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ABSTRACT

Keywords

Phase-decoupled methods for code generation are the state of the
art in compilers for standard processors but generally produce code
of poor quality for irregular target architectures such as many DSPs.
In that case, the generation of efficient code requires the simultaneous solution of the main subproblems instruction selection, instruction scheduling, and register allocation, as an integrated optimization problem.
In contrast to compilers for standard processors, code generation
for DSPs can afford to spend much higher resources in time and
space on optimizations. Today, most approaches to optimal code
generation are based on integer linear programming, but these are
either not integrated or not able to produce optimal solutions except
for very small problem instances.
We report on research in progress on a novel method for fully
integrated code generation that is based on dynamic programming.
In particular, we introduce the concept of a time profile. We focus on the basic block level where the data dependences among the
instructions form a DAG. Our algorithm aims at combining timeoptimal scheduling with optimal instruction selection, given a limited number of general-purpose registers. An extension for irregular register sets, spilling of register contents, and intricate structural
constraints on code compaction based on register usage is currently
under development, as well as a generalization for global code generation.
A prototype implementation is operational, and we present first
experimental results that show that our algorithm is practical also
for medium-size problem instances. Our implementation is intended to become the core of a future, retargetable code generation
system.
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1. INTRODUCTION
The impressive advances in the processing speed of current microprocessors are caused not only by progress in higher integration
of silicon components, but also by exploiting an increasing degree
of instruction-level parallelism in programs, technically realized in
the form of deeper pipelines, more functional units, and a higher
instruction dispatch rate. Generating efficient code for such processors is largely the job of the programmer or the compiler back-end.
Even though most superscalar processors can, within a very narrow
window of a few subsequent instructions in the code, analyze data
dependences at runtime, reorder instructions, or rename registers
internally, efficiency still depends on a suitable code sequence.
Digital Signal Processors (DSPs) became, in the last decades,
the processor of choice for embedded systems. The high volume
of the embedded processor market demands for high performance
at low cost. In order to achieve high code quality, developers still
write applications in assembly language. This is time consuming,
and maintenance and updating are difficult. Traditional compiler
optimizations for high-level languages still produce poor code for
DSPs and thus do not meet the requirements [40]. Unfortunately,
compiler researchers focused for a long time on general purpose
processors, while DSP irregularities, such as dual memory banks
and non-homogeneous register sets, have been largely ignored in
the traditional compiler optimization phases. On the other hand,
code generation itself is a very complex task.
Code generation consists of several subproblems. The most important ones are instruction selection, instruction scheduling, and
register allocation (see Figure 1).
Instruction selection maps the abstract instructions given in a
higher-level intermediate representation (IR) of the input program
to machine-specific instructions of the target processor. For each
instruction and addressing mode, the cost of that instruction (in
CPU cycles) can be specified. Hence, instruction selection amounts
to a pattern matching problem with the goal of determining a minimum cost cover of the IR with machine instructions. For treelike IR
formats and most target instruction sets this problem can be solved
efficiently.
Instruction scheduling is the task of mapping each instruction of
a program to a point (or set of points) of time when it is to be executed, and (in the presence of multiple functional units) to the func-
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Figure 1: The task of generating target code from an intermediate program representation can be mainly decomposed into
the interdependent subproblems instruction selection, instruction scheduling, and register allocation, which span a threedimensional problem space. Phase-decoupled code generators
proceed along the edges of this cube, while an integrated solution directly follows the diagonal, considering all subproblems
simultaneously.
tional unit on which it is to be executed. For RISC and superscalar
processors with dynamic instruction dispatch, it is sufficient if the
schedule is given as a linear sequence of instructions, such that the
information about the issue time slot and the functional unit can
be inferred by simulating the dispatcher’s behaviour. The goal is
to minimize the execution time and avoiding severe constraints on
register allocation.
Register allocation maps each value in a program that should reside in a register, thus also called a virtual register, to a physical
register in the target processor, such that no value is overwritten
before its last use. The goal is to use as few registers as possible. If
there are not enough registers available from the compiler’s point
of view, the live ranges of the virtual registers must be modified, either by coalescing, that is, forcing multiple values to use the same
register, or by spilling the register, that is, splitting the live range of
a value by storing it back to the memory and reloading it later, such
that a different value can reside in that register in the meantime.
Using few registers is important, as generated spill code cannot be
recognized as such and removed by the instruction dispatcher at
runtime, even if there are internally enough free registers available.
Also, spill code should be avoided especially for embedded processors because it increases power consumption.
During the last two decades there has been substantial progress in
the development of new methods in code generation for scalar and
instruction-level parallel processor architectures. New retargetable
tools for instruction selection have appeared, such as iburg. New
methods for fine-grain parallel loop scheduling have been developed, such as software pipelining. Global scheduling methods like
trace scheduling, percolation scheduling, or region scheduling allow to move instructions across basic block boundaries. Also, techniques for speculative or predicated execution of conditional branches have been developed. Finally, high-level global code optimization techniques based on data flow frameworks, such as code
motion, have been described.
On the other hand, most important problems in code generation have been found to be NP-complete. Hence, these problems
are generally solved by heuristics. Instruction selection for ba-

