TRACED: Execution-aware Pre-training for

Source Code

Yangruibo Ding Ben Steenhoek Kexin Pei
Columbia University Iowa State University Columbia University
New York, NY, USA Ames, IA, USA New York, NY, USA

Gail Kaiser Wei Le Baishakhi Ray

Columbia University Iowa State University Columbia University

New York, NY, USA Ames, IA, USA New York, NY, USA

HE
E5: ZPDFEGPT-AcademicTF IR VAR A B S A LatexBF it —RE A,
MRARVARSTAEE R . BIFARARETRE, HFRLERNH AR R E. WEGithubits
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P EE.
RZHIA BTN Zril 5 B PR, = T2
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etc.) o SR, FEFPE UAESERR AT Z BT A8 i
Fro TEBCH IR PATHIBOLTS, BTN
T AT S SR, 1070 37 e R AE AT
AR B, SLAEACRERARAE 55 (A 2R ST AT
R AT IR RO .

N T Fi/INE E B RS R S TR P R Sh AR
Z IR 2 8E, A5 N T TRACED, —Fpéh AR
AIPAT RN TON ZR sl . BRI &, FATIEE AN
A ARAT B N RIAR L R SRAT B2 0 2H 5 SR 0N A XA T
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HRIIPATIERR, (R e 8 B S 1A% 1 B SRt
TG 5 AEAT: 55455 1€ RO L A v S S HAT AR

N T BEIRATIER TR A R, FATHE=A
FEAESS EXTRACEDZEAT 1 R FAITEAL : B HAT

flith s TR AR . SHIESS SRR, TRACEDSE

SEREPAT R AR TIN5 AR B2 e 1 B S T ZRA R A

12.4%, {EIZATHAR S AE TN 7 T2 & T 25.2% TRACED?%S]

T A 2R AR ARSI 75 4 25 U0 T i A T R Y
2y AN 2T

1 INTRODUCTION

PLEs2 2] (ML) FEVEACRS 7 A VF 2 B0 TARAE 55
BONTTRE, Bl ZIREFEE (11, 21-23]. FHRAK
[8, SATFIEL AL [7]0 fRAT, YIZRA T IACAS LR MLAR
Y ()5 WANE 2 2 TR YR A | Pl 25 2% T transformer [
EEBA XTI ARSI AR S A 1, 6,
16, 49], A WL R T RE S5 H, Blansh RiE
AR [10, 17, 18, 35], FF IR HARTE 5 I TUI
ZRIRME L2 SR PR AL (representation)

SR, VF 2 AR R S5 R A AT AHHE
ATHER MR . BN, AT INAE XS RE[32)0 B 2 PR B
ARIDEA LN 2 BRI, B e AT 451 2
SRANE . [EIRE, Rl s T 36 5 2SR TT RN DR o BT P A
i AL B2 5 AT AT, DR A RER B IR 7T e
TR AATINIR . ERIAT R ARRS AR A 3= B 25 A 2
A B, (BB EHERE AT AT IR AE 2L
=L b, U HERERINE P E R A ER AT N
AR K, 787 EHERERE SRS T,
AT RIA .

Boawle B 1 ER T A B AT E
(7, DLUE B S TR R AR ABE A A 43 S 78 5 Tl
R RATE W T =TSR, CodeX
(code-davinci-002), UnixCoder [17], 1 TRACED
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Code w/ Inputs

CodeX @

> Branch-1: Executed
Branch-2: Not Executed

1 //Input: 19 -1
2

3 #include <stdio.h>
4 int main()
5 {

6 int A, N, T, B;

7 F("%d %d", &N, GA); n

8 P N; ) [ UnixCoder x
?0 gf=(x > ‘0\5 Branch-1: Not Executed

11 1 Branch-2: Not Executed
12 printf("%d", B); // Branch-1
}

14 else

15 {

16 printf("sd",T); // Branch-2 | TRACED (Ours) |

17 f o
18 return 0; > Branch-1: Not Executed (\’\;ﬁ/ )
19} Branch-2: Executed =7

1: 3k HCodeNet4 18 ¥k i 535975 B9 — N B M 651 F
[413BR TESMIEHRBIESER, TRE X/,
I ES I EMABIES X BEER, MTRACEDN|E T IE
SBIERFHITHE, EFIRRIITERREZ.
(FRATHIREARL), AR 25 € IR PP da N TR 73 3 7 o
T CodeX, FAEFAE OB I B R AR, AL
T [36], VAEKRTEZEFEAR (zero-shot) I & A7 &
I BART S, FRATES AN 12 /75 16 171
RKEBIMERRIGRIER: /7 Z—AT2HPATS?
EHE?. N TIRMEZ T EIERP IR, RAME
FLATHRRERE—BHIN T —MER: 7/ A £ -1,
HECEZWMANNE _ME. AERE, BEREE T X
T3 SCTRIN BT 75 B IR A AR 7R, CodeX A3 AR g
TRINER A fe bR %, IX 3R U ToVE MR A fii 511
AT -

B T EFEARSRRAN, AL T T ORI ZRAK
P RS AT AHAT A2 75 BE- 2 BOE 4 1 40 SCT . Fofa
&, AV T 55— AT B B ZRARRS B Unix-
Coder [17], VAT 73 3Z40AT,  [R]INf DRAE Y 5 0 1)
K ILENE G . B 1 RS R, RATEE
PIHNAEL 0, UnixCoder G745 78 75 7 43
3o ETMBEAAE 0 X, XRERAH
AHIERAE, RIS AR E R, B A AR
A R NBT B AT .

AW k. |y T R A T AR B
RREE, BA1H T TRACED, — it
ZRoRNE, DRI S s A m . RS,
P H 2AE55 HbRX 3T Transformer 135 5 A8
AT S, TRMYEACHD . FEPIREAATE R, 8
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ALY ] I SRR A e (1A AT AT D ANEACRS 1 B R 1k
[43]0 AT T ILADBARIE, PIINRRRE P IAT
W& iz AT AR B AR A o5, DASEELT
YIRS o

RFARFRE. EREFITERES, ZEMAT
FAAERE PP i Bicdie X S8 n] LR A A SR,
Pt R fREHAEAL. BEE R AT,
XA RRME S KA, RBREFRERZL. K
B, BT RN R R TR A A, B
WLEEINAT 9555 [52] FHFBEARRE P OB &AT

FEARTAR A, FATRATE I D A2 5 R & 5E X
N TR R AR SR B . AR,
REFPAIRES SR TR A B 2R, TR N R
Wes e W B I I R

B, . BINSITIN AR E(E B B N B, A
B TSI Aok T Bk . BAA(E RS
BT AT RRAEYE R, JUHORAE T RN A e R Y
CRES, V7 s S, fa4t5) wf, BFE4. &
HRACM B B EHE 70 A0 o X PRI B2 2% P R0 i 12 38
TR S ) AR B A AN OC R kR, BN E
IUACERVE Z MR RN, 1X S BB S A g 12
SE S, AR BT R, kb, BAR(E
HIME R . S5 S (outlier) A AN PEM RS TR
IR . AT AES6.3H SEE R IX B 5 FR 1 o

N T BRAREAE S I R, BATE X T =
TAMEZR, ERe) AR ERA, LKL M
1473 B AR LS 1 B ) X TE) o FRATDRS e AR FR A =
o, HE R T E SR XFPE AT
REA B T AL A0 0 75 R0 S i S L IME, (RS %
T2 oNBEPAT R UAAR R 2 BCR, A Z
o AR 7 SIAG B AN R U] P UK

BRI RS R BT IR SRR T T
B MRS EE A, HEfERREE
IFIE RIS B A T S T A T 3T A K
BN, BT A R value (MED 258, RATEIDT:

'https://en.wikipedia.org/wiki/Quantization_(signal_processing)
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TPAT IR AT E R, FAR R RIS AT AT
WREEAT R IAT, FFOAMRAL (modeD) HEINATHE
R AR 2

£E . A =AM S5 X TRACED 1 RE HEAT 1L
WA ESPATMATE . SRR AR .. 76
ERASTAE 34T J5 11, TRACEDTERAT B4R T I
| T HASTMINGRIDE12.4%, fEIB1TH AR
Evalue (HE) ?D‘I?JUUU%T%T% 2%. TRACEDTEAUHY

POJ104 [32]J:?I§%T91.2%E‘JMAP@R,
T 50.4%HF1,
45 T 65.9% I HERZ

f£ReVeal [8] L

AR, TA T T RUN DTk

o IRATHRH T —Fhfai fb F1 5 28 AR 7 AT RAE
(representation), TFEFEFIRE (state) F
PATE T, DA R AU (modeD) %%
IR OB AT N

o JATFEH T —FlBr A 2 AR 5 T 253k, LA
HF 2 ) E S S R . Bk, RA
AT VR B I ZRBA R H & R PAT =
o

o FRAE FH4E H (1)3IE BRRAE (trace representation)
AT I B (execution-aware strategy) X
TRACEDHEAT TSR, JFAEZ A TS LVF
HERE . SCHSE REW], TRACEDEIX LT
% B E N T FAS TN ZRA AT

o FATH AT RATIATIHAE . ARG FI T
1R (pre-trained models), VIMEREFFHURME

2 OVERVIEW

K 2 78 T TRACEDHIAfIR =AEER B (D
1B BRI A I TREALHFAIL (2) ﬁﬁﬁ&ﬁ” IBERHEAT R
ITRRFITONGR, AL (3) gl 2R JF AT
AT IO o

7£ CodeXGLUE-defect-detection [32]_I-
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Stage-1:
Tracing & Feature Engineering

