 30.8 1.0 7.1 154

CoT 21.214.5 39.742.9 48.L7.7 6.4i3 4 20.25 .0 34.6.3 8 1.8:0:8 9.4 3 17.31 9

Finetuned 24.47.4 35.7:g:9 40.40 0 9.556 6 21.55 3 28.9 1.9 5343 13.85 5 19.25 3
EDITLORD (Ours) 31.224:5 49.622:8 59.619:2 12.29:.2 284132 365558 7.4s4 187116 23.L7.7

DeepSeek-Coder 6.7B

Prompt 20.3 31.7 44.2 14.8 29.5 36.5 8.7 17.3 23.1

CoT 13.0 73 40.35 5 51.97 .7 7.6 7.2 32. 732 42.35 -8 8.80 0 17.80 5 21.1 190

Finetuned 22.4 .1 45513 .3 53.99 5 13.7 1.1 35.0i5:4 44.2.7 -7 7.7 1:0 20.6:3 -3 25.01 9
EDITLORD (Ours) 25.35:.0 41.39:6 49149 17931 37176 50.013:5 11831 23966 30.87:7

GPT-40 mini

Prompt 21.9 36.2 46.1 18.0 30.2 40.4 13.0 23.1 26.9

CoT 27.45 5 43.2.7 -0 53.9.7 .7 23.35:2 35351 42.31 -9 18.45.4 28.Ls:1 34.6.7 -7

Finetuned 30.%k :3 42456 -» 50.0:3 9 16.5 1.6 28.5 1.7 34.6 5.8 13.00:0 22.1 1.0 30.83 3
EDITLORD (Ours) 31.49.5 499135 615154 27.69.5 40.310:.1 50.09.s6 21252 29362 36.50:

Security hardening

compilation, and security hardening. As illustrated in Ta-ability metrics demonstrate that the prompting approach
ble 1,EDITLORD outperforms the state-of-the-art baselinesevendecreaseshe original Ghidra decompiled code's read-
across all tasks and models, with 23.3%, 12.7%, and 27.6%bility, i.e., 36, 31.7, and 31.2 for the character-, token-
improvements on average in performance optimization, deand embedding-level readability metrics, respectively (Sec-
compilation, and security hardening, respectively. tion 3.1).

While EDITLORD underperforms the prompting-based ap- .

proach based on DeepSeek-Coder 1.3B and 6.7B in th%'& Ablations

decompilation task and DeepSeek-Coder 6.7B in the pefwe conduct ablation studies to evaluate the effectiveness
formance task on the functional correctness, it is importanbf each design component BDITLORD. Speci cally, we

to note that this metric alone can often appear overstateghtroduce the following variants by incrementally adding
by simply keeping pre-edit code unmodi ed. The read-the key components (in both training and inference): (1)

6
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Table 2: Ablations on performance optimization, decompilation, and security hardening (based on DeepSeek-Coder 1.3B).

Performance opt OPT@x Speedup® " Correct@& Decompilation Compile Correct Readability
k=1 k=8 k=1 k=8 k=1k=8 char token emb
Finetuned 125 475 15 3.0 185 67.5 Finetuned 77.1 38.9 36.6 40.8 375
+func-spec 125 49.2 17 35 21.43.4 + func-spec 93.9 38.9 38.9 436 384
+edit-rule 15.7 519 1.8 3.7 26.2 70.0 + edit-rule 87.0 29.8 415 452 395
EDITLORD (Ours) 16.4 53.1 1.8 3.8 28.9 72.0 EDITLORD (Ours) 93.1 46.6 44.0 47.6 41.4
Security hardening Correct@ Security@ Correct and Sec®@
k=1 k =10 k =50 k=1 k=10 k =50 k=1 k =10 k =50
Finetuned 24.1 35.7 40.4 9.5 215 28.9 5.3 13.8 19.2

+func-spec 255 3 41.86 1 46.15 -8 11.51 9 27.35 3 36.5.7 .7 6.0:0 -7 15.8, .0 21.11 9
+edit-rule  25.7; 6 39.03 3 44 .23 -8 11.87 3 27.35 3 38.59 5 6.7:1 3 17.53 6 23.1L3 3
EDITLORD (OUI’S) 31.27 1 49.6113 9 59.6119 2 12.2:5 6 28.46 -9 36.5.7 .7 7.4 1 18.7:4 g 23.13 3

Table 3: ComparingEDITLORD to Tan et al. (2024) against
semantics-preserving code transformations for robustness
and unseen samples with longer lengths for generalization
by measuring performance degradation with the original
decompilation results (Table 1).

