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Abstract001

The rapid development of large language mod-002
els (LLMs) for code, which closely aligns with003
the practical needs of real-world software de-004
velopment, has sparked growing attention in005
repository-level code completion. However,006
existing Code LLMs present challenges in fo-007
cusing on suitable contexts from the reposi-008
tory and in deeply reasoning about cross-file009
dependencies. To address these challenges,010
we propose a novel reinforcement learning011
framework for repository-level code comple-012
tion. To better understand both in-file and cross-013
file contexts, we employ identifier-driven in-014
tent recognition to capture completion intent,015
thereby improving the model’s performance016
in real-world scenarios. To enhance cross-017
file reasoning, we propose a reward-driven018
completion learning to effectively reward in019
complex repository completion scenarios. To020
guide LLMs in completing code that aligns021
with intended functionality and repository con-022
text, we introduce a selective-exploration strat-023
egy that directs the model to focus on low-024
confidence, high-reward tokens, promoting the025
exploration of valuable, underexplored com-026
pletion patterns. Experimental results show027
that our approach significantly improves the028
performance of Code LLMs. The code and029
the dataset is available at https://anonymous.030
4open.science/r/IntentCoder-EAD5.031

1 Introduction032

With the rapid development of large language mod-033

els (LLMs) for code (Jiang et al., 2024a; Zheng034

et al., 2023b), these LLMs have demonstrated ad-035

vanced capabilities in code understanding and com-036

pletion. Many LLMs are integrated into IDEs to037

support developers’ daily development, one of the038

most common usage scenarios is code comple-039

tion (Zhou et al., 2022; Wang et al., 2023a). Pre-040

vious studies have explored code completion task041

on different granularities, such as line-level code042

 path:src/ecommerce/purchase/PurchaseProcessor.java
 public class PurchaseProcessor {
    private String product;
    private int quantity;
    public void processPurchase() {     // process the purchase transaction
    ...
                                More code snippets...                                      
 path: src/ecommerce/database/DatabaseConnection.java
 public class DatabaseConnection {
    ...
    public void connect(){ // connect to the database
    ...

Cross-file
Context

In-file
Context

path:src/ecommerce/user/UserManager.java
import ecommerce.database.DatabaseConnection;
import ecommerce.purchase.PurchaseProcessor;
 public class UserManager {
    private String uername;
    private DatabaseConnection dbConnection;
    private PurchaseProcessor purchase;
    public void save() {       // save user to the database
    public void processData(String info, int id){ 
    // process user data (e.g., update address，phone number)
    ...

public void CreateUser(String username, String dbName) {
   UserManager newUser = new UserManager(username, dbName);    
   dbConnection.connect(product,quantity);❌️

   newUser.save();✅️

public void order(String product, int quantity) {    
   processData(product,quantity);❌️

   purchase.processPurchase(product, quantity);✅️

Figure 1: Situations of repo-level code completion.
completion (Liu et al., 2024; Izadi et al., 2022), 043

function-level code completion (Li et al., 2022; 044

Quan et al., 2025). More recently, the repository- 045

level code completion (Zhang et al., 2024) has 046

become increasingly important because it better 047

aligns with the practical needs of developers in real- 048

world software development. However, repo-level 049

code completion is a non-trivial task by considering 050

the following situations: 051

As shown in Fig. 1 (s1), this example shows the 052

LLM incorrectly focusing on method signatures 053

in the local (i.e., in-file) context, while ignoring 054

the broader global (i.e., cross-file) context. The 055

LLM incorrectly invokes processData(product, 056

quantity), which fails to reflect the intended 057

action of placing an order. The proper call is 058

processPurchase(product, quantity) (e.g., 059

colored in green), which aligns with the intended 060

purchase logic defined in the PurchaseProcessor 061

class, imported from the cross-file context. This 062

situation highlights that the LLM can’t cor- 063

rectly focus on local context or global context. 064
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As shown in Fig. 1 (s2), this example shows065