-----------------------------------

Stage-2:
Execution-aware Pre-training

. Source Execute H Pre—trainingTasksE
1 Code &Trace P '
: ( ) |

I ' ‘| Source Code | .
= - @ — : / .
. ;| Code |- - '
. ' - Predict !
,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,, . 1| Language » | Program States | |
o 0 o= '; Model \ - :
Wy = x I \ Predict '
0«0 =) “ ) Exec Coverage | |
Program State  Coverag ; H
Ground-truth Value i '

Quant zation! | iPre-trained Weights Transfer

Execution Labels

2: TRACED T{ERZHEA -
BrB—6 37 B4 AE LA, . AR B H bR AT

ki 2 . 2R TR OEIERE e A L AT 3T g
No BRI ASATREF . DU R R
BER. BEACK VST ARRRME, PLAIITE &,
o VRS BERAT L, FRER T RERIRSE R
T RE AR . Dy T D Bt ) SR 2 MR B
F AR B 75 5y 2 ) A R 2 (A A AN &R, Al

RGP sk i BARIS AT I R AN TUE LA (value)

YO B R % 25 Pl S 38— 2L [ o ) A B
XIH] . R IX el , FRATEIE | — A A BRI AT RE
Fih, WRAEVISRIA R AR B iR %F (ground-truth
labels) . FALJG, FATQIERFLFIRESHR AT o5
PR2s, IR BB R R T PAT . AL S
— AR, Hrh A ARG AER YRS S AR P
BN, ARERTEAEAR AT IE 5

BB = A T8 SR e PAT B T Sk o . FATAIH]
M B — SR AT B FRAL B A FIAR RS BEAT B T 2k
HARIM S, BAME T TransformerZ ith #5 FIH Y [31]
KRR IEES, RN IR AT B R . 1%
BRY AT DAMCSKFFUR ISR, 0 mT DO A A 15 515
B FNAE . 9 7 S B AT IR AR S SR AR 1)
Hir, BAVBEHE T =ATNGB s BB
A RIEARS . FRATN AR STA ) 5 28 [20,
43] X TR EERNE S (P 25
filte 1% HAREFEAGE 5 (MLMD) KB, %07
25 RS — 2 LI bR e (token), FFIIZRMBEAY
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AR A Bl R S E e R AR I . 2R A H AR A
AR RS BT BER B LR RS
PRZE, WAL ST P AR A AR S AT I BITE T - 56
=AY E AR TR BAT 7 55 o RN B — A B AR
TR EARAE, BRSPS AR I, A BRI
BEARE PRS2 W T 38 2 AN AR o

MB = A 442 oA, . &o, ATETRACEDM

T IUA NS . FATINETRACED H I ZRBUEE
X R EAT R AR S5 IO, I 8 R A A B
WA EZATIER; AR, TRACEDHARE HAE T
IR 22 2 B HRAT 5 5 S HER AT, TR
R SE AR SS . EVEZ AT BN TR, BA AT BEBCh
A HRIRE P ERR . A% EETRACEDH) =4S T {E 55
A PATA T, O AT B S A AT AR R T
o B Ao R AT IR RS

3 TRACING & FEATURE

ENGINEERING

TEATTH, AT 4 TRACED U] MR T PR 5 o )
AR, DMEREY (modeD) 2% 2 FEFHAAT .

3.1 Representing Program States

N T B NFTT R E B EME (value) DIBEf#F
REFAT AR AT AT AR M E R
ERNGAPAERL, DL HAT AT HEWT 3) SR
1709, MO SR AR E . s AT AR T
LR RGMERTH &, BATAT LABLHE S 22 AR fif R 1
RARSBIEFIRE (state), ML TIREMHEM
LY (SLIR

PATH A AEPAT IR AR P FAA SR B
PRIERAERE IR o 2 BRATAE N5 R I 18] 2040 B AR
I, ST REFPAESR |47 2 ) v B A R T 15 1)
%, FATLE — DRSS M, R AR R 3 2
RTUME, RELTIERE I EBRS R . N T idsfE T
WE, BAHERATHAT SR B A PRI FIL AR 1
HREITHME .
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EX: #5R% (Program State) » 1ExUHEL, FRATE4E
TEAT 1 AT Ja IR PR TE SO s(l), Fos AL
BEMEES:

s(l) ={M(v,]) |veV, leL}

V ZRITAIBEERENES, L a2liriTeE
Ho B3 B T AR R 7 s, RS S
FIERARR T ZATHAT G IR IRES (state) o 64T,
XF T AT HATARS AT, BNl 3 15 8 47, ATl
ALFREFIRE (state) o

1 // INPUT: 4

2 int factorial() {

3 int x, y; // {'x': 32767, 'y': 32767}

4 x = atoi(argv[11); // {'x': 4, 'y': 32767}
5 if (x <) {// {'x': 4, 'y': 32767}

6 y = -1;

7

8

9

return y;

3

y=1; // {'x'": 4, '"y': 1}
10 for (int i =1; i <= x; i++) // {'x': 4, 'y': 24, 'i': 5}
11 {
12 y *=1i; // {'x': 4, 'y': 24, "i': 5}
13 }
14 return y; // {'x': 4, 'y': 24, 'i': 5}
15 3

3: EFEMKEITINE (runtime values) BIFZFIRES (pro-

gram states).

WE, HTEARE0EE, AT I BT
Z IR BIXFEFIAT I EIERAE (representation)
A BESE HEAAN ) ALAR, (HE AR T4 (model) Y
SRR R EOR . A AR A 5 1 R 1) R AL
TAVE A BEAT (8 Ja — IR BT R e FE IR (state)
PAME (1) FEPAT 28 1E 2 BT AT EE 3

FRATTEE T ELSEHAT L8 B X MR i . FoAd
MmaE, &aEHIMNE (value) 8@ 2 LR TRIEIA
MRS S Flhn, 7218 V- R 2T, A B0R
[l A 8 1) e i B F) R 2 1 FH 7 1) D 4R T
[FIFE, AP EE RN R AN E R 22 5 AR IAT .
i 3 14T R, Ry EIEH N LA LATHE
Brafe. &MMEERFIOER TR, T RAREA
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WE A EREME (B1447),  DRILHERE AR 7 1 B Ak
ITARHME BE2ED . B, AT HE G — Ik
PATIIMERFRAE (representation) y.

3.2 Quantized Variable Values
E§IH AN AL, BARME (concrete values) 143

AR A 2R, I T et AR BUR A &

sest, BARGHEIFA SR LR 28 W AT
N FEBEE B R RN AR R ——f . AECTE 5
AR AL Bl H PR BN F AR R s, H
HARME B LR 30 UM EATOURR T He_E5
AR, X R T RE BN RN . 12 AR A ]
L I At A2 B B R RN IR AT O, AR
BHERR TN EATN BAROE,  BUOYIX S BAROME IR A
HAE BVESGE Lo B3R 1R EE DL i —L8: 1

PATH3MT 2 A, xFy R#Ia1k, FFRENLAILG 932,767,

XA HARE S, RSB SR Em 2215 W 4 RO 5 o

N TR B VIR N B, FRATER 1
5E T30 EAE RIS . A T AR R ERHE
(value), FrfthBIEMWIKAFERE T PIFSEA, BlE
A8 AR R B A E R AL, DL Sh A IS 1T B4
B (value). FATHEAINRT 1K WIEEE
BAMAE (value) BB, FWATRKIZLEST 2 DA 12
HEPREFPATATNMK R W RIERINE N INME
(value) ZEAL, FAT] DU HERE 5 PAT 1 JE AR
XAFAR AT ITVEAE AR — AR P AT AT J RIS
AT HARFE AR TAES 6.3 SLUEW ] 1 3RATEA
WS A R

3.3 Building Learnable Labels for

Code Models
FAME A IR W B T ZR e FRATNARTE AT 42
HARZE, PLEIPATHIS EEN A BRSSP
T .

A REARE . IEAFRA LI I 1 P i
(1, FRATE SEAEPAT I 1 ERER A P AR B D R BT
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%% 1: TRACEDIIE T2 E (variable values) i&it.

Data Type | Value Types Concrete Value | Quantized Value
0 <o < 10,000 Positive Regular
10,000 < v Positive Large
Integer 0 Zero
—10,000 < v <0 | Negative Regular
v < —10,000 Negative Large
0.0<v<1.0 Positive Small
1.0 < v < 10,000.0 Positive Regular
10,000.0 < v Positive Large
. Float/Double 0.0 Zero
Basic
-1.0<0<0 Negative Small
—10,000.0 < v < —1.0 | Negative Regular
v < —10,000.0 Negative Large
\0’ Null
Character v € {a-zA-Z} Alphabetic
v # \050 ¢ {a-zA-Z} Non-alphabetic
0 False
Boolean
1 True
Void - Void
Int 1,02, ..., 00 ]; Initialized
nteger e —
& quantize(v;) € Integer Not Initialized
[01,02, ..., 0n]; Initialized
Array Float/Double TR
quantize(v;) € Float/Double Not Initialized
. Initialized
Character (string)” —————————————
Not Initialized
0x0 Null
Integer
Not 0x0 Not Null
0x0 Null
Pointer Float/Double
Not 0x0 Not Null
0x0 Null
Character
Not 0x0 Not Null

IZATIME. )5, TRATK X ESE R R TIE LR
Ao XANEREFAT — RIFEFRE, BMREH—
HEAWBEER R (WE 3FIR), RATEX LR
FPARAS Rt A o] 2% S R AE AR B . B
i E, FATAT LLENNZR 12800 1A S AR 2,
HN BRI 25 e FURARFD FRAE A5 LR T 2 b
2 (§4.1.2). BMNEEMFRER I N—DICH: (&
PR MAEERA, w44E). Blan, 7E/ 3, HIE
FEMT IR EXIAREE (A A, 4, B X), BAXK Y
AT {E 32,767 BATHATA AT LLEAHIA 208 & 1A
A HIAEIZFE IR, BTA ARSI A B RS
INBIFE RS R o

WA BEARE . TS RN
TSR A, AR I
PR ER DLSRIPIRE RN T . BT
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AT bR R A RN A &, R EE. 1E
PATAT P AR bR IC o 2, TAE R PATAT 1
B ERPIRC A B FFE B AR R
WAE, R R eI RN ER A2 . B
., EEBH, AT KRBT, FIHIZAT Iy &
PREENE", FEFPIRGESAREE A, B, RFD), 1M
AT BRI R FEPIRESIR A,
#, IEH).