sic blocks with a DAG-shaped data dependency structure is NPcomplete [38]. Global register allocation is NP-complete, as it is
isomorphic to coloring a live-range interference graph [10, 12] with
a minimum number of colors [17]. Time-optimal local instruction
scheduling for basic blocks is NP-complete for almost any nontrivial target architecture [1, 6, 17, 23, 29, 31, 34, 37] except for
certain combinations of very simple target processor architectures
and tree-shaped dependency structures [4, 5, 24, 28, 39]. Spaceoptimal local instruction scheduling for DAGs is NP-complete [9,
42], except for tree-shaped [43] or series-parallel [21] dependency
structures.
For the general case of DAG-structured dependences, various algorithms for time-optimal local instruction scheduling have been
proposed, based on integer linear programming (ILP) [45], branchand-bound [22], and constraint logic programming [3]. Dynamic
programming has been used for time-optimal [44] and space-optimal [26] local instruction scheduling.
In most compilers, the subproblems of code generation are treated separately in subsequent phases of the compiler backend. This
is easier from a software engineering point of view, but often leads
to suboptimal results because the strong interdependences between
the subproblems are ignored [7]. For instance, early instruction
scheduling determines the live ranges for a subsequent register allocator; where the number of physical registers is not sufficient, spill
code must be inserted a-posteriori into the existing schedule, which
may compromise the schedule’s quality. Also, coalescing of virtual
registers is not an option in that case. Conversely, early register allocation introduces additional (“false”) data dependences and thus
constrains the subsequent instruction scheduling phase. Moreover,
there are interdependences between instruction scheduling and instruction selection. These interdependences can be quite intricate,
caused by structural constraints on register usage and code compaction of the target architecture. Hence, the integration of these
subproblems and solving them as a single optimization problem is
a highly desirable goal, but unfortunately this increases the overall
complexity of code generation considerably. Nevertheless, the user
is in some cases willing to afford spending a significant amount of
space and time in optimizing the code, such as in the final compilation of time-critical parts in application programs, or in code
generation for DSPs.
There exist several heuristic approaches that aim at a better integration of instruction scheduling and register allocation [8, 16, 19,
27, 34]. However, there are only a few approaches that have the
potential—given sufficient time and space resources—to compute
an optimal solution to an integrated problem formulation, mostly
combining local scheduling and register allocation [3, 25, 30, 32].
Some of these approaches are also able to partially integrate instruction selection problems, or to model certain hardware-structural constraints at a limited degree. Most of these approaches are
based on ILP, which is again a NP-complete problem and can be
solved optimally only for more or less trivial problem instances.
Otherwise, integration must be abandoned and/or approximations
and simplifications must be performed to obtain feasible optimization times, but then the method gives no guarantee how far away
the reported solution is from the optimum.
Admittedly, ILP is a very general tool for solving scheduling
problems that allows to model certain architectural constraints in a
flexible way, which enhances the scope of retargetability of the system. However, we feel that integer linear programming should be
rather considered as a fall-back method for the worst case where
other algorithms are not available or not practical. Instead, we
propose, for cases where the generality and the flexibility of the
ILP approach is not really required, an integrative approach based



on dynamic programing and problem-specific solution strategies,
which can deliver optimal or at least good results with shorter optimization time. We have exemplified this for the case of spaceoptimal local scheduling in previous work [26], evidence for timeoptimal local scheduling is given in this paper. We are now working
on a generalization of our basic method to include more aggressive
forms of instruction selection and to take also inhomogeneous register sets and intricate structural constraints on code compaction
into account.
The remainder of this paper is organized as follows. Section 2
introduces basic notation, Section 3 explains the foundations of our
dynamic programming method. Section 4 introduces time profiles
and presents our algorithm for time-optimal scheduling. Section 5
presents the implementation and first results. Section 6 discusses
possible extensions of our framework, Section 7 gives a systematic
classification of related work, and Section 8 concludes.