an LLM’s failure to deeply reason about the066

target cross-file object. The LLM incorrectly067

calls dbConnection.connect() directly after in-068

stantiating newUser neglecting the initialization069

logic newUser.save() encapsulated within the070

UserManager class, which internally manages the071

database interaction.072

Therefore, a key research question regarding073

repo-level code completion stands out, i.e., how074

to improve the model’s capability to utilize both075

cross-file and in-file context effectively? It is a chal-076

lenging task: (i) Guiding LLMs to focus on the077

suitable context (e.g., in-file context or cross-file078

context or both) remains a non-trivial problem.079

Different parts of the codebase depend on vastly080

different types of contextual information. Some081

completions can be resolved using local (in-file)082

scope, while others require a broader, cross-file083

perspective. LLMs still lack the capability to de-084

cide which type of context is relevant for a given085

completion task (Ding et al., 2023). (ii) LLMs still086

struggle to reason deeply about the cross-file087

information due to complicated project depen-088

dencies and code structures. From the repository089

perspective, code completion requires the LLM to090

have a global view that spans multiple files and091

modules. This means a deep understanding of how092

different components are architected and interact.093

To tackle the above challenges, we propose a094

novel reinforcement learning (RL) approach for095

repo-level code completion, which is designed to096

improve the model’s completion ability in differ-097

ent completion scenarios. To address the chal-098

lenge of focusing on a suitable context, we lever-099

age identifier-driven intent recognition to capture100

the completion intent. Specifically, we adopt the101

GRPO (Shao et al., 2024) method for autonomous102

learning and design an intent reward based on the103

matching degree between identifiers in the pre-104

dicted and real code, guiding the LLM to focus105

on the correct context. To address the challenges106

of dependency resolution and cross-file reasoning,107

we propose a reward-driven completion learning108

utilizing a reward function for repo-level code com-109

pletion, providing continuous and granular reward110

values based on the distance of the code editing as111

feedback for cross-file reasoning. To guide LLMs112

to effectively complete code that meets the intended113

functionality and adheres to the repository-level114

context, we design a selective-exploration strategy115

optimization that focuses on low-confidence, high-116

reward tokens in the model’s multiple responses, 117

reflecting divergent thought paths and motivating 118

the model to explore underexplored yet more valu- 119

able code completion patterns. 120

In summary, our paper makes the following con- 121

tributions: (1) A reinforcement learning method for 122

repo-level code completion, which effectively ad- 123

dresses the issue of rewards in complex repository 124

completion scenarios and improves cross-file rea- 125

soning, enabling the model to learn autonomously 126

on real-world repository data. (2) The first deep 127

research into LLMs’ multi-scenario code comple- 128

tion ability, enhancing the model’s ability to fo- 129

cus on a suitable repository context through in- 130

tent recognition and selective exploration. (3) In- 131

tentCoder achieves state-of-the-art (SOTA) perfor- 132

mance on repo-level code completion tasks with 133

code LLM (7B parameters) on RepoBench, demon- 134

strating strong and stable improvements. 135

2 Related Work 136

Large Language Models for Code. A wide 137

range of LLMs (Fried et al., 2022; Chowdhery 138

et al., 2023; Wang et al., 2023b; Zheng et al., 2023a; 139

Christopoulou et al., 2022) tailored for code-related 140

tasks, such as code comprehension and genera- 141

tion, have been developed and widely adopted in 142

software engineering to enhance development effi- 143

ciency (Chen et al., 2021; Liu et al., 2023). Some 144

open-source models, Deepseek-Coder (Guo et al., 145

2025) and Qwen2.5-Coder (Hui et al., 2024), show 146

strong code generation abilities. CodeLLMs have 147

shown strong performance on benchmarks (Lai 148

et al., 2023; Allamanis and Sutton, 2013; Lu et al., 149

2021; Raychev et al., 2016; Yu et al., 2024) for 150

single-file code completion, where they can predict 151

whole lines of code effectively. However, their per- 152

formance in repo-level code completion remains 153

limited, as LLMs struggle to capture the full reposi- 154

tory context due to token size restrictions (Phan 155

et al., 2024), focusing mainly on local context 156

within individual files and neglecting cross-file de- 157

pendencies (Liang et al., 2024). 158

Repository-level Code Completion. Repository- 159

level code completion aims to provide code com- 160

pletion by leveraging the context of a repository. 161

Given the large size of repositories and model 162

context limitations, many approaches adopt the 163

retrieve-then-generate paradigm (Agrawal et al., 164

2023; Cheng et al., 2024). Methods like A3- 165

CodGen (Liao et al., 2023), CodePlan (Bairi et al., 166
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2024), and RepoFuse (Liang et al., 2024) use static167

code analysis for contextual integration to improve168

code completion. RepoCoder (Zhang et al., 2023)169

refines retrieval using feedback from generated170

code, while RLCoder (Wang et al., 2024) improves171

it with a stop signal mechanism. Despite advance-172

ments in context retrieval, effectively utilizing it173

remains challenging. FT2Ra (Guo et al., 2024) and174

CoCoMIC (Ding et al., 2022) integrate retrieved175

content, but require architectural changes, making176

them unsuitable for pre-trained LLMs. In contrast,177

aixcoder-v2 (Li et al., 2025) uses fine-tuning to178

assimilate long contexts for improved code comple-179

tion. Unlike previous methods, we use reinforce-180

ment learning to enhance the LLM’s performance181

in various scenarios.182

3 Methodology183

3.1 Task Definition and Motivation184

Given an incomplete code snippet x (i.e., in-file185

context Cin-file) and its cross-file contexts Ccross in186

a specific repository, the task of repository-level187

code completion is to generate the completion y.188

More formally, the task’s objective is to generate189

the code completion y by a model πθ such that190

the conditional probability Pθ(y|Cin-file, Ccross) is191

maximized. The definitions of in-file and cross-192

file contexts are in Appendix A.1, and the task193

motivation is in Appendix A.2.194

3.2 Preliminary195

Group Relative Policy Optimization (GRPO) is a196

method of reinforcement learning that explores the197

potential of LLMs to develop reasoning capabili-198

ties, focusing on their self-evolution through a pure199

RL process (Guo et al., 2025; Shao et al., 2024).200

GRPO is applied to estimate the advantages of lan-201

guage model generations by comparing responses202

within a query-specific group.203

Specifically, in repo-level completion task, given204

an input q = (Cin-file, Ccross), GRPO samples a205

group of outputs {y1, y2, . . . , yG} from the old206

policy model πθold , and then optimizes the policy207

model πθ by maximizing the following objective:208

JGRPO(θ) = Eq∼P (Q),{yi}Gi=1∼πθold
(y|q)

1

G

G∑
i=1

min(
πθ(yi|q)
πθold(yi|q)

, 1− ϵ, 1 + ϵ)Ai − βDKL(πθ∥πref),

(1)209

where ϵ and β are hyper-parameters, DKL is the210

penalty function of Kullback-Leibler divergence.211

πref is the reference model, which is initial by 212

the policy model πθ. Ai is the advantage for 213

the i-th response, computed using a group of re- 214

wards {r1, r2, . . . , rG} corresponding to the out- 215

puts within each group: 216

Ai =
ri − mean(r1, r2, . . . , rG)

std(r1, r2, . . . , rG)
(2) 217

3.3 Completion-Focused Reinforcement 218

Learning 219

Even though LLM receives sufficient repository 220

context information, it often fails to effectively 221

leverage and understand it for accurate code com- 222

pletion. Inspired by reinforcement learning, which 223

helps mitigate the reliance on empirical mem- 224

ory for code completion, we propose completion- 225

focused reinforcement learning based on GRPO 226

(Section 3.2) to enable the model to autonomously 227

learn code completion in a repository. 228

Reward-Driven Completion Learning. Em- 229

ploying reward feedback based on result matching 230

presents challenges in complex and diverse cross- 231

file completion scenarios, as the model often fails 232

to receive rewards due to the sparsity of signals 233

when directly matching the ground truth code. To 234

address this challenge, we propose reward-driven 235

completion learning, which provides more precise 236

and granular reward feedback in the complex repo- 237

level code completion environment, enabling the 238

model to receive effective reward signals that en- 239

hance its cross-file reasoning ability. 240

Specifically, given in-file context Cin-file and the 241

cross-file context Ccross = {Ci}ni=1 in repository, 242

the i-th output yi in a group is sampled by the old 243

policy model πθold , as described by the following 244

equations: 245

yi = πθold(Cin-file, Ccross). (3) 246

Following the prompt of repository-level comple- 247

tion in Fig. 4 (provided in Appendix A.3), we ob- 248

tained a group of generated code {yi}Gi=1 through 249

multiple samplings by Formula 3. Completion re- 250

ward functions that evaluate the generated code are 251

defined from the following perspectives: (1) com- 252

pletion reward provides a relative quality ranking 253

of the generated code completions. The comple- 254

tion reward Rc for the i-th output yi is defined as 255

follows: 256

Rc = fEdit(yi, ŷ), (4) 257
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In-file Context

Cross-file Context

Identifier Resolution

Completion
Reward

Format Reward

Length-based
Reward

Identifier-Driven
Intent Reward

<think>
The goal is to create an adapter to display program
data in a list. We need to bind the data to a view
for each item using `ProgramCellView`. ... The
`mMyProgram` object contains the actual data,
ensuring the adapter is initialized with the
correct data source and view class.
</think>

<answer>
```java

ListCellViewAdapter<ProgramData> adapter = new
ListCellViewAdapter<ProgramData>

(ProgramCellView.class, mMyProgram);
```
</answer>

. . .

A group of responses

Repository

CodeLLM

Ground Truth

Reference LLM

ListCellViewAdapter
ProgramData
mMyProgram
adapter

ListCellViewAdapter
ProgramData
mMyProgram
adapter

Prediction

Code Identifiers

2.0 0.0

Reward
Function

. . .

