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RQ1 :
RQ2 :

RQ3 : Retrieved Similar Code-comment Examples

de
ic readOrListResourceSet() throws NotFoundException{
= getResourceSetId();
if ( == null |/ .isEmpty()) {
return ();
} else {
return ( );
}
mmary. the requested resource description
all the ‘s (resource server's) resource sets. 4/{5///
< /

Task Description and Test Code
Describe the functionality of the method: |

@

Training Set

Output ]

- -

jprotected boolean ( ) throws {1 v

' (] = .getNodes(); 1

I boolean = true: |_.<+>__p _.[
: for (int i = 0; i < ++) { :

| if ( [ [i])) { | Query

| = false 1

I |

' } I .

: return : Promp‘[ COde-daVlnCI-002
I 1



‘/___

2 please describe the functionality of the method: - sem—s . e
O Natural Language Instruction _7 A7 3 Sme X FORK
1 (C C - —_— —_— —_— _— L} —_— —_— —_— —_— —_— —_— 1
5 |public | I et() throws NotFoundException{
6 = getResourceSetlId();
7 if ( == null [/ LisEmpty()) A
8 return OF d—FR=Ry b
S } else {
10 return ( ) EBTFEVRAIL—30TIC,
11 } | A—FX=Ry FEBEETSaAXVF
12 |} =
13 the requested resource descr‘iption ST 23axyv b
14 the 's (resource server's) resource sets. .
15 Code Demonstration 1
16
17 Code Demonstrations
19 Code 7
20 | protected boolean ( ) throws {
21 [] = .getNodes();
22 boolean = true;
24 if ( ( (1], (1)) { EFLIIZZTYA—FD
5 } - false; PELLaxy FEHASES
/ }
28 return ] -
29 |3
30 Test Code Query
3 e of prompt ---cccmm e
32 _# Groundtruth: Checks if the dependence relation i S
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e Fumcom(36l & TLCBO % {5
* FAADEEATIY-TIANILING
Funcom TLC
Dataset Train Test Train | Test
- What 685,992 | 44,330 | 28,991 | 2,724
Why 152,026 3,402 5,935 381
— . How-to-use 24,648 1,233 338 48
ATF3al) — - —
How-it-is-done | 146,571 6,466 | 11,478 | 687
Property 166,459 8,326 5,016 396
_ Total 1,175,696 | 68,757 | 52,258 | 4,236
e FRHMEICEERER TSNS A MIERS
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RQ]- zeroshot, oneshot, fewshotTODHHEIL ?

Intent Method Funcom 1LC
BLEU ROUGE-L METEOR | BLEU ROUGE-L METEOR
DOME 31.8 42.5 20.5 22.2 36.7 16.5
Codex-0-shot | 21.2 25.2 12.4 13.8 21.2 11.3
Average Codex-1-shot | 23.1 30.7 16.2 21.1 26.1 13.6
Codex-5-shot | 27.4 52.9 20.6 24.4 49.9 16.8
Codex-10-shot | 33.4 76.1 24.1 27.2 66.7 19.2

ZHT T DOEL

0-shot, 1-shotlIBXFFiE & LEARTHERBE TALY
e {5) Funcom : zeroG21.2, oneT23.17=HADOME(Z31.8

BYITAVT hEnNd EHMBYFEZTERZD

e {81) Fumcom : 10-shotT33.4, DOMEI[Z31.8
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Intent Method Funcom TLC
BLEU ROUGE-L METEOR | BLEU ROUGE-L METEOR
Codex-1-shot 23.1 30.7 16.2 21.1 26.1 13.6
Codex-1-shot (Selection;yren) 39.2 77.3 35.1 36.1 72.8 31.0
Codex-1-shot (Selectionsemantic) | 37.8 73.9 35.0 35.1 68.3 31.9
Codex-5-shot 27.4 52.9 20.6 24.4 49.9 16.8
RQ2mfEE Average Codex-5-shot (Selection; yxen) 41.1 85.7 38.8 37.6 79.9 34.4
Codex-5-shot (Selectionsemantic) | 44.9 82.8 40.6 41.7 79.7 38.0
Codex-10-shot 334 76.1 24.1 27.2 66.7 19.2
Codex-10-shot (Selection;yien) 64.5 88.0 63.9 60.7 82.6 59.5
Codex-10-shot (Selectionsemantic) | 65.9 89.4 65.8 62.8 83.2 62.7
Funcom TLC
| Intent Method BLEU ROUGE-L METEOR | BLEU ROUGE-L METEOR
Codex-1-shot 23.1 30.7 16.2 21.1 26.1 13.6
Codex-1-shot (rerank;ypep) 29.1 68.9 25.2 26.8 64.0  23.2
Codex-1-shot (reranksemantic) 30.2 69.0 25.8 27.2 63.9 22.2
Codex-1-shot (Selectionop.en) 39.2 77.3 35.1 36.1 72.8 31.0
Codex-1-shot (Selection;ypen + Rerank;pien) 44.0 82.0 41.9 41.5 77.4 37.9
RQIDBR  wee | Codocb st sbmbinm) 07w 4e i
Codex-10-shot (rerank,,g.,,) 35.1 883  27.4 32.0 83.8 245
Codex-10-shot (reranksemantic) 35.3 87.1 274 324 83.8 24.2
Codex-10-shot (Selectionsemantic) 65.9 89.4 65.8 62.8 83.2 62.7
Codex-10-shot (Selectionsemantic + Rerank;open) 72.4 91.8 71.6 63.3 86.3 68.6
Codex-10-shot (Selectionsemantic + Reranksemantic) | 72.0 91.6 71.5 68.4 85.7 68.9
+ B
N'H A

2 D DL L CodexDE N % ]
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21Y11% 7 — RF . : SEi
_’5--X|;E|0)U v 7 JRI& (1 ° %L"\’S ° 1%“1\0‘5) —Cn:l:ﬁﬁ
Approach Avg. | Std.
DOME 3.9 0.8
Codex-10-shot 4.2 0.7
Namralness COdEX‘lO_ShOt (SElectionsemantfc) 4.3 0.8
Codex-10-shot (Selectionsemantic+Rerank,oren,) | 4.3 | 0.7
DOME 3.3 1.3
Adequac Codex-10-shot 3.5 1.1
equ Y COdEX‘lO_ShOt (SElectionsemantfc) 3.8 1.2
Codex-10-shot (Selectionsemantic+Rerank,oren) | 4.1 | 0.9
DOME 3.0 1.4
Codex-10-shot 3.1 1.3
Codex-10-shot (Selectionsemantic+Reranksoren) | 3.8 1.3
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