4 MODEL

FEARTTH, FAVER T TRACEDIWAH A AT 255
CR IR R 27 50 H AR 4075

BARM. B 4 o T TRACEDI ISk = )2
ZeHy. TRACEDM)F T & — M 12)Z K TransformerZw
2%, 5L FBERT [9]FIRoBERTa [31], ‘B2 >Ji# Y
RIS ZRAE (representation) . ¥ FTransformer/Z 2
b, TRACEDH:E 7 Z L2 ZRAHL (MLP) JZEEN
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A": ["BASIC", "INT", "NEG_REG"| A": ["YES"] |
"[MASK]": "print£" i ["B": ["BASIC", "INT", "UNK"] "B": ['NO"] | iqe - - =
i ["T": ["BASIC", "INT", "POS_REG"] T": ["VES"] | ¢ '
{ LM Layer } [ Program States Layers } {Exec Coverage Layer} :
1
T Token Representations T T
Transformer Layers

Input Sequence T
1
[CLS] 19 -1 [SEP] [SEP]...if (A>0) { [MASK] (" %d ", B); } else { printf (" %d ", T)... [SEP] !
A 1

Tokenize & Concatenate

Source Cod
. ' #include<st: dio.h>
1 [[Executable Input | |int main O
: int A, N, ’ i
sssss ("%d %d", &N, §A);

19 -1 LEE RS T G & ~ & N
B=7T-a; > !
if > 0) —

{print£("%d", B);} Execute
else ' &

' . {printf("sd", T);} H

| Pre-training Sample 0; H

' g p return 0;} Trace

4: TRACEDMI S RIERIEH. EREFRESENRES,
NEG_REG EXE “T1E #” (Negative Regular), UNK EXE
“R41” (Unknown), T POS_REG EXE “IEE#M” (Positive
Regular), XLEFHAIER 1 PHITTENX .

IR, FRATE AT HAT RN E SUNE = {ey, .. e}
¥ Je~F HIURARRG € SUNC = {cy, . c;}y AR

ANFEESS BTNk o AEFRNZRIE), Wl 4F7R, TRACEDRE A NG /&1 ={[CLS], ey, ..., €;, [SEPL[SEP], ¢y, ..., ¢;,[SEP]}s

A7 —MESHERNL, BLMZ, DMR#ER BT
SCRAETI YRS (mask) HIFRIC (token), —/ME
Fr RS TG Sk PLIGIN FAT TAES 3.3 5 AR P AR HR
2, AR — NPT o Sk AT AT 78 e bR % X T
R EAL S I, = T Transformer)Z IN#K T W12k 1
RCE, 17T S DA 5 4y — AN e sE R AT 55 E il
FET IRk o

4.1 Execution-aware Pre-training

4.1.1  Model Input of Pre-training. T Tl ZrbE A AL FE

— ANAPATREF FIIEARRS A — AN E U AT AT SN -
W 4fw, ATHAT N FIEARD 15 P e o —
MFH e R T XA ANFIEARES, FNEATZAF
iy, TRACEDEFIHRFFRHILSEPIFRIC (Token) K73
el ERSENME. AT ERFmEE S R
HhiA) i [25], TRACEDRH T — M Filill 25 fISentencePiece
(28] FiAlkric (Token) #%, 1Al & 450,000, &1 H
XAMRIE (Token) #GIEREII T H KI5 A—ANH T
Fhrid (Token) %1,

R AT HAT A FIEAADIT K, TRACED 273 Hil B
‘BiAiTe TRACED¥ G AT AT 4 N7 91 (1) i KA FE 15 B 64
Fric (Token), JEACHE A H KA W B 960 Frid
(Token) o IXSEH 2 AR FRAT Y SR E 48 H2 1 ] 44
AT NK R G BRI e ) (§5.2.0), FHERIJEAR
TS FE AR

TR, PATEREEA B —EB 5y, 12
VE BRI SR 5 3 1B 3247 T F) B SE{E. (ground truth)
P2EAE .

4.1.2  Learning Execution-aware Code Representations with
Traces. TRACEDIEIL £ 5 HAR#HAT HOIN SR, PAIL[FHH
RIS I ER S ANB S

FARBIA, | R SCAE B RFE T PAT
PIEAE—, RSSO R A 3 281 [20]
A B S S 1 ) 2 BRI . FRAT I R DS S
B E bR [9, 16, 31] RSZIUARRY SCA: 2] H bi o BoAk
Me, %EREHANTY] I, TRACEDFENLILERE 15%
FIFRic (Token) [9, 31] KR BIFEAIL /T C #57,
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FERRERR I [MASK] Aric B e (foltan, B4 F [ printf
BeHERD) o EREFITHATHINIT S E A BRI
LUK IMASK] 1 b R 0wt B HARRD RAE 7paskea T
HAE LRI F T B B AR HERD AR id . FRATTHG 2
STARRE SCAR AR R RN A

Lcode—text = Z _lOgP(Cmasked | rmasked) (1)

masked
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Hbr @0 B EFrL (Token) #HATHIM. BEMEHN
PRZEAE T, RNz R BT S, &
W0. Behh, JET R AR TARC (Token) Hf4
7y BOAH [R) 78 26 hR 4% . VCPHIFR AN T

Lvar—cuv = Z _lOgP(Covvar I rvar) (3)

)i, TRACEDH A = HARHIH R S5 Aok,
B EATR SV N B REA R B Ak . €l

ERE 4, LM GEFBAD 3l s */[\transfomﬁ%%mu JZFETF transformer (transformer) =% [a)f%

A EIHERSFRIC (Token) FAE. )5, LMEELK
FRic (Token) RAEMUN RIIRIVCAL h &R MRIC IR,

fEFMLP (£ 24048 JER M B A& PIFRC (Token) o

AR AN — A7 B4R 55, Hrh I HcE
LFTLRIRAN . AbR2Z S WIS FRIE (Token)
RALFACR PR AT REMIFRIC (Token) ZAIKIM,
TR

FARFRE. . FOABNZGEE, BFRE
T (PSP, 5 £ A58 A3 i N Bl B AR

FRIREARZER R FPATIT N IXEERE PP IR AR 2R

W83 37 FiraE 3, B A RAR PP AT SR N A2 B AL

FERRRE, DL eI . AT TRACEDH) 4%
W2 BHERIRN 0, HRHURR R

L(g) = Lcode—text(e) + Lprogram—state(e) + Lvar—cav(g)
4)

4.2 Task-specific Fine-tuning

TRACEDIN%L 1 T 251 Transformers JZ AR AL H ,
XA T AR BT S A R AL, It — 2P0
B EAT Sl DAE L N AR ST« BATRE=AS T RS

AR MERB I RAE S S . BT, TRACED BN TRACEDI L ZN . (1) FEFHATHIERSL T,
SR IEARED 51 A B AR ID (Token), 1CAE {coar | Cogr EIEPUTEL i AT AT I AZ EAE TN (2) 1835

VycC, Hiv 2iraEiETErNES, C 2l
RSP H. K5, BRI ZENRIC (Token) [
RAE roer, HHHBMABIETREZ . BFIREZE
WAS AR N B S HAR R A d,, . IMERA ¢, PR
18 Goar MBRATTREME . 1BTER, WR—/NMEEHRD
(Token) tHNZATHrid (Token), AT A& T HITH5

it (Token) LM AR FFIREIRZE . )5, TRACEDHP
PR T B AR RS T A S & AR D (Token)

BUR S W BEVF, BURERINT:

Lprogram—state = Z —ZOQP( duara Loars Qoar | rvar) (2)

var

FALEFE.  BEAWUNLGER, ZEES
W (VCP), BAESAPATE S, XN TEMESE

R E AR IR R G E 2 . 5PSPHARIEML, VCPIK [MASK]

BErZR: (3) IR

BAPF . | BTN B R
KRG E IR, LSRR RT3
(7. YENELEERI, TRACEDRGRE Lt Fi T ACH
REFHRATI (D $UTEHA (2) B AR,
TRACEDIFA S HIBE, BRI 77 s AR
B Pt

AT S, W T S, TRACEDH & T
B SR DU BT B4 %, B = {by by o b}
EYN G AEA by € B BN —TehisE, 0 %
R ITT ,  BrO . N T

FERIBEAT IO, AEREAS 20 SCHITF SR AB AR RAR D TMASKT

Blan, AR if-else iBHIHEMHANDL, SN SCTIMN
HEATTALFE: if (condition) {[MASK] ...} else
Yo FEWAIEFES, Transformer JZ 2%
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SV 3 B AS BIFH BRI [MASK] FRidRAEH, F
FH P B 2 SR B amis. SR, 2kl
[MASK ] R ALK TN F=A 73 302 B S i AT A 55 %
TAREE T, TRACEDWIER R V = {01,0s...,0n}
HINGBAEPAT LR T AT EAE (§3.2),

EX LR & NG TS A B
HEF [26, 30], (HAESLEHARH BAT B,

N e fE 2 AR AR IC MIE VL 25 A B S ] e AR B A R
UEAE 55 BORBREAAE A PATRE P O DL G THRE P AT 09,

FA I EATZ A AR ANE . & VPSS 3 SRS RE
71, LRGSR R vl 45 — MR
NER, UL—HEEREFAERE, BARHZNAT
RERCT 3 s rh ARl & 98 SCoekE

W VAR o RIS A B 22 4 ) — TR B
155, BAERBBAFACRS o AT RER L3 A VB LR
LA IXEEIRIA R] BE d T 2 MR A, A
SMAEAE IR . VCTH ORI B E R R AR AT AR A A
Y00 10 B A X e v AT DA LT AR It L B XU
AT FAVER S IR AT E IR A QRS A 1 2
¥4 bR TRACED I FRIZREAY,  DAEAE AL £

THHPATAT J9oke 27 SPRARRS D RE 73 28 iR I B AR I o

5 EXPERIMENTAL SETUP

5.1 Trace Collection

FEARTT R, FA R 1 Il fE 25 52 IRACRS AR PP SN

MO, IBEARE S TP INEhAE B LU E SRR IIB B .