A group of rewards

KL

Reward

ListCellViewAdapter<MySchedule> adapter = new ListCellViewAdapter<MySchedule>(MyScheduleCellView.class);

ListCellViewAdapter<ProgramData> adapter = new ListCellViewAdapter<ProgramData>(ProgramCellView.class, mMyProgram);

(b)Selective-Exploration Strategy Optimization

Tuned

  Frozen

Gradient decrease

Gradient increase

(a)Completion-Focused
ReinforcementLearning

Figure 2: Overview of IntentCoder. (a) Illustration of the Completion-Focused RL process. (b) Illustration of the
Selective-Exploration Strategy Optimization.

where ŷ is the ground truth code, fEdit is the Leven-258

shtein distance algorithm (Yujian and Bo, 2007) to259

compare the character differences (i.e., insertions,260

deletions, substitutions) between generated code261

and ground truth code. This reward provides fine-262

grained, continuous feedback (ranging from 0 to263

1), ensuring the model receives quality feedback264

even without exact matches. (2) Format reward265

Rf ensures the model’s output is evaluable by re-266

quiring the response to follow a specific format267

for reasoning and answers. A regular expression268

checks that these markers are present and correctly269

ordered. (3) Length-based reward: Extra code270

lines may receive spurious rewards, hindering ac-271

curate feedback and reducing training efficiency.272

To address this, we propose a Length-based reward273

RL to regulate the number of generated lines for274

better alignment with code completion needs:275

RL(yi) =

{
1, if len(yi) = 1

0, otherwise,
(5)276

where len denotes the function that calculates the277

number of code lines. Based on these reward func-278

tions, we define the reward function R as follows:279

R = αc ∗Rc + αf ∗Rf + αL ∗RL, (6)280

where α∗ is hyper-parameters. As shown in Al-281

gorithm 1, we use the reward function R to train282

the model πθ, enabling the model to autonomously283

learn from repository data.284

Algorithm 1 Completion-Focused Reinforcement Learning

1: Input: initial policy model πinit
θ , reward function R,

dataset D = {Cin-file, Ccross, ŷ}; hyperparameters µ
2: policy model πθ ← πinit

θ

3: reference model πref ← πθ

4: for step = 1, . . . , M do
5: Sample a batch Db from D
6: Update the old policy model πθold ← πθ

7: q ← {Cin-file, Ccross} ∈ Db

8: Sample {yi}Gi=1 ∼ πθold(·|Cin-file, Ccross) for q ∈ Db

9: {Ri}Gi=1 ← R(yi, ŷ) for yi ∈ {yi}Gi=1 (Equation 6)
10: Compute Ai for yi ∈ {yi}Gi=1 (Equation 2)
11: for iteration = 1, . . . , µ do
12: Update πθ by maximizing JGRPO(θ) (Equation 1)
13: end for
14: end for
15: Output: πθ

Identifier-Driven Intent Recognition. In real- 285

world code completion scenarios, the performance 286

of LLMs is often enhanced by utilizing cross-file 287

context from the repository (Zhang et al., 2024; 288

Eghbali and Pradel, 2024). However, the model 289

struggles to focus on suitable contexts from in- 290

file and cross-file contexts (Ding et al., 2023), re- 291

sulting in incorrect code completions. To address 292

this challenge, we propose Identifier-Driven Intent 293

Recognition, which is designed to guide the LLM 294

in identifying the developer’s completion intent 295

and understanding code contexts, thereby correctly 296

focusing on suitable contexts. 297

Specifically, as shown in Fig. 4, we instruct the 298

model’s reasoning process in the prompt to focus 299

on the user’s intent of code completion (e.g., col- 300
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ored in blue), directing its reasoning towards the301

intent of completion in the reasoning proces. Given302

that identifiers contain semantic information from303

the code, we utilize an identifier-based reward func-304

tion RI to evaluate the degree of correctness in the305

model’s intent recognition. As shown in Fig. 2, we306

parse the code and extract the identifiers (e.g., vari-307

able, function, and class names) from the model’s308

prediction y and ground truth code ŷ. The identifier-309

based reward function Ri is calculated as follows:310

RI = F1(fid(πθold(Cin-file, Ccross)), fid(ŷ)), (7)311

where fid extracts the sets of identifiers from code.312

F1 is the harmonic mean of the precision and recall313

metric, which is used to evaluate the degree of in-314

tent consistency between the predicted and ground315

truth code. This approach enables the model to316

properly consider contextual information and ad-317

just its focus based on the situation, thereby effec-318

tively leveraging the advantages of both in-file and319

cross-file contexts to improve performance.320

To effectively coordinate the intent and comple-321

tion rewards, we joint them as follows:322

Ric = (1 +RI) ∗Rc, (8)323

R = αic ∗Ric + αf ∗Rf + αL ∗RL, (9)324

where R is the overall reward function, α∗ is hyper-325

parameter. By combining these two reward signals,326

the model is encouraged to prioritize completing327

the code in a way that both fulfills the user’s in-328

tended functionality and adheres to the repository-329

level context. When the edit distance between two330

generated codes is similar in a group of outputs331

{yi}Gi=1, the intent reward acts as a coefficient, al-332

lowing for a more accurate reward assignment and333

reducing the lack of distinction in reward values.334

Selective-Exploration Strategy Optimization.335

The model’s multiple responses to the same com-336

pletion task reflect different thought paths, with337

some responses aligning in part as a consensus,338

while others show divergence on key points. Re-339

warding the key information where the model340

shows uncertainty can help cross-file reasoning and341

contextual attention in the correct contexts. Dur-342

ing our reinforcement learning process, some key343

tokens within the group have a lower generation344

probability than the average of the tokens in the345

group of outputs, yet they might receive rewards346

higher than the average reward for the group. As347

shown in Fig. 2, this type of token (e.g., colored348

in green) contains valuable information that sig- 349

nificantly influences the reasoning and completion 350

strategy. Based on the above observations, we pro- 351

pose a selective-exploration strategy optimization. 352

The key idea is to encourage the model to focus 353

more on tokens with lower confidence and higher 354

reward, as these tokens represent the high-value 355

and critical aspects of the solution that can be fur- 356

ther improved for the model’s completion learning. 357

Specifically, for the t-th token of the i-th output 358

yi,t within the group, the confidence function P 359

and value function V are as follows: 360

P (yi,t) = log πθ(yi,t|q, y<t)−
1

N

G∑
j=1

Li∑
t=1

log πθ(yi,t|q, y<t),

V (yi,t) = A(yi,t)−
1

G

G∑
j=1

A(yj),

(10)

361

where N is the total number of tokens in a group 362

of outputs, Li is the number of tokens in the i-th 363

output. Then the tokens that have high value and 364

low confidence are selected as follows: 365

Ts = {yi,t | P (yi,t) < 0, V (yi,t) > 0}, (11) 366

where Tselect is the set of selected tokens. To sim- 367

plify the expression and enhance readability, we 368

define the function Adv(yi,t) as follows: 369

Adv(·) = min(
πθ(yi,t|q, yi,<t)

