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Abstract

One important part of generating code for DSP pro-
cessors is to make good use of the address generation
unit (AGU). In this paper we divide the code gen-
eration into three parts: (1) scheduling, (2) address
register assignment, and (3) storage layout. The goal
is to find out if solving these three subproblems as
one big integrated problem gives better results com-
pared to when scheduling or address register assign-
ment is solved separately. We present optimal dy-
namic programming algorithms for both integrated
and non-integrated code generation for DSP proces-
sors. In our experiments we find that integrationis
beneficial when the AGU has 1 or 2 address regis-
ters; for the other cases existing heuristics are near
optimal. We also find that integrating address regis-
ter assignment and storage layout gives slightly bet-
ter results than integrating scheduling and storage
layout. I.e. address register assignment is more im-
portant than scheduling.

1 Introduction

Digital signal processors often include an address
generation unit (AGU) for calculating memory ad-
dresses. These AGUs have a register file containing
pointers into memory, and every time one of these
pointers is read it can, at the same time, be incre-
mented or decremented by a small value. Generating
fast and compact code for such an architecture re-
quires good utilization of the AGU.

The basic problem of finding the best storage lay-
out given an access sequence and a single address
register was first studied by Bartley [3]. He shows

how to transform the access sequence into an undi-
rected graph where the nodes represent variables and
an edge between two nodes is given a weight equal to
the number of times the nodes are neighbors in the
access sequence. Finding a storage layout that maxi-
mizes the utilization of auto-increment/decrement is
equivalent to finding a maximal Hamiltonian path in
the access graph. Finding a maximal Hamiltonian
path is an NP-complete problem; Bartley presented
a greedy heuristic that has since been improved by
Liao et al. [9], Leupers and Marwedel [8] and by Ali
et al. [1]. This basic problem with 1 address register
and an increment/decrement range of -1/+1 is called
the simple offset assignment problem (SOA).

A generalization to general offset assignment
where there are multiple address registers in the AGU
was presented by Liao et al. [9]. They propose a
heuristic method to solve GOA by reducing it to one
SOA instance per address register. Each of the SOA-
instances handles accesses to a disjoint subset of the
variables in the access sequence. This heuristic was
improved by Leupers and Marwedel [8] by finding
better ways to partition the access sequence into sub-
sequences.

Gebotys presents a fast minimum cost circula-
tion technique (MCC) for optimal address register
assignment for a given memory layout and access
sequence [5]. She concludes that memory layout
only has minor impact on the final quality of the
generated code when address register assignment is
solved optimally. This conclusion is not supported by
the experimental evaluation by Huynh et al. where
a range of GOA-heuristics are evaluated with the
MCC-technique [6].

Leupers has presented a comparison of a range
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Figure 1: Choi and Kim have presented an heuris-
tic algorithms for the fully integrated problem [4].
Ozturk et al. have solved GOA optimally [10].

of different SOA-heuristics [7]. One of the conclu-
sions is that the performance differences of the SOA-
heuristics is surprisingly small for real-life problem
instances. He also finds that comparisons of SOA-
algorithms using random access sequences only give
a coarse performance evaluation, and that the results
are not always the same when real-life problem in-
stances are used.

Udayanarayanan and Chakrabarti have presented
a GOA-heuristic that performs modify register opti-
mization as a final step in the code generation [13].
Their evaluation shows that, when a modify register
is available, the impact of storage layout is not an
important factor to the final quality of the solution.

Ozturk et al. have presented an optimal integer lin-
ear programming formulation for GOA with modify
registers. Their experiments show that all instances
in their experiment are solved to optimality in a few
minutes with a good ILP solver [10].

Atri et al. explore how commutativity of operations
in the SOA-problem can be used to reduce the num-
ber of edges in the access graph, allowing for better
SOA-solutions [2].

Rao and Pande have presented heuristic methods
for SOA which uses commutativity, associativity and
distributivity of operations to reorder the access se-
quence. The heuristics are also extended to GOA
and experiments show a static code size reduction
(of whole programs) of 2% on average compared to
previous heuristics [11].

Choi and Kim have described a heuristic algorithm
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Figure 2: The architecture has an address gener-
ation unit with a number of address registers. The
ALU has a single accumulator register.

that integrates scheduling and GOA. Their algorithm
works in two steps: first an initial schedule and stor-
age assignment in computed; second this solution
is iteratively improved by reordering the access se-
quence and redoing the storage assignment [4]. This
heuristic is compared to the one presented by Leupers
and Marwedel [8] and shows good improvements. In
Section 3 we compare our optimal algorithm to this
heuristic by Choi and Kim.

