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Abstract
Static program slicing is a fundamental soft-001
ware engineering technique for isolating code002
relevant to specific variables. While re-003
cent learning-based approaches using language004
models (LMs) show promise in automating005
slice prediction, they suffer from inaccurate006
dependency modeling and unconstrained gen-007
eration, where LMs fail to capture precise data008
flow relations and produce slices containing009
hallucinated tokens and statements. To address010
these challenges, we propose SLICEFORMER,011
a novel approach that reformulates static pro-012
gram slicing as a sequence-to-sequence task013
using small language models such as CodeT5+.014
SLICEFORMER introduces two key innovations015
that directly target the identified limitations.016
First, to improve dependency modeling, we017
design dataflow-aware pretraining objectives018
that leverage data flow graphs (DFG) to teach019
models data dependencies through dataflow-020
preserving statement permutation and dataflow-021
aware span corruption. Second, to eliminate022
hallucination, we develop a constrained de-023
coding mechanism that enforces both lexical024
and syntactic constraints. We evaluate SLICE-025
FORMER on Java and Python program slicing026
benchmarks, demonstrating consistent improve-027
ments over state-of-the-art baselines with up to028
22% gain in ExactMatch.029

1 Introduction030

Static program slicing identifies code relevant to031

a given slicing criterion and has proven essen-032

tial for vulnerability analysis (Zou et al., 2019;033

Li et al., 2018) and debugging (Weiser, 1984; Xu034

et al., 2005; Song et al., 2020). Unlike dynamic035

slicing, static slicing operates on the code depen-036

dence graph constructed via static analysis, with-037

out requiring program execution (Harman and Hi-038

erons, 2001), thereby offering broader practical-039

ity (Acharya and Robinson, 2011; Xu et al., 2005).040

Recent work has explored learning-based ap-041

proaches for program slicing using LMs (Yadavally042

et al., 2024; Shahandashti et al., 2024). How- 043

ever, the learning-based approaches face signif- 044

icant hurdles, as demonstrated by our empirical 045

investigation (Section 2.2): 1 Inaccurate depen- 046

dency identification (Yadavally et al., 2024): gen- 047

eral LLMs or directly fine-tuned LMs fail to pre- 048

cisely capture data dependencies, frequently miss- 049

ing relevant statements or including extraneous 050

ones. 2 Unconstrained generation: employing 051

large proprietary LMs with prompting techniques 052

(e.g. CoT) suffers from hallucination (Shahan- 053

dashti et al., 2024), where models generate hal- 054

lucinated tokens or statements not in the original 055

code, violating the requirement that slices must be 056

exact subsequences of the input. 057

To address these challenges, we propose SLICE- 058

FORMER, which enhances standard supervised fine- 059

tuning (SFT) with two key contributions: dataflow- 060

aware pretraining and constrained decoding. 061

The former equips the model with dataflow seman- 062

tic understanding before SFT, while the latter oper- 063

ates at inference time to prevent hallucinated tokens 064

and invalid statement generation. 065

Dataflow-aware pretraining: We introduce two 066

novel pretraining objectives based on Data Flow 067

Graph (DFG) structures (Guo et al.): (1) Dataflow- 068

preserving statement permutation, which trains the 069

model to identify statement dependencies by gener- 070

ating valid code permutations that respect dataflow 071

constraints; (2) Dataflow-aware span corruption, 072

which employs dataflow-guided masking to force 073

the model to reconstruct code based on dependency 074

relationships rather than superficial patterns. 075

Constrained decoding: We propose a decoding 076

mechanism that enforces two constraints: (1) Lex- 077

ical constraint, which restricts the vocabulary to 078

tokens appearing in the original code; and (2) Syn- 079

tactic constraint, which leverages the monotonic- 080

ity of Tree Similarity Edit Distance (TSED) (Song 081

et al., 2024) to filter AST-invalid candidates. These 082

constraints mitigate hallucinated tokens and invalid 083
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statement generation.084

We evaluate SLICEFORMER on Java and Python085

program slicing tasks. SLICEFORMER consis-086

tently outperforms state-of-the-art baselines (Sha-087

handashti et al., 2024; Yadavally et al., 2024) across088

all evaluation metrics, achieving ExactMatch im-089

provements of 6.4% and 21.9%, respectively.090

In summary, we make the following contribu-091

tions:092

• We propose SLICEFORMER, an approach that093

integrates dataflow-aware pre-training objec-094

tives and constrained decoding to explicitly095

capture data relations for accurate program096

slicing.097

• To the best of our knowledge, we are the first098

to introduce novel dataflow-aware statement099

permutation and span corruption objectives100

for pre-training, and TSED-monotonicity con-101

straint for decoding.102

• Through extensive evaluation on Java and103

Python benchmarks, SLICEFORMER consis-104

tently outperforms state-of-the-art static and105

learning-based slicing baselines.106

• We publicly release our code and datasets1.107

2 Problem Formulation and Challenges108

We formulate program slicing as a sequence-to-109

sequence learning problem and identify key limita-110

tions that motivate our approach.111

2.1 Problem Formulation112

We formulate static program slicing as a113

sequence-to-sequence learning task. The input is:114

x = {s1, s2, . . . , sN ; v; [n]} (1)115

where si is the i-th statement, v is the slicing crite-116

rion (variable of interest), and [n] is the line number117

where v appears. Given x, a slicer LM P (y|x) to118

predict the backward program slice (Weiser, 1984)119

y:120

y = {si1 , si2 , . . . , sik} ⊆ {s1, s2, . . . , sn},121

i1 < i2 < · · · < ik (2)122

where y ⊆ x comprises the statements that seman-123

tically influence v. The output must satisfy:124

1https://anonymous.4open.science/r/staticsliceT5-4E22

// Example (1) Inaccurate
dependency
identification

// Expected:
7: int temp
8: if(C <= A){
12: temp = B;