2.

BASIC TERMINOLOGY

In the following, we focus on scheduling basic blocks where the
data dependences among the IR operations form a directed acyclic
graph (DAG)
.
An IR-schedule, or simply schedule, of the basic block (DAG)
is a bijective mapping
describing a linear
sequence of the IR operations in
that is compliant with the
.A
partial order defined by , that is,
partial schedule of is a schedule of a subDAG
induced by a subset
where for each
holds that all predecessors of in are also in . Note that a
partial schedule of can be extended to a (complete) schedule of
if it is prefixed to a schedule of the remaining DAG induced by
.
We assume we are given a target processor with functional
units
. The unit occupation time of a functional unit
is the number of clock cycles that is occupied with executing
an instruction before a new instruction can be issued to . The
latency of a unit
is the number of clock cycles taken by an
instruction on
before the result is available. We assume that
. The issue width is the maximum number of instructions that may be issued in the same clock cycle. For a single-issue
processor, we have
, while most superscalar processors are
multi-issue architectures, that is,
.
For simplicity, we consider for now only the case where each IR
operation is mapped to one of a set
of equivalent, single
target instructions: A matching target instruction
for a
given IR operation is a target processor instruction that performs
the operation specified by . An instruction selection for a DAG
maps each IR operation
to a matching target
instruction
. Our framework can be easily generalized
to the case of multiple IR operations matching a single target instruction (which is quite common for a low-level IR) as discussed
in Section 6, while the case of a single IR operation corresponding to multiple target instructions requires either lowering the IR
or scheduling on the target level only, rather than on the IR level
(cf. Figure 1). We also assume that each target instruction is executable by exactly one type of functional unit.
A target-schedule is a mapping of the time slots in
to instructions such that
denotes the instruction starting
execution on unit
at time slot . Where no instruction is started
on
at time slot ,
is defined as NOP. If an instruction
produces a value that is used by an instruction
, it must hold
. Also, it must hold
where
is the
latest instruction issued to
before
. Finally, it must hold
.
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For a given IR-schedule and a given instruction selection ,
an optimal target-schedule can be determined in linear time by
a greedy method that just imitates the behavior of the target processor’s instruction dispatcher when exposed to the instruction sequence given by
.
The execution time
of a target-schedule is the number of
clock cycles required for executing , that is,
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A target schedule Y is time-optimal if it takes not more time that
any other target schedule for the DAG.
A register allocation for a given target-schedule Y of a DAG is a
mapping { from the scheduled instructions Y Hx] _ to physical registers
such that the value computed by YDH^] _ resides in a register {yYDHx] _I
from time slot ` and is not overwritten before its last use. (Spilling

will be considered later.) For a particular register allocation, its
register need is defined as the maximum number of registers that are
in use at the same time. A register allocation is optimal for a given
target schedule if its register need is not higher than that of any
other register allocation for . That register need is referred to
as the register need of . An optimal register allocation for a given
target-schedule can be computed in linear time in a straightforward
way [15].
A target-schedule is space-optimal if it uses no more registers
that any other possible target-schedule of the DAG. For single-issue
architectures with unit-time latencies, IR-schedules and target-schedules are more or less the same, hence the register allocation can
be determined immediately from the IR schedule, such that spaceoptimality of a target-schedule also holds for the corresponding IRschedule [26]. In all other cases, the register allocation depends on
the target-schedule.