In this paper we study the question of how impor-
tant scheduling and address register assignment is for
the offset assignment problem. We do this by com-
paring optimal solutions, in which scheduling and ad-
dress register assignment are integrated, to solutions
of non-integrated code generation. See Figure 1 for
an illustration of different levels of integration. The
two main contributions of this paper are: (1) A new
optimal algorithm that solves instances of the inte-
grated general offset assignment problem is presented
(Section 2); (2) an experimental evaluation that com-
pares the results of the optimal integrated method to
the results of an optimal non-integrated method is
presented (Section 3). This is interesting also from
a theoretical perspective because it shows for which
cases integration of subtasks is worth considering.

2 Integrating offset assignment
and scheduling
In this section we will introduce the algorithms for

integrated offset assignment based on dynamic pro-
gramming.
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Figure 3: An example of a partial solution.

2.1 Partial solutions

We assume a simple accumulator-based processor,
depicted in Figure 2, which has:

e one ALU with an accumulator register, and

e one AGU with k£ > 1 address registers; an
address register can be incremented or decre-
mented by 1 each time it is read.

This kind of setup is common in real-world DSPs;
variations of it can be found in eg. TI-C2x [12].

A problem instance is a basic block for which we
want to generate code. The basic block is represented
by a directed acyclic graph (DAG) G = (V, E). Each
node x € V represents an operation. An edge (u,v) €
E represents either true data dependences or some
other precedence constraint.

The goal of the code generation is to minimize the
number of explicit assignments to address registers;
we will use the term cost for this. Minimizing the
cost will both minimize run time and code size of the
produced code.

Assume that we have k address registers in the
AGU and that we have n nodes to schedule. Then
we can define what we mean by a partial solution:

Definition 1. A partial solution P of length | con-
sists of:

o A schedule S = (s1,82,...,81), l < n, where s;
is the node that is scheduled at slott, 1 <t <.

o Address register usage: ri is the variable that
address register i points to when it was last used
(at slot t or earlier); if address register i has not
been used yet, we can assume that ri points to
every variable, 0 <i <k, 0 <t < n.
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Figure 4: Structure of the solution space (ss) used
in the DP-algorithm. The algorithm expands partial
solutions with smallest cost first.

o A set NG of neighbour pairs, if (v,w) € NG the
variables v and w are neighbours on the stack.

Example 2. Figure 3(a) shows a DAG representing
the basic block:

D =
E =

A + B;
B + C;

Assuming that we have a single address register (ARO)
Figure 3(b) shows a partial solution of length 3. In
this partial solution the node sequence is S = (1,0,2)
which means that first B is loaded into the accumula-
tor register, then A is added to the accumulator, and
then the result is stored in D. The contents of the
set NG implies that A is neighbor to both B and D,
this is satisfied when the stack is laid out as in Fig-
ure 3(c). The corresponding assembler code for the
partial solution is shown in Figure 3(d); note that the
last instruction ST (ARO) is not yet finalized, a post-
increment or decrement may be added as the partial
solution is extended.

2.2 Integrating GOA and scheduling

The dynamic programming algorithm in Figure 5
works by enumerating the partial solutions in a two
dimensional solution space shown in Figure 4. The
first dimension is cost and second dimension (level)
is the number of scheduled nodes. Initially, the so-
lution space (ss) contains a single empty partial so-
lution with cost 0 and level 0 (lines 0-1). The outer



Algorithm: DP-RS.

Method: Dynamic programming in two dimensions: cost and number of scheduled nodes (level).

Input: A DAG representing a basic block and the set of available address registers (AR).

Output: Schedule, storage layout and address register assignment.
0: initialize ss[cost,level] to empty lists for all cost and level

1:  push (ss[0, 0], an empty partial solution)
2:  for cost from 0 to infinity do
3 for level from O to infinity do

// keep only one in every group of comparable solutions

4 prune(ss|cost, level])

5: while ( ss[cost, level] not empty )
6: cur= pop (ss[cost, level])

7 if (cur is a complete solution)

8 return cur

9: foreach (n € selectable nodes in cur)
10: n., = the variable of node n
11: Case 1: A reg € AR points to n,:
12: push (ss[cost, level+1], extend(cur, reg, n,))
13: Case 2: No reg € AR points to n,:
14: foreach (rege AR)
15: Case 2A: reg points to a neighbor of n,:
16: push (ss[cost, level+1] extend(cur, reg, ny))
17: Case 2B: reg points to v that is not a neighbor of n,:
18: new= extend(cur, reg, ny)
19: if (make_neighbor(new, v, ny))
20: push (ss[cost, level+1], new)
21: push (ss[cost+1, level+1], extend(cur, reg, n,))

Figure 5: Dynamic programming algorithm.

loop over cost progresses along the cost axis of the
solution space. And the loop over level progresses
over number of scheduled nodes in the DAG.