πθold(yi,t|q, yi,<t)
, 1− ϵ, 1 + ϵ)Ai. (12) 370

Based on the function Adv, the training of the 371

model πθ for the position of token yi,t is defined as 372

maximizing the following objective: 373

J (yi,t) =

{
Adv(yi,t)− βDKL(πθ∥πref), yi,t /∈ Ts

Adv(yi,t), yi,t ∈ Ts,

(13) 374

where token yi,t ∈ Tselected removes the KL penalty 375

compared to other tokens. By applying fine-grained 376

gradient updates to tokens in different areas, we ad- 377

just the model’s attention away from tokens where 378

it already has high confidence and shift it towards 379

those tokens that have the potential to improve 380

the overall output. This approach encourages the 381

model to gain a deeper understanding of code com- 382

pletion by focusing on divergent contextual areas 383

and exploring valuable code completion patterns. 384

4 Experiments 385

4.1 Dataset 386

To study repository-level code completion in the 387

context of in-file and cross-file scenarios, we con- 388

struct the ICRepo dataset (In-file & Cross-file 389
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Repository-level Completion) for model training.390

We collect 32K repository-level code completion391

examples from the RepoBench-C and RepoBench-392

P datasets (Liu et al., 2023), with an equal number393

of Python and Java examples. We contain three394

completion scenarios as follows: Cross-File-First395

(CF-F), Cross-File-Random (CF-R), In-File (IF).396

Overall statistics of the dataset are given in Ta-397

ble 1. The training dataset encompasses a variety398

of real-world code completion scenarios, ensuring399

the model is exposed to diverse challenges. By400

incorporating both in-file and cross-file contexts,401

the dataset covers practical code completion situa-402

tions that developers frequently encounter in actual403

projects. For the test dataset, we use Repobench-404

Java and Repobench-Python (Liu et al., 2023). Fur-405

ther Details are provided in Appendix A.4.

Language Sets Num. Completion position
IF CF-F CF-R

Java&Python train 32,000 10,100 11,300 10,600
val 1,000 300 400 300
test 6,000 2,000 2,000 2,000

Table 1: Dataset Statistics of ICRepo.
406

4.2 Baselines407

We consider the following open-source Code LLMs408

for comparison, which are widely used in code409

completion tasks. To simplify the model names, we410

have removed the “instruct” suffix in the following411

introductions: StarCoder2 (Lozhkov et al., 2024):412

StarCoder2-15B and StarCoder2-7B. DeepSeek-413

Coder (Guo et al., 2025): Deepseek-Coder-6.7B414

and DeepSeek-Coder-33B. CodeLlama (Roziere415

et al., 2023): CodeLlama-7B and CodeLlama-416

34B. Qwen2.5-Coder (Hui et al., 2024): Qwen2.5-417

Coder-7B and Qwen2.5-Coder-33B. aixcoder-7B-418

v2 (Li et al., 2025): aixcoder-7B-v2 is currently the419

SOTA 7B model in repository-level code comple-420

tion. Then we compare our method with the follow-421

ing methods in the training model for repository-422

level code completion: fine-tuning (Hu et al.,423

2022) and GRPO (Guo et al., 2025). Further De-424

tails are provided in Appendix A.5.425

4.3 Implementation Details426

We train IntentCoder based on Deepseek-Coder-427

6.7B and Qwen2.5-Coder-7B, respectively. For428

each prompt of training data, the old policy model429

πθold generates 6 outputs in a group using a temper-430

ature of 0.7 and top-p sampling with a value of 1.0.431

To improve training efficiency, we use LoRA (Hu432

et al., 2022), vllm (Kwon et al., 2023), and deep- 433

speed (Rasley et al., 2020) for train the model πθ. 434

Further details are provided in the Appendix A.6. 435

4.4 Evaluation Metrics 436

Following the previous work (Liu et al., 2023; 437

Eghbali and Pradel, 2024; Zhang et al., 2023; 438

Jiang et al., 2024b), we report performance in two 439

main categories to evaluate the performance of 440

codeLLMs: Code Match: To evaluate the accu- 441

racy of the predicted code lines, we use Exact 442

Match (EM) and Edit Similarity (ES) (Lcven- 443

shtcin, 1966). Identifier Match (Ding et al., 2022, 444

2023): To evaluate the model’s ability to under- 445

stand the completion intent and predict the correct 446

APIs, we use the following metrics about Identi- 447

fier: Exact Match (EM),Precision,Recall and F1. 448

Further details can be found in Appendix A.7. 449

4.5 Experimental Results 450

Repo-level Code Completion Evaluation. To 451

evaluate the effectiveness of IntentCoder, we ap- 452

ply our training method to Qwen2.5-Coder-7B and 453

DeepSeek-Coder-6.7B, and then compare it with 454

nine Code LLMs and two strong training methods 455

for LLMs. Table 2 shows the experimental results 456

of our model and other baselines. It is obvious that: 457

(1) Regarding the comparison with other models, 458

IntentCoder outperforms all strong baselines by 459

a large margin in both code match and identifier 460

match, surpassing even larger models. For exam- 461

ple, IntentCoderQwen achieves 42.47% and 35.93% 462

in Code EM for Java and Python, surpassing the 463

next best model (i.e., Qwen2.5-Coder-32B) by a 464

significant margin of 6.53% and 5.87%. Similarly, 465

in terms of F1 in Identifier Match, IntentCoderQwen 466

outperforms the next best model (i.e., Qwen2.5- 467

Coder-32B) by a significant margin of 5.97% and 468

4.97%. Compared to models with the same pa- 469

rameters in Code EM, IntentCoderQwen outper- 470

forms the current SOTA model (i.e., aixcoder-7B- 471

v2) by a significant margin of 8.53% in Java and 472

12.07% in Python, which clearly demonstrates our 473

model’s code completion capability. (2) Regarding 474

the comparison with other methods, our approach 475

demonstrates substantial improvements across all 476

evaluation metrics over other training methods 477

on two main strong baselines (e.g., Qwen2.5- 478

Coder-7B, DeepSeek-Coder-6.7B). Specifically, 479

IntentCoderDeepSeek outperforms DeepSeek-Coder- 480

6.7B by up to 11.40% and 20.30% in Code EM 481

for Java and Python. Similarly, IntentCoderQwen 482
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Model

RepoBench-Java RepoBench-Python

Code Match Identifier Match Code Match Identifier Match

EM ES EM Precision Recall F1 EM ES EM Precision Recall F1

StarCoder2-7B 12.20 29.78 15.37 24.64 28.19 25.09 1.80 14.47 3.83 7.72 13.25 8.40
CodeLlama-7B 12.40 48.50 15.90 35.60 41.60 36.46 4.47 25.56 6.37 18.26 26.68 18.84
aixcoder-7B-v2 33.07 68.97 38.70 60.57 65.97 61.07 23.20 59.94 29.63 54.70 62.84 55.41