Y

Y

{
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3. IR-LEVEL SCHEDULING AND
DYNAMIC PROGRAMMING
The basic idea of our dynamic programming algorithm is to incrementally construct longer and longer partial schedules of the
DAG and, wherever possible, apply local optimizations to prune the
solution space of partial schedules. We start with a naive approach
for generating optimal IR-schedules [26] that consists in the exhaustive enumeration of all possibilities for topological sorting of
the DAG.
Topological sorting maintains a set of DAG nodes with indegree
zero, the zero-indegree set, which is initialized to the set of DAG
leaves. The algorithm repeatedly selects a DAG node from the
current zero-indegree set, appends it to the current schedule, and
removes it from the DAG, which implies updating the indegrees
of the parents of . The zero-indegree set changes by removing
and adding those parents of that now got indegree zero (see
Figure 2). This process is continued until all DAG nodes have been
scheduled. Most heuristic scheduling algorithms differ just in the
way how they assign priorities to DAG nodes that control which
node is being selected from a given zero-indegree set. If these
priorities always imply a strict linear ordering of nodes in the zeroindegree set, such a scheduling heuristic is also referred to as list
scheduling.
A recursive enumeration of all possibilities for selecting the next
node from a zero-indegree list generates all possible IR-schedules
of the DAG. Of course, there are exponentially many different IRschedules; an upper bound is , the number of permutations of
DAG nodes; the exact number of IR-schedules depends on the
structure of the DAG. Hence, the run time of this enumeration
method is exponential as well; our implementations [26] have shown
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Figure 3: An example DAG (left hand side) and the resulting selection tree (first three levels, right hand side).
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root (i.e., the set of all DAG leaves) to a leaf (i.e., an instance of the
empty set), corresponds one-to-one to a valid IR-schedule of the
DAG [26], which is given as the sequence of selection edge labels
on that path. All paths in the selection tree that end up in instances
of the same zero-indegree set have the same length, as the same
subset of DAG nodes has been scheduled; hence the selection tree
is leveled.
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procedure top sort Set , int[] INDEG, int
if
// that is,
select an arbitrary node
;
; // append to partial schedule
INDEG
selection , INDEG
top sort
INDEG
;
else output
fi
end top sort
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The selection tree corresponds to the call tree of a recursive implementation of the naive enumeration algorithm.
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Figure 2: Topological sorting, here a recursive formulation,
generates a schedule of the DAG in selection steps.
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that it cannot be applied for basic blocks larger than about 15 instructions.
The exhaustive enumeration of topological sorts implicitly1 builds
a tree-like representation of all schedules of the DAG, called the
selection tree (see Figure 3). Each node of the selection tree corresponds to an instance of a zero-indegree set of DAG nodes that
occurs during topological sorting. A node in the selection tree is
connected by directed edges to the selection nodes corresponding to all zero-indegree set instances that can be produced by performing one selection step in the topological sort algorithm; the
selection edges are labeled by the corresponding DAG node chosen at that selection step. Each path in the selection tree, from the
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Figure 4: The selection DAG
of the example DAG of Figure 3 if all selection nodes
with the same zero-indegree
set could be merged [26].

By looking closer at the selection tree, we can see that multiple
instances of the same zero-indegree set may occur. For all these
instances, the same set scheduled
of nodes in the same subDAG
of below has been scheduled. This leads to the idea that
we could perhaps optimize locally among all the partial schedules
corresponding to equal zero-indegree set instances, merge all these
nodes to a single selection node and keep just one optimal partial
schedule to be used as a prefix in future scheduling steps (see Figure 4). In previous work [26] we have proved that this aggressive
merging is valid when computing a space-optimal schedule for a
single-issue processor with unit-time latencies. When applying this
idea consistently at each level, the selection tree becomes a selection DAG, which is leveled as well. By constructing the selection
DAG level-wise, each zero-indegree set occurs at most once, thus
at most selection nodes will be created. Additionally, many sub-
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sets of may never occur as a zero-indegree set. Note also that,
thanks to the leveling of the selection DAG, all selection nodes in
level can be released as soon as all selection nodes in level
have been created.
This method leads to a considerable compression of the solution
space. However, grouping of partial schedules by merging of selection nodes is only applicable to those schedules that are comparable
with each other, where comparability depends on the target architecture and the optimization goal. For the space optimization mentioned above, all schedules ending up in an instance of the same
zero-indegree set are comparable, as the same subset of already
scheduled DAG nodes
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resides in registers. Together with other optimizations [26], this
compression makes the algorithm practical also for medium-sized
DAGs with up to 50 nodes.
This high degree of comparability is, however, no longer given if
we are looking for a time-optimal schedule, because then it usually
turns out only later whether one partial schedule is really better than
another one if used as prefix in a schedule for all DAG nodes.

4.

TIME PROFILES AND TIME-OPTIMAL
SCHEDULING

A time-profile represents the occupation status of all units at a
given time. It specifies for each functional unit the sequence of
instructions that are currently under execution in that unit but not
yet completed. In other words, the time-profile gives just that most
recent part of a partial schedule that may still influence the issue
time slot of the next instruction to be scheduled.
Formally, a time profile
consists of a issue horizon
displacement
and a profile vector
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the profile vector denotes either the corresponding DAG node & for
some instruction R issued to B;H , or a NOP (–) where no instruction is
issued. Note that for a unit with unit-time latency there is no entry
in  . The displacement  accounts for the possibility of issuing an
instruction at a time slot where some other instruction has already
been issued. For single-issue processors,  is always 0, thus we
can omit  in  . For an in-order multi-issue architecture, we have
¬(h'Dt where for ®¯ at least one and at most M?e of the
entries corresponding to the most recent issue time, nH^]C for  K
oK A , must be non-NOP. For out-of-order issue architectures, the