// Generated:
7: int temp
8: if(C <= A){
9: temp = A;
10:A = C;
12: temp = B;

// Example (2) Non-existent
variable replacement

// Expected:
7: int cnt = 0;
10: for(int i=cnt;i>=0;i--)

{
11: if(i>0) {long y = x[i];
12: long Codepoint = 97+y};

// Generated:
7: int cnt = 0;
10: for(int i=cnt;i>=0;i--)

{
11: if(i>0) {long y = x[i];
12: long keta = 97+y};

// Example (3) Hallucinated statement generation
// Expected:
4: int one = 0, five = 0, ten = n;
5: try {
6: if (one * 1 + five * 5 + ten * 10 > y)

// Generated:
4: int one = 0, five = 0, ten = n;
5: try {
6: if (one * 1 + five * 5 + ten * 10 > y

* 10 * y * y * y * z * ten * 10 * y * z * ten *

Figure 1: Motivating examples of incorrect program
slices produced by LMs.

• Accuracy: y includes all and only relevant 125

statements, with no extraneous or missing 126

statements. 127

• Element preservation: y is an exact subse- 128

quence of x: every token and statement must 129

be precisely extracted from x without modifi- 130

cation or hallucination. 131

2.2 Related Work and Limitations 132

Traditional static slicing tools, such as 133

JavaSlicer (group, 2022) and CPP-Slicer (Hechtl, 134

2021), rely on static dependency analysis to 135

construct System Dependence Graphs (SDGs) and 136

compute slices via graph reachability (Galindo 137

et al., 2022). 138

Recently, learning-based approaches have at- 139

tracted growing interest (Yadavally et al., 2024; 140

Shahandashti et al., 2024). Yadavally et al. (2024) 141

predict dependencies between slicing criteria and 142

program statements via binary classification us- 143

ing CodeBERT (Feng et al., 2020) and Graph- 144

CodeBERT (Guo et al.) embeddings. Although 145

GraphCodeBERT incorporates dataflow-aware pre- 146

training, it is an embedding model with objec- 147

tives that differ from ours. Moreover, NS-Slicer 148

is not end-to-end and operates on isolated state- 149

ments, which restricts the available context to 150

partial functions and consequently limits slicing 151
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performance. Shahandashti et al. (2024) investi-152

gated LLMs (e.g., GPT-4o (Achiam et al., 2023),153

GPT-3.5-Turbo, and Gemma (Mind, 2024)) com-154

bined with advanced prompting techniques such155

as Retrieval-Augmented Generation (RAG) and156

Chain-of-Thought (CoT). However, proprietary157

LLMs are computationally expensive and prone158

to severe hallucinations (Liu et al., 2024; Zhang159

et al., 2025b), which limits their reliability for pro-160

gram analysis tasks.161

As a result, existing learning-based slicing meth-162

ods suffer from the following two key challenges:163

1 Inaccurate dependency identification. LMs164

struggle to precisely capture data dependencies,165

often omitting relevant statements or including ir-166

relevant ones. For instance, in Figure 1 (Example167

1), the generated slice incorrectly includes lines168

9–10 (temp = A; A = C;), which are unrelated169

to the slicing criterion. Instead of identifying true170

dependencies, the model relies on surface-level171

patterns or positional proximity, violating the accu-172

racy property.173

2 Unconstrained generation. LMs hallucinate174

elements absent from the original program, violat-175

ing element preservation. We observe: (a) Token-176

level: original identifiers are replaced with hallu-177

cinated ones (e.g., keta instead of codepoint in178

Example 2), leading to syntactic errors (Wang et al.,179

2025); (b) Statement-level: spurious logic or repe-180

titions are introduced (e.g., y * 10 * y * y * y181

* z * ten ... in Example 3 includes incorrect182

sub-expressions such as z * ten * 10 * y).183

3 Methodology184

We introduce novel dataflow-aware pre-training185

and lexical–syntactic constrained decoding to186

enhance SFT-based LMs for accurate, element-187

preserving program slicing.188

Dataflow-Aware Pretraining. To tackle Chal-189

lenge 1 , we introduce a pretraining strategy that190

explicitly models program dependencies via two191

objectives. First, dataflow-preserving statement192

permutation (Section 3.1.1) trains the model to rec-193

ognize statement dependencies by generating valid194

permutations that respect dataflow constraints. Sec-195

ond, graph-aware span corruption (Section 3.1.2)196

applies DFG-guided masking to force code recon-197

struction based on dependency relationships. We198

then perform SFT on labeled slicing data to spe-199

cialize the model for slicing.200

LM

Dataflow-Preserving
Statement  Permutation 

Dataflow-aware 
Span Corruption

Input

Output

def foo():
    a = 1
    b = 2
    if a > 0:
        c = a + b
    else:
        c = b
    return c

def foo():
    b = 2
    a = 1
    ...

