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TDDC86 Compiler optimizations and code generation

Optimizing Loop Transformations

and data dependence analysis for loops
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Why Loop Optimizations?

Loops are a promising object for compiler optimizations:

High execution frequency

Most computation done in (inner) loops

Even small optimizations can have large impact

Regular, repetitive behavior

compact description

relatively simple to analyze statically

Well researched
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Move loop invariant computations out of loops

Modify the order of iterations or parts thereof

Goals:   

Improve data access locality

Faster execution

Reduce loop control overhead

Enhance possibilities for loop parallelization or vectorization

Only transformations that preserve the program semantics (its
input/output behavior) are admissible

Conservative (static) criterium: preserve data dependences

Need data dependence analysis for loops 
( separate slide set)

Loop Optimizations – General Issues
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Loop Invariant Code Hoisting

Move loop invariant code out of the loop:

Example:

for (i=0;  i<10;  i++)

a[i] = b[i]  + c / d;

tmp = c / d;

for (i=0;  i<10;  i++)

a[i] = b[i]  + tmp;
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Loop Unrolling

Loop unrolling

Example:

Reduces loop overhead  
(total # comparisons, branches, increments)  

May enable further local optimizations

Drawback:  longer code

for (i=0; i<50; i++) {

a[i] = b[i];

}

for (i =0; i<50; i+=2) {

a[i] = b[i];

a[i+1] = b[i+1];

}

Exercise:  Formulate the unrolling rule for statically unknown upper loop limit
6 TDDC86 Compiler optimizations and code generationC. Kessler, IDA, Linköpings universitet.

....

j

i

Loop Interchange (1)

For properly nested loops 
(statements in innermost loop body only) 

Example 1:

Can improve data access locality
(fewer cache misses / page faults)

for (j=0;  j<M;  j++)

for (i=0;  i<N;  i++)

a[ i ][ j ] = 0.0 ;

for (i=0;  i<N;  i++)

for (j=0;  j<M;  j++)

a[ i ][ j ] = 0.0 ;

....

j

i
a[0][0]

a[N-1][0]

a[0][0] a[0][M-1]row-wise
storage of
2D-arrays 
in C, Java

a[N-1][0]
old iteration order

new iteration order
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Foundations: 
Loop-Carried Data Dependences

Recall:
Data dependence S T,  
if operation S may execute (dynamically) before operation T
and both may access the same memory location
and at least one of these accesses is a write

In general, only a conservative over-estimation can be determined
statically.  

Data dependence S T is called loop carried by a loop L
if the data dependence S T may exist for instances of S and T
in different iterations of L.

Example:

partial order between the operation instances resp. iterations

S:  z = … ;
…

T:  … = ..z.. ;

L:  for (i=1; i<N; i++) {
Ti:       … =  x[ i-1 ];
Si:       x[ i ] = …;

}

T1

S1

i=1

T2

S2

i=2

T3

S3

i=3

TN-1

SN-1

i=N-1

…

Iteration space:
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Loop Interchange (2)

Be careful with loop carried data dependences! 

Example 2:

Interchanging the loop headers would violate the partial iteration order 
given by the data dependences

for (j=1;  j<M;  j++)

for (i=0;  i<N;  i++)

a[i][j] =…a[i+1][j-1]...;

for (i=0;  i<N;  i++)

for (j=1;  j<M;  j++)

a[i][j] =…a[i+1][j-1]…;

Iteration (j,i) reads 
location a[i+1][j-1] that 

was written in an earlier
iteration, (i-1,j+1)

j

i

Iteration (i,j) reads
location a[i+1][j-1], 
that will be over-
written in a later
iteration (i+1,j-1)

i

jIteration  
space:

old iteration order new iteration order
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Loop Interchange (3)

Be careful with loop-carried data dependences! 

