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Abstract
The GCC auto-vectorizer currently exploits data parallelism only across iterations of innermost loops. Two
other important sources of data parallelism are across
iterations of outer loops and in straight-line code. We
recently embarked upon extending the scope of autovectorization opportunities beyond inner-loop interiteration parallelism, in these two directions. This paper
describes the latter effort, which will allow GCC to vectorize unrolled-loops, structure accesses in loops, and
important computations like FFT and IDCT (as well as
several testcases in missed-optimization PRs).
Industry compilers like icc and xlC already support
SLP-like vectorization, each in a different way. We want
to introduce a new approach for SLP vectorization in
loops, that leverages our analysis of adjacent memory
references, originally developed for vectorizing strided
accesses. We extend our current loop-based vectorization framework to look for parallelism also within a single iteration, yielding a hybrid vectorization framework.
This work also opens additional interesting opportunities for enhancing the vectorizer—including partial vectorization (right now it’s an “all or nothing” approach),
permutations, and MIMD (Multiple Instructions Multiple Data, as in subadd vector operations such as in SSE3
and BlueGene). We will describe how SLP-like vectorization can be incorporated in the current vectorization
framework.

1

Introduction

SIMD (Single Instruction Multiple Data) capabilities
have become an essential part of today’s processors,
both general-purpose and embedded. This continues to
hold with the recent trend to build hybrid architectures,
like the Cell/B.E. [3], that combine multiple specialized
vector-only processing cores alongside the main CPU.

Compilers have, therefore, been extended to automatically extract data parallelism in programs and translate
that into vector operations.
Since most opportunities for data parallelism usually occur in loops, and more specifically across iterations of
a loop, classic vectorization techniques have traditionally focused on exploiting exactly that kind of parallelism ([4], [24]). This is also the kind of parallelism
that GCC vectorizer has been originally designed to target ([13], [15]).
However, there are many kinds of important computations that cannot be vectorized if considering only the
context of the loop. Figure 1a shows, for example, an
unrolled loop, hand-optimized for a sequential machine,
which is typical for multimedia kernels [9]. Other possible examples include structure accesses, such as RGBA
in image processing (see Figure 1b), non-SIMD kind
of parallelism, like subadd pattern, which is popular in
complex computations (see Figure 1c), and numerical
computations, like FFT, that require data reorganization
(see Figure 1d).
In order to vectorize such computations, the classic
loop-based approach to vectorization needs to be extended to look into other sources of data parallelism, beyond loop iterations. The Superword Level Parallelism
(SLP) approach to vectorization ([9]) does exactly that:
it looks for vectorization opportunities in straight-line
code. Since its introduction, it has been incorporated
into several vectorizing compilers and has provided an
interesting aspect for discussion in the context of vectorization. It also has several limitations that we discuss later in the paper; however, these can be mitigated
by combining the SLP vectorization technique with the
loop-based vectorization technique.
This paper describes how we use the SLP approach for
vectorization to extend and improve the loop-based vectorization in GCC, building on our strided accesses vectorization infrastructure ([16], [17]).

• 131 •

132 • Loop-Aware SLP in GCC
(a) unrolled:
do {
dst[0]
dst[1]
dst[2]
dst[3]

=
=
=
=

(src1[0]
(src1[1]
(src1[2]
(src1[3]

+
+
+
+

src2[0])
src2[1])
src2[2])
src2[3])

>>
>>
>>
>>

1;
1;
1;
1;

dst += 4;
src1 += 4;
src2 += 4;
}
while (dst != end);
(b) structure accesses:
for (i = 0; i < n; i++) {
tmp_r = image_in[i].r * fade;
image_out[i].r = tmp_r >> 8;
tmp_g = image_in[i].g * fade;
image_out[i].g = tmp_g >> 8;
tmp_b = image_in[i].b * fade;
image_out[i].b = tmp_b >> 8;
tmp_a = image_in[i].a * fade;
image_out[i].a = tmp_a >> 8;
}
(c) non-SIMD:
for (i = 0; i < n;
tmp1 = a[i].real
tmp2 = a[i].imag
tmp3 = a[i].imag
tmp4 = a[i].real

i++) {
* b[i].real;
* b[i].imag;
* b[i].real;
* b[i].imag;

c[i].real = tmp1 - tmp2;
c[i].imag = tmp3 + tmp4;
}
(d) permutations:
for (i = 0; i < n; i++) {
c[4i] = a[4i] + b[4i+1];
c[4i+1] = a[4i+2] + b[4i+3];
c[4i+2] = a[4i+3] + b[4i];
c[4i+3] = a[4i+1] + b[4i+2];
}

Figure 1: Examples that require SLP-style of vectorizaion

The rest of the paper is organized as follows. Section 2 provides the conceptual and high-level motivation, considerations, and general approach to the problem of combining these two vectorization approaches.
In Section 3 we give a brief overview of the current vectorization pass in GCC, and in Section 4 we describe in
detail the technical and engineering steps that are necessary in order to extend the vectorizer in the direction
we described above. Section 5 describes the current status of this project and plans for future work. Section 6

discusses related work. We present our conclusions in
Section 7.