Starcoder2-15B 12.20 28.59 15.67 24.51 27.77 24.92 1.83 13.70 4.07 7.66 13.05 8.34
CodeLlama-34B 12.13 45.39 15.43 33.59 39.11 34.01 4.40 26.02 6.70 18.97 27.55 19.07
DeepSeek-Coder-33B 26.70 62.03 31.53 53.11 57.99 53.39 14.03 45.00 18.57 37.81 45.49 38.30
Qwen2.5-Coder-32B 35.07 71.13 41.10 63.12 65.28 62.56 29.40 63.82 35.40 57.52 61.69 57.43

DeepSeek-Coder-6.7B 30.20 66.28 35.97 57.67 62.81 57.94 14.97 43.87 19.20 38.13 47.20 38.94
DeepSeek-Coder-6.7Bfine-tuning 38.93 74.37 44.77 66.23 66.17 65.22 31.27 66.36 37.53 59.44 58.76 57.66
DeepSeek-Coder-6.7BGRPO 35.47 71.29 41.57 63.95 68.13 63.83 34.70 68.82 40.93 62.87 60.64 60.39
IntentCoderDeepSeek 41.60 77.64 47.73 69.74 69.18 68.53 35.27 71.12 42.10 64.41 62.98 62.39

Qwen2.5-Coder-7B 26.80 62.77 32.70 54.74 57.06 53.81 19.97 52.39 25.20 46.55 52.45 46.51
Qwen2.5-Coder-7Bfine-tuning 37.43 74.77 43.50 65.93 65.78 64.88 31.53 66.61 37.53 59.59 58.69 57.81
Qwen2.5-Coder-7BGRPO 37.50 73.49 43.60 65.87 67.58 65.02 35.13 68.71 41.20 62.21 60.10 59.86
IntentCoderQwen 42.47 77.52 48.57 69.95 69.60 68.75 35.93 71.58 42.70 65.57 63.80 63.37

Table 2: Evaluation results on the RepoBench-java/Python dataset. All results in the table are reported in percentage
(%). The best method is in boldface, and the second best method is underlined for each metric.

outperforms Qwen2.5-Coder-7B by up to 15.67%483

and 15.96% . Overll, IntentCoder shows substan-484

tial and stable improvements compared to other485

models and methods.486

Model
Code Match Identifier Match

EM ES EM Precision Recall F1

IntentCoder 35.93 71.58 42.70 65.57 63.80 63.37
w/o IDIR 34.60 69.98 41.27 63.74 63.10 62.05
w/o RDCL 34.30 68.97 40.20 62.24 60.87 60.25
w/o CFCL 34.47 67.73 40.70 62.06 59.61 59.45
w/o SESO 34.47 70.43 40.97 64.58 62.99 62.39
w/o All 19.97 52.39 25.20 46.55 52.45 46.51

Table 3: Results of Ablation study on the RepoBench-
Python dataset in Qwen2.5-Coder-7b.

Contributions of Each Component. In this RQ,487

we conduct an ablation study on IntentCoderQwen488

to assess the contribution of different techniques489

by removing key components (i.e., identifier-driven490

intent recognition (IDIR), reward-driven comple-491

tion learning (RDCL), completion-focused RL492

(CFRL), selective-exploration strategy optimiza-493

tion (SESO)) of our approach separately. For IDIR494

and RDCL components, we separately remove their495

the design of the reward function and retain the ba-496

sic RL process (i.e., GRPO). Similarly, for CFCL,497

we remove all reward design (i.e., IDIR, RDCL),498

retain the intention prompt and adopt Code EM as499

a substitute for reward. As illustrated in Table 3,500

The experimental results show that: (1) No mat-501

ter which component we drop, it consistently hurts502

the overall performance of IntentCoder across all503

metrics, signaling the importance and effectiveness504

of all four components. When all the components 505

were removed, the performance of the model signif- 506

icantly declined. (2) When CFCL is removed, the 507

code match and identifier match metrics, except for 508

the EM metric, show a more significant drop than 509

when removing IDIR and RDCL separately. This 510

justifies the importance and necessity of CFCL in 511

effectively coordinating the intent and completion 512

rewards, which both fulfill the user’s intended func- 513

tionality and adhere to the repository-level context. 514

Notably, EM is slightly higher than removing any 515

one of them (e.g., colored in gray), since we use 516

the exact code match as an alternative to the reward 517

function. Similarly, the ablation study on Java is 518

provided in Appendix Table 6. 519

Robustness Evaluation. To evaluate the robust- 520

ness of our training method, we assess the influ- 521

ence of different training methods (i.e., fine-tuning, 522

GRPO) on reducing cross-file context-induced fail- 523

ures (i.e., fail) and improving the accuracy of com- 524

pletion (i.e., pass). As shown in Table 4, compared 525

to the baseline models, our training method sig- 526

nificantly reduces cross-file context-induced fail- 527

ures and improves completion accuracy, thereby 528

improving overall performance. For instance, our 529

approach has reduced the number of failures of 530

DeepSeek-Coder-6.7b on the Python dataset from 531

-130 to -41 and increased the number of pass from 532

189 to 709, representing an overall improvement of 533

668. Compared with other methods, our approach 534

reduces the failure rate comparable to GRPO and 535

significantly improves the pass rate compared to 536
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Figure 3: Performance of IntentCoder in Various Completion Scenarios (CF-F,CF-R,IF).

the other two methods, thereby achieve significant537

overall improvement. This justifies the importance538

and robustness of our method in real-world code539

completion scenarios, effectively handling and un-540

derstanding in-file and cross-file contexts.541

Method Java Python
fail pass overall fail pass overall

DeepSeek-Coder-6.7B -131 +351 +220 -130 +189 +59
fine-tuning -117 +599 +482 -61 +609 +548
GRPO -78 +456 +378 -40 +691 +651
IntentCoderdeepseek -83 +645 +562 -41 +709 +668

Qwen2.5-Coder-7B -128 +301 +173 -138 +225 +87
fine-tuning -105 +597 +492 -113 +547 +434
GRPO -54 +548 +494 -62 +604 +542
IntentCoderQwen -58 +701 +643 -60 +626 +566

Table 4: Result of Exact Match (EM) count.