B, WAV gec WiFfET, ®LUN -g -00.
I -g ARG R, X0 T8 A s s &
AYEACHD A B W E I, TG -00 2% H gn B
b, XA RE AL A B, I AEISAT I ovk i
BUEATe FRATSE e 2 RoR 3R AT A BB AR & A
(value) MIIE SR B AKAL (source code), [MA
A LAY .
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FLUk, FRATTR AR P A 345 5E BObR e f N\ 2 5E 117
F| stdin, FFIN gdb? Wik#%, {4 Python API 5
PUBER A M (main) JFU6, AL step
M BATHATIEF . 81T, JATTENH A EH
BN B A AL (value) . FATETERANH 7 E X
BREIN AL B E W i, A2 ALK AN S H 1A
(value) . X TH{ERAY, FRATHE FHICFKEAIN T
fFHE &4 (representation) . XJ T char Ml char x (&
Frep) B, BANHC KPR/ 777 eh AT e .
AEH gdb HIESEAT EN A8 RITED struct KAIAIFHA
SYBCEEZRAL, BN intl<size>]. XFTHaEF252,
AT FRET B A7 ki DL 7S 2 i ARG ) T 204 T ER
FAGE EFAEEARS P SR, Ik A A i
25 B Lo

5.2 Dataset

5.2.1 Pre-training Dataset. IBMJCodeNet#{ #i £E [41]
AL 55K H AIZUFE 2R PRI AT AtCoder T £ 114,053 4 F2
Pk, WA ML, AR EHE R B A FRE
P RS 2 IR BT AL AR T, RATECIE
FAEATRINGRAN RTS8 E RS, Bl IRA T
TS CE B MR UUT APk AR B T 2Rt B o B

TREAKCE P A R Bk (0 R 2 MRS, Bl TiE ¥ CodeNet ok

PRI EIELE, RO E NP 2 D g — A,
B2 A AATHATHRIN, IXFERRA T AT AT B B
PR TSI, AT AR 2 S R B BATT AT R 25

1£1,900 M H A CIE & M 77 M APk, 3R
ATIESE T 1,805 KA TN SR 4R, R 954N [l i
PE IR R, T VPR BLTE R F R A PAT A 1T
FHIRE ST o PR RS I o B A ROEE e T I
SE B R B B I BRI ) 8. FRATTRE AL A B A Bk ik
FEfR 2200 M AT P, B A45 3 1 121,319 1551
5

5.2.2 Downstream tasks. fEATTH, WAINHHTH
NNUHAE S EAREE, FHMRAR R PPl FE bR . XLk
HAREN S HE B 2.

*https://www.sourceware.org/gdb


https://www.sourceware.org/gdb

TRACED: Execution-aware Pre-training for Source Code

A PAT . FAEFH CodeNet ### HAT 5511

B, RAOTNELHGEEN 1,805 NPk
BINGREA, F R 1 95 ANk ih g EIEREA,
DABE S B 12 R RS -
Ferm. KT 30AT 78 55 0, FRATTE RS PR RO B 1 P4
febr: TEBIATEREM G B . BAEmNE, X T—
MNEA m D SCREAR, AT HARER e S
KINNLB = {Iby, b, ..., Ib,,}, TRETHNEL RN LB =
{1by, Iby, ... 1by}o WIS LB == LB, TATUCHTIN S5
BT IRARILED . X T2 e s, A5 1 == 1b;
FIRAERE, Hib 1 <i<m, FFMEHEME. K
. HARERA F1. K, STFRERFHH 2 ANEA
BEE, QV = {qu1, qua, .., qUm}> FRATTIIRE Y fif S T
N OV = {qb1, qby, ... g} W QV == OV, Al
VLA R ERA T 1 e BEPAT o X T HAMEDLED, AT
T qu; == qv; MRAEIRBOIEHRE %

& % . BAE ] CodeXGLUE-POJ104 [32,
33] fENIAT 55 B #5 . CodeXGLUE-POJ104 {15
104 NMRFEBREL, FAPREA 500 AN HANFEFET R
M) C/C++ RV TTZR . CodeXGLUE [32] Bl K ¥
EIRDNINGE (64 MG . FFARE (16 N
FIAREE (24 DD SRERETIEN—ANA TR,
BAR RS Z M3 =Sk .
$&¥5. MAP@R CFIEFEE @ RO ° 2 AR5 1) 32 2
Fr, FATIENE CodeXGLUE FEvE ¥t R KPS
FE RV E B R T 1 A EAR: IR — X
AT 2ILAIAET R A 5o R A5 I 5 1) T 50K FE 43 4
%} F CodeXGLUE, "R" A 499, KA MEEELA 500
AMRDRTT
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AR IC A B . B )5, Zhou et al. 5] N[ CodeXGLUE-
Devign ##s £ e — NP a4, C4% CodeXGLUE
HENASLENE, B IR PTA AL AT DUSE AR R )11 25/ 5%
WE/MARKN 53 64T VAl

$&#R. REVEAL J2 — M ER 4R, DRtk A 148

Fl F1 1B NP HEFR. D2A A Devign +2 V47 i K%

£, DRI IRATTIEAE iR a0 FE AR o 7 R UER 2

R 2: THESHBREMNIEEER.

Task Dataset Train | Valid Test
CodeNet 121,319 | 13,116 | 13,116
CXG-POJ104 32,000 8,000 | 12,000
REVEAL 15,867 2,268 4,535
Vulnerability Detection D2A 4,644 597 619
CXG-Devign 21,854 2,732 2,732

Execution Estimation

Clone Detection

5.3 Model Configuration

TRACED1) & T /& — Mr i FJRoBERTagase 2244 [31],

H A 12)/Z Transformer-encoder, #ZH 1247E = 713k,
BB 4E 5 768, TRACED# A >k H UnixCoder ) 711
SGREBATYIR [17]%, A1 HBPEARIC 25K 7
Ahrie 7 NBPETFric. F AT HIHKE N10241BPEMR
i, BRKAFIE . SR REA S AT AT R
BEXSEF, AT AT SN B KK 64, IRARES 960,
BATH SZ56#E 2 x 24GB NVIDIA GeForce RTX-3090 GPU |
BT FATEE— DX AT 1050 IR I TN S5, DL
ARETFPAT, FHEA ¥R, s5e-5F2e-5, kS
THAE S AR BURER, FTFra oRESS, BAl
18 FH8e-6 1125 1 5. 4 ) FRIEH 1E J5 IR B R B [10,
16,18], [KIULTRACEDEAEAR A& . FAE H Adamfit

AR, FARI T =A 2T SRS : REVEAL a2 107), J6 0 itk > 2630, JRATT R0 3 5

(RV) [8]. D2A [53] 1 CodeXGLUE-Devign (CXG) [32,
54]. REVEAL #(#i % Chakraborty et al¥g:0 5K,
DAL — RSt e, HpEhRAx g, 33
HERFAFEA S RYEFEAR Z A BB 2978 1:10. D2A %
P — PRI, TIETEBEERIEL.
B R B SE BT RRCAS BRI N A R EE ), BB RS

Shttps://en.wikipedia.org/wiki/Evaluation_measures_(information_retrieval)

#Mean_average_precision

1§ F{Pytorch [12] MHuggingface [14]52H .

6 EVALUATION

FEATH, JATHRH LT BT S (RQs) :

* BARK U, FAT N #unixcoder-base-nine, KA B I T 2R % e T CiE 5 AR
FE A :https://huggingface.co/microsoft/unixcoder-base-nine. 1E{F, MIEE
MAUEFIMLM H bt A7 T4, B AGTeSC (17)3R i T HAb R A TR AT
RIVE LS AL


https://en.wikipedia.org/wiki/Evaluation_measures_(information_retrieval)#Mean_average_precision
https://en.wikipedia.org/wiki/Evaluation_measures_(information_retrieval)#Mean_average_precision
https://huggingface.co/microsoft/unixcoder-base-nine
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o RQ1: TRACEDYE # A fili THHE 5 $0AT 77 1 F - Rk
fiy 2

o RQ2: FATHE H IV RS ME dn T 45 B 122 SRR P i
17 (program execution) ?

e RQ3: AR EAAME (quantized values) HfFE
FPA RS, AR A (model) 2 JFEFFHAT?

o RQ4: TRACEDFEAD BEARAT: 55 HoAH X T B il 25
BRI 2

6.1 ROQ1. Effectiveness of TRACED
in Static Estimation of

Execution

AT, RATER T TRACEDAEFF A& G THE 7 AT
FTRIA M. VEAE EETRACED [ 1)1 25 58 Hpk ik
MBS, RO SRR AN s A2 e, I
T 73 ST 58 BE AT BR AT

Yangruibo Ding, Ben Steenhoek, Kexin Pei, Gail Kaiser, Wei Le, and Baishakhi Ray

3R 3: Ba7SHUITIE VB BE (static execution estimation).