def foo():
    [X] 
    b = 2
    if a > 0:
       [Y] = a + b
    else:
        c = b
    return c

[X]  a = 1

[Y]  c

Figure 2: Illustration of dataflow-aware pre-training ob-
jectives. Left: given a snippet, we generate a statement
permutation that preserves the dataflow of the original
program. Right: we select a variable a with a dataflow
chain [X] → a → [Y ], then mask its parent [X] (where
it comes from) and child [Y ] (where it flows to). The
pre-training objective is to recover both [X] and [Y ].

Constrained Decoding. To address Challenge 2 , 201

we design a training-free constrained decoding 202

mechanism (Section 3.2) that enforces lexical and 203

syntactic correctness during inference. We apply 204

two complementary constraints: (1) lexical con- 205

straints, which restrict generation to tokens appear- 206

ing in the input code, and (2) syntactic constraints, 207

which evaluate structural coherence at statement 208

boundaries using Tree Similarity of Edit Distance 209

(TSED) (Song et al., 2024). Since valid slices are 210

subsequences of the input, TSED should increase 211

monotonically. When the TSED score decreases, 212

indicating structural errors, we terminate that gen- 213

eration path. These constraints ensure extractive, 214

structurally sound slices. 215

3.1 Dataflow-Aware Pretraining 216

To enable the model to better understand data re- 217

lations crucial for program slicing, we introduce 218

two novel dataflow-aware pretraining objectives. 219

Figure 2 illustrates our dataflow-aware pretraining 220

objectives. 221

Data Flow Graph (DFG). Given source code 222

C, DFG = (V,E),where V = {v1, . . . , vk}: The 223

variable sequence extracted from AST terminals 224

(leaves). and Edges E = {ε1, . . . , εl}: A directed 225

edge ε = ⟨vi, vj⟩ indicates that there is a data 226

dapendency between the two variables (Guo et al.). 227

DFGs are the core inherent structure for determin- 228

ing program slices (Galindo et al., 2022). 229
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Algorithm 1: Dataflow-Preserving State-
ment Permutation

Input :Code snippet C = {s1, s2, . . . , sn},
DFG = (V,E)

Output :Permuted code snippet C′

1 P ← ∅
2 foreach pair (si, sj) where i < j do
3 // Check independence: same basic block

and no data edge
4 hasEdge← false
5 foreach va ∈ si, vb ∈ sj do
6 if ⟨va, vb⟩ ∈ E or ⟨vb, va⟩ ∈ E then
7 hasEdge← true; break
8 end if
9 end foreach

10 if SameBasicBlock(si, sj) and ¬hasEdge
then

11 P ← P ∪ {(si, sj)}
12 end if
13 end foreach
14 // Apply random permutation if possible
15 if P ̸= ∅ then
16 (si, sj)← random pair from P
17 C′ ← swap si and sj in C
18 else
19 C′ ← C
20 end if
21 return C′

Algorithm 2: Dataflow-Aware Span Cor-
ruption

Input :Code snippet C, DFG = (V,E), Mask
ratio r

Output :Masked code snippet Cmasked
1 m← r × Size(C) // Target masked tokens
2 masked← 0
3 // Iteratively mask
4 while masked < m and V ̸= ∅ do
5 // Randomly select a variable from

DFG
6 v ← Random(V )
7 // Find parents (where v comes from/

who defines v)
8 Parents← {u | ⟨u, v⟩ ∈ E}
9 // Find children (where v goes / who

uses v)
10 Children← {w | ⟨v, w⟩ ∈ E}
11 // Randomly decide masking granularity
12 if Random () < 0.5 then
13 // Fine-grained: mask variables
14 Mask(Parents ∪ Children)
15 else
16 // Coarse-grained: mask statements
17 Sparents ← {GetStmt(u) | u ∈

Parents}
18 Schildren ← {GetStmt(w) | w ∈

Children}
19 Mask(Sparents ∪ Schildren)
20 end if
21 masked← masked+ Size(M)
22 end while
23 return Cmasked ← C

