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applications:

— Analyze and improve the overall performance of a set of
similar programs.

— Assist the programmer in finding code that is already
implemented instead of coding from scratch.

— Find common mistakes at designing or writing programs:
code smells.

— Detect plagiarism.
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The similarity between two programs can be determined by the
amount of clones they share. There are four distinct types of them:

e Type-1:this type of clones stand for pieces of code containing
differences in the layout, spaces and comments.

e Type-2:these codes also present differences in data types and
identifiers.

e Type-3:these clone types also include additions, modifications
and deletions of lines of code.

® Type-4:represent codes that present different implementation
but the same functionality.

What to compare? source code? intermediate representations?
binary code? 1/O access patterns?
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Intermediate representations (IRs)
Generalities

® The IR of a program is the central data structure in a compiler.
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Intermediate representations (IRs)
Generalities

® The IR of a program is the central data structure in a compiler.
Around it, analysis, transformations and optimizations are
performed.
® Broad categories:
— Graphical IRs: This IR type stores the program information
in a graph-like data structure.
— Linear IRs: This IR type makes use of simple linear
sequences to store operations, similar to machine code.
— Hybrid IRs: Hybrid IRs combine elements of the previous
two categories.
e Complex compiler infrastructures might work with different
interconnected IRs, some of them closer to the source code,
others closer to the machine instruction level.
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Abstract syntax trees (ASTs)

ASTs are a graph-based intermediate representation.
They are defined as contractions of parse trees.
Most non-terminal symbols are ignored.

The precedence and the meaning of the expressions are
preserved.

Their level of abstraction is not far from the original source code.

In this work we used the AST from Clang, a LLVM frontend for
C/C++/Objective C programs.

How to compare these data structures? direct tree comparison?
flatten into strings? extract attribute set?
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String kernels
Generalities

e Strings are a common and useful form of representing data
(e.g. DNA sequences).

e String kernels can be intuitively understood as functions
measuring the similarity of pairs of strings.

® The more similar two strings A and B are, the higher the value
of a string kernel K(A, B) will be.

® |n particular, string kernels check the number of shared
substrings among a collection of strings.
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String kernels
Examples

Some kernel functions have been proposed:
® The bag-of-characters kernel:
— Performs single-character matching.
® The bag-of-words kernel:
— Searches for shared words among strings.
® The k-spectrum kernel:
— Counts only sub-strings of length k.
® The k-blended spectrum kernel:

— ltincludes all strings whose length is minor than or equal to
a given number K.

What is our contribution?
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3. Proposed solution



Overview

1. Convert the trees into weighted strings.
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Overview

1. Convert the trees into weighted strings.
2. Compress the strings in order to save some space.

3. Obtain a similarity matrix a.k.a kernel matrix using a novel string
kernel function.

4. Use a clustering algorithm to extract knowledge from the kernel
matrix.

This work extends previous research from the authors, where they
proposed a string kernel for the detection of patterns in I/O traces

® “A novel string representation and kernel function for the
comparison of I/O access patterns,” in Parallel Computing
Technologies.
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From trees to strings

a) AST.

IfStmt

BinaryOperator
BinaryOperator

ImplicitCastExpr
BinaryOperator

ImplicitCastExpr
BinaryOperator
ImplicitCastExpr

’~ DeclRefExpr
DeclRefExpr

CompoundStmt
ReturnStmt

" IntegerlLiteral

b) Extracted tokens.

Tokens

Repetitions

[I£5tmt]
[BinaryOperator]
[BinaryOperator]
[ImplicitCastExpr]
[LEVEL UP]
[BinaryOperator]
[ImplicitCastExpr]
[LEVEL UP]
[BinaryOperator]
[ImplicitCastExpr]
[DeclRefExpr]
[LEVEL UPF]
[DeclRefExpr]
[LEVEL UP]
[CompoundStmt]
[ReturnsStmt]
[IntegerLiteral]
[LEVEL UP]

[ = N e = I B = R S R R S RSy S e
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2. Delete specific tokens:
— [CStyleCastExpr]s[CallExpr]s[ImplicitCastExpr]q
[DeclRefExpr]4
¢
[DeclRefExprls4
3. Simplify declaration tokens:
— [DeclStmt]4[VarDecl][DeclRefExpr][LEVEL_UP]4

