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Abstract—Modulo scheduling is a powerful method to increase
throughput in high-level synthesis for digital hardware design.
When facing large designs, optimal approaches are likely to
time out and heuristics fail to provide satisfying throughput and
latency. We propose an isomorphic subgraph-based reduction
of the input data-flow graph (DFG) that is applied before
scheduling, in order to solve the modulo scheduling problem
faster without changing the optimal initiation interval (II) and
allocated hardware. Our results show a solving time speedup
of 5× on average and up to 102× for large designs. Using the
proposed pre-processing step, the II achieved could be reduced
by 33% on average for SDC-based modulo schedulers. And in
ILP-based scheduling, we could classify 15% more solutions as
optimal within the same time compared to solutions provided
without applying our transformation.

Index Terms—Modulo Scheduling, High-level Synthesis,
Design-space Exploration

I. INTRODUCTION

Computer-aided transformation of algorithmic descrip-
tions into hardware as used in high-level synthesis (HLS)
[12], algorithmic synthesis and model-based hardware de-
sign has enabled software developers to effectively use field-
programmable gate arrays (FPGAs) for accelerating costly
computations. A popular approach to increase throughput is
the use of loop pipelining, which can be achieved by solving
the modulo scheduling problem [17].

The initiation interval (II) of a schedule is the number of
clock cycles after which new data, i.e., from the next loop
iteration, is inserted. This idea is depicted in Table I that shows
the first two iterations of a modulo schedule with II=3 for
the DFG shown in Figure 1. The operations that have to be
performed are described as oi. Operations of the same color
relate to the same type of operation and therefore the same
type of hardware unit. Instead of waiting for iteration 0 to
be complete in cycle six (latency = 7), iteration 1 (and all
subsequent ones) can already start three cycles after the start
of its predecessor, thus increasing throughput significantly.

In steady state operation, the throughput achieved is close
to the reciprocal of the II. Therefore, minimizing the II is
the first priority objective. Many approaches to solve the
modulo scheduling problem for digital hardware design have
been proposed using integer linear programming (ILP) [10],
[14], system of difference constraints (SDC) [4] and Boolean
satisfiability (SAT) [9], [7]. ILP-based approaches are able to
identify the optimal II and latency, but tend to timeout in
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A MODULO SCHEDULE (II=3, LATENCY=7) OF THE EXAMPLE DATA-FLOW

GRAPH IN FIGURE 1.
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practice when facing large DFGs, resulting in suboptimal IIs.
Heuristic formulations that are SDC-based or integrate SAT
renounce the ability to minimize latency in order to enable
quick identification of optimal IIs. Recent work on heuristic
approaches has shown significant improvement on speeding up
the solving process. But compared to optimal formulations,
the latency achieved has been up to three times worse for
small benchmarks with less than 100 vertices [9]. Scalability
still represents the main problem in modulo scheduling and
we present an approach to reduce problem complexity before
scheduling, thus improving solving time for both optimal and
heuristic approaches.

The theoretical minimum II (II⊥) is restricted by resource
and inter-iteration dependencies (recurrence) constraints. The
minimum recurrence constrained II (II⊥rec) is inherent to the
input problem. In the example DFG in Figure 1, II⊥rec is
introduced by the edge between o9 and o0 that is labeled with
a distance of one and represents that o0 requires the output of
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Fig. 1. Example data-flow graph and resource allocation.

o9 calculated one iteration earlier. The operations o1..9 have a
delay of one cycle (D1..9 = 1) and o0 is an inserted artificial
operation with a delay of zero cycles (D0 = 0). Due to the two
recurrences {o0, o1, o5, o9} and {o0, o2, o6, o9}, we have II⊥rec
=
⌈
0+1+1+1

1

⌉
= 3 (formal definition is given in Section III-B).

The minimum resource constrained II (II⊥res) is based on the
number of functional units (FUs) allocated and can be used for
design space exploration (DSE). In the example in Figure 1,
the violet operations o1 to o8 are of resource type v (Ǒv={o1,
..., o8}). Lets suppose for this example, the resource type v
has a limit of av=3 functional units which leads to II⊥res = 3.
Reducing av to two would save one functional unit, but would
lead to II⊥res = 4. Resources g (o9) and b (o10, o11) have been
assigned a limit of one (ag = ab = 1). Note that at no time
slot modulo three, more than the number of allocated hardware
units (3/1/1) is scheduled.