Various Scenarios Evaluation. To further eval-542

uate the effectiveness of IntentCoder in various543

completion scenarios, we compare our approach544

with other methods (i.e., fine-tuning, GRPO) using545

the Code EM metric. As shown in Fig.3, in all com-546

pletion scenarios (CF-F, CF-R, IF) that illustated547

in Appendix A.4.1, our method generally outper-548

forms other training methods, although there is one549

instance where it performs slightly worse. The ex-550

perimental results show that: (1) In the IF setting,551

IntentCoder performs significantly better than other552

methods, indicating that IntentCoder is not reliant553

on guessing based on prior cross-file information554

and effectively handles in-file contexts. (2) Simi-555

larly, in the CF-F setting, IntentCoder outperforms556

other methods consistently, demonstrating that it557

does not incorrectly depend on in-file context or558

previous cross-file information, and accurately han-559

dles cross-file dependencies, even when encoun-560

tered for the first time. Overall, compared to the561

baseline, IntentCoder achieves stable improvement562

and effectively handles different completion sce-563

narios.564

Runtime latency and Case Study. To evaluate 565

the infulence of runtime latency, We conducted 566

experiments on a test set of 3000 samples on Intent- 567

Coder using the vLLM inference library. Since the 568

test dataset RepoBench-Java/Python enforces input 569

token limit of 2048, the size of the context fed into 570

our IntentCoder remained below this threshold (on 571

average 1121 tokens), the input latency is under 572

238 ms. The maximum output token length of the 573

<think> block is 119, with an average length of 574

20 tokens. The additional latency is small, with 575

an average delay of less than 25 ms and a max- 576

imum delay not exceeding 145 ms. We believe 577

the small increase in latency is acceptable because 578

the difference is imperceptible to humans and the 579

accuracy of code completion is improved. To illus- 580

trate the performance of IntentCoder compared to 581

other models, we have included a case study in the 582

Appendix A.8. 583

5 Conclusion 584

This research aims to improve the Code LLM’s ca- 585

pability of repo-level code completion by enhanc- 586

ing their capabilities in handling both in-file and 587

cross-file contexts. To perform this task, we pro- 588

pose a novel training approach designed to improve 589

LLMs’ understanding of complex repo-level code 590

by incorporating reward-driven learning for better 591

cross-file reasoning and intent recognition to fo- 592

cus on suitable contexts from in-file and cross-file 593

contexts. Selective-exploration strategy optimiza- 594

tion guides the model in exploring more valuable 595

code completion patterns, resulting in more accu- 596

rate and context-aware code suggestions. Experi- 597

mental results demonstrate that the effectiveness of 598

IntentCoder . We hope our work advances LLMs 599

to handle real-world repo-level challenges and pro- 600

vides valuable insights into improving code LLMs 601

for software engineering development. 602
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6 Limitations.603

Several limitations are concerned with our work.604

Firstly, we do not utilize execution-based rewards605

due to the complexities involved in constructing ex-606

ecutable environments, which are difficult to scale607

for large datasets. Additionally, the time-intensive608

nature of software building and testing renders this609

approach impractical for model training. Although610

execution-based rewards represent a valuable re-611

search avenue, our focus is on rewards derived612

from edit similarity and identifier matching. This613

design is more flexible, scalable, and efficient, en-614

abling practical application across large datasets,615

even when execution is not feasible, and supporting616

sparse rewards.617

Secondly, in this work, we intentionally fo-618

cused only on strengthening the generation side.619

i.e., improving code completion results by effec-620

tively using cross-file and in-file context. Intent-621

Coder can naturally be integrated into any retrieval-622

augmented pipeline as the generator component.623

However, we believe that research on how to en-624

able LLMs to search and select contexts in a repos-625

itory within an acceptable time cost and context626

input limitation is an interesting topic for our fu-627

ture work.628

Thirdly, while larger and more capable LLMs629

may yield better reasoning results during RL train-630

ing, they come with higher computational costs,631

such as increased GPU memory usage and longer632

training times. Due to resource constraints and our633

goal of supporting community research, we only634

trained on 7B. We have released our replication635

package to enable others to replicate our work and636

verify their ideas.637
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A Appendix 873

A.1 Definition 874

In repository-level code completion, in-file con- 875

texts and cross-file contexts refer to different types 876

of contextual information that help a model to pre- 877

dict and complete code snippets: 878

(1) In-file Context: Following the previous 879

work (Allamanis and Sutton, 2013; Chen et al., 880

2021; Athiwaratkun et al., 2022), in-file contexts 881

refer to the information contained within the prefix 882

of the current file itself, specifically the code that 883

precedes the ground truth code in the incomplete 884

code snippet. In-file context provides the immedi- 885

ate surrounding code before the incomplete snip- 886

pet, which typically helps the model understand the 887

structure, syntax, and logic of the code. This con- 888

text is crucial for making predictions when code 889

completion can be inferred solely from the current 890

file’s contents, without the need for additional ex- 891

ternal context. 892

(2) Cross-file Context: Cross-file Context refers 893

to the information contained in external files within 894

the repository upon which the current file depends. 895

Such information can include functions, classes, or 896

libraries imported into the current file. This type of 897

context is extracted by analyzing dependencies or 898

references to other files within the repository (Ding 899

et al., 2022), providing a broader scope of informa- 900

tion for code completion. Leveraging the cross-file 901

context is essential when the in-file context is in- 902

sufficient for completing the code. 903

Both types of In-file and Cross-file contexts are 904

essential for repository-level code completion, al- 905

lowing the model to make more informed predic- 906

tions and generate accurate completions. 907

A.2 Motivation 908

In this study, we assume that if LLMs can effec- 909

tively select between global context and local con- 910

text, the repository-level code completion perfor- 911

mance can be significantly boosted. To further 912

verify our assumption, we conduct a preliminary 913

experiment. In detail, we evaluate the performance 914

of utilizing cross-context versus not using it for 915

code completion in the RepoBench datasets (see 916

details about RepoBench in Section 4.1) As shown 917

in Table 5, “In-filet” column refers to correct com- 918

pletion using only the context from the current file. 919

While “Both” column denotes correct completions 920

obtained using both in-file and cross-file context. 921

During the process of incorporating cross-files, it 922
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model Java Python
In-file → Both In-file → Both

CodeLlama-7B 290 -143|+227 374 134 -63|+100 174
StarCoder2-7B 31 -143|+192 80 55 -30|+29 54
DeepSeek-Coder-6.7B 686 -131|+351 906 390 -130|+189 449
Qwen2.5-Coder-7B 631 -128|+301 804 489 -138|+225 576
DeepSeek-Coder-33B 541 -150|+410 801 373 -166|+214 421
Qwen2.5-Coder-32B 844 -99|+307 1,052 771 -126|+237 882

Table 5: Results of Exact Match (EM) Count Code Completion.

introduces context-induced failures (i.e., the red923

numbers). For example, CodeLlama-7B shows that924

the number of correct completions increases from925

290 to 374 after using cross-file context, but 143926

predictions that were originally correct under in-file927

context turn incorrect when additional cross-file928

context is included. This reveals a critical chal-929

lenge: while cross-file context improves overall930

correctness, it simultaneously destabilizes previ-931

ously correct predictions. It indicates that LLMs932

still lack reasoning capabilities for cross-file con-933

text and motivates us to explore how to guide LLMs934

to maximize cross-file benefits while mitigating935

context-induced failures. The experimental results936

indicate that while introducing cross-file context937

improves overall performance, it also harms the938

model’s original performance in in-file scenarios.939

A.3 Prompt940

As show in Fig. 4, we use this prompt as the LLMs’941

input template.