Coverage Runtime Value

Model Full Path Branch Full Exec | Var
Acc Acc | Prec | Rec | F1 Acc Acc

UnixCoder 63.7 79.7 | 81.7 | 85.4 | 835 39.3 87.8
TRACED 71.6 83.1 | 84.6 | 88.1 | 86.3 49.2 89.2
-w/o MLM 70.4 82.6 | 85.3 | 86.0 | 85.6 49.0 89.2
-w/o PSP 69.0 81.4 | 83.0 | 86.9 | 84.9 44.0 87.4
-w/o VCP 66.1 80.3 | 82.4 | 85.6 | 84.0 46.7 89.0
-MLM-only 65.6 81.0 | 83.1 | 86.0 | 84.6 43.0 87.5

TFRTI T 71.6% I TR B R AN I o8 R SRAT R A, JT-TEA Tt

W7 4929 AT AT AR, Bor BT B AT
Zr A% T UnixCoder R4 BE 23 T $ 155 1 12.4%8125.2%

REARSEMERE. BAOEE sFeH w7 AT
PR, PLEAK HB TRACED 5 UnixCoder 78 $147 78 7
FIEAT BB TR0 7 T )R B AN BEAR AN 2RI A

FERFBE A 1 L HIHATIZ M, Hi S I 2R HUnixCoder /s

SRTCIE IERATHEAT. B 53iH] T UnixCoderk fift &
ANAHRAT B 55 A Rl AN AN BURR, T TRACED RE S 7
SEANFMEZ A EE R R . Kl 6/878 T TRACEDTE 5

Bk, 7EIXRQH, ﬁiﬂ‘]a‘z%‘d@a‘%ﬁ@éﬁnE@TRACED—'%Un%Cﬁdﬁrﬁr?ﬁygﬁﬁ%ﬁE

(1713047 LU BUAEBRATMR I SR SR A .

%%, TRACEDE H i)l 4k 1/ UnixCoder A E ¥ 4 L1,
K TRACED 5 UnixCoder P BEEAT ELEE A& R 3RAT]
FEH T ZRE2m (0 B 82 A . IR, UnixCoder?E
VAL Rk T et vEre, B CEAN.
T F RN AR A4, BT A
ZAHSHE A, I1CodeBERT [16]MGraphCodeBERT [18].
=, TREZHFEL24NMFRIC (Token), T KZ (T
WIZRACHRERL [1, 6, 16, 18, 49] %2 HIHkE512 FRid
(Token) ., L VHFEH KT 41, UnixCoderfg i ALEE
BRE?, FREVF 245 OL N 2T 58 5 0 T i Ak

Writhid. BT TRACEDW &1t NiH#E1,024 1 581 (Token),

BRI IHE PE X AT 55 ok 3 5 e KK B 5121 3 42 3R 4T
PR AN A1), NSRRI SR 2275 & B /b (1) 43 Sk
AT T

GER. W R R 378, 17-1 vsAT-2. TRACEDAE
PATE 2 I FSA T AR B A (dynamic val-
ues) J7 [ %ML T UnixCoder, JUH & LEPEAN K 4L
IS, BPSEBEHAT IR E (3R 3H Full Path%)) Fl15¢ %8
PAT ST B (2 39 ¥ Full Exec%1)) . TRACEDIE

//Input: 19 100
#include <stdio.h>
int main(){
int A, N, T, B;
scanf("%d %d", &N, &A);
T=NxN;
B=T-A;
if (A > @) {printf("%d", B);} // Branch-1
else {printf("%d", T);} // Branch-2
return 0;

X
UnixCoder Predictions (Wrong)

Branch-1: Not executed
Branch-2: Not executed

TRACED Predictions (Correct)

Branch-1: Executed

Branch-2: Not Executed

5: PUTBEFUNMEMERE. BRBEE 148E, 846
N%E T AERHITIRR. TRACEDIEMHEREE THUN, ™
UnixCoder {&3FFEEIAIFN .
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//Input: 4 4320 4320 4320
#include <stdio.h>
int main (void) {
int n, a, max = @, sum = @, i;
for (i = 0; i < n; i++){ // Quantized value of n?
scanf("\%d", &a);
if (a > max) max = a;
sum += a;
¥
printf("\%d\\n" , sum - max / 2);
return 0;

}
UnixCoder Prediction (Wrong)

n: Zero

TRACED Prediction (Correct)

n: Negative Large

6: EITENE (value) MW EMRG. HEE
B—MABACWE-THIRIAERA RV IE UL EE (Use
of Uninitialized Variable) ”. K #]3& {t Bn#% B # 1K {8 -
32767, FH7Efor-loopH M. TRACEDRL I HiE T niR 5l
AR (Negative Large) "HEFSHREE TXHEEITAH,
MUnixCoderKBEMEI. AT EiFHiiAA, HTEHHN
AT
Result-1: With a similar number of learnable pa-
rameters, TRACED outperforms the state-of-the-art
pre-trained code model in the static estimation of
program execution task. Our proposed pre-training
successfully encodes the execution awareness into

TRACED’s code representations.

6.2 ROQ2. Effectiveness of
TRACED’s Pre-training

Objectives
AR EE TR 2 — 2 5 2 AT TIN5 DA 3
IPATEFNISRAE (code representations) » 7EIX
WS (RQ) 1, FRATIWEF T TRACED AR H b
A R TR, JFRIRIE B T 2 AME S5 ) B,
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N T ATIR eSS, BAT— KB — T2 H
b, RS R SE e R K BB T AR R AT I
Zro WE, BAERESPATMETHESS L AR AT
W, IR HAERE S ERREAT . BATIEHIE T —
AMEFRATHEE & B ZREARAMLM H bR 324K
LR IRAER 3N H3-61T o« M BRAEAT H AR 2451 F TRACED 1)
PERE, 1XFR U] A o > i S B A JE 1k b gl =2
A=A EAA L

Result-2: TRACED’s multi-task pre-training helps
the model comprehensively learn both static and dy-
namic aspects of source code. Removing any one of
TRACED’s three pre-training objectives noticeably
hurts the model’s performance in statically estimating

program executions.

6.3 RQ3. Effectiveness of
TRACED’s Quantized Variable

Values

F—NTTHRE, FRIF AT IR AT K2 (R AE (representation)
HITAEEE (modeD) #ifezsh SR EME. fE1X
AT (RQY H, JATiH I SHIEW TR 1 &
WARBENE (value) HIWTHHFIA B TAD IR )
ARE72, BONERD 7R BMERBEE R,
TR e SCT RS VEA I B 2 51 PAIX 70 AN [R] A

T WG E AT TRACED AL MME P4, FRATE
A E B A E A MERRE (BT 29 e, ), fH
FAR {3 5 58 0s (abstraction) TRIZR JLANEE
o hn, A THNZE— 72 AR E 52 e 1 AR
PRI, FRATH ARG R (5 B e TRACED E X 1 qoar o
FH T AR (1) SR M 72 AN IR R B B A E, R AE A
ETAESS H R EANFEA AT, B R R SR
2o U, FATVBONHTE AR BEAT 0, LAEAT
AT 25 P
£ (Baseline) . B, HAIHEE RENMEHT
P, BN RN LR E N R B ENS . 285,
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FA17%5 FEoK H LExecutor [45] PR SRl 5. RDRLEE
AR o EAT S AN &= B AL, R R AR e
RS B FIE SCT X TR) LAy K 2 1, It 3 Bl

Yangruibo Ding, Ben Steenhoek, Kexin Pei, Gail Kaiser, Wei Le, and Baishakhi Ray

Result-3: TRACED’s quantized variable values di-
rectly contribute to the effectiveness of its execution-

aware pre-training. It reduces the data sparsity of

BRI . R, LExecutorIHIE il % k%5 T 5 TRACEI

[E#) HAx, 3FE7ETPython, MTRACEDN:VETC,
R FRAT TG LR B A T € LX) AT
XTEAE A R0 SUEMWT T, ATACTE T FH B
TEMBEIER R, TR/ AR A T HESE k4T
P FRATFEAR G TAESS 73 (§7) " EEVEA s R A0
FE 3 LExecutor 5 TRACED.

Quantized (Ours) mn ABS-F === ABS-C avay Concrete

90

85

HHHH
XXX X

>

80

HHHH
X X X X

754

Performance (%)
ZOZ0Z0Z0Z02020202028;

Branch Prec. Branch Rec.
Metrics

7: EL# TRACEDRY 2 £ £1/1{& (quantized variable val-
ues) &IT SE N E (value) R KRS,

LR i (value) FHRMIHLEAIE 7/7R. AT
B BARGME (value) AHEEILABEE il R R IH =,
SCUERR 7R 7 AR R AL 3 A i A = 2% Bl 20 Ai T
IR AE. AR, A1 B LExecutor [ 5 M R
FULNE b T TRACED . A THENILExecutorf 25 1 f1)
HHHUE X R A WTRACEDEUR, BN ENIERIX 4
NI CERBRRIANME (value) o 1ETER, ATHE
it (execution coverage) Jf/Ai&LExecutorf] 32KV
o PUEAS T ZE AR R AR R R S5 T H w1
XL AETRACED )75 B Y 4 SIAIEUE W 2 6 L1

concrete values but defines sufficiently detailed value
categories to distinguish dissimilar values for reason-

ing about execution paths.

6.4 RQ4. TRACED’s Performance

in Code Understanding Tasks

FEIXAMFTR @ (RQ) HY, AW 5T TRACEDLE />
RIGFLARAE S ERRBL: 5 e A 2 A Bl B R TR
. TEER, XSS IR TR S AT HAT RN
XF, RIEAEAY (model) 75 EEHEFE —MARHS TE X LLHE
AT o

Bk, A1HEE TN S5TRACED B A IS A1)
TRINZRARIL Y . CodeBERT [16 ]380 i # F1E = A7

(MLM) FE#ARicki (RTD) f£4Hii)ll%: T — 1 RoBERTal¥

7, GraphCodeBERT [18]ACodeBERT A& Al it 1T 4]
GaAk, JFARSAE R o B R R B AT BOINSR, DL
SIERSEIRRHIE R . PLBART [1]F1CodeT5 [49]# M
F1 T seq2seq i 2244, FLAHPLBARTIA% T BART [29]4%
R 2 ST AR B R AN 2L, T CodeTSTHE T [42] ATH
MR HARIDFRIT (token) FHEMARIRAF. IRATE
PR € UnixCoder{E NFEZk .