2

From Vectorization of Interleaved Data to
Loop-aware SLP

The GCC auto-vectorizer follows the classic approach
for vectorization, which focuses on loops, and attempts
to detect data parallelism across different iterations of
the loop. After some general properties of the entire
loop are analyzed (e.g., data dependencies), each statement is analyzed and vectorized independently of the
other statements in the loop. For each statement, the
vectorizer tries to group together VF occurrences of
that statement from VF different consecutive iterations,
where VF is the Vectorization Factor—the number of
data elements to be operated on in parallel. This is
what we refer to as a “1–1 replace” approach—each
scalar statement is mapped to (a conceptually) onevector statement that performs the respective operation
on VF data elements from VF consecutive iterations of
the loop.
Last year GCC was extended to handle non-consecutive
memory accesses whose access pattern is strided, with
power-of-2 strides. Such access patterns occur, for example, when operating on complex data in which the
real and imaginary data elements are interleaved (in this
case the stride would be 2) (see Figure 1c), or when
operating on images whose pixels are represented as
interleaved RGBA elements (in which case the stride
would be 4) (see Figure 1d), etc. Adding this new capability to the GCC auto-vectorizer meant extending the
classic loop-based single-statement-at-a-time approach
in the following way: a new analysis pass that detects groups of interleaved memory accesses was added.
In order to avoid redundant vector memory accesses
and exploit data reuse, these groups of memory references are transformed together. This way, a group of
scalar memory references that accesses a range of δ interleaved data elements, are considered together when
transforming them into a group of vector memory references that accesses (V F ∗ δ ) data elements, along with
vector data rearrangement operations. In the case of
interleaved loads, the vector loads are followed by a
sequence of extract_even/odd vector operations
that de-interleaves the loaded data into separate vectors
that can be operated upon in parallel. In the case of
interleaved stores, the vector stores are preceded by a
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sequence of interleave_high/low vector operations that interleave the data elements together into vectors that are then stored to memory. See [16] for more
details.
(a) scalar:
for (i = 0; i < n; i++) {
t1 = b[2i];
t2 = b[2i+1];
a[2i] = t1;
a[2i+1] = t2;
c[i] = C;
}
(b) SLP:
for (i = 0; i < n; i++) {
vt = b[2i:2i+1];
a[2i:2i+1] = vt;
c[i] = C;
}
(c) loop-based:
vc = {C, C};
for (i = 0; i < n; i += 2){
vb1 = b[2i:2i+1];
vb2 = b[2i+2:2i+3];
vt1
vt2
va1
va2

=
=
=
=

extract_even(vb1, vb2);
extract_odd(vb1, vb2);
interleave_high(vt1, vt2);
interleave_low(vt1, vt2);

a[2i:2i+1] = va1;
a[2i+2:2i+3] = va2;
c[i:i+1] = vc;
}
(d) loop-aware SLP:
vc = {C, C};
for(i = 0; i < n; i+=2) {
vb1 = b[2i:2i+1];
vb2 = b[2i+2:2i+3];
a[2i:2i+1] = vb1;
a[2i+2:2i+3] = vb2;
c[i:i+1] = vc;
}

Figure 2: Comparison of the different vectorization approaches: SLP, loop-based, and combined
The important thing to notice for the purpose of this paper, is that the single-statement-at-a-time approach (“1–
1 replace”) is extended to a single-group-at-a-time approach, in which some trivial groups are of size 1 (when
there is no interleaving, such as the access to array c