displacement could be greater than one, but we need not consider
this case as we aim at computing an optimal schedule statically. Of
course, not all theoretically possible time profiles do really occur in
practice.
The time profile
profile
of a given target-schedule
is determined from as follows: Let
denote the time slot
where the last instruction is issued in . Then
is the
time profile that is obtained by just concatenating (in reverse order
to determine ) the DAG nodes (or NOPs) corresponding to the
latest entries
in for the units ,
, where
if another instruction may still be issued
at time to a unit
with
NOP, and 0 otherwise.
Entries
with
are regarded as NOPs. is called the time
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reference point of in . Note that is always smaller than the
execution time of .
Hence, a time profile contains all the information required to decide about the earliest time slot where the node selected next can
be scheduled.
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T HEOREM 1. For determining a time-optimal schedule, it is
sufficient to keep just one optimal target-schedule among all those
target-schedules for the same subDAG
that have the same
time profile , and to use as a prefix for all target-schedules that
could be created from these target-schedules
by a subsequent
selection step.
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Proof: All schedules of
contain the same set of nodes. We consider
just the next node
that will be selected and appended to a schedule
of
with time profile
in a subsequent selection step; evidence
for all subsequent selections will then follow by induction. For each , let
denote the time reference point of in . Let be some matching
target instruction for to be chosen, and assume that is to be scheduled
on unit . Let
be the latest instruction that has been issued in to
. Assume that, if existing, the DAG predecessors
and
of have
and
respectively. Then can be
been issued as instructions
,
issued earliest at time
provided that the issue width is not exceeded at time . If
is outside
the time profile, that is,
, then no instruction was
issued to
within the time interval covered by the time profile , thus
. A similar argument holds for the units
and
. In either case, the issue time of does not depend on instructions
outside the profile window. As the profile is supposed to be the same for
all , the difference
will be the same for all . Hence, one may
take an arbitrary one of the as a prefix for the next selection of . As the
execution time should be minimized, one of the with minimum execution
time must be kept.
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We extend the definition of selection nodes accordingly, as the
zero-indegree set is no longer sufficient as a unique key:
An extended selection node, or ESnode for short, is identified by
a triple
, consisting of a zero-indegree set , a time
profile , and the time reference point of
in the schedule
which is stored as an attribute schedule in that node. Technically,
ESnodes can be retrieved efficiently, e.g. by hashing (as applied in
the current implementation).
According to Theorem 1 it is sufficient to keep as the attribute
schedule of an ESnode , among all target-schedules with equal
zero-indegree set and equal time-profiles, one with the shortest execution time.
Figure 5 illustrates the resulting extended selection DAG for the
example DAG of Figure 3, applied to a single-issue target processor
with two functional units,
with latency
and
with
latency
, hence the time profiles have a single entry. Nodes
and are to be executed on unit , the others on .
An important optimization of this algorithm consists in the structuring of the space of all ESnodes as a two-dimensional grid of
ESnode lists , with one dimension for the number of IR operations scheduled (i.e., the length of the IR-schedule), and one dimension for the execution time .
contains only those ESnodes
in level whose associated partial schedules have execution time
(see Figure 6).
Let
denote the maximum latency. Appending a
node to an existing schedule will increase the execution time of
any target schedule derived from by at most cycles. Hence,
if we perform a selection starting from an ESnode in
, the
resulting ESnode will be stored in exactly one of
,...,
.
This observation pays off in two aspects: First, it restricts the
scope of searching for existing ESnodes with same time profile and
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Figure 5: Example for an extended selection DAG.
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lists. Second, it defines the
same zero-indegree set to only
precedence relations for the construction of ESnode lists
, see
Figure 6. This knowledge allows us to construct the solution space
of ESnodes in an order that is (1) compliant with the precedence relations among the selection nodes, and (2) most favorable with respect to the desired optimization goal, so that those selection nodes
that look most promising with regard to execution time are considered first, while the less promising ones are set aside and reconsidered only if all the initially promising alternatives finally turn out
to be suboptimal.
time k
Lk-1
l-1

k
Ll-1

Lk+1
l-1

Lk+2
l-1

Lk-1l

Llk

Lk+1
l

Lk+2
l

Lk-1
l+1

k
Ll+1

Lk+1
l+1

Lk+2
l+1

Lk-1
l+2
length l

k
Ll+2

Lk+1
l+2

Lk+2
l+2

Figure 6: Structuring the space of partial solutions as a twodimensional grid.