!
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1. Similar consecutive tokens:
— [BinaryOp] [BinaryOp] 1 [BinaryOp] [BinaryOp]4

[BinaryOperator]l,

2. Delete specific tokens:
— [CStyleCastExpr]s[CallExpr]s[ImplicitCastExpr]q
[DeclRefExpr]4
+
[DeclRefExprls4
3. Simplify declaration tokens:
— [DeclStmt]4[VarDecl][DeclRefExpr][LEVEL_UP]4
+
[DeclStmt]s [LEVEL_UP]4

4. Compress in pairs:

14/31



Compression of the string

1. Similar consecutive tokens:
— [BinaryOp] [BinaryOp] 1 [BinaryOp] [BinaryOp]4

[BinaryOperator]l,

2. Delete specific tokens:
— [CStyleCastExpr]s[CallExpr]s[ImplicitCastExpr]q
[DeclRefExpr]4
J
[DeclRefExprls4
3. Simplify declaration tokens:
— [DeclStmt]4[VarDecl][DeclRefExpr][LEVEL_UP]4
J
[Dec1Stmt]s [LEVEL_UP]4
4. Compress in pairs:
— [IntegerLiteralls[LEVEL_UP]s [IntegerLiteral][LEVEL_UP]>
J
[IntegerLiterall, [LEVEL_UP];
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KastX spectrum kernel family
Definitions

Having two strings A and B:
1. The algorithm requires a minimum weight or “cut weight” value
as parameter.
2. The aim is to find the longest matching substrings of A and B,

whose weights are greater than or equal to the cut weight. They
are called valid matching substrings.

3. A valid matching substring can appear more than once in each
string.

4. A valid matching substring must not be a substring of another
valid matching substring in at least one of the original strings.
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KastX spectrum kernel family
An example with cut weight = 4

a) S is the largest substring found on both examples.

Asy = @3 b cs dy &1 £5 g1 hy 1, Jo ki s mi np £5 g1 h; 01 p1r v ¥z s1 ts Us by C
19

17 18
Bs; = vy as bi €1 ds er £12 91 hi w, X2 yi @1 bs ¢ di es £1 g1 hy z: bs 1 1 g1 s
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KastX spectrum kernel family
An example with cut weight = 4

V2

a) S is the largest substring found on both examples.

as b, cs dz e1 f5 g1 h: i: J2 ki 1s my n; f5 g1 hy, o1 p1 a1 rz2 s1 ts us by ¢
19

17 18
as by c1 ds ex f4 g1 hy w: x2 y1 a1 ba ¢ di es £1 g1 hs z:

b) S, appears once as an independent case.

as b, cg dy 61_ i; J2 ki 1s my ny £5 g1 h; o1 p1 a1 2
6

V2

7

6 5

as by ¢ ds e_ W2 X Y1 a1 by Cs i e3_ Z1

bs c1 f1 g1 h

s; ts us by ¢

3(ignored)

bs ci f1 g1 h
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KastX spectrum kernel family
An example with cut weight = 4

a) S is the largest substring found on both examples.

as b, ¢; dz e f5 91 hy i J2 ki 1s my n; £5 g1 h, 01 p1 @1 T2
19

17 18
v, as b1 c1 ds e; f4 g1 hy w, X2 y1 a1 b, ¢ di es £1 g1 hs z:

b) S, appears once as an independent case.

as by ¢4 do e1_ i, J2 ki s mi ny £5 g1 h; 01 pr a1 2
6

7

6 5

vi as by o1 ds o [NENGH v, % v: a: by oo o o [IENNGHNE 2.