• Instruction: You are a helpful assistant tasked with
completing the next line of a repository-level code file.
You are provided with an incomplete code file and other
code snippets from the same repository. You first think
about the reasoning process as an internal monologue
that infers the user’s intent of completion. Then, you
should provide the user with the next line of the incom-
plete code.
Please respond in the following format:
<think>. . .</think>
<answer>``` . . .```</answer>

Repository name:{REPOSITORY _NAME}
• Cross-file context Ccross:
the path of cross-file context C1

cross-file context C1

. . .
the path of cross-file context Cn

cross-file context Cn

• In-file context Cin-file:
the path of incomplete code snippet x
incomplete code snippet x

Figure 4: the prompt of repository-level completion.

942

A.4 Dataset 943

A.4.1 Completion Scenarios 944

We contain three completion scenarios as follows: 945

Cross-File-First (CF-F): In this setting, the po- 946

sition of completion is the first appearance of a 947

cross-file line within a file and ensuring there is 948

no identical or similar cross-file invocation for the 949

model to reference. 950

Cross-File-Random (CF-R): In this setting, the 951

position of completion is a random and non-first 952

occurrence of a cross-file line. 953

In-File (IF): In this setting, the position of com- 954

pletion is an in-file line that does not involve any 955

cross-file modules. This setting serves as a robust- 956

ness test to ensure that the incorporation of cross- 957

file context does not greatly affect the accuracy of 958

predictions. 959

A.4.2 Dataset Construction 960

We collect 32K repository-level code completion 961

examples from the RepoBench-C and RepoBench- 962

P datasets (Liu et al., 2023), with an equal number 963

of Python and Java examples. The original Re- 964

poBench dataset supports Python&Java with three 965

tasks (Retrieval/Completion/Pipeline). Our dataset 966

is derived from Completion(RepoBench-C) and 967

Pipeline(RepoBench-P) as they directly correspond 968

to in-file and cross-file scenarios. Specifically, the 969

context fed into our IntentCoder includes three 970

parts: Pre-target-line crossfile context, Pre-target- 971

line infile context, and Post-target-line crossfile 972

noise. The Pre-target-line crossfile context refers 973

to import modules that appear before the target 974

prediction line. The pre-target-line infile context 975

refers to code content from the beginning of the cur- 976

rent file up to the target line. The post-target-line 977

crossfile noise refers to import modules that occur 978

after the target line, which are regarded as noise 979

since we can only use context before the target line 980

for code completion task. For the test dataset, We 981

use Repobench-Java and Repobench-Python (Liu 982
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et al., 2023), each containing 3,000 samples, with983

1,000 samples for each of the CF-F, CF-R, and IF984

settings. Regarding context size, following the Re-985

poBnech, Our dataset is designed for LLMs with a986

token limit of 2048. The average context size fed987

into the model is 1346 tokens for training, 1399988

tokens for evaluation, and 1121 tokens for testing.989

A.5 Baselines990

We consider the following open-source CodeLLMs991

for comparison, which are widely used in code992

completion tasks. To simplify the model names, we993

have removed the “instruct” suffix in the following994

introductions (e.g., Qwen2.5-coder, CodeLlama,995

Deepseek-Coder):996

StarCoder2 (Lozhkov et al., 2024): The997

StarCoder2-15B is a 15 billion parameter model998

trained on 600+ programming languages using 4.3999

trillion tokens, while the StarCoder2-7B is a 7 bil-1000

lion parameter model trained on 17 programming1001

languages with 3.7 trillion tokens.1002

DeepSeek-Coder (Guo et al., 2025): Deepseek-1003

Coder-6.7B is a 6.7 billion parameter model ini-1004

tialized from Deepseek-Coder-6.7b-base and fine-1005

tuned on 2B tokens of instruction data. DeepSeek-1006

Coder-33B is the largest variant of the DeepSeek-1007

Coder series.1008

CodeLlama (Roziere et al., 2023): CodeLlama-1009

7B and CodeLlama-34B are designed to be safer for1010

use in code assistants and generation applications,1011

with a focus on general code synthesis, understand-1012

ing, and instruction-following.1013

Qwen2.5-Coder (Hui et al., 2024): Qwen2.5-1014

Coder-7B and Qwen2.5-Coder-33B have per-1015

formed in code generation, reasoning, and fixing,1016

with the latter scaling up training tokens to 5.51017

trillion. Qwen2.5-Coder-33B is the SOTA open-1018

source CodeLLM, offering coding abilities compa-1019

rable to GPT-4o and providing a more comprehen-1020

sive foundation for real-world applications.1021

aixcoder-7B-v2 (Li et al., 2025): aixcoder-1022

7B-v2 is currently the SOTA 7B model in1023

repository-level code completion, fine-tuned based1024

on aiXcoder-7B to utilize information within long1025

contexts for code completion tasks.1026

Then we compare our method with the following1027

methods in the training model for repository-level1028

code completion:1029

fine-tuning (Hu et al., 2022): A method where1030

pre-trained models are further trained on a specific1031

task or dataset, refining the model’s performance1032

for the target application. We use Low-Rank Adap- 1033

tation (LoRA) as the specific method. 1034

GRPO (Guo et al., 2025): Group Relative Pol- 1035

icy Optimization (GRPO), which is a method of 1036

reinforcement learning. We utilizes reinforcement 1037

learning by exact match as a reward to improve 1038

code prediction accuracy for repository-level code 1039

completion. 1040

A.6 Implementation Details 1041

The rank and alpha values of LoRA (Hu et al., 1042

2022) are set to 16 and 32, respectively. We use 1043

a learning rate of 1 × 10−4 with a linear sched- 1044

uler and warm-up, with the warm-up ratio set to 1045

0.1. The model πθ is trained on 4 NVIDIA A800 1046

(80GB) GPUs for training and 1 GPU for inference 1047

simultaneously, which takes 10 hours. The batch 1048

size is 192. The hyperparameters µ, ϵ, and β are 1049

set to 1, 0.2, and 1 × 10−3, respectively. The hy- 1050

perparameters for reward weights, αic, αf , and αL, 1051

are set to 1.0, 0.2, and 0.1, respectively. We pro- 1052

vide well-structured code interface, where reward 1053

functions can easily be configured and used. Other 1054

Details about the implementation are provided in 1055

our released code. 1056

A.7 Evaluation Metrics 1057

Following the previous work (Liu et al., 2023; 1058

Eghbali and Pradel, 2024; Zhang et al., 2023; 1059

Jiang et al., 2024b), we report performance in two 1060

main categories to evaluate the performance of 1061

codeLLMs: 1062

Code Match: To evaluate the accuracy of the 1063

predicted code lines, we use Exact Match (EM) 1064

and Edit Similarity (ES) (Lcvenshtcin, 1966), 1065

which respectively represent the proportion of exact 1066

matches and the degree of similarity to the ground 1067

truth. 1068

Identifier Match (Ding et al., 2022, 2023): To 1069

evaluate the model’s ability to understand the com- 1070

pletion intent and predict the correct application 1071

programming interfaces (APIs), we use the follow- 1072

ing metrics:(1) Exact Match (EM): EM represents 1073

the proportion of exact matches to the ground truths 1074

in code identifiers. (2) Precision: Precision mea- 1075

sures the proportion of correctly predicted code 1076

identifiers out of all predicted identifiers. (3) Re- 1077

call: Recall measures the proportion of correctly 1078

predicted code identifiers out of all actual code 1079

identifiers in the ground truth. (4) F1: F1 is the har- 1080

monic mean of precision and recall metrics, provid- 1081

ing a balanced metric for the model’s performance. 1082
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gui/sheets/tables/FrozenColumnTable.java gui/sheets/tables/cells/renderers/DefaultSheetCellRenderer.java

public class DefaultSheetCellRenderer extends DefaultTableCellRenderer{
  public DefaultSheetCellRenderer(){
      super();
  }