The final algorithm is given in Figure 7. The correctness follows from Theorem 1 by induction. Note that partial schedules that
exceed a given, maximum register need
are discarded immediately.
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function timeopt ( DAG with nodes and set of leaves)
List ESnode
empty list
;
new List ESnode
new ESnode
;
schedule
;
do // outer loop: over time axis
for
for level from to
do
for all
do
do
for all
INDEG
selection
INDEG ;
for all
do
schedule
;
// append
if
then continue fi;
;
profile
;
is the time reference point of
in ;
new ESnode
;
schedule
;
for all
with
do
.lookup
exists
if (
then break fi;
od
if
exists then
then
if
.remove
;
.insert
;
else forget
fi
else
.insert
; fi
od
od
od
od
if
.nonempty
then return schedule for some
fi
od
end timeopt

Ú Û


Ö.

Öæ(*Ú Û

Figure 7: The algorithm for determining a time-optimal schedule, taking instruction selection into account.

5. IMPLEMENTATION, FIRST RESULTS
We use the LEDA library [33] for the implementation of the most
important data structures, such as DAGs, selection node lists, and
zero-indegree sets. Furthermore, we have connected a C front end
to our code generator prototype. The new prototype is intended to
become the technical basis for a future system for integrated code
generation, called OPTIMIST.
First, we use randomly generated basic blocks as input to test our
algorithm with problem instances of a reasonable size. Our method
for generating random DAGs is controlled by several parameters
such as the number of nodes or the number of leaf nodes. We considered different parameter sets for , , , and to model various
target architectures.
Figure 8 shows the optimization times depending on the DAG
size for a large test series with
,
,
. All
arithmetic instructions go to , the Loads to . Figure 9 shows
the case
,
,
where additions go to
,
multiplications to , and Loads to . Our algorithm turns out to
be practical for DAGs with up to 50 instructions. It ran out of space
(256 MB main memory plus 200 MB swap space) only for a few
cases in the range between 38 and 45 instructions, for about 50% of
the DAGs with 46 to 50 nodes, and for most DAGs with more than
50 instructions. Note that basic blocks that can still be optimized
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Random DAGs. Architecture with two functional units with latencies 1, and 2.

programs written in C. Table 1 shows the results. We observed
for the examples with compiled code similar time and space requirements of the optimization as for the randomly generated basic
blocks. Note that the optimization times depend considerably on
the individual structure of the DAG. For instance, optimization of
the FIR filter main loop body with 30 IR nodes takes about 200
times longer than for the matrix multiplication loop body with the
same number of IR nodes. The source codes and the visualizations
of their basic block IRs can be inspected at the project homepage2 .
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Figure 9: Optimization times for 120 random DAGs with
,
.
Source program,
basic block
FIR filter fir.c
BB1 (first loop body)
BB2
BB3 (main loop body)
Matrix multiplication
BB2 (main loop body)
same, unrolled once
Jacobi-style grid relaxation
loop body, 5-point-stencil
loop body, 9-point-stencil

50

A*ë ,

A¶ M A *ë M ,
 JÊÇI7 J Ç7ëz

# IR optimization time
nodes
,
,
,

16
16
30

3.5 s
8.0 s
3:21:50.2 s

4.0 s
9.5 s
4:40:44.9 s

30
40

1:05.0 s
6:08.5 s

1:41.8 s
9:47.2 s

40
53

1:15.8 s
1:36:13.2 s

1:31.8 s
2:00:51.5 s

Table 1: Optimization times for basic blocks taken from compiled C programs. All measurements were taken on an Ultra
Sparc 10 with 256 MB RAM and 200 MB swap space.
with a naive enumeration algorithm may have up to 15 instructions
only. It can be well observed how the combinatorial explosion is
deferred towards larger problem sizes by our algorithm.
Second, we have tested our algorithm with real-world example