in Figure 2a), and some groups are of size δ (such as
the access to array b in Figure 2a, where δ = 2, and for
which we perform a “δ -δ replace”). Note that we still
continue to combine VF different iterations when vectorizing, hence the trip-count in the vectorized loop is
reduced by a factor VF. This is illustrated in Figure 2c,
which shows how the current loop-based vectorization
scheme vectorizes the scalar loop shown in Figure 2a,
assuming V F = 2.
The SLP vectorization approach on the other hand
groups VF statements from the same iteration into a
vector statement. It looks at flat code sequences (or
flattened code sequences in case if-conversion is applied beforehand—see [21]). So it is in fact not aware
of the loop context, and can be applied to basic-blocks
anywhere in the program. The SLP approach starts by
looking for groups of accesses to adjacent memory addresses, attempting to pack them together into vector
load/store operations. These groups of adjacent memory references are used as the seed to an analysis that,
starting from this seed, follows the def-use chains between statements, in search for computation chains that
can be vectorized. Figure 2b shows how the SLP approach would vectorize the loop in Figure 2a.
Comparing the two approaches, as illustrated in Figure 2, there are several differences that can be seen.
Since the current (naive) loop-based approach considers each group of accesses separately, when it vectorizes
the a-references it does not consider how they are used,
and does not see that in fact the loaded a-elements can
be operated on in parallel without de-interleaving them
into separate vectors vt1, vt2 (data reorganization is
required only if the computation actually performed different operations on t1 and t2). This results in the
redundant extract/interleave computations in Figure 2c.
While the SLP approach vectorizes the a,b-accesses in
the example more efficiently, it cannot vectorize the caccess without considering the context of the loop and
unrolling it ahead of time such that sufficient (VF) occurrences of the store to array c are created so that they
can be packed into a vector statement. The loop-based
approach on the other hand, does “see” the potential parallelism across different iterations and can use that to
vectorize the store to array c.
There are yet additional tradeoffs that the example Figure 2 illustrates, which we summarize below. But it is
already evident that the natural next step, is to combine the two approaches into a single framework, and

134 • Loop-Aware SLP in GCC
consider both intra and inter-iteration parallelism simultaneously, while enjoying the advantages of both
approaches. From the SLP approach we borrow the
def-use analysis within an iteration to fix the current
deficiency of our loop-based approach when vectorizing a group of adjacent memory-accesses that don’t require de-interleaving. From the loop-based approach we
borrow the loop-aware ability to consider different unrolling factors, as well as the potential to amortize costs
across loop iterations, and handle more elaborate seeds
(e.g., groups of memory accesses with gaps), as explained below. Figure 2d shows the resulting vectorized
code when performing SLP-vectorization while taking
advantage of the loop context. Or, an alternative way to
view Figure 2d: the resulting vectorized code when performing loop-based vectorization extended to consider
intra-iteration behavior.

4. While the loop-based approach uses the loop as the
starting point for the vectorization analysis, without the loop-level context the SLP approach needs
a different source to start the vectorization analysis
from, and that starting point is the adjacent memory references. Therefore, if data is accessed in a
strided manner with gaps (e.g., accessing only the
even elements of an array), we have non-adjacent
accesses that are entirely missed by the SLP approach. However, they can be easily detected as a
group of accesses using our loop-based strided accesses analysis.

At the same time, loop-aware SLP improves upon the
classic loop-based approach in the following ways:

To conclude this section, we want to summarize the
tradeoffs that are considered when combining the above
two approaches. Loop-aware SLP improves upon the
classic SLP approach in the following ways:

1. It extends the range of computations that can be
vectorized, while reusing the same infrastructure
for the analysis and transformation. Examples for
loops that can be vectorized were mentioned in the
previous section.

1. By focusing on loops we limit SLP to the code
portions that are more likely to impact the performance of the program.

2. It improves the efficiency of the generated code in
cases that knowledge on how data is used within an
iteration can help generate less data reorganization
operations, either by eliminating them all together
(as shown in the example above), or by postponing
them and scheduling these operations more wisely.

2. Applying SLP in the context of a loop optimization pass allows us to optimize the generated code
across loop iterations and amortize vectorization
overheads. One trivial example is set-up of vector registers, such as the initialization of vector vc
(which is done out of the loop). It is not always
as trivial to move out such invariant computations
out of the loop. Another example is the handling of
misaligned accesses. When considering the loop as
a whole, it can be transformed (peeled, versioned)
to align as many data references in the loop as possible. This can not be done without being aware of
the enclosing loop context.
3. Reduction is another example for a situation where
considering the basic block in the context of the
loop extends the range of computations that the
SLP approach can capture. This is because reduction is a special case of computations that create an
inter-iteration def-use dependence cycle, and can
be detected only when looking at the computation
at the loop level.