¢) S; appears twice as an independent case.

a B d. e f: g hi iy Jo ki lim n, f5 91 hy oy pr @i o
6

2 (ignored) 8

vy as by €1 ds &1 £f4 g1 hi w2 X2 Vi al- di es f1 g1 hy z,

s, ts

bs ¢

bs ¢

s1 t

bs c1

us by, c

f1 90

us by ¢

3(ignored)

fi g h

us by ¢z

f1 90
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Kast1 spectrum kernel
Description

The kast1 spectrum kernel has the following definition:

e Each valid matching substring embeds a new feature for A and
B.

e The similarity value corresponds to the inner product of the new
feature vectors of A and B.

e This kernel uses only the weight of the independent valid
matching substrings.

e |f the string does not present an independent occurrence of a
particular valid matching substring, the feature value is set to 1,
to avoid zero values when calculating the inner product.

17/31



Kast1 spectrum kernel: an example (1)

New feature vector for A

Agy = a3 by ¢s dz 1 £5 g1 by 1 J2 ki s my n; £5 g1 hy 01 p1 a1 Xz S1 ts W by C
19
Ass = @z by g dp e1_ i1 J2 ki 1s my ny £5 g1 hy 01 p1 @1 T2 s1 ts s by 2
6

7

Aoy = a;_ d> &1 £5 g1 h:s i: J2 ki 1s mi nyf £3 g1 hs 01 p1 @i r2 S ts us by €
6 9
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As; = a3 by cs dz e1 f5 g1 hy i1 J, ki 1sm n; £5 g1 hy; 01 pr a1 r2 s1 ts Us by ¢
19

Ass = @z by g dp e1_ i1 J2 ki 1s my ny £5 g1 hy 01 p1 @1 T2 s1 ts s by 2
6

7

Bo: = aJJOBNG d; e: fs g hi i: J2 ki lsmy ng £5 gi Mz 0 Py qu rz S: ts U by C;
6 9

weight_k1,>4(S1)a =19 (1)
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7
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Kast1 spectrum kernel: an example (1)
New feature vector for A

Ag; = @z by ¢4 dz €1 £5 91 hy i1 J2 ki 1s mi n; £5 g1 hy 01 p1 @i ¥z s1 ts Uy by o
19

Ags = a3 by €4 dp e,_ i3 J2 ki s my ny £5 g1 hy o1 p: @1 rz s ts us by
6

7

Rey = a- d; &1 f5 91 by i1 J2 ki s mi ny £5 g1 hs 01 pr @ r2 s1 ts ug by e
6 9

weight_k1,>4(S1)a = 19 (1)
weight_k1,>4(S2)a = 6 (2)
weight_k1,>4(S3)a =9 (3)

fly>4(A) = {19,6,9} (4)
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Kast1 spectrum kernel: an example (Il)

New feature vector for B

17 18

Bs; = vilas by ey dier figi by woxo vilan By G di€s £igihs 21 bs o g by

6 5 3(ignored)

B:o = viias by el ds o NG . x. vilab:cocy NG - b £ b

2 (ignored)

8 6
By, = vilias b Gl ds el flgihy w x v el S G hs zlbsel fog
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Kast1 spectrum kernel: an example (Il)
New feature vector for B

17 18
Bs; = v, as bi 1 ds e1 f2 g1 hy w; X, yiias bz ¢ di €5 £f1 g1 hs z: bs c1 £, g1 hy

6 s 3(ignored)

Bs; = vz as b1 1 ds e_ W2 X2 Y1 a1 ba cs di e- z1 bs ¢ £1 g1 hs

2 (ignored) 8 6

Bs; = vy as by €1 ds €1 fa g1 hi W X yi1 al- di es £f1 g1 hs z) bs ¢1 f1 g1 h;

weight_k1,>4(S1)s = 17 +18 = 35 (5)
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Kast1 spectrum kernel: an example (Il)
New feature vector for B

17 18
Bs; = Vo @ b1 €1 ds €1 fo g1 hy W, X, yi @1 b, G5 di e f1 g1 hs z: bs ¢ f1 g hy

6 s 3(ignored)

Bs; = vz as b1 1 ds e_ W2 X2 Y1 a1 ba cs di ea_ z; bs ¢ £1 g1 hy

2 (ignored) 8 6

Bs; = vz as by € ds ex £4 g1 hy W %2 yi1 al- di es £f1 g1 hs z) bs ¢1 f1 g1 h;

weight_k1 w24(81)B =174+18 =35 (5)

weight_k1,>4(S2)g = 1 (6)
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Kast1 spectrum kernel: an example (Il)
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Kast1 spectrum kernel: an example (Il)
New feature vector for B