Currently we still target architectures with a homogeneous register set but aim at generalizing this in the near future. For that
purpose, we extend the time-profiles to time-space-profiles, but the
implementation of this extension is not yet finished. A time-space
profile for a zero-indegree set additionally contains a space proreside in which
file, that is a description which values in alive
class of registers. As the memory is also modeled as a register class,
this covers even spilling and (optimal) scheduling of spill code. The
space profile is used e.g. to restrict the alternatives for instruction
selection for the next node to be scheduled. A more complete discussion of space profiles requires experimental evaluation and is
beyond the scope of this paper.
Furthermore, to be able to retarget our system to different architectures, we will develop or adopt a suitable hardware description
language.
The algorithm exhibits potential for exploiting massive looplevel parallelism. In principle, all but the outermost two loops may
run in parallel, provided that a sequentially consistent data structure
is used for the extended selection DAG that applies a locking mechanism to avoid multiple insertion of ESnodes. The parallelization
of the two outermost loops must take the abovementioned dependencies among the ESnodes’ construction into account, such that
multiple processors may work on expanding different ESnode lists
located on the same diagonal.
A generalization to more advanced instruction selection that allows to cover multiple IR nodes by a single target instruction, as
applied by state-of-the-art tree pattern matchers, is straightforward
but not yet implemented. The dynamic programming algorithm
processes the IR nodes one after another. At some IR nodes there
is a choice between using a simple target instruction that matches
, or a more powerful instruction that may cover and several subsequently scheduled nodes. For instance, an ADD operation may
be translated directly to an add instruction, but it may also be executed as part of a combined addmul operation that requires a
matching MUL operation. Or, a 32-bit adder may be used in some
processors as two 16-bit adders operating in SIMD-parallel; where
a 16-bit adder is enough for an ADD operation , another 16-bit
ADD operation can be sought to complement a double-16-bit addition. Unfortunately, it is not yet known when selecting an instruction for whether other DAG nodes may be scheduled subsequently that, together with , would match such a more powerful
instruction . This problem is solved by applying speculative instruction selection. Those instructions that require certain other
IR operations to follow are considered but marked as speculative.
As soon as the speculation turns out to be wrong, this variant is discarded. This method preserves the leveling property of the leveled
extended selection DAG. The speculation may be complemented
by a preceding static analysis of the DAG structure, such that speculation needs only be applied where such a cover is possible.
The time profiles may also be used as a mechanism to describe
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the boundaries of schedules for basic blocks. Additionally, the
computation of a target-schedule from a given IR-schedule may
take, as an optional parameter, a time profile as an offset. This allows to propagate boundary descriptions of basic blocks along the
program’s control flow graph and switching back and forth between
a local and global scope of scheduling. In this way, loop scheduling
could be solved by an iterative process. This is an issue of future
research.
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We classify related work into heuristic methods and optimal methods and distinguish between isolated and integrated approaches.

7.1 Heuristics
The critical path list scheduling algorithm is the most popular
heuristic for local instruction scheduling [35]. List scheduling determines a schedule by topological sorting, as described above. The
edges of the DAG are annotated by weights which corresponds to
latencies. In the critical path list scheduling, the priority for selecting an node from the zero-indegree set is based on the maximumlength path from that node to any leaf node. There exist extensions
to list scheduling which take more parameters into account, data
locality for example.
Global instruction scheduling methods, such as trace scheduling [14] and region scheduling [20] can move instructions across
basic blocks to produce more efficient code.
Goodman and Hsu [19] try to break the phase-ordering dependence cycle and solve the register-constrained time optimization
problem for large basic blocks by a mix of several heuristics and
switching back and forth between space and time optimization depending on the current register pressure. Freudenberger and Ruttenberg [16] extend this approach to trace scheduling for pipelined
VLIW processors. Further heuristic approaches [27, 34] have addressed the problem of register-constrained scheduling problem for
superscalar and VLIW processors with arbitrary latencies. Kiyohara and Gyllenhaal [27] consider the special case of DAGs in unrolled loops; spill code is generated if necessary. Mutation scheduling [36] is an integrated, heuristic based method that integrates
code selection, register allocation and instruction scheduling into
a unified framework.
In general, heuristic methods can produce effective results within
time and space limitation, in particular for standard processor architectures. But they do not guarantee optimality.