3. It offers a more register-efficient vectorization approach, that can be used when the register pressure
incurred by combining VF iterations is too high.
If parallelism can be exploited by combining less
than VF iterations together, potentially combining
statements only from a single iteration, the register
pressure can be significantly reduced. For example,
Figure 2d uses two vector registers (vt1, vt2) to
vectorize the a-accesses, while Figure 2c uses only
one vector (vt) to vectorize the a-accesses.

The key point is that performing these optimizations requires extending our current strided accesses support
to look into the uses of these strided accesses, and in
that sense to continue to extend our analysis scheme in
the direction of SLP. Section 4 describes how we extended the loop-based one-statement-at-a-time vectorization approach in this direction.
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3

Vectorizer Overview

In this section, we describe the relevant vectorization infrastructure, to provide the necessary background for the
next section where we explain how this infrastructure is
extended to support loop-aware SLP.
The vectorization pass, which serves as the basis for incorporating our support for loop-aware SLP, occurs during the tree-SSA optimization stage of GCC [14]. It
follows the classic loop-based vectorization approach as
discussed in the previous section. It applies a set of analyses to each given loop, followed by the actual vector
transformation (for loops that successfully complete the
analysis phase).
The vectorizer focuses on innermost,1 single basic block
countable loops. (Certain multiple basic block constructs may be collapsed into straight-line code with
conditional operations by an if-conversion pass prior to
vectorization). It starts off by scanning all the statements in the loop to determine the Vectorization Factor
(VF), which represents the number of different consecutive iterations of the loop that are combined into a single
vector iteration in the vectorized loop (a conceptual unrolling factor). The VF is determined according to the
data types that appear in the loop and the Vector Size
(VS) supported by the target platforms. As explained
below, considering SLP in a hybrid framework together
with the loop-based vectorization introduces additional
unrolling factors to choose from.
Next, the vectorizer finds all the memory references in
the loop and checks if it can construct an access function
that describes the series of addresses that each memory reference accesses across iterations of the loop (using scalar evolution analysis [18]). The access function is needed for memory-dependence, access-pattern
and alignment analyses. The following memory dependence analysis pass checks that the dependence distance
between every pair of data references in the loop is either zero (i.e., intra-loop dependence) or at least VF, by
applying a set of classic data dependence tests [4], [7].
This is the point where interleaving groups are recognized and built [16].
The loop-aware SLP analysis that we describe in the
next section is based on the analysis of interleaved
1 The vectorizer is being extended to also consider some forms of

doubly nested loops.

data, i.e., data that is accessed in the loop with a nonconsecutive (strided) pattern. During the dependence
resolution traversal over pairs of load/store statements,
groups of interleaved loads or stores that have the same
stride and adjacent base address are constructed. For
example, the accesses to array a in Figure 2a form an
interleaving group of size 2 (both have a stride 2, and
their bases, a and a+1, are adjacent). An interleaving
group represents a consecutive range in memory, that is
either fully accessed in each iteration (as in the example)
or accessed with gaps (which would be the case if only
the a[2*i] locations in the example were accessed).
These groups of memory references are considered together when transforming the loop, in order to avoid redundant loads/stores and exploit data reuse.

Following the memory dependence tests and detection
of interleaved data, we examine the access patterns of
each memory reference and check that they access consecutively increasing addresses, or that they are a part of
an interleaving group (which is the context in which we
handle non-consecutive (strided) accesses).

The final analysis phase verifies that every operation in
the loop can be supported in vector form by the target architecture. After the analyses are done, the loop
transformation phase scans all the statements of the loop
from the top down (vectorizing definitions before their
uses) and inserts a vector statement in the loop for each
scalar statement that needs to be vectorized. Vectorization of interleaving groups proceeds as follows: when
the first member (load/store) of an interleaving group is
encountered (during the top down traversal), we generate vector load/store statements starting from the lowest
address accessed within the group. We then generate
a complete set of δ ∗ log2δ data reordering statements
of the form extract even/odd (for loads) and interleave
low/high (for stores), where δ is the size of the interleaving group. See for example Figure 2c. Finally, the loop
bound is transformed to reflect the new number of iterations, and if necessary, an epilogue scalar loop is created
to handle cases of loop bounds that do not divide by VF.
(This epilogue must also be generated in cases where
the loop bound is not known at compile time.)
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(a) Scalar:
for (int i = 0; i < n; i++) {
a0 = in[4i+1];
a1 = in[4i+2];
a2 = in[4i];
a3 = in[4i+3];
b0
b1
b2
b3

=
=
=
=

X
Y
Z
W

+
+
+
+

c0
c1
c2
c3

=
=
=
=

b1
b3
b2
b0

a0;
a1;
a2;
a3;