3.1.1 Dataflow-Preserving Statement 230

Permutation 231

Conventional permutation-based pretraining meth- 232

ods (Lewis et al., 2020) randomly permute sen- 233

tences and train models to recover the original or- 234

der for capturing their semantic dependency. In 235

code, however, legal orderings are not unique: a 236

given DFG permits multiple valid statement orders. 237

Statements without data dependencies within the 238

same basic block can be reordered without affect- 239

ing program semantics. As illustrated in Figure 2, 240

the two independent statements in a basic block are 241

equivalent under any ordering. 242

To improve the model’s capability to recognize 243

the true dependencies, we introduce a dataflow- 244

preserving statement permutation pretraining ob- 245

jective. Given a code snippet, we train the model 246

to generate equivalent variants while preserving 247

dataflow invariance. The training labels are ob- 248

tained by reordering independent statements within 249

each basic block as shown in Algorithm 1. This 250

forces the model to learn which statements are data- 251

independent, a fundamental capability for identify- 252

ing relevant statements in program slicing. 253

3.1.2 Dataflow-Aware Span Corruption 254

Span corruption is a well-established pre-training 255

objective for language models, in which consec- 256

utive tokens are masked and replaced with sen- 257

tinel tokens (Raffel et al., 2020; Lewis et al., 2020). 258

AST-T5 (Gong et al., 2024) extends this paradigm 259

by incorporating syntactic structure, masking sub- 260

trees derived from abstract syntax trees (ASTs) 261

to improve LM’s ability to comprehend ASTs . 262

Compared to ASTs, data-flow graphs are struc- 263

turally simpler and avoid unnecessarily deep hi- 264

erarchies (Guo et al.). As a result, DFGs are well- 265

suited for program slicing, where capturing long- 266

range data dependencies is crucial. Therefore, we 267

design pre-training objective based on DFGs to 268

improve LM’s ability to understand data-flow. 269

Two-granularity dataflow-guided masking. A 270

core design principle of our approach is that, 271

given a node in the DFG, the model is trained to 272

reconstruct where the value comes from and where 273

it flows to. Accordingly, each masked span corre- 274

sponds to semantically coherent code elements con- 275

nected by def–use relations. To increase the diver- 276

sity of reconstruction objectives, we perform mask- 277

ing at two different granularities (Algorithm 2): 278

For example, in Figure 2, given the variable node 279

a in the statement c = a + b, the value of a is 280
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defined in the statement a = 1 and subsequently281

flows into c. In this case, we apply coarse-grained282

masking to the defining statement a = 1, and283

fine-grained masking to the variable usage c in c284

= a + b. This forces the model to reconstruct the285

dataflow chain associated with a, explicitly learn-286

ing variable-level data dependencies.287

By combining these two granularities, our ap-288

proach enables the model to capture both fine-289

grained variable-level dependencies and coarse-290

grained statement-level dataflow, while ensuring291

that every masked unit remains semantically coher-292

ent within the DFG.293

3.1.3 Supervised Fine-Tuning294

Our dataflow-aware pretraining objectives endow295

the model with a strong understanding of data296

dependencies. We then perform supervised fine-297

tuning (SFT) on labeled slicing data to directly298

train the model for program slicing. To encourage299

structured, task-specific outputs, we augment the300

input–output format with special control markers,301

following prior work on conditional text genera-302

tion (Narayan et al., 2023; Li et al., 2021; Zhu303

et al., 2024). Specifically, we introduce markers304

to denote line numbers, code, slicing criteria, and305

slices (e.g., <code>, <criterion>, <slice>), which306

provide explicit structural cues and guide the model307

to generate well-formed outputs.308

3.2 Constrained Decoding309

While our dataflow-aware pretraining provides the310

model with a strong understanding of code depen-311

dencies, it does not guarantee that the generated312

slices will be free from hallucinated tokens or struc-313

tural errors. To address this, we introduce a con-314

strained decoding mechanism.315

Our approach modifies the standard beam search316

by applying two types of constraints at different317

granularities, as shown in Algorithm 3 and Figure 5.318

At each token generation step, we apply a lexical319

constraint to restrict the vocabulary to only tokens320

appearing in the original code snippet. Also, when321

a complete statement is generated, we apply a syn-322

tactic constraint at the statement boundary to filter323

out candidates that violate structural coherence.324

3.2.1 Lexical Constraint325

A challenge in applying LMs to program slicing326

is their tendency to produce hallucinated tokens:327

identifiers, keywords, or operators absent from the328

input code (Figure 1). This occurs because LMs329

Algorithm 3: Constrained Beam Search
with Lexical Constraint and Syntactic Con-
straint

Input :Input x; LMM; Vocabulary V; Beam size
K; Max output length L

Output :Program slice Y
1 // Determine lexically allowed tokens
2 A ← GetAllowedTokens(x)
3 // Initialize beam
4 B ← {(y = [], s = 0, tstmt = 0)}
5 for t = 1 to L do
6 Bnext ← ∅
7 foreach beam (y, s, tstmt) ∈ B do
8 // Apply Lexical Constraint
9 mask ← ApplyMask(A,V)

10 p← NextTokenScores(M,y,mask)

11 {(zk, pk)}Kk=1 ← TopK(p,K)
12 // Expand each beam
13 for k = 1 to K do
14 y′ ← y ∥ zk
15 s′ ← s+ log(pk)
16 t′stmt ← tstmt

17 // Apply Syntactic Constraint
at statement boundary

18 if IsStatementComplete (y′) then
19 tcur ← TSED(x,y′)
20 // Skip if TSED decreases