17 18
Bs; = v, as bi 1 ds e1 f2 g1 hy w; X, yiian bs ¢ di €5 £f1 g1 hs z: bs c1 £, g1 hy

6 s 3(ignored)

Bsz:VzasblcldJe_WzXzylalh‘zcﬁdlel‘_Zlb5c1f g h

2 (ignored) 8 6

Bs; = vy as by €1 ds €1 fa g1 hi W X yi1 al- di es £f1 g1 hs z) bs ¢1 f1 g1 h;

weight_k1,>4(S1)g =17 + 18 = 35 (5)
weight_k1,>4(S2)g = 1 (6)
weight_k1,>4(S3)g = 6 (7)

fly>a(B) = {35,1,6} (8)
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Kast1 spectrum kernel: an example (ll1)
Similarity calculation

Kly=4(A B) = ({19,6,9},{35,1,6}) = 725 ©)
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Similarity calculation
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Kast1 spectrum kernel: an example (ll1)
Similarity calculation

k1 W24(Aa B) = <{197 6a 9}7 {357 1 ’ 6}> =725

- 725
k1y>4(A,B) =
\/k1 W24(A7 A) x k1 W24(B, B)
- 725
Klw=4(A B) = 5= 55
- 725
k1 AB)=———
VV224-( J ) :3:32223

k1y>4(A, B) ~ 0.2178

(10)

(11)

(12)

(13)

According to this kernel, Strings A and B are approximately 21.78%

similar.
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4. Evaluation



Experiment configuration
Code samples ()

20 functions X 5 versions(Original, Type-1, Type-2, Type-3 and
Type-4 clones) classified as follows:
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Experiment configuration
Code samples ()

20 functions X 5 versions(Original, Type-1, Type-2, Type-3 and
Type-4 clones) classified as follows:
® (A) Matching functions.

— K-spectrum kernel.

— Blended spectrum.
Bag-of-characters kernel.
Bag-of-words kernel.
Bag-of-sentences kernel.
¢ (B) Sort functions.

— Bubble sort.
Insert sort.
Selection sort.
Heap sort.
Merge sort.
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Experiment configuration

Code samples (ll)

e (C) 3D stencils.
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Experiment configuration
Code samples (I1)
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— Edge stencil.
Vertex stencil.
Non-compact stencil 1 layer.
e (D) 2D stencils.
— Compact stencil.
— Edge stencil.
Vertex stencil.
Non-compact stencil 1 layer.

23/31



Experiment configuration
Code samples (I1)

e (C) 3D stencils.
— Compact stencil.
Side stencil.
— Edge stencil.
Vertex stencil.
Non-compact stencil 1 layer.
e (D) 2D stencils.
— Compact stencil.
— Edge stencil.
Vertex stencil.
Non-compact stencil 1 layer.
Non-compact stencil 2 layers.

23/31



Experiment configuration
Other setups

® The selected cut weight values were the following:
— {20 2! .. 2K} . k=09.

® The clustering algorithm here used was:
— Hierarchical Clustering.
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Baseline kernel 2 (previous work)
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5. Conclusions and Future
Work



Conclusions

® The proposed kast1 spectrum kernel and the kast spectrum
kernel had similar clustering performance.
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Conclusions

® The proposed kast1 spectrum kernel and the kast spectrum
kernel had similar clustering performance.

® They showed a consistent formation of three clusters: matching
functions, sorting functions and stencils (3D and 2D).

® They yielded better results than the blended spectrum kernel as
the clustering showed no misplaced examples.

e This indicates that this novel comparison method can be
promisingly utilized to find similarities in source code snippets.
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Future work

e Automatic selection of the cut weight.
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Future work

Automatic selection of the cut weight.

Analysis of the intra-cluster distances between clone types.

Comparison against a tree kernel applied directly over the
ASTs.

Study the linear intermediate representation delivered by the
LLVM Compiler Infrastructure.
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Thanks!
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