Compile Correct Readability

char token emb (a) Performance opt(b) Decompilation(c) Security hardening

Robustness Figure 4: EDITLORD with different editing modes under
Finetuned 7.0 8.6 42 31 55 zero-shot promptingR = 0) and iterative re nementR =
EDITLORD (Ours) 1.2 45 18 1.7 43 1; 3; 5) with execution feedback. HerR, is the number of

— iterations taken to re ne the edited code.
Generalization

Finetuned 4.3 11.4 76 89 58
EDITLORD (Ours) 3.4 9.5 58 87 43

Compilability for decompilation, angecurity@5Cor se-
curity hardening, BITLORD obtains the best performance
when considering both the functional correctness and editing
Finetuned neither functional speci cation nor editing rule performance.

learning task is included; (Zunc-speconly the functional

speci cation learning task is included; (&yit-rule only  3.4. Other Editing Modes

the editing rule learning task is included.

In addition to netuning,EDITLORD is complementary to

As shown in Table 2, adding the functional speci cation other code editing modes. We evaluate the effectiveness
learning task alone outperforms the end-to-end netuningof EDITLORD when applied to zero-shot prompting and
baselines on the functional correctness metrics across dtkerative re nement with execution feedback (Peng et al.,
three tasks by up to 21.8%, while also improving the editing2025b; Huang et al., 2024).

performance, e.qg., ef ciency, readability, and security, by up

to 26.7%. Similarly, training models with the editing rule As shown in Figure 4EDITLORD improves the perfor-

; mance of zero-shot prompting and iterative re nement with
learning task alone can outperform the end-to-end netun- .
. . " . xecution feedback by an average of 56.3% and 5.7%, re-
ing baselines on the editing performance metrics across aﬁ ectivelv. We observenITLorb underperforms sliahtl

three tasks by up to 33.2%, while improving the functional: b Y- P gntly

correctness by up to 17.1%. When combined|TLORD " t_he decom_p|lat|on and securlt_y _hardenmg task when

: ; R = 3 or R = 5. We suspect this is due to the coarse-

can outperform the end-to-end netuning baselines by upto_ _. . o

h . grained execution feedback, e.g., compilation error, execu-
34.8% in overall editing performance. ; : . .

tion error, etc., while the state-of-the-art baselines incor-

While EDITLORD underperforms these ablation variants porate more ne-grained information, e.g., per-statement

on some speci ¢ metrics, i.eGorrect@8for performance, execution pro le (Huang et al., 2024) (see Section 4 for the

7
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Table 4: Editing rules augmented by human experts using DeepSeek-Coder 1.3B.

Performance opt OPT@x Speedup @ " Correct@& Decompilation Correet Compile Readability
k=1 k=8 k=1 k=8 k=1 k=8 char token emb
EpiITLORD 164 531 1.7 3.8 289 72.0 EDITLORD 46.6 93.1 440 476 414
+human 179 614 1.9 3.9 53.0 76.9 + human 49.9 89.3 47.0 51.3 56.1
Security hardening Correct@ Security@ Correct & Sec@®
k=1 k=10 k =50 k=1 k=10 k =50 k=1 k =10 k =50
EDITLORD 31.2 49.6 59.6 12.2 28.4 36.5 7.4 18.7 23.1

+ human 33.22 0 53.94 3 65.45 g 13.54 3 33.85 4 42.35 g 8.9 5 21.93 2 28.95 g

discussion). are the authors of this paper) to re f#ITLORD'S gen-
erated editing rules and functional speci cations for each
3.5. Robustness and Generalization testing sample, e.g., removing unreasonable rules or append-

ing effective new rules.
Robustness We compareeDITLORD to the state-of-the-

art baseline against semantics-preserving code transformable 4 shows that such an augmentation enhaBoes-
tions (Wang et al., 2023a; Yefet et al., 2020; Gao et al., 2023t ORD With up to 15.6%, 35.5%, and 25.1% improvement
Yang et al., 2022; Bielik & Vechev, 2020). The transforma-in ef ciency, readability in decompilation, and security.
tions include renaming variables and functions to long ran-

dom strings and removing comments, whitespaces, unusedl, Discussion and Limitation

variables, and unused headers. We observe individual trans-

formations alone rarely produce signi cant output changeslterative re nement with execution feedback Exist-