The algorithm proceeds by, for each partial solu-
tion at the current cost and level, expanding this par-
tial solution by selecting an unscheduled node from
the DAG. The node that is selected must be ready,
i.e. all its predecessors must have already been se-
lected (line 9). If the algorithm was to enumerate all
possible solutions it would be necessary to create a
new partial solution at the next level, by using each
of the available address registers, however if an ad-
dress register already points to the variables of the
selected node, then it is enough to consider this ad-
dress register only, see Lemma 3.

The function extend(cur, reg, v) creates a copy of
the current partial solution (cur) and then extends it

by using register reg for accessing the variable v.

In Case 2 (line 13) all possibilities for extending
the current partial solution are exhausted.

The function make_neighbor (line 19) tries to make
v and n, neighbors in new. The function returns true
if it is successful. The reason for a failure is either
that one of the variables already has two neighbors,
or that making the variables neighbors would create
a cycle.

The algorithm terminates when the current partial
solution (line 6) is a complete solution, i.e. all of the
nodes in the DAG have been scheduled. Termination
can be done earlier; if a new partial solution is cre-
ated that is complete, and has the same cost as the
current partial solution (i.e. on lines 12, 16, 18 or 20,
but not on line 21) then this solution is optimal and
the algorithm can exit. This early exit strategy is



not included in the presentation in Figure 5 to avoid
cluttering the presentation.

2.3 Pruning of the solution space

The partial solutions are constructed systematically
in order of cost. This means that expanding less
promising partial solutions is postponed as much as
possible. However, even with this postponing it is
obvious that any algorithm based on enumeration
will suffer from a combinatorial explosion for large
instances. We can delay the explosion of the number
of partial solutions in the solution space if we can
identify partial solutions, a and b, such that a is at
least as good as b in the sense that a best final solution
b* to which b is a partial solution cannot be better
than a best final solution a* to which « is a partial
solution. Then the partial solution b can be removed
without affecting the optimality of the enumeration.
If both a is at least as good as b and b is at least as
good as a, we say that a and b are comparable.

One obvious case where two partial solutions are
comparable is when all of the following are true:

e The last element in the schedules are equal.
e The same set of nodes has been scheduled.

e The set of variables that the address registers
point to are the same.

e The NG sets of both partial solutions are equal.

Before nodes of a certain cost and level are expanded
we can do a pruning step (see Figure 5, line 4). The
list of partial solutions is first sorted and then the
list is traversed and only one in each group of com-
parable solutions is kept. Another way in which we
can delay the combinatorial explosion is to avoid do-
ing a complete enumeration when it is not necessary.
Consider a situation where we expand a partial solu-
tion in which an address register already points to the
next variable in the access sequence (Case 1, line 11,
in Figure 5), we can use this address register and do
not need to make additional partial solutions where
another register is used. Formally:

DAG Sequence

{—o| Scheduler |—= o’o’o’o’o@” =

[Address register assignme

‘ DP-RS ‘ ‘ DP-R ‘ ‘ DP-S ‘

Figure 6: The algorithm flow.

Lemma 3. Let P be a partial solution of length I in
which ri =v and 1l = w #v. Assume that the next
access is to variable v. Let P' be a partial solution
that uses address register i for this access to v and let
P7 be a partial solution that uses address register j
for this access to v. Then for any extension of PJ to
a final solution there exists an extension to P’ that
1s at least as good.

We omit the proof due to lack of space.

2.4 Optimal non-integrated GOA

One question that we want to answer in this paper
is how much can be gained by integrating the parts
of the code generation. To find the answer to this
question we need to run experiments where we com-
pare optimal integrated code generation to optimal
non-integrated code generation. In this subsection
we will present the non-integrated algorithms that
we have used for the experiments: DP-R, which does
scheduling separately, DP-S, which does address reg-
ister assignment separately, and DP, which does all
parts separately.

DP-R works exactly like DP-RS except that the
nodes have already been scheduled. I.e. only one node
is selectable on line 9 in Figure 5.

DP-S integrates scheduling, just like DP-RS does.
But it forces all partial solutions to conform to the
address register assignment found by solve_goa [8].
I.e. on lines 11, 13 and 14 in Figure 5 'reg € AR’
is replaced by 'reg = ARX’, where ARX is the ad-
dress register used for variable n, in the solution of
a solve_goa run. Note that since scheduling is in-
tegrated we can not simply partition the access se-
quence and solve k independent subproblems because
the sub-sequences will not be independent.
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Figure 7: Bar charts showing how often our algo-
rithms time out for k£ = 1 to 4 address registers.

DP does not integrate any of the phases; all it
does is calculate the optimal stack layout with a fixed
schedule and a fixed address register assignment. See
Figure 6 for a sketch of the different parts of DP,
DP-R, DP-S and DP-RS.