(syntactic error)
21 if tcur < tstmt then
22 continue
23 end if
24 t′stmt ← tcur

25 end if
26 // Skip if end of sequence
27 if IsEOS (zk) then
28 continue
29 end if
30 Bnext ← Bnext ∪ {(y′, s′, t′stmt)}
31 end for
32 end foreach
33 B ← TopK(Bnext,K)
34 end for
35 // Return the top-1 output sequence
36 return Y ← argmax(y,s,tstmt)∈B s

decode from an unconstrained vocabulary. For ex- 330

ample, CodeT5+ samples from a fixed vocabulary 331

of 32,100 tokens (Wang et al., 2023) without aware- 332

ness of which tokens appear in the input. 333

To address this issue, we introduce a lexical con- 334

straint that restricts decoding to tokens present in 335

the input sequence. Specifically, any token absent 336

from the original code snippet x is assigned a logit 337

of −∞ before softmax, ensuring zero probability. 338

This hard constraint prevents hallucinated identi- 339

fiers and enforces strictly extractive token genera- 340

tion, producing slices that are lexically faithful to 341

the original code snippet. 342

5



0.0

0.5

1.0
TS

ED
Correct Slice

2 4 6 8 10
Line Number

0.0

0.5

1.0

TS
ED

Erroneous Slice

Figure 3: TSED scores at statement boundaries for syn-
tactically correct versus erroneous program slices based
on the same input code snippet. The scores are derived
from Example (3) in Figure 1. When a syntactic error is
introduced into the generated slice (Line 6), the TSED
score deviates from its expected monotonic increasing
pattern and instead decreases at the statement boundary.

3.2.2 Syntactic Constraint343

While the lexical constraint restricts generation to344

input tokens, it is order-agnostic and does not en-345

sure structural coherence. As a result, the model346

may still produce syntactically invalid slices, such347

as over-generation (Tu et al., 2016), where to-348

kens, though individually valid, are repeated or349

misaligned. For example, Example (3) in Figure 1350

shows a slice that satisfies the lexical constraint but351

contains a structural error due to incorrect ordering.352

To address this limitation, we introduce a syn-353

tactic constraint based on the Tree Similarity of354

Edit Distance (TSED) (Song et al., 2024), a simi-355

larity metric that quantifies the syntactic distance356

between two code snippets by comparing their ab-357

stract syntax trees (ASTs). TSED is defined as:358

TSED(Tx, Ty) = 1−
minops

∑n
i=1w(opi)

max(Nodes(Tx, Ty))

(3)

359

where ops denotes the sequence of n edit opera-360

tions (insertions, deletions, substitutions) required361

to transform the AST Tx of the original code snip-362

pet into the AST Ty of the (partial) generated slice,363

w(opi) represents the cost of the i-th operation,364

and the distance is normalized by the maximum365

number of nodes in the two trees to account for366

variations in code size and complexity.367

TSED monotonicity The key insight underly-368

ing syntactic constraint is that, since every valid369

program slice is a subsequence of the input370

code, the autoregressive generation process should371

produce outputs that progressively resemble the 372

original code’s AST. Consequently, the TSED 373

score between the input and the generated slice 374

should increase monotonically at statement bound- 375

aries as more correct statements are appended. As 376

illustrated in Figure 3, when no structural error oc- 377

curs, the TSED score exhibits a monotonic increas- 378

ing pattern at each statement boundary. However, 379

when syntactic errors occur, such as incorrectly 380

ordered statements, they disrupt the structural co- 381

herence and cause the TSED score to decrease. To 382

detect and reject malformed candidates, we termi- 383

nate a beam path early and discard its output when- 384

ever the TSED score drops at a statement boundary. 385

4 Experimental Setting 386

4.1 Datasets and Metrics 387

We use the Python and Java subsets of the CodeNet- 388

Slice dataset (Yadavally et al., 2024) using the 389

training split, and evaluate SLICEFORMER on the 390

test split. Ground-truth slices are obtained using 391

language-specific slicing tools: JavaSlicer (group, 392

2022) for Java and a Python slicer adapted from the 393

JavaSlicer implementation (Galindo et al., 2022). 394

Detailed dataset statistics are reported in Table 3. 395

Following previous studies (Yadavally et al., 396

2024; Shahandashti et al., 2024), we evaluate the 397

performance of SLICEFORMER using four metrics: 398

1) Dependence Accuracy (Acc-D) is defined as the 399

average ratio of correctly predicted dependencies to 400

the total number of ground-truth dependencies; 2) 401

Exact Match calculates the percentage of instances 402

where the generated program slice exactly matches 403

the ground-truth slice; 3) CodeBLEU is a compos- 404

ite text similarity metric specifically designed for 405

coding tasks; 4) TSED is a code similarity met- 406

ric that compares the ASTs of the generated and 407

reference code by measuring the minimum edit op- 408

erations required to transform one tree into another. 409

4.2 Baselines 410

LLM-based slicers (Shahandashti et al., 2024) 411

leverage proprietary LLMs to perform pro- 412

gram slicing using prompt engineering tech- 413

niques, Zero-shot, Retrieval-Augmented Gener- 414

ation (RAG) (Chen et al., 2024), and Chain-of- 415

Thought (CoT) (Li et al., 2025). We select two 416

state-of-the-art foundation language models, GPT- 417

4o-mini (Achiam et al., 2023) and GPT-5 (OpenAI, 418

2025), as the base LLMs. 419

NS-slicer (Yadavally et al., 2024) formulates the 420
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program slicing task as a binary classification prob-421