The addition of available resources relates to improving
throughput (until II⊥rec is the limiting factor). Therefore, re-
source allocation can be used for DSE. This introduces an
exponentially growing design space that is often traversed
partially using iterative methods or heuristic models [19].
A problem-specific approach is scheduler-driven DSE that
discards dominated resource allocations, thus speeding up the
process significantly [15].

The main shortcoming of modulo scheduling and DSE are
the lack of scalability. An open question that we address by
using II⊥ for subgraph combination is how graph reduction
techniques can be combined with scheduler-driven DSE to
speed up solving time. The contributions of this work are:

i) An isomorphic-subgraph based transformation of the
DFG to significantly reduce solving time in modulo
scheduling problems without changing the optimal II or
adding additional FUs.

ii) A search-space pruning method for isomorphic subgraph
mining and combination.

iii) A heuristic for design-space exploration.
iv) An evaluation of the proposed method on real circuits

from digital signal processing.
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Ǒr = {og2 , og3 , og4},
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Fig. 2. DFG and allocation from Fig. 1 after the proposed transformation.

II. MOTIVATIONAL EXAMPLE

This work proposes a method to reduce the number of
resource constrained and unconstrained vertices to be sched-
uled by using isomorphic subgraphs. A formal definition
regarding isomorphic subgraphs is provided in Section V. As
an example, four isomorphic occurrences (g1−g4) of the same
subgraph in the DFG are highlighted by red boxes in Figure 1.
Figure 2 shows the graph and resource allocation after the
proposed transformation was applied. All changes that were
made to the resource model are highlighted in bold.

The proposed graph transformation is applied using a subset
of these occurrences (g2 − g4). The vertex pairs {o2, o6},
{o3, o7} and {o4, o8} (in Figure 1) were replaced with ver-
tices that represent the respective subgraph occurrences (see
Figure 2). Then, as each subgraph contains two operations of
resource type v, the allocated hardware units were reduced by
two to av = 1. To compensate this, one FU of the new resource
type r (for red vertices) has been added. The latency of the
new operations is two cycles as they consist of two succeeding
operations of latency one. In general, the used occurrences
have to be scheduled using a non modulo scheduler, e.g. as-
soon-as possible (ASAP), before they can be replaced.

By replacing exactly three (and not all four) subgraph
occurrences with single vertices and adding a new resource
type, we achieve that II⊥res, II⊥rec, II⊥ and the allocated hardware
units remain unchanged. Note that one unit of the new resource
type r is a replacement for exactly two units of resource type
v that was removed in the new resource model.

We are able to achieve this by excluding g1 from the
transformation. If g1 had been used too, all operations of
resource type v would have been removed from the resource
model. In the case that all four operations of resource type r
would have to be implemented, II⊥res and II⊥ would increase to
four, lowering the optimal throughput achievable. The trans-
formation does not change II⊥ and the number of hardware
units allocated of every resource type whenever

#occurrences mod II⊥ = 0 (1)



holds. This is true, because (1) ensures 100% resource uti-
lization of all hardware units used in this specific subgraph.
This observation is crucial to speed up the identification and
combination of isomorphic subgraphs as it allows us to prune
large portions of the complete design space.

III. BACKGROUND

This section provides theoretical background and definitions
regarding modulo scheduling and the use of isomorphic sub-
graphs in the context of modulo scheduler-driven DSE. An
overview is provided in Table II.

A. Prerequisites

As is common for scheduling in the context of hardware
synthesis, we consider the problem description to be provided
as data-flow graph (DFG) G = (O,E, l) where operations
oi ∈ O are connected by directed edges (oi, oj) ∈ E that
represent an integer dependence distance dij . All forward
edges get assigned a distance of zero. Edges that relate to
data calculated n iterations before, have a distance of n.

For modelling hardware properties, a set of resource types R
(e.g., add, mult,...) that carries all scheduler relevant properties
(e.g., latency, blocking time,...) of the respective hardware
implementations is used. Via the labeling function l, every
oi is registered to one resource type τ ∈ R that implements
the respective operation, thus assigning a latency Di in clock
cycles. This latency is used by the modulo scheduler to ensure
a valid flow of data. To make the scheduler aware of hardware
restrictions, the number of available functional units of type τ
can be limited to FUs(τ).