2.5 Handling large instances

The large problem instances often do not succeed
because the dynamic programing solver runs out of

memory. We can get around this problem by count-
ing the current total number of partial solutions, and
when we reach a maximal number of partial solutions
we switch to an enumeration strategy that prioritizes
extending partial solutions with higher levels, i.e. par-
tial solutions that are nearer to completion. Then the
program will not run out of memory, but obviously
we may lose some opportunities for pruning compara-
ble partial solutions. In other words the computation
time increases but the memory usage is limited.

2.6 Integrated heuristic

For comparison we have implemented the heuristic
algorithm Naive-it by Choi and Kim [4]. The al-
gorithm is integrated and is based on iterative im-
provement. Internally it uses the function solve_goa
from [8]. This algorithm is very fast compared to our
dynamic programming algorithms and we will see in
our experimental evaluation that it finds results that
are not far from the optimum.

3 Experimental evaluation

The experiments were run on an Intel i7 3.06 GHz,
each instance had a time limit of 1 hour, and a mem-
ory limit of 10GB. In total we have 400 instances di-
vided by sequence length into 4 classes (100 instances
in each class). The sequence lengths are 10-14, 15-
19, 20-29 and 30+. The source of the instances is
Offsetstone!. However, the Offsetstone problems are
already scheduled and the graphs are not available,
we have therefore created DAGs of the sequences so
that the Offsetstone sequence is one possible sched-
ule for the DAG that we create. We have assumed
that each operation is commutative and takes two
operands. Obviously graphs generated in this way
are most likely not equivalent to the original prob-
lems. But it is our hope that these DAGs are more
realistic than randomly generated problems.
The algorithms included in the evaluation are:

e GOA, solve_goa from [8];

1The Offsetstone benchmark suite is available from
http://address-code-optimization.org (2010).
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Figure 8: Number of extra explicit address register
assignments compared to DP-RS (DP-S in (a)). DP-
RS and DP-R are not included in (a) since register
allocation is not relevant in this case.

e DP, DP-R and DP-S, described in Section 2.4;

e DP-RS, our fully integrated algorithm, described
in Section 2.2;
implementation of Naive-it

e Heuristic,
from [4].

our

Figure 7 shows the success rates of the algorithms.
When we set the time limit to 1 hour all algorithms
finds a solution. However, for some of the large in-
stances the dynamic programming algorithms times
out before a guaranteed optimal solution is found.
This case is most common for the larger instances
with the fewest number of address registers. The
reason for this is that when the number of address
registers is large it is easier to find a solution that has
no extra explicit assignments of the address registers,
i.e. the value of the cost variable is 0 in our algorithm.
We can also see in this chart that integrating schedul-
ing is much more expensive than integrating address
register assignment.

Figure 8 shows the difference in number of clock
cycles on average between each algorithm and the
optimum for the cases where the optimum is known
(i.e. when the fully integrated DP-RS algorithm ter-
minates before the time out is reached). We find
that the greatest difference between the integrated
and non-integrated algorithms occurs when there is
only a single address register (Figure 8(a)). In this
case the optimum is found by DP-S since there is
no address register assignment. For the largest basic
blocks (more than 30 nodes) the average reduction
in number of address code operations between the
non-integrated DP to the integrated DP-S is 3.5.

Looking at the case with 2 address registers (Fig-
ure 8(b)) we see that the differences between the algo-
rithms are smaller. Also it is clear that more is gained
by integrating register assignment than is gained by
integrating scheduling. But both DP-R and DP-S,
on average, outperform the Naive-it heuristic for the
larger instances but the difference is quite small.

When increase the number of address registers even
more to (Figure 8(c) and (d)) we find that integrated
algorithms do not give much better results than the
non-integrated ones. I.e. the cheaper algorithms are
already quite close to optimal.

4 Conclusions
The question of how to optimally use an address gen-

eration unit when compiling for DSP-machines is im-
portant. In this paper we have studied the impor-



tance of scheduling and address register assignment
with regards to the outcome of the offset assignment.
We have compared optimal algorithms for integrated
offset assignment to both optimal and heuristic algo-
rithms that are not fully integrated.

We have run experiments where we compare the so-
lutions of our fully integrated method (DP-RS) with
the solutions of our separated methods (DP-S, DP-R
and DP). While it is true that finding optimal re-
sults requires a lot of time and computer memory,
we think that the results are important because they
show exactly how much that is gained, on average,
by integrating the different parts of the code genera-
tion. The results of our experiments suggest that in-
tegrating the phases of the code generation has much
potential for improving code when the number of ad-
dress registers is 1 or 2, and if the number of address
registers is more than that, only small improvements
can be expected by the integration.
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