lem. It applies CodeBERT (Feng et al., 2020)422

and GraphCodeBERT (Guo et al.) to learn state-423

ment embeddings and then computes the distance424

to make predictions.425

Fine-tuned models. We compare against models426

obtained by directly applying SFT to LMs with-427

out dataflow-aware pretraining and constrained de-428

coding). Specifically, we fine-tune CodeLlama-429

7B (Roziere et al., 2023), Qwen3-8B (Yang et al.,430

2025), and CodeT5+ (Wang et al., 2023) on the431

training set. For CodeLlama and Qwen3, we em-432

ploy QLoRA (Dettmers et al., 2023) to reduce hard-433

ware requirements.434

4.3 Implementation Details435

Pretraining We implement SLICEFORMER on436

top of CodeT5+ (Wang et al., 2023) (0.7B), a437

lightweight model that has been shown to be effec-438

tive for a wide range of coding tasks (Wang et al.,439

2023; Li et al., 2024; Jiao et al., 2023; Yin et al.,440

2024). The model is pretrained on the Python and441

Java subsets of the CodeSearchNet dataset (Husain442

et al., 2019), comprising approximately 1.0M func-443

tions. Following GraphCodeBERT (Guo et al.),444

each function is first parsed into an AST using445

Tree-Sitter (Tree-sitter, 2019) to identify variables,446

after which a dataflow graph is constructed by fol-447

lowing GraphCodeBERT’s implementation (Guo448

et al.). For span corruption, we mask 25% of to-449

kens, following the empirical setting in (Gong et al.,450

2024). For statement permutation, we randomly451

permute up to three statements per code sample.452

Pretraining is performed with a context length of453

512 tokens and a batch size of 32 for 100K steps.454

All experiments are conducted on four NVIDIA455

RTX 3090 GPUs (24GB each).456

Fine-tuning We set the input and output lengths to457

512 tokens. The model is trained using the AdamW458

optimizer with a batch size of 32, a learning rate of459

5× 10−5, and 1,000 warmup steps over 10 epochs.460

All other settings follow the default CodeT5+ con-461

figuration. We perform supervised fine-tuning on462

the training split of the Python and Java subsets of463

the CodeNet-Slice dataset (Yadavally et al., 2024).464

Constrained Decoding We use a beam size of465

3. For TSED, we adopt the implementation from466

the original paper, which supports both Java and467

Python. The lexical constraints are implemented468

in a HuggingFace–compatible manner, following469

the LogitsProcessor and Constraint interfaces (Hug-470

gingface, 2024).471

5 Results 472

5.1 Effectiveness of SLICEFORMER 473

SLICEFORMER consistently outperforms base- 474

lines across two languages and four evaluation 475

metrics. Table 1 reports the effectiveness of SLICE- 476

FORMER compared with existing program slicing 477

methods. On Java programs, SLICEFORMER at- 478

tains an ExactMatch score of 92.20%, significantly 479

outperforming the strongest baseline, NS-slicer 480

(GraphBERT), which achieves 85.77%. On Python 481

programs, the performance gains are even more 482

pronounced: SLICEFORMER reaches 83.15% in 483

ExactMatch, compared to only 61.25% for NS- 484

slicer. Overall, SLICEFORMER surpasses the best- 485

performing baseline by 6.4% and 21.9% in Exact- 486

Match on Java and Python, respectively, demon- 487

strating its superior ability to generate fully correct 488

slices across different programming languages. A 489

qualitative analysis explaining the reasons behind 490

these improvements is provided in Appendix C. 491

SLICEFORMER significantly outperforms fine- 492

tuned vanilla models. SLICEFORMER consis- 493

tently exceeds CodeT5+ performance in both lan- 494

guages: in Java, ExactMatch rose from 87.24% to 495

92.20% (5.0% gain); in Python, improvement was 496

even sharper, rising from 77.24% to 83.15% (5.9% 497

gain). These gains demonstrate that dataflow-aware 498

pretraining combined with constrained decoding 499

(guided by lexical and syntactic knowledge) is crit- 500

ical for achieving high accuracy and faithfulness in 501

program slicing. 502

SLICEFORMER excels at generating fully cor- 503

rect slices Notably, SLICEFORMER achieves the 504

most significant improvement on the ExactMatch 505

metric, suggesting that it more frequently gener- 506

ates fully correct slices compared to all baselines. 507

In contrast, LLM-based methods yield the weak- 508

est performance overall. Although techniques like 509

CoT and RAG lead to improvements compared 510

to the zero-shot setting, the best LLM-based ap- 511

proach (GPT-5 with CoT) only achieves 14.00% 512

and 13.00% ExactMatch on Java and Python, re- 513

spectively, far below the learning-based methods. 514

5.2 Ablation Analysis 515

All components contribute to SLICEFORMER’s 516

effectiveness. Figure 4 presents the results of ab- 517

lation analysis for SLICEFORMER, examining the 518

impact of each component. Overall, both dataflow- 519

aware pretraining strategies (statement permuta- 520

tion and span corruption) and constrained decoding 521
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Methods Java Python
Acc-D ExactMatch CodeBLEU TSED Acc-D ExactMatch CodeBLEU TSED