R RAVER ahRBRT 4R, REXEIEMEST
FEABA AT HAT %N, TRACEDAS SR W] BAR T35
TRYIZRAERY . FRAT 19I5 Rl /£ T TRACEDRE B /2 5 A
R S NS DL N Al — R PATAT A, THIX MR
T BRAAT 55 (1R P48 ST Dd ik 3% fh— SR o (1) 349
FIFELF I BAK S, ek R EORBEALR IR
P EAT N ARARME , DR D9 v SO B AEARAS SO A RIE: B
REFAELER WHN, BAEAERT M5
LR R AT AR TRACED BELEER B, 1nl&l 6o o
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= 4: BFEHZE (Clone Retrieval) SSRGS (bug detec-
tion) tt3R.

Task Clone Retrieval | Vulnerability Detection
Dataset POJ-104 RV | D2A CXG
Metric MAP@R F1 Acc Acc
CodeBERT 82.7 473 | 59.2 63.4
GraphCodeBERT 86.7 46.6 | 61.0 62.9
PLBART-base 75.9 46.9 | 61.7 63.3
CodeT5-base” 65.9 46.5 | 62.1 64.4
UnixCoder 89.5 474 | 61.2 65.3
TRACED 91.2 50.4 | 62.1 65.9

*CodeT5-base has 223M parameters, roughly twice as large as
other baselines and TRACED. We report its performance as
CodeT5-small has only 60M parameters and performs poorly, and
CodeT5 does not provide a ~110M model.

Result-4: TRACED outperforms statically pre-
trained models in clone retrieval and vulnerability
detection tasks, suggesting TRACED’s general estima-
tion of execution helps it capture the code semantics

more effectively.

7 RELATED WORK

BT R AXAD 6 TR e AR AL W 5T S T R TR
ARSI 2R transformer 157 5% THL H B R K [1) 2%
Mo XL AT DUKE ) N = R B i 2e
(5,6, 10,16, 18, 24, 48]« (NI ES [2, 13, 501 F1 4 A 25 - fiFt
T 2% [1,7,15,17,35] (NI A 3 2R A MLM H
BT FIEARAT 55 (I an e~ —AMEa) [24] R0
B [10]) o X Fh B AL 7E BR AR 0 A5 ARRGRFAE J7 TH R I
. S5, AR A AL I e A A A T
AR R IE (Token) HEAT IR, IXFPELM Ly T2
T2 S B FI R A AR SCAS . i L) 2% - A T 2 A 7Y
ShE T N mES A RO RS B R AR s, R I &
RS AT ISR, B4E 5 M B 9D L E A E R HEA
Fric (Token) [1]v FRINACAD -hER & IFRIRAF [49]F0
MIEARAD R 573844 FK [35]

TX AR 2 B 2 ST RS B A A TH, HAE
HETCVEIRARS AT SR E . X — RIBR PR T
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XA AR HEWTIZ AT AT Dy 8 1o U B A 52 %
FEFIRAS M fE

AL PAT AL, Pei 55N [38-40] 121 1 RAITTAI
M TAE, PAZE215ET transformer HIRERIHAT — 33 4
FEFF o AR 1ok H 27 A7 a5 0 B, XAEAATTHY
JEE N ATATH, BN SIEARSAREL, —dkmRE e A
A /N AT REAE AT BCR S B 53— 7 1, FRATTH AR
Bk TR T A BARRS S ERAE A 2 00 G
AT o YEACHD b AR B BT UL 5 A7 2 B R AR O 2K
FEAMESRA . FRAT5I N EAE AR 5 2R
M o

—Ee T AE [3, 4, 36, 44, 51] ZIREFEFIATF IME
NE¥Hbr. Souza Fl Pradel [45] tH#&H T LExecu-
tor RILIMPAT L FE P ISR KA. BARE 5K HAAME
IS B B W A B B AR, {H LExecutor 7EJLAN A
[f[i5 TRACEDH Ji A, H%, LExecutor & T
TRIAE, 1 TRACED#EH 1 — ™18 I B Tl 5 R B
PAKE 2 T B PAT B R iSRS R AE T, AR,
EFEPATE S BLAh, A7 A i R A R
fiE, TRACEDEK# 7 AR SCAM BN AT, 1A Z
IR T8 —H A 1T HARMBH AN, FATTHE RQ3
(§6.3) HSLUE Ui B LExecutor FIME Hh 55 AT YE
HATE R

Nie %5 N [34] FEAPATAAD I TIERAER,
PR SRR AT REHAT G ., EARMEERAS AT A
=HE. MR, —ETAE[19,37, 46, 47] THEEHASIREAE
NN . FAER T TRACEDHI FI SR BE W K AT =
R AL ELRAE S, FRAUH S5 BAL T 3h 318 X .

8 THREATS TO VALIDITY

AR . HG, BT RS, MHE (value)
VO FEA/ B A A ORI B e, HRTEALTE (value)
Wit R E d AR F T AR . R, H AT
BOEIT SR (A RCH PTHAT IR AR ERERFE P, IX 24
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9 CONCLUSION

FEARCH, FRATER Y T TRACED, —MHAT AN )
MR, A2 S MBS JE 1, LAk
DA S TN R AR ) Sy IR A o PPAS SRR B,
TRACEDTE A it VAR AT 75 T EL e 25 T A 2
A% TRACEDIE LD HR HAT IS 7 21 A D 2R
fEAESS

REFERENCES

[1] Wasi Ahmad, Saikat Chakraborty, Baishakhi Ray, and Kai-Wei Chang.
2021. Unified Pre-training for Program Understanding and Generation.
In Proceedings of the 2021 Conference of the North American Chapter of
the Association for Computational Linguistics: Human Language Tech-
nologies. Association for Computational Linguistics, Online, 2655-2668.
https://www.aclweb.org/anthology/2021.naacl-main.211

[2] Jacob Austin, Augustus Odena, Maxwell Nye, Maarten Bosma, Henryk

Michalewski, David Dohan, Ellen Jiang, Carrie J. Cai, Michael Terry, Quoc

V. Le, and Charles Sutton. 2021. Program Synthesis with Large Language

Models. CoRR abs/2108.07732 (2021). arXiv:2108.07732 https://arxiv.org/

abs/2108.07732

David Bieber, Rishab Goel, Dan Zheng, Hugo Larochelle, and Daniel Tarlow.

2022. Static Prediction of Runtime Errors by Learning to Execute Programs

3

=

with External Resource Descriptions. https://openreview.net/forum?id=
Slcz2sOb]J-5

[4] David Bieber, Charles Sutton, Hugo Larochelle, and Daniel Tarlow. 2020.

flam

Learning to Execute Programs with Instruction Pointer Attention Graph
Neural Networks. In Advances in Neural Information Processing Systems,
Vol. 33. Curran Associates, Inc., 8626—-8637. https://papers.nips.cc/paper/
2020/hash/62326dc7c4f7b849d6f013ba46489d6c- Abstract.html

Nghi D. Q. Bui, Yijun Yu, and Lingxiao Jiang. 2021. Self-Supervised Con-

)

trastive Learning for Code Retrieval and Summarization via Semantic-
Preserving Transformations. In SIGIR 21 (Virtual Event, Canada). 511-521.
https://doi.org/10.1145/3404835.3462840

=

Luca Buratti, Saurabh Pujar, Mihaela Bornea, Scott McCarley, Yunhui

Zheng, Gaetano Rossiello, Alessandro Morari, Jim Laredo, Veronika Thost,

8

—_

(9]

[10]

[11

—

[13]

[14]

[15]

[17]

(18]

Yangruibo Ding, Ben Steenhoek, Kexin Pei, Gail Kaiser, Wei Le, and Baishakhi Ray

Yufan Zhuang, and Giacomo Domeniconi. 2020. Exploring Software Natu-
ralness through Neural Language Models. arXiv:2006.12641 [cs.CL]
Saikat Chakraborty, Toufique Ahmed, Yangruibo Ding, Premkumar De-
vanbu, and Baishakhi Ray. 2022. NatGen: Generative pre-training by" Natu-
ralizing" source code. In 2022 The ACM Joint European Software Engineering
Conference and Symposium on the Foundations of Software Engineering
(ESEC/FSE). ACM.

Saikat Chakraborty, Rahul Krishna, Yangruibo Ding, and Baishakhi Ray.
2021. Deep Learning based Vulnerability Detection: Are We There Yet.
IEEE Transactions on Software Engineering (2021), 1-1. https://doi.org/10.
1109/TSE.2021.3087402

Jacob Devlin, Ming-Wei Chang, Kenton Lee, and Kristina Toutanova. 2019.
BERT: Pre-training of Deep Bidirectional Transformers for Language Un-
derstanding. In Proceedings of the 2019 Conference of the North American
Chapter of the Association for Computational Linguistics: Human Language
Technologies, Volume 1. Association for Computational Linguistics, Min-
neapolis, Minnesota, 4171-4186. https://doi.org/10.18653/v1/N19-1423
Yangruibo Ding, Luca Buratti, Saurabh Pujar, Alessandro Morari, Baishakhi
Ray, and Saikat Chakraborty. 2022. Towards Learning (Dis)-Similarity of
Source Code from Program Contrasts. In Proceedings of the 60th Annual
Meeting of the Association for Computational Linguistics (Volume 1: Long
Papers). Association for Computational Linguistics, Dublin, Ireland, 6300—
6312. https://doi.org/10.18653/v1/2022.acl-long.436

Yangruibo Ding, Baishakhi Ray, Devanbu Premkumar, and Vincent J. Hel-
lendoorn. 2020. Patching as Translation: the Data and the Metaphor. In 35th
IEEE/ACM International Conference on Automated Software Engineering (Vir-
tual Event, Australia) (ASE "20). https://doi.org/10.1145/3324884.3416587
Adam Paszke et al.. 2019. PyTorch: An Imperative Style, High-Performance
Deep Learning Library.