7.2 Optimal approaches
Integer linear programming. ILP-based methods are widely used
today in code generation. The difficult part is to specify the linear
program which is solved usually by third party linear solvers. Once
the problem is specified as an ILP instance, the connection to the
DAG is lost — the solver does not access extra information about
the original program to solve the problem.
Wilken et al. [45] present a set of extensive transformations on
the DAG, that help to derive an advanced ILP formulation for the
instruction scheduling phase. First, they show that the basic formulation of the ILP of a given problem leads to unacceptable compile
time. Then, providing transformations on the DAG, they decrease
the complexity of the ILP, such that it can cope with basic blocks
up to 1000 instructions in acceptable time. The resulting schedule is optimal. However, the register allocation problem is ignored
during the optimization.
For instance, Wilken et al. show that an hourglass-shaped DAG
(see Figure 10) can be scheduled using a divide-and-conquer step:
An optimal schedule for such hourglass DAGs can be determined as

a concatenation of optimal schedules for the two subDAGs below
and above the articulation node. Note that explicit application of
this simplification is not necessary in our approach, as such structural properties are automatically exploited by our algorithm, which
creates for an hourglass-shaped DAG also an hourglass-shaped selection DAG, that is, the optimization is implicitly decomposed into
two separate parts; preprocessing the DAG is not necessary.
An interesting approach, from a technical and economical point
of view, consists in performing post-pass optimization. In the PROPAN framework [25], Kästner implemented a phase coupled optimizer generator. The generator reads in a processor specification
described in a Target Description Language (TDL) and generates
a phase coupled optimizer specified as an ILP instance that takes
restrictions and features of the target processor into account. An
exact and optimal solution is produced, or a heuristic based, if the
time limit is exceeded. In this framework, the full phase integration
is not possible for larger basic blocks, as the time complexity is too
high.
Dynamic programming. Aho and Johnson [2] use a linear-time
dynamic programming algorithm to determine an optimal schedule
of expression trees for a single-issue, unit-latency processor with
homogeneous register set and multiple addressing modes, fetching
operands either from registers or directly from memory.
Vegdahl [44] proposes an exponential-time dynamic programming algorithm for time-optimal scheduling that uses a similar compression strategy as described in Section 3 for combining all partial
schedules of the same subset of nodes. In contrast to our algorithm,
he first constructs the entire selection DAG, which is not leveled
in his approach, and then applies a shortest path algorithm. Obviously this method is, in practice, applicable only to small DAGs.
In contrast, we take the time and space requirements of the partial
schedules into account immediately when constructing the corresponding selection node. Hence, we need to construct only those
parts of the selection DAG that could still lead to an optimal schedule. Vegdahl’s method directly generalizes to a restricted form of
software pipelining of loops containing a single basic block, where
the execution of independent instructions of subsequent loop iterations may overlap in time, by computing a shortest cycle. Note
that our method could be generalized accordingly. In [44], register
requirements are not considered at all.
Space-optimal schedules for DAGs are generated by a predecessor of our algorithm [26]. Although the worst case complexity for
this algorithm is also exponential, this algorithm is, as shown empirically, practical for medium size basic blocks with up to 50 instructions.
Branch-and-bound. Yang et al. [46] present an optimal scheduling algorithm for a special architecture where all instructions take
one time unit, and all functional units are identical. Note that optimal scheduling is even for such an architecture still NP-complete.

ñ

Enumeration. Chou and Chung [11] enumerate all possible targetschedules to find an optimal one. They propose methods to prune
the enumeration tree based on structural properties of the DAG.
Their algorithm is suitable for basic blocks with up to 30 instructions.
Constraint logic programming. Ertl and Krall [13] specify the
instruction scheduling problem as a constraint logic program. A
time-optimal schedule is achieved for small and medium size basic
blocks.

7.3 Special cases
Where the DAG happens to be a tree or the target processor architecture is very simple, a time-optimal schedule can be found in
polynomial time [4, 5, 24, 28, 37, 39, 41].

8.

SUMMARY AND CONCLUSIONS

Several integrated methods based on heuristics, especially integrating register allocation and instruction scheduling, can be found
in the literature. The heuristic methods may improve generated
code, but do not indicate how far the produced code is from being
optimal. Optimal solutions can be derived, if at all, only for very
special cases or for isolated phases, but cannot be regarded optimal
from a more general point of view. There are only a few approaches
that guarantee to find an integrated optimal solution, and their high
complexity causes them to be applicable only to quite small problem instances.
In this paper, we have made the first step towards the highly ambitious goal of fully integrated, optimal code generation. We have
presented the theory and implementation of an integrated code generation method that is based on dynamic programming. We have
exploited problem-specific properties for the compression and the
efficient traversal of the solution space, which makes, for the first
time, an integrated optimal solution of instruction selection and instruction scheduling tractable also for medium-sized basic blocks.
We are now working on extending our method, by taking also nonhomogeneous register sets into account, generating and scheduling spill code optimally, and allowing more aggressive forms of
instruction selection. Future work in this project will also aim at
going beyond the basic block scope of optimization.
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