LLM-based slicer (GPT-4/Zero-shot) 14.76 0.00 20.10 35.53 12.34 0.00 18.45 32.18
LLM-based slicer (GPT-4/RAG) 51.70 0.00 65.18 59.93 48.22 0.00 61.34 56.71
LLM-based slicer (GPT-4/COT) 56.84 0.00 68.41 59.68 53.17 0.00 65.23 57.42
LLM-based slicer (GPT-5/Zero-shot) 18.42 0.00 24.67 39.21 15.78 0.00 22.13 36.54
LLM-based slicer (GPT-5/RAG) 55.13 7.00 68.92 62.45 51.68 11.00 64.77 59.33
LLM-based slicer (GPT-5/COT) 60.27 14.00 71.35 63.81 56.94 13.00 68.56 61.27
NS-slicer (CodeBERT) 95.65 81.72 88.41 91.00 82.47 56.32 74.68 78.91
NS-slicer (GraphBERT) 96.51 85.77 89.26 90.35 84.92 61.25 76.84 80.12
CodeLlama (SFT) 82.83 75.27 79.10 81.82 75.61 68.45 72.33 74.26
Qwen3 (SFT) 87.22 80.55 80.54 82.35 79.34 72.18 74.91 76.58
CodeT5+ (SFT) 95.33 87.24 89.26 93.42 87.53 77.24 79.98 81.75
SLICEFORMER 98.78 92.20 93.23 97.68 90.85 83.15 85.35 89.74

Table 1: Effectiveness comparison among different static learning-based program slicing methods.
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Figure 4: The ablation analysis results highlight the con-
tribution of each component. A larger performance drop
indicates greater importance. We rank the component
importance from left to right. Abbreviations: Perm. =
statement permutation; Corr. = span corruption; Syn. =
syntactic constraint; Lex. = lexical constraint.

mechanisms (lexical and syntactic constraints) con-522

tribute to SLICEFORMER’s performance. As shown,523

the full version of SLICEFORMER consistently out-524

performs any variant lacking a single component525

across all evaluation settings.526

Among these components, span corruption and527

lexical constraint are the most impactful. The528

model learns more about data dependencies from529

dataflow-aware span corruption, which is critical530

for identifying complete program slices. Mean-531

while, lexical constraints ensure that the generated532

tokens strictly originate from the source code, pre-533

venting hallucinations and improving statement-534

level accuracy. The relatively smaller impact of535

syntactic constraints can be attributed to the fact536

that structural errors occur less frequently than lex-537

ical errors, as the pretrained model has already538

learned fundamental code syntax from corpora.539

6 Efficiency of SLICEFORMER540

To evaluate efficiency, we compare inference la-541

tency against all baselines. As shown in Table 2,542

latency largely depends on the underlying base 543

model. When running on the same machine, 544

larger models with more parameters consistently 545

incur higher latency. NS-Slicer, which relies on 546

smaller models, achieves the lowest latency but 547

suffers from lower slicing effectiveness. In con- 548

trast, SLICEFORMER attains an average latency of 549

0.296 s and remains faster than other effective base- 550

lines. Overall, SLICEFORMER strikes a favorable 551

trade-off between inference efficiency and slicing 552

accuracy, demonstrating its practical viability. 553

Methods Size Runtime (per task)
NS-slicer (CodeBERT) 125M 0.105s
NS-slicer (GraphCodeBERT) 125M 0.135s
CodeT5+ 770M 0.289s
SLICEFORMER 770M 0.296s
CodeLlama-7B (SFT) 7B 5.75s
Qwen3-8B (SFT) 8B 6.52s
GPT-4 (CoT) Unknown 0.835s
GPT-5 (CoT) Unknown 1.162s

Table 2: Inference latency comparison among different
program slicing methods on Java dataset.

7 Conclusion 554

This paper presents SLICEFORMER, a learning- 555

based approach for static program slicing that en- 556

hances accuracy through dataflow-aware pretrain- 557

ing and constrained decoding. We introduce two 558

dataflow-aware pretraining objectives, statement 559

permutation and span corruption, that enable the 560

model to learn variable dependencies essential for 561

precise slicing. In addition, we propose a con- 562

strained decoding strategy that enforces lexical and 563

syntactic constraints, ensuring that generated slices 564

are both accurate and faithful to the original pro- 565

gram. We evaluate SLICEFORMER on Java and 566

Python programs from the CodeNet dataset, where 567

it achieves state-of-the-art performance. Specif- 568

ically, SLICEFORMER outperforms the strongest 569

baseline, NS-slicer, by 6.4% and 21.9% in Exact- 570

Match on Java and Python, respectively. 571
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8 Limitations572