We thus exhaust each transformation (e.g., renaming aing LM-based code editing approaches often leverage it-

variables) and compose all of these transformations togethérative re nement with execution feedback (Huang et al.,
to introduce input changes substantial enough. 2024; Peng et al., 2025b; Xia & Zhang, 2024; Waghjale

. etal., 2024), which relies on the availability of test inputs.
Table 3 (left) shows the average performance degradation IRlowever, the code to be edited may not always be well-

functional correctness, comparability, and readability wheny, 5intained. Therefore, in this paper, we do not assume the
the input undergoes semantics-preserving transformationge;q are available by default (Section 3). We also show that
EDITLORD achieves up to 58.1% less drops in readabilgp 1) orpis complementary to iterative re nement with

ity measured by character-level readability compared 1q.,4se-grained execution feedback (Section 2.4). We aim

the b_asel_ine, indicati_n_g that producing explicit functional to study whether the ne-grained execution feedback, i.e.,
speci cations and editing rules helfEITLORD stay less per-statement execution pro le (Huang et al., 2024), can

susceptible to syntactic code changes. further improve BITLORD in the future.

Length generalization We investigateEDITLORD'S gen- Eunctional correctpess guaranteeln code editing, func-
eralizability to longer sequences than those seen in trairli'-ona_lI correctne_ss IS argu_a_lbly a hard constraint tha.‘t ca_mnot
ing (Anil et al., 2022). Speci cally, we select 71 testing be violated, while the editing goals can be soft objectives.

samples with lengths over 500 and netulBeITLORD only While we ensured that our edltln_g performance is mea-
on 6,105 strictly shorter<( 500) training samples. sured strictly on the subset of edited code that must rst

be functionally correctEDITLORD cannotguaranteeall
Table 3 (right) demonstrates tHabITL orD suffers reduced the edited code is correct. While this issue can be trivially
performance degradation on unseen longer code, achiemitigated by falling back to the original code, it completely
ing up to 25.86% less drops in readability measured byails to introduce any edits. We thus follow the existing

embedding-level readability (Section 3.1). approaches (Shypula et al., 2024; Tan et al., 2024) by treat-
ing functional correctness as a soft constraint. Imposing a
3.6. Rule Augmentation by Human Experts formal correctness guarantee for the edited code would be

L . . extremely valuable for future work.
As EDITLORD produces explicit editing steps, it facilitates y

human intervention to introduce customized editing rules.
To assess the effectivenessEdITLORD augmented by hu-
man intervention, we incorporate two human experts (both

8
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5. Related Work models, and editing modes.

Code LMs have been extensively used to assist developers in
editing code (Guo et al., 2025: Li et al., 2023; LaBash et al. ACknowledgement

2024, L|.et al., 2024; Cassano et al., 2024; Chakrabort.y et aIWe thank Xiaofei Ma, Jinjun Peng and all the anonymous
2020; Liu et al_., 2024a; Gupta et al., 2023, IYluenmghOﬁreviewers for their constructive comments and feedback,
etal., 2023; Singhal et al., 2024) to ful ll various goals, i, signi cantly improved this paper. We are also grateful
suchas bug xing (Xia & Zhang, 2024; Fan etal., 2023; Liu y; 5, Yang for his assistance with parts of the experimental
etal., 29240)’ decompilation (Tan et al., 2924; Wong gt aI'setup. This work was supported in part by Columbia Center
2023; Xie et al., 2024; Hu et al., 2024), ef ciency optimiza- for Al Technology (in partnership with Amazon), NSF CCF

tion (Huang et al., 2024; Shypula et al.,, 2024; Garg et al.p39 3555 CCF 2107405, Chameleon (Keahey et al., 2020)
2022; Peng et al., 2025b), vulnerability repair (He &Vechev,and OpenAl Researcher Access Program (OpenAl).
2023; Peng et al., 2025a; Fu et al., 2022; Xia & Zhang, 2024;