*
*
*
*

out[4i] =
out[4i+1]
out[4i+2]
out[4i+3]

Stop recursion - loads

in[4i+1]
in[4i+2]
in[4i]
in[4i+3]
Permutation of in
{1, 2, 0, 3}

a0 = in[4i+1]
a1 = in[4i+2]
a2 = in[4i]
a3 = in[4i+3]

5;
6;
7;
8;

b0 = X + a0
b1 = Y + a1
b2 = Z + a2
b3 = W + a3

c0 = b1 * 5
c1 = b3 * 6
c2 = b2 * 7
c3 = b0 * 8

(b) After SLP (Pure, Full):
vec_inv1 = {X, Y, Z, W};
vec_inv2 = {5, 6, 7, 8};
for (int i = 0; i < len; i++) {
v1 = vload in[4i:4i+3];
v2 = vperm (v1, {1,2,0,3});
v3 = vec_inv1 + v2;
v4 = v3 * vec_inv2;
vstore out[4i:4i+3] = v4;
}

Extending the Vectorizer to Perform LoopBased SLP

4.1

Analysis

We use Figure 3 to explain and demonstrate the analysis
performed by our SLP.
The analysis for SLP starts by examining the results
of the loop-based interleaving analysis. Referring to
Figure 3(a), this interleaving analysis builds one group
consisting of the first four load statements, and another group consisting of the last four store statements.
Each such group contains interleaved accesses to memory. The analysis for SLP builds computation trees2 in
a recursive bottom-up, use-def manner rooted at interleaved store groups. Each node in a tree contains the
2 Not

to be confused with GCC’s tree structures.

5
6
7
8

Permutation of b’s
{1, 3, 2, 0}

}

4

X
Y
Z
W
Stop recursion constants

c0;
= c1;
= c2;
= c3;

Figure 3: Basic SLP example

Stop recursion loop invariants

out[4i] = c0
out[4i+1] = c1
out[4i+2] = c2
out[4i+3] = c3

Figure 4: Computation tree for basic example

same number of isomorphic statements, which can execute in parallel (i.e., can be converted into an SIMD
statement). At each step, the uses of statements in
the current node are examined for their corresponding
defs,3 and we either extend the tree by additional child
nodes, conclude that the current node is a leaf, or terminate the tree. When the def statements are all loopinvariant (including constants) or are all loads from interleaved memory addresses (i.e., form an interleaved
load group), the node is considered a leaf. Additional
child nodes are created when the def statements are
all loop-variant, isomorphic and independent non-load
statements. In all other cases, including reaching defs
which belong to SSA φ -nodes, we terminate the tree
and delete it. Referring to the example in Figure 3(a),
the SLP analysis will build a tree depicted in Figure 4
comprising of seven nodes rooted at the interleaved
3 The

SSA framework fully supports this use-def traversal.
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store group, with three leaves being the interleaved load
group and two loop-invariant groups (of {X,Y,Z,W}
and {5,6,7,8}). Note that if a computation includes
common sub-expressions (i.e., is a DAG), the analysis
step will duplicate the common nodes and build a tree;
however, the transformation step will recognize such redundancies and generate code only once for such duplicates.
Some computations are not captured by a bottom-up
process rooted at interleaved store groups, because they
do not include such stores; one prominent case being reduction computations that compute a scalar. Reductions
are currently recognized and vectorized by the loop vectorizer. In order to recognize and SLP-vectorize reduction computations, one can apply a similar bottom-up
process but rooted at reductions instead of interleaved
store groups, or apply the opposite top-down approach
starting from interleaved load groups. We chose to implement the former approach, as it fits well with the
bottom-up approach originating from interleaved store
groups and also with the existing loop-based framework
for recognizing reductions.
The loop-vectorizer is currently capable of handling interleaving load and store groups whose size is a powerof-2, because of the data rearrangement operations
needed to loop-vectorize non-unit strided accesses [16].
On the other hand, SLP is not restricted to power-of-2
sized groups: it seeks to pack statements together according to the Vector Size (VS)—the number of elements in a vector of the relevant type, possibly using
unrolling or using several vectors for each group. Furthermore, even if the Group Size (GS, number of statements in group) is not a multiple of the vector size or
vice versa (that is when gcd(GS,V S) < min(GS,V S)), it
is still possible to unroll the loop (by lcm(GS,V S)/GS)
or pack as much as possible into vector-size groups leaving the remaining elements in scalar form. Our initial
framework is restricted to cases where gcd(GS,V S) =
min(GS,V S), and marks each computation tree with the
required unrolling factor (V S/GS) or the number of multiple vectors needed (GS/V S), which are integers.
Data-dependence testing for SLP is required to make
sure we can move all statements of each group into one
location where they are to be replaced by an SIMD statement. However, as we transform the entire computation
tree together (see Subsection 4.4), these dependence
tests are mostly exercised by the above use-def traversal
of building the tree. Two cases require special attention:

when there are multiple leaves corresponding to (interleaved) load groups, and when nodes are shared among
two or more trees. In the former case, we make sure
the addresses for all relevant loads are available at the
location of the first load (this is already checked by the
interleaving analysis of the loop-vectorizer). In the latter
case, the first tree to be transformed generates the code
for the mutual node, and subsequent trees (generated afterwards) will reuse it. Note that if unrolling is desired,
we require inter-iteration data-dependence tests similar
to those of (and already provided by, in our framework)
the traditional loop-vectorizer.
4.2

SLP Taxonomy

We find it convenient to distinguish between the following two pairs of mutually complementing definitions.
The first applies to the type of parallelism extracted
when creating vector statements, applying SLP to a tree,
or the loop in general:
Pure SLP If only intra-iteration parallelism is extracted
when creating vector statements. That is, if only
SLP (with GS=VS) is applied. Such cases are applicable for general computation trees within basic
blocks, not necessarily within loops. In the loop
context, this means that the loop is vectorized without being unrolled, using only SLP.
Hybrid SLP If both intra- and inter-iteration parallelism are extracted when creating vector statements. That is, when SLP is applied with GS < V S.
In the loop context, this means that the loop is
vectorized together with unrolling, using SLP (and
possibly loop-vectorization).
The following, orthogonal terms relate to the vectorization of a loop:
Full loop vectorization If all statements in a loop are
replaced by vector statements, as a result of either
SLP or loop-vectorization. That is, the resulting
loop contains only vector statements.
Partial loop vectorization If some statements in a loop
remain in their original scalar form.
For example, the loop in Figure 3(b) is Fully vectorized
using Pure SLP, the loop in Figure 5(b) is Partially vectorized using Pure SLP, and the loop in Figure 5(c) is
Fully vectorized using Hybrid SLP.
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(a) scalar:
for(i = 0; i < n; i++) {
b[6i+0] = b0;
b[6i+1] = b1;
b[6i+2] = b2;
b[6i+3] = b3;
b[6i+4] = b4;
b[6i+5] = b5;
}
(b) partial SLP, no unroll:
vb0 = {b0,b1,b2,b3};
for (i = 0; i < n; i++) {
b[6i+0:3] = vb0;
b[6*i+4] = b4;
b[6*i+5] = b5;
}
(c) Full SLP, unroll=2:
vb0 = {b0,b1,b2,b3};
vb1 = {b4,b5,b0,b1};
vb2 = {b2,b3,b4,b5};
for (i = 0; i < n; i+=2) {
b[12*i+0:3] = vb0;
b[12*i+4:7] = vb1;
b[12*i+8:11] = vb2;
}
(d) loop-based, unroll=4:
vb0 = {b0,b1,b2,b3};
vb1 = {b4,b5,b0,b1};
vb2 = {b2,b3,b4,b5};
for (i = 0; i < n; i+=4) {
b[24*i+0:3] = vb0;
b[24*i+4:7] = vb1;
b[24*i+8:11] = vb2;
b[24*i+12:15] = vb0;
b[24*i+16:19] = vb1;
b[24*i+20:23] = vb2;
}

Figure 5: Vectorization alternatives
4.3

Decision

After completing the analysis which builds computation
tree candidates for SLP, we reach the decision point of
how to vectorize the loop. We need to decide whether to
apply SLP vectorization for each such computation tree,
and also decide whether to apply loop-vectorization for
remaining statements: those that do not belong to any
SLP tree and those that belong to SLP trees which we
decide not to SLP. The resulting loop unrolling factor
is the least-common multiple of the SLP trees unrolling
factors and the loop-vectorization unrolling factor.
One important factor to check when deciding to SLP a