Language limitations. We evaluate SLICE-573

FORMER on two widely used programming lan-574

guages, Java and Python. Although our approach575

is readily adaptable to other languages, additional576

engineering and empirical validation are required.577

We encourage future work to extend our method to578

a broader range of programming languages and to579

other programming tasks whose outputs are subject580

to structural or semantic constraints.581

Architecture limitations. Dataflow-aware pre-582

training is designed for encoder–decoder architec-583

tures, where masked-span reconstruction is natu-584

rally supported. In contrast, decoder-only models585

rely on next-token generation, making direct adop-586

tion of our pre-training objectives non-trivial. How-587

ever, the proposed lexical–syntactic constrained de-588

coding is architecture-agnostic and can be applied589

to both encoder–decoder and decoder-only models.590

Further discussion is provided in Appendix D.591

9 Ethical Considerations592

The implementation of this work is conducted with593

transparency, providing full disclosure of all tech-594

nical details, limitations, and potential issues to the595

relevant stakeholders. The work avoids any false or596

misleading claims and ensures no data is fabricated597

or falsified.598

In the interest of public benefit, the authors sup-599

port reasonable and ethical uses of their intellectual600

contributions. Both the source code and data are601

released as free and open-source software and are602

made available in the public domain.603
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A Statistics of the Two Language Datasets 798

Table 3: Statistics of the two language datasets

Java
train valid test

Entries 30.8K 3.5K 8.7K
Avg. tokens 64 64 66
Avg. slocs 19 18 19

Python
train valid test

Entries 23.8K 5.1K 5.1K
Avg. tokens 88 86 91
Avg. slocs 25 25 26

Table 3 reports the basic statistics of the Java 799

and Python datasets. Both datasets are split into 800

training, validation, and test sets. Java samples 801

are generally shorter, with fewer tokens and source 802

lines of code, while Python samples are relatively 803

longer across all splits. SLOC (Source Lines of 804

Code) counts the number of executable source lines, 805

excluding blank lines and comments. 806

B Workflow of Constrained Decoding 807
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Figure 5: Workflow of constrained decoding

Figure 5 illustrates constrained decoding with a 808

beam size of 3. Each column presents the top three 809

token predictions ranked by probability. At each 810

decoding step, lexical constraints filter out invalid 811

tokens, while syntactic constraints based on TSED 812

monotonicity prune malformed beams at statement 813

boundaries. 814

C Qualitative Analysis 815

The main drawback of the previous SOTA, NS- 816

slicer, lies in its design of task modeling. For exam- 817

ple, in Example (4) shown in Figure 6, NS-slicer 818

models program slicing as a binary classification 819

task, with a fixed threshold to determine whether a 820
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Model Architecture Pretraining Super Fine-tuning Constrained Decoding ExactMatch
CodeT5 Encoder–Decoder × ✓ × 82.80
CodeT5 Encoder–Decoder ✓ ✓ ✓ 85.12
CodeLlama-7B Decoder-Only × ✓ × 75.27
CodeLlama-7B Decoder-Only × ✓ ✓ 78.40
Qwen3-8B Decoder-Only × ✓ × 80.55
Qwen3-8B Decoder-Only × ✓ ✓ 83.11

Table 4: Comparison of transformer architectures and their compatibility with SLICEFORMER components (Java).

statement belongs in the slice. As it embeds each821

statement independently, it fails to differentiate be-822

tween identical statements at different positions.823

Consider the statement (e.g., ch = true;) appear-824

ing in two different branches of a method. NS-825

slicer treats both occurrences identically, even if826

only one is relevant. In contrast, SLICEFORMER827

operates at the method level and leverages the full828

context, allowing it to accurately determine which829

occurrence is the accurate slice.

// Example (4) - Erroneous slice from NS-slicer
// Expected slice:
...
19: if (Math.abs(as[l]) >= Math.abs(as[r])) {
20: lst.unset(r);
21: ch = true;
...
// Generated slice:
...
20: lst.unset(r);
21: ch = true;
22: }
23 if (Math.abs(as[r]) >= Math.abs(as[l])) {
24: lst.unset(l);
25: ch = true;
...

Figure 6: An erroneous example predicted by NS-slicer.

830

D Transformer Architecture Comparison831

We build SLICEFORMER on top of the encoder–832

decoder model CodeT5+. Prior work shows833

encoder–decoder architectures often achieve su-834

perior performance when trained on fixed835

datasets (Zhang et al., 2025a). To investi-836

gate whether our proposed techniques generalize837

across different transformer architectures, Table ??838

compares an additional encoder–decoder model839

(CodeT5) and two decoder-only models (CodeL-840

lama and Qwen3) in terms of their compatibility841

with each component of SLICEFORMER and their842

performance on the Java slicing task.843

Encoder–decoder models (CodeT5,844

CodeT5+). T5-style encoder–decoder mod-845

els, including CodeT5+ (used in our experiments) 846

and CodeT5, are naturally compatible with all 847

components of SLICEFORMER. Their bidirectional 848

encoder enables effective modeling of global code 849

context, which is essential for both statement 850

permutation and dataflow-aware span corruption 851

during pre-training. In particular, CodeT5 still 852

achieves competitive results due to the inherent 853

advantages of the encoder-decoder architecture for 854

sequence-to-sequence program slicing. 855

Decoder-only models (CodeLlama, Qwen3). 856

Decoder-only models rely on causal attention and 857

are pre-trained using next-token prediction under a 858

strictly left-to-right generation paradigm. As a re- 859

sult, they are fundamentally incompatible with our 860

dataflow-aware pre-training objectives. However, 861

they can still benefit from constrained decoding 862

at inference time, which enforces lexical and syn- 863

tactic constraints on generated outputs. 864
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