  @Override
  public Component getTableCellRendererComponent(JTable table, Object value,

boolean isSelected, boolean hasFocus, int row, int column){
  /*Customizes the rendering of table cells by applying borders and background colors 
    based on selection state, focus, and whether the row is even or odd for readability.*/
  }
}

gui/sheets/tables/cells/renderers/MultiLineTableHeaderRenderer.java

import gui.sheets.tables.cells.renderers.DefaultSheetCellRenderer;
import gui.sheets.tables.cells.renderers.MultiLineTableHeaderRenderer;
public class FrozenColumnTable<E extends GenericFileData> extends JTable{
  public FrozenColumnTable(TableModel model){
      super(model);
      setAutoResizeMode(JTable.AUTO_RESIZE_OFF);
      setRowMargin(1);
      getColumnModel().setColumnMargin(1);
      setShowGrid(true);
      setGridColor(Color.black);
      ...

      MultiLineTableHeaderRenderer renderer = new MultiLineTableHeaderRenderer();
      Enumeration<?> enumK = getColumnModel().getColumns();
      while (enumK.hasMoreElements()){
          ((TableColumn) enumK.nextElement()).setHeaderRenderer(renderer);
      }
      ...
      setSelectionMode(ListSelectionModel.SINGLE_INTERVAL_SELECTION);
      setDefaultRenderer(Object.class, new DefaultSheetCellRenderer());
  }
  public JTable getCornerTableHeader(){
      TableModel model = new DefaultTableModel() {
          @Override
          public int getColumnCount(){
              return getColumnModel().getColumnCount();
          }   
      ...
      };
      JTable corner = new JTable(model);
      ...
      corner.getColumnModel().setColumnSelectionAllowed(false);
      corner.getTableHeader().setReorderingAllowed(false);
      corner.setDragEnabled(false);
      corner.setRowHeight(39);

public class MultiLineTableHeaderRenderer extends JTextArea implements TableCellRenderer{
  public MultiLineTableHeaderRenderer(){
      setEditable(false);
      setLineWrap(true);
      setOpaque(false);
      setFocusable(false);
      setWrapStyleWord(true);
      LookAndFeel.installBorder(this, "TableHeader.cellBorder");
  }

  @Override
  public Component getTableCellRendererComponent(JTable table, Object value,

boolean isSelected, boolean hasFocus, int row, int column){
      int width = table.getColumnModel().getColumn(column).getWidth();
      setText(String.valueOf(value));
      setSize(width, getPreferredSize().height);
      ...
      return this;
  }
}in-file context

(the incomplete code)  cross-file context

cross-file context

 

corner.setDefaultRenderer(Object.class, new MultiLineTableHeaderRenderer());

IntentCoder

DeepSeek-Coder-33B

Qwen2.5-Coder-32B

DeepSeek-Coder-6.7B corner.setDefaultRenderer(Object.class, new DefaultSheetCellRenderer());

corner.setDefaultRenderer(Object.class, new DefaultSheetCellRenderer());

corner.setSelectionMode(ListSelectionModel.SINGLE_INTERVAL_SELECTION);

MultiLineTableHeaderRenderer renderer = new MultiLineTableHeaderRenderer();

CodeLlama-7B

CodeLlama-34B public FrozenColumnTable(TableModel model)

Starcoder2-7B corner.setGridColor(Color.black);

aixcoder-7B-v2 corner.getColumnModel().getColumn(0).setWidth(39);

Starcoder2-15B for (int i = 0; i < getColumnCount(); i++)

Qwen2.5-Coder-7B for (int i = 0;

Think I need to set a custom renderer for the corner table header to ensure it displays correctly.

Figure 5: The case study for IntentCodercompares it with other Code LLMs.

Model

RepoBench-Java RepoBench-Python

Code Match Identifier Match Code Match Identifier Match

EM ES EM Precision Recall F1 EM ES EM Precision Recall F1

IntentCoderQwen 42.47 77.52 48.57 69.95 69.60 68.75 35.93 71.58 42.70 65.57 63.80 63.37
w/o Identifier-Driven Intent Recognition 40.27 76.77 46.47 68.73 68.62 67.67 34.6 69.98 41.27 63.74 63.1 62.05
w/o Reward-driven Completion Learning 40.80 76.94 47.67 69.56 68.49 68.03 34.30 68.97 40.20 62.24 60.87 60.25
w/o Completion-focused RL 40.90 76.13 47.07 68.49 67.62 66.95 34.47 67.73 40.70 62.06 59.61 59.45
w/o Selective-Exploration Optimization 40.87 76.75 47.07 68.92 68.41 67.69 34.47 70.43 40.97 64.58 62.99 62.39
w/o ALL 26.80 62.77 32.70 54.74 57.06 53.81 19.97 52.39 25.20 46.55 52.45 46.51

Table 6: Results of Ablation study on the RepoBench-java and RepoBench-Python dataset. All results in the table
are reported in percentage (%).

A.8 Case Study1083

We illustrate the effectiveness of Intent-1084

Coder through a case study presented in1085

Fig. 5, In this case, IntentCoder correctly1086

identifies the user’s intent, which is to set a1087

custom renderer for the table corner header (e.g.,1088

MultiLineTableHeaderRenderer). In contrast,1089

many other models (e.g., DeepSeek-Coder,1090

Qwen2.5-Coder, CodeLlama-7B, Starcoder2-7B,1091

aixcoder-7B-v2), mistakenly think the next step1092

should be related to the corner setup. Addi-1093

tionally, due to the lack of intent recognition’s1094

capability, many other models overly focus on1095

the in-file context (e.g., colored in blue), such as1096

FrozenColumnTable, setGridColor, getColumn.1097

At the same time, these models lack cross-file1098

reasoning ability and incorrectly invoke classes1099

from other files (e.g., colored in purple), failing to1100

understand that the appropriate multi-line header1101

renderer should be used. By recognizing the over-1102

all functional requirements, IntentCoder accurately 1103

provides the correct code completion, avoiding the 1104

shortcomings of other models in completion intent 1105

recognition and cross-file reasoning. 1106
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