tree is alignment—if it is not loop-invariant, the alignment handling overhead is to be incurred every iteration, which is often too expensive. This happens when
the stride of memory accesses (including unrolling if
applied) does not divide by the vector size. When the
alignment is loop-invariant, loop-versioning and peeling
are used to extract this overhead from within the loop.
In our initial approach we handle interleaved accesses
without gaps, so the stride is equal to GS, and we restrict
our attention to cases where GS divides VS (possibly after unrolling), so the alignment is indeed loop-invariant.
Partial loop vectorization, where only a subset of statements from each node in a computation tree is SLP’ed
and the rest remain in scalar form, may encounter loopvariant alignment problems.
Another factor to consider is the number of iterations,
bearing in mind the unrolling factors.
The order of elements within the groups of a tree may
not be consistent throughout the computation, thereby
requiring the insertion of element-permuting statements.
Our bottom-up approach is reminiscent of the eager shift
[26] policy of alignment permutations, where data is to
be reordered as early as possible according to the order
desired by the final store group. Common subexpressions in the loop may imply nodes that are shared among
several trees (or shared several times within a tree)—
they can be directly reused if all uses require the same
order of elements within the group, otherwise an overhead of permuting the elements needs to be considered.
In some cases, statements of a computation tree cannot
be loop-vectorized (for example, due to non power-of-2
strides); therefore, in Full vectorization mode we decide
to perform SLP in such cases.
We have yet to devise a cost-model mechanism that integrates these considerations; our current plans are to
gather statistics in order to better understand the tradeoffs among these various factors.
4.4

Transformation

After deciding which computation trees to SLP and
whether to loop-vectorize the remaining statements or
not, we perform the actual code transformation by a
top-down scan of the loop’s original scalar statements
in their original order. Upon reaching the first statement of a computation tree to be SLP’ed (typically the
first load), we generate the vectorized version of the
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whole tree, from leaves to root; if any node of the tree
has already been generated by an earlier (or the same)
tree, we reuse it. Otherwise, if we decided upon loopvectorization the statement is vectorized in the traditional way, and if not we leave the scalar statement intact. The result of applying SLP to the loop in Figure 3(a) is given in Figure 3(b).

5

4. The current implementation terminates when it
reaches a φ -node. Therefore, computations that
involve a vectorizable cross-iteration dependency
cannot be vectorized. Such computations include
reductions, inductions, and also false-dependencies
formed by optimizations like PRE and predictive
commoning. The SLP-analysis can be extended to
analyze beyond φ -nodes.

Future Work

We extended the GCC vectorizer to support SLP. An initial implementation is available in the autovect-branch
of GCC. There are many directions in which the current
framework can be enhanced. We review most of them
in this section.
1. Support MIMD (Multiple Instructions Multiple
Data) parallelism, such as the “subadd” computation illustrated in the example in Figure 1c, as well
as other forms of mixtures of non-isomorphic defs
that could still be combined into a vector. There
are targets that can directly support certain MIMD
operations (SSE3, for example, supports a subadd
vector operation), but it can be vectorized also on
targets that don’t directly support it (by multiplying the relevant vector operand by a vector of 1s
and –1s).
2. As explained in Section 4 the vectorizer considers
different unrolling factors as it attempts to maximize the exploitation of SIMD parallelism. Currently this is limited to cases in which the GS (the
Group Size) is less than VS (the Vector Size) and
evenly divides VS. This restriction can be relaxed
to also consider unrolling the loop in cases where
GS divides V F ∗ α, for some integer α. This is illustrated in Figure 5c, in which GS is 6, the VS is 4,
and unrolling the loop by a factor of 2 maximizes
the exploitation of SIMD parallelism.
3. The current implementation does not address the
case in which the GS is greater than VS and not all
the elements of the group are defined by isomorphic computations, but there exists a subgroup of
VS elements that are defined by isomorphic computations. The current implementation attempts to
construct the SLP-tree from the entire group, and
will therefore fail and terminate. However, the
analysis can continue if the implementation is extended to explore subgroups of size VF of the SLPgroup under consideration.

5. The current implementation does not support partial vectorization, however the framework is general enough to consider vectorizing only part of the
loop and leaving the rest of the statements unvectorized, as shown in Figure 5b, where 4 statements
are grouped into a vector statement, and 2 statements remain unvectorized.
6. As already mentioned in Section 4, by examining
the uses of interleaved stores, a loop-based vectorizer could postpone the rearrangement of data
to a later stage (this is demonstrated in more detail in [16]). It is free to decide when to rearrange the data—either immediately when loading
(resembling the eager shift heuristic in [26]), or at
a later stage of the computation not originally associated with loads or stores (resembling the lazy
shift heuristic). Ultimately, we may want to reorder
in anticipation of the permutation needed by the
stores, if internal operations are isomorphic, similar to the eager shift scheme. A simple case to optimize occurs when the rearrangement at the stores is
the inverse of that at the loads (e.g., interleave
low/high and extract odd/even), thereby
canceling each other (this raises the issue of combining and optimizing permutations [19]).
7. By starting the SLP analysis off of the pre-analyzed
interleaving groups, the current framework easily
supports SLP vectorization when there are strided
accesses with gaps. This is, however, not yet included in the current implementation.
8. SLP can be used to vectorize within an iteration
in situations where there are cross-iteration dependencies that prevent loop-based implementation.
The current implementation applies the SLP analysis however is applied only after full dependence
testing has passed. This restriction should be relaxed.
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6