Mark Chen et al.. 2021. Evaluating Large Language Models Trained on
Code. CoRR abs/2107.03374 (2021). arXiv:2107.03374 https://arxiv.org/abs/
2107.03374

Thomas Wolf et al.. 2020. Transformers: State-of-the-Art Natural Language
Processing. In Proceedings of the 2020 Conference on Empirical Methods
in Natural Language Processing: System Demonstrations. Association for
Computational Linguistics, Online, 38-45. https://doi.org/10.18653/v1/
2020.emnlp-demos.6

Yujia Li et al.. 2022. Competition-Level Code Generation with AlphaCode.
ArXiv abs/2203.07814 (2022).

Zhangyin Feng, Daya Guo, Duyu Tang, Nan Duan, Xiaocheng Feng, Ming
Gong, Linjun Shou, Bing Qin, Ting Liu, Daxin Jiang, and Ming Zhou. 2020.
CodeBERT: A Pre-Trained Model for Programming and Natural Languages.
In Findings of the Association for Computational Linguistics: EMNLP 2020.
Association for Computational Linguistics, Online, 1536-1547.
//doi.org/10.18653/v1/2020.findings-emnlp.139

Daya Guo, Shuai Lu, Nan Duan, Yanlin Wang, Ming Zhou, and Jian Yin. 2022.

https:

UniXcoder: Unified Cross-Modal Pre-training for Code Representation.
https://doi.org/10.48550/ARXIV.2203.03850

Daya Guo, Shuo Ren, Shuai Lu, Zhangyin Feng, Duyu Tang, Shujie LIU,
Long Zhou, Nan Duan, Alexey Svyatkovskiy, Shengyu Fu, Michele Tufano,
Shao Kun Deng, Colin Clement, Dawn Drain, Neel Sundaresan, Jian Yin,
Daxin Jiang, and Ming Zhou. 2021. GraphCode{BERT}: Pre-training Code

Representations with Data Flow. In International Conference on Learning


https://www.aclweb.org/anthology/2021.naacl-main.211
https://arxiv.org/abs/2108.07732
https://arxiv.org/abs/2108.07732
https://arxiv.org/abs/2108.07732
https://openreview.net/forum?id=SIcz2sObJ-5
https://openreview.net/forum?id=SIcz2sObJ-5
https://papers.nips.cc/paper/2020/hash/62326dc7c4f7b849d6f013ba46489d6c-Abstract.html
https://papers.nips.cc/paper/2020/hash/62326dc7c4f7b849d6f013ba46489d6c-Abstract.html
https://doi.org/10.1145/3404835.3462840
https://arxiv.org/abs/2006.12641
https://doi.org/10.1109/TSE.2021.3087402
https://doi.org/10.1109/TSE.2021.3087402
https://doi.org/10.18653/v1/N19-1423
https://doi.org/10.18653/v1/2022.acl-long.436
https://doi.org/10.1145/3324884.3416587
https://arxiv.org/abs/2107.03374
https://arxiv.org/abs/2107.03374
https://arxiv.org/abs/2107.03374
https://doi.org/10.18653/v1/2020.emnlp-demos.6
https://doi.org/10.18653/v1/2020.emnlp-demos.6
https://doi.org/10.18653/v1/2020.findings-emnlp.139
https://doi.org/10.18653/v1/2020.findings-emnlp.139
https://doi.org/10.48550/ARXIV.2203.03850

TRACED: Execution-aware Pre-training for Source Code ICSE 2024, April 2024, Lisbon, Portugal

2019. RoBERTa: A Robustly Optimized BERT Pretraining Approach. CoRR
abs/1907.11692 (2019). arXiv:1907.11692 http://arxiv.org/abs/1907.11692

Representations. https://openreview.net/forum?id=jLoC4ez43PZ
[19] Jordan Henkel, Shuvendu K. Lahiri, Ben Liblit, and Thomas Reps. 2018.
Code vectors: understanding programs through embedded abstracted sym- [32] Shuai Lu, Daya Guo, Shuo Ren, Junjie Huang, Alexey Svyatkovskiy, Am-

bolic traces. In Proceedings of the 2018 26th ACM Joint Meeting on European
Software Engineering Conference and Symposium on the Foundations of Soft-
ware Engineering (ESEC/FSE 2018). Association for Computing Machinery,
New York, NY, USA, 163-174. https://doi.org/10.1145/3236024.3236085
Abram Hindle, Earl T. Barr, Zhendong Su, Mark Gabel, and Premkumar
Devanbu. 2012. On the Naturalness of Software. In Proceedings of the
34th International Conference on Software Engineering (Zurich, Switzerland)
(ICSE ’12). IEEE Press, 837-847.

Nan Jiang, Kevin Liu, Thibaud Lutellier, and Lin Tan. 2023. Impact of Code
Language Models on Automated Program Repair. arXiv:2302.05020 [cs.SE]
Nan Jiang, Thibaud Lutellier, Yiling Lou, Lin Tan, Dan Goldwasser, and
Xiangyu Zhang. 2023. KNOD: Domain Knowledge Distilled Tree Decoder
for Automated Program Repair. arXiv:2302.01857 [cs.SE]

Nan Jiang, Thibaud Lutellier, and Lin Tan. 2021. CURE: Code-Aware Neural
Machine Translation for Automatic Program Repair. In 2021 IEEE/ACM
43rd International Conference on Software Engineering (ICSE). 1161-1173.
https://doi.org/10.1109/ICSE43902.2021.00107

Aditya Kanade, Petros Maniatis, Gogul Balakrishnan, and Kensen Shi. 2020.
Learning and evaluating contextual embedding of source code. In ICML
2020.

Rafael-Michael Karampatsis, Hlib Babii, Romain Robbes, Charles Sutton,
and Andrea Janes. 2020. Big Code != Big Vocabulary: Open-Vocabulary
Models for Source Code. In 2020 IEEE/ACM 42nd International Conference
on Software Engineering (ICSE). 1073-1085.

Seulbae Kim, Seunghoon Woo, Heejo Lee, and Hakjoo Oh. 2017. VUDDY:
A Scalable Approach for Vulnerable Code Clone Discovery. In 2017 IEEE
Symposium on Security and Privacy (SP). 595-614. https://doi.org/10.1109/
SP.2017.62

Diederik P. Kingma and Jimmy Ba. 2015. Adam: A Method for Stochastic
Optimization. CoRR abs/1412.6980 (2015).

Taku Kudo and John Richardson. 2018. SentencePiece: A simple and lan-
guage independent subword tokenizer and detokenizer for Neural Text
Processing. In Proceedings of the 2018 Conference on Empirical Methods
in Natural Language Processing: System Demonstrations. Association for
Computational Linguistics, Brussels, Belgium, 66-71. https://doi.org/10.
18653/v1/D18-2012

Mike Lewis, Yinhan Liu, Naman Goyal, Marjan Ghazvininejad, Abdel-
rahman Mohamed, Omer Levy, Veselin Stoyanov, and Luke Zettlemoyer.
2020. BART: Denoising Sequence-to-Sequence Pre-training for Natu-
ral Language Generation, Translation, and Comprehension. In Proceed-
ings of the 58th Annual Meeting of the Association for Computational Lin-
guistics. Association for Computational Linguistics, Online, 7871-7880.
https://doi.org/10.18653/v1/2020.acl-main.703

Zhen Li, Deqing Zou, Shouhuai Xu, Hai Jin, Hanchao Qi, and Jie Hu. 2016.
VulPecker: An Automated Vulnerability Detection System Based on Code
Similarity Analysis. In Proceedings of the 32nd Annual Conference on Com-
puter Security Applications (Los Angeles, California, USA) (ACSAC ’16).
201-213. https://doi.org/10.1145/2991079.2991102

Yinhan Liu, Myle Ott, Naman Goyal, Jingfei Du, Mandar Joshi, Danqi

Chen, Omer Levy, Mike Lewis, Luke Zettlemoyer, and Veselin Stoyanov.

—

—

—

brosio Blanco, Colin B. Clement, Dawn Drain, Daxin Jiang, Duyu Tang, Ge
Li, Lidong Zhou, Linjun Shou, Long Zhou, Michele Tufano, Ming Gong,
Ming Zhou, Nan Duan, Neel Sundaresan, Shao Kun Deng, Shengyu Fu, and
Shujie Liu. 2021. CodeXGLUE: A Machine Learning Benchmark Dataset
for Code Understanding and Generation. CoRR abs/2102.04664 (2021).
Lili Mou, Ge Li, Lu Zhang, Tao Wang, and Zhi Jin. 2016. Convolutional
neural networks over tree structures for programming language processing.
In Proceedings of the Thirtieth AAAI Conference on Artificial Intelligence.
1287-1293.

Pengyu Nie, Rahul Banerjee, Junyi Jessy Li, Raymond J. Mooney, and Milos
Gligoric. 2023. Learning Deep Semantics for Test Completion. arXiv. https:
//doi.org/10.48550/arXiv.2302.10166 arXiv:2302.10166 [cs].