Example 3:

Generally: Interchanging loop headers is only admissible if loop-carried
dependences have the same direction for all loops in the loop nest
(all directed along or all against the iteration order)

for (j=1;  j<M;  j++)

for (i=1;  i<N;  i++)

a[i][j] =…a[i-1][j-1]...;

OK
for (i=1;  i<N;  i++)

for (j=1;  j<M;  j++)

a[i][j] =…a[i-1][j-1]…;

Iteration (j,i) reads 
location a[i-1][j-1] that 
was written in earlier

iteration (j-1,i-1) 

j

i

Iteration (i,j) reads
location a[i-1][j-1] 
that was written in 

earlier iteration 
(i-1,j-1)

Iteration  
space:

old iteration order new iteration order
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Loop Fusion

Merge subsequent loops with same header

Example:

Can improve data access locality
and reduce number of branches

for (i=0;  i<N;  i++)

a[ i ] = … ;

for (i=0;  i<N;  i++)

… = … a[ i ] … ;

for (i= 0;  i<N;  i++) {

a[ i ] = … ;

… = … a[ i ] … ;

}

OK –
Read of a[i] still after 
write of a[i], for all i

Christoph Kessler, IDA, 
Linköpings universitet, 2009.

TDDC86 Compiler optimizations and code generation

Data Dependence Analysis

A more formal introduction
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Data Dependence Analysis – Overview

Important for loop optimizations, vectorization and parallelization, 
instruction scheduling, data cache optimizations

Conservative approximations to disjointness of pairs of memory accesses

weaker than data-flow analysis

but generalizes nicely to the level of individual array element

Loops, loop nests

Iteration space

Array subscripts in loops

Index space

Dependence testing methods

Data dependence graph

Data + control dependence graph

Program dependence graph
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Precedence relation between statements
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Control and Data Depencence;  
Dependence Graph
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Data Dependence Graph
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Remark:  Target-Level Dependence Graphs

For VLIR / target code, the dependence edges may be 
labeled with latency or delay of the operation

See lecture on instruction scheduling for details
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Loop Normalization
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Loop Iteration Space
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Dependence Distance and Direction
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Example
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Dependence Equation System
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Linear Diophantine Equations
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Dependence Testing, 1:  GCD-Test
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For multidimensional arrays?
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Survey of Dependence Tests
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Loop Parallelization
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Loop Transformations
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Loop Distribution   (a.k.a. Loop Fission)
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Loop Fusion
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Strip Mining / Loop Blocking / -Tiling
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Tiled Matrix-Matrix Multiplication (1)

Matrix-Matrix multiplication C = A x B
here for square (n x n) matrices C, A, B, with n large (~103):

Ci j =  Σ k=1..n A i k B k j for all i, j = 1...n

Standard algorithm for Matrix-Matrix multiplication
(here without the initialization of C-entries to 0):

for (i=0; i<n; i++)

for (j=0;  j<n;  j++)

for (k=0;  k<n;  k++)

C[i][j] += A[i][k] * B[k][j];

A B

i

k

k

j

Good spatial locality on A, C

Bad spatial locality on B
(many capacity misses)

32 TDDC86 Compiler optimizations and code generationC. Kessler, IDA, Linköpings universitet.

Tiled Matrix-Matrix Multiplication (2)

Block each loop by block size S  
(choose S so that a block of A, B, C fit in cache together), 
then interchange loops

Code after tiling:

for (ii=0; ii<n; ii+=S)

for (jj=0;  jj<n;  jj+=S)

for (kk=0;  kk<n;  kk+=S)

for (i=ii;  i < ii+S;  i++)

for (j=jj;  j < jj+S;  j++)

for (k=kk;  k < kk+S;  k++)

C[i][j] += A[i][k] * B[k][j];

kk

ii kk

jj
k

i k

jk

Good spatial locality
for A, B and C
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Remark on Locality Transformations

An alternative can be to change the data layout rather than
the control structure of the program

Example: Store matrix B in transposed form,
or, if necessary, consider transposing it, which may pay off
over several subsequent computations

Finding the best layout for all multidimensional arrays is 
a NP-complete optimization problem
[Mace, 1988]

Example: Recursive array layouts that preserve locality

Morton-order layout

Hierarchically tiled arrays
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Loop Nest Flattening / Linearization
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Loop Unrolling
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Loop Unrolling with Unknown Upper Bound
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Loop Unroll-And-Jam
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Loop Peeling
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Index Set Splitting
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Loop Unswitching
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Scalar Replacement
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Scalar Expansion / Array Privatization
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Outlook:  Runtime Parallelization
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Outlook: Parallelization by Pattern Matching
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To be continued…