Related Work

SLP was first introduced by Larsen and Amarasinghe
[9], exploiting SIMD parallelism in basic blocks. Their
algorithm starts from identifying seeds of statements
with adjacent memory references, packs them into
group and then merges the groups to get groups of the
size of SIMD instruction. Later Larsen et al. [11] presented methods for forcing congruence among the dynamic addresses of memory references, and thus increasing the number of memory operations that can be
grouped into SIMD instructions. Shin et al. [21] extended the concept of SLP so that it can be applied
in the presence of control flow constructs by using ifconversions. Compiler-controlled caching in superword
register files, an SLP-complementary optimization, was
shown by Shin et al. [20]. The implementations were
done within SUIF compiler infrastructure using AltiVec
instruction set. Our approach for SLP differs in its use
of our adjacent memory references analysis, originally
developed for vectorizing loops with strided accesses,
and in having implemented SLP within the loop-based
framework taking advantage of loop-level analyses. The
approaches mentioned above usually compensate for the
lack of loop context by carefully optimizing alignment
and picking appropriate unrolling factors in advance.
Larsen et al. [10] introduced techniques for selective
vectorization of instructions. Our approach also allows
partial loop vectorization and generating loops with a
mixture of scalar and vector operations.
Proprietary compilers like Intel’s icc and IBM’s xlc have
also incorporated SLP techniques into their vectorization framework. Wu et al. [25] proposed a simdization
framework in xlc that extracts SIMD parallelism from
different program scopes, including basic blocks and inner loops, based on an intermediate representation of
virtual vectors. The Intel compiler [6] applies an early
SLP pass that upon detecting statements that can be replaced by SIMD instructions converts them into explicit
loops (by re-rolling the code) which are later vectorized
using the regular loop-based vectorization pass.
Several studies focus on vectorizing computations that
involve data permutation. Kudriavtsev and Kogge [8]
followed the SLP approach for contiguous data, using
an abstract source-to-source framework, for data permutation optimization. Ren, Wu, and Padua [19] optimized
sequences of permutations for IBM’s VMX and Intel’s

SSE2. Our framework allows supporting data permutations, though this feature has not been added yet.
Tenllado et al. [23] built a modified SLP compiler for
Intel SSE to efficiently exploit vector parallelism from
the outer loop in loop nests that process 2D arrays. By
incorporating transposition (data permutation) into the
SLP packing stage, and scheduling several unroll-andjam and regular unrolling passes at different nesting levels, they are able to exploit parallelism from external
nests (i.e., across different rows). GCC currently does
not have an unroll-and-jam optimization, and our vectorization is thus currently limited to packing statements
from at most doubly-nested loops.
Some architectures provide SIMOMD (Single Instruction Multiple Operations Multiple Data) [5, 22]. The
Vienna MAP source-to-source vectorizer [12] is applicable to such architectures and was shown to produce
most efficient code, focusing on straight-line 2-way vectorization by exploiting domain knowledge for specific
algorithms such as FFT. Our implementation currently
targets only classic SIMD instructions, but the new extension that looks at def-use chains within an iteration
allows us to incorporate this capability into our vectorizer as well.

7

Conclusions

The SLP approach to vectorization can exploit parallelism in important computations that cannot be vectorized otherwise. We have incorporated SLP vectorization
techniques into the loop-based GCC vectorizer, thereby
complementing and extending its vectorization capabilities, while re-using the same infrastructure. In this paper we described how this was done, as well as what
are the tradeoffs and considerations involved. We also
showed why incorporating SLP in a loop-aware context
also improves upon the original SLP approach, and how
it was used to create a hybrid loop-aware SLP approach
that can exploit parallelism both across loop iterations
as well as inside the loop. The initial implementation
presented in the paper, a first step of an ongoing work,
can be enhanced in several directions, that will further
improve the applicability and efficiency of the GCC vectorizer.
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