Changan Niu, Chuanyi Li, Vincent Ng, Jidong Ge, Liguo Huang, and Bin Luo.
2022. SPT-Code: Sequence-to-Sequence Pre-Training for Learning Source
Code Representations. CoRR abs/2201.01549 (2022). arXiv:2201.01549
https://arxiv.org/abs/2201.01549

Maxwell Nye, Anders Johan Andreassen, Guy Gur-Ari, Henryk
Michalewski, Jacob Austin, David Bieber, David Dohan, Aitor Lewkowycz,
Maarten Bosma, David Luan, Charles Sutton, and Augustus Odena. 2021.
Show Your Work: Scratchpads for Intermediate Computation with Lan-
guage Models. https://doi.org/10.48550/arXiv.2112.00114

[37] Jibesh Patra and Michael Pradel. 2022. Nalin: learning from runtime behav-

ior to find name-value inconsistencies in jupyter notebooks. In Proceedings
of the 44th International Conference on Software Engineering. ACM, Pitts-
burgh Pennsylvania, 1469-1481. https://doi.org/10.1145/3510003.3510144
Kexin Pei, Jonas Guan, Matthew Broughton, Zhongtian Chen, Songchen
Yao, David Williams-King, Vikas Ummadisetty, Junfeng Yang, Baishakhi
Ray, and Suman Jana. 2021. StateFormer: fine-grained type recovery from
binaries using generative state modeling. In Proceedings of the 29th ACM
Joint Meeting on European Software Engineering Conference and Symposium
on the Foundations of Software Engineering (ESEC/FSE 2021). Association
for Computing Machinery, New York, NY, USA, 690-702. https://doi.org/
10.1145/3468264.3468607

Kexin Pei, Dongdong She, Michael Wang, Scott Geng, Zhou Xuan, Yaniv
David, Junfeng Yang, Suman Jana, and Baishakhi Ray. 2022. NeuDep:
neural binary memory dependence analysis. In Proceedings of the 30th
ACM Joint European Software Engineering Conference and Symposium on
the Foundations of Software Engineering (ESEC/FSE 2022). Association for
Computing Machinery, New York, NY, USA, 747-759. https://doi.org/10.
1145/3540250.3549147

Kexin Pei, Zhou Xuan, Junfeng Yang, Suman Jana, and Baishakhi Ray.
2020. Trex: Learning Execution Semantics from Micro-Traces for Binary
Similarity. CoRR abs/2012.08680 (2020). arXiv:2012.08680 https://arxiv.org/
abs/2012.08680

Ruchir Puri, David S. Kung, Geert Janssen, Wei Zhang, Giacomo Domeni-
coni, Vladimir Zolotov, Julian Dolby, Jie Chen, Mihir R. Choudhury, Lindsey
Decker, Veronika Thost, Luca Buratti, Saurabh Pujar, and Ulrich Finkler.
2021. Project CodeNet: A Large-Scale Al for Code Dataset for Learning a
Diversity of Coding Tasks. CoRR abs/2105.12655 (2021). arXiv:2105.12655
https://arxiv.org/abs/2105.12655


https://openreview.net/forum?id=jLoC4ez43PZ
https://doi.org/10.1145/3236024.3236085
https://arxiv.org/abs/2302.05020
https://arxiv.org/abs/2302.01857
https://doi.org/10.1109/ICSE43902.2021.00107
https://doi.org/10.1109/SP.2017.62
https://doi.org/10.1109/SP.2017.62
https://doi.org/10.18653/v1/D18-2012
https://doi.org/10.18653/v1/D18-2012
https://doi.org/10.18653/v1/2020.acl-main.703
https://doi.org/10.1145/2991079.2991102
https://arxiv.org/abs/1907.11692
http://arxiv.org/abs/1907.11692
https://doi.org/10.48550/arXiv.2302.10166
https://doi.org/10.48550/arXiv.2302.10166
https://arxiv.org/abs/2201.01549
https://arxiv.org/abs/2201.01549
https://doi.org/10.48550/arXiv.2112.00114
https://doi.org/10.1145/3510003.3510144
https://doi.org/10.1145/3468264.3468607
https://doi.org/10.1145/3468264.3468607
https://doi.org/10.1145/3540250.3549147
https://doi.org/10.1145/3540250.3549147
https://arxiv.org/abs/2012.08680
https://arxiv.org/abs/2012.08680
https://arxiv.org/abs/2012.08680
https://arxiv.org/abs/2105.12655
https://arxiv.org/abs/2105.12655

ICSE 2024, April 2024, Lisbon, Portugal

[42]

[43]

[44]

[45]

[46]

[47]

[48]

Colin Raffel, Noam Shazeer, Adam Roberts, Katherine Lee, Sharan Narang,
Michael Matena, Yanqi Zhou, Wei Li, and Peter J. Liu. 2020. Exploring
the Limits of Transfer Learning with a Unified Text-to-Text Transformer.
Journal of Machine Learning Research 21, 140 (2020), 1-67. http://jmlr.org/
papers/v21/20-074.html

Baishakhi Ray, Vincent Hellendoorn, Saheel Godhane, Zhaopeng Tu, Al-
berto Bacchelli, and Premkumar Devanbu. 2016. On the "Naturalness" of
Buggy Code. In Proceedings of the 38th International Conference on Software
Engineering (Austin, Texas) (ICSE ’16). Association for Computing Machin-
ery, New York, NY, USA, 428-439. https://doi.org/10.1145/2884781.2884848
Scott Reed and Nando de Freitas. 2016. Neural Programmer-Interpreters.
https://doi.org/10.48550/arXiv.1511.06279 arXiv:1511.06279 [cs].

Beatriz Souza and Michael Pradel. 2023. LExecutor: Learning-Guided
Execution. https://doi.org/10.48550/arXiv.2302.02343 arXiv:2302.02343
[es].

Ke Wang, Rishabh Singh, and Zhendong Su. 2018. Dynamic Neural Pro-
gram Embeddings for Program Repair. https://openreview.net/forum?id=
BJuWrGW0Z

Ke Wang and Zhendong Su. 2020. Blended, precise semantic program
embeddings. In Proceedings of the 41st ACM SIGPLAN Conference on Pro-
gramming Language Design and Implementation (PLDI 2020). Associa-
tion for Computing Machinery, New York, NY, USA, 121-134. https:
//doi.org/10.1145/3385412.3385999

Xin Wang, Yasheng Wang, Fei Mi, Pingyi Zhou, Yao Wan, Xiao Liu, Li
Li, Hao Wu, Jin Liu, and Xin Jiang. 2021. SynCoBERT: Syntax-Guided

Yangruibo Ding, Ben Steenhoek, Kexin Pei, Gail Kaiser, Wei Le, and Baishakhi Ray

[49

[50

[51

[52

[53

[54

]

]

]

—

]

[l

Multi-Modal Contrastive Pre-Training for Code Representation.
//doi.org/10.48550/ARXIV.2108.04556
Yue Wang, Weishi Wang, Shafiq Joty, and Steven C.H. Hoi. 2021. CodeT5:

Identifier-aware Unified Pre-trained Encoder-Decoder Models for Code

https:

Understanding and Generation. In Proceedings of the 2021 Conference on
Empirical Methods in Natural Language Processing, EMNLP 2021.

Frank F Xu, Uri Alon, Graham Neubig, and Vincent ] Hellendoorn. 2022. A
Systematic Evaluation of Large Language Models of Code. arXiv preprint
arXiv:2202.13169 (2022).

Wojciech Zaremba and Ilya Sutskever. 2015. Learning to Execute. https:
//doi.org/10.48550/arXiv.1410.4615

Andreas Zeller. 2005. Why Programs Fail: A Guide to Systematic Debugging.
Morgan Kaufmann Publishers Inc., San Francisco, CA, USA.

Yunhui Zheng, Saurabh Pujar, Burn Lewis, Luca Buratti, Edward Epstein,
Bo Yang, Jim Laredo, Alessandro Morari, and Zhong Su. 2021. D2A: A
Dataset Built for Al-Based Vulnerability Detection Methods Using Differ-
ential Analysis. In 2021 IEEE/ACM 43rd International Conference on Soft-
ware Engineering: Software Engineering in Practice (ICSE-SEIP). 111-120.
https://doi.org/10.1109/ICSE-SEIP52600.2021.00020

Yaqin Zhou, Shanggqing Liu, Jingkai Siow, Xiaoning Du, and Yang Liu. 2019.
Devign: Effective vulnerability identification by learning comprehensive
program semantics via graph neural networks. In Advances in Neural Infor-

mation Processing Systems. 10197-10207.


http://jmlr.org/papers/v21/20-074.html
http://jmlr.org/papers/v21/20-074.html
https://doi.org/10.1145/2884781.2884848
https://doi.org/10.48550/arXiv.1511.06279
https://doi.org/10.48550/arXiv.2302.02343
https://openreview.net/forum?id=BJuWrGW0Z
https://openreview.net/forum?id=BJuWrGW0Z
https://doi.org/10.1145/3385412.3385999
https://doi.org/10.1145/3385412.3385999
https://doi.org/10.48550/ARXIV.2108.04556
https://doi.org/10.48550/ARXIV.2108.04556
https://doi.org/10.48550/arXiv.1410.4615
https://doi.org/10.48550/arXiv.1410.4615
https://doi.org/10.1109/ICSE-SEIP52600.2021.00020

	摘要
	1 Introduction
	2 Overview
	3 Tracing & Feature Engineering
	3.1 Representing Program States
	3.2 Quantized Variable Values
	3.3 Building Learnable Labels for Code Models

	4 Model
	4.1 Execution-aware Pre-training
	4.2 Task-specific Fine-tuning

	5 Experimental Setup
	5.1 Trace Collection
	5.2 Dataset
	5.3 Model Configuration

	6 Evaluation
	6.1 RQ1. Effectiveness of TRACED in Static Estimation of Execution
	6.2 RQ2. Effectiveness of TRACED's Pre-training Objectives
	6.3 RQ3. Effectiveness of TRACED's Quantized Variable Values
	6.4 RQ4. TRACED's Performance in Code Understanding Tasks

	7 Related Work
	8 Threats to Validity
	9 Conclusion
	References