Perry et al., 2023; Bhatt et al., 2023), code translation (Pan
et al., 2024; Eniser et al., 2024), code refactoring (Shirafujimpact Statement

etal., 2,023; Cummins etal., 2024), and more b.roadly re'"ﬂe‘il:ode editing plays a crucial role in assisting developers'
tasks like generating proofs (Chen et al., 2025; Chakrabort}ﬁa"y jobs. While Large language models (LLMs) have

etal., 2025), invariants (Kamath et al., 2023; Ch"’Ikr‘?‘borwdemonstrated promising capabilities in automated code

etal., 2023), or speci cations (Murphy et al., 2024; Ma transformation, their end-to-end nature often leads to hal-
etal., 2025). lucinated edits. These hallucinations would be especially
Most existing approaches either adopt netuning to learnharmful when LLMs are used to edit security and safety-
the direct mapping between the code pairs or leverage igfitical code. Our paper introduced a new approach to im-
erative re nement with execution or self-generated feedproving the safety of LLMs when applied to security-critical
backs (Huang et al., 2024; Peng et al., 2025b; Huang et agoftware engineering applications.

2023a; Xia & Zhang, 2024; Chen et al., 2024; Dong et al.,

2024; Madaan et al., 2024; Zelikman et al., 2024; Liu et al. References

2024b). In contrastEDITLORD complements these ap-

proaches by making the intermediate editing steps explicitAgency, N-/S- Ghidra Disassemblétttps://ghidra-
sre :org/ , 2019.
EDITLORD shares a similar philosophy to bootstrapping the g

symbolic reasoning of LMs (Zelikman et al., 2022; Kim Anil, C., Wu, Y., Andreassen, A., Lewkowycz, A., Misra,
et al., 2023; Huang et al., 2023b; Chen et al., 2024; Hsieh V., Ramasesh, V., Slone, A., Gur-Ari, G., Dyer, E., and
et al., 2023; Wang et al., 2023b; Zhang et al., 2023; Light- Neyshabur, B. Exploring length generalization in large
man et al., 2023; Zhou et al., 2024), where the LMs synthe- language modelsAdvances in Neural Information Pro-
size the reasoning procedures to self-augment the samplescessing System35:38546—38556, 2022.

for supervised netuning or preference tunirgpITLORD ) o )
extends the idea by distilling a concise and composabl&hatt, M., Chennabasappa, S., Nikolaidis, C., Wan, S., Evti-
editing meta-rule set, such that the code to be edited can MOV I, Gabi, D., Song, D., Ahmad, F., Aschermann, C.,

share reusable editing steps and bene ts from the improved Fontana, L., etal. Purple llama cyberseceval: A secure
generalization (Section 3.5). coding benchmark for language modedsXiv preprint

arXiv:2312.047242023.

6. Conclusion Bielik, P. and Vechev, M. Adversarial robustness for code.

) . . In International Conference on Machine Learnjrap.
We introducedEDITLORD, a generic code editing frame- 896-907. PMLR. 2020.

work, by learning the inductive code transformation rules to

elicit the explicit code editing steps. Our key approach is toBinkert, N., Beckmann, B., Black, G., Reinhardt, S. K.,
employ a language model (LM) as an inductive learner to Saidi, A., Basu, A., Hestness, J., Hower, D. R., Kr-
distill a concise and composable meta-rule set for code edit- ishna, T., Sardashti, S., et al. The gem5 simulaA@M

ing from the training code pair&DpITL ORD substantially SIGARCH computer architecture nev@9(2):1-7, 2011.
outperforms the state-of-the-art code editing techniques in ) ) )

editing performance while enjoying signi cantly higher €assano, F., Li, L., Sethi, A., Shinn, N., Brennan-Jones, A.,
functional correctness and improved robustness against Ginesin, J., Berman, E., Chakhnashvili, G., Lozhkov, A.,
semantics-preserving code transformations across multiple Anderson, C. J., etal. Can it edit? evaluating the ability of

critical software engineering and security applications, LM large language models to follow code editing instructions.
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