In general, it is assumed that every τ is fully-pipelined and
able to accept new input data every clock cycle. It follows that
at most FUs(τ) operations of resource type τ can be scheduled
in time steps of the same congruence class (time step modulo
II). Resources that are not critical in hardware can be declared
unlimited, which simplifies the scheduling problem.

B. Modulo Scheduling

Using a fixed resource allocation, the most common main
design goal in modulo scheduling is to find a schedule that
enables the smallest II possible. Secondary objectives can be
the minimization of latency or required lifetime registers.

The maximum throughput that can be achieved depends
both on resource constraints and on recurrences (i.e., edges
with dependence distance > 0) in the DFG. The example in
Figure 1 has one recurrence with a dependence distance of one
and a latency of three cycles, so the II must not be less than
3
1 . This is called the recurrence-constrained minimum II [4],
written II⊥rec. In general, we have

II⊥rec = max
i∈ recurrences

⌈
latencyi
distancei

⌉
(2)

where latencyi and distancei give the latency and distance of
the ith recurrence.

Moreover, because this example has eight type v, two type b
and one type g operations, the II must also not be less than

TABLE II
NOTATION OVERVIEW

Notation Meaning

O Set of operations
E Set of edges
R Set of all Op. types
τ ∈ R Op. types (e.g., add, mult, ...)
l : l(oi) = τ Labeling function for oi ∈ O → τ ∈ R
dij ∈ N≥0 Dependence distance on oi → oj
Ǒ ⊆ O Resource-constrained operations
FUs(τ) ∈ N≥1 No. of instances of type τ ∈ R
Ǒτ ⊆ Ǒ Set of resource-constrained operations of type

τ ∈ R, i.e.,
⋃
τ∈R Ǒτ = Ǒ

Di ∈ N≥0 Latency of operation oi ∈ O
L ∈ N≥0 Maximal latency constraint

II⊥res Minimum resource constrained II
II⊥rec Minimum recurrence constrained II
II⊥ Minimum II
IIX Candidate II

8/FUs(v), 2/FUs(b) and 1/FUs(g), where FUs(τ) is the
number of functional units that can execute operations of type
τ . This is called the resource-constrained minimum II:

II⊥res = max
τ∈ resources

⌈
#τ

FUs(r)

⌉
(3)

where #τ is the number of operations in the DFG of type τ .
Then, the recurrence-constrained minimum II and the

resource-constrained minimum II, as defined in (2) and (3), are
used to estimate a lower bound for the II [17]. This minimum
II is defined as:

II⊥ = max(II⊥res, II
⊥
rec). (4)

IV. RELATED WORK

Modulo scheduling is a multi-objective optimization prob-
lem, e.g., minimizing both II and latency, where identifi-
cation of the smallest II possible is considered to be the
main objective [14]. To simplify the problem, Rau proposed
iterative modulo scheduling where the II is given as an input
to the solver, and is incremented after each unsuccessful
attempt [17]. The iteration starts using an estimated minimum
value for the II, and then increments this whenever a solving
process fails. The approaches to solve the modulo scheduling
problem can be classified into exact ones that are capable of
computing optimal solutions regarding II and often a target-
dependent secondary objective (e.g., [10], [14]), and heuristic
ones that cannot guarantee optimality and are chosen for
shorter run times (e.g., [4], [9], [7]).

We introduce a pre scheduling technique that helps to reduce
solving time regardless of the used scheduler by reducing the
size of the DFG using occurrences of isomorphic subgraphs.
In order to apply this approach for resource sharing during
HLS, Cong and Jiang proposed a subgraph mining heuristic
that restricts the maximum vertex size of patterns [6]. In
general, isomorphic subgraph mining is NP-complete [22].
By following the idea of Cong and Jiang, we are able to



significantly reduce the run time of the mining algorithm for
our experiments that are discussed in Section VIII.

Sittel et al. improve on the work of Cong and Jiang [6]
by formulating the problem of subgraph occurrence combi-
nation and subgraph-based scheduling for custom hardware
design [20]. We follow the authors in their approach of
combining occurrences and folding cores by using maximum
independent sets. But, we improve on Cong and Jiang by
supporting modulo scheduler-driven design space exploration
(see Section VI) and on both approaches by including context
specific information from resource allocation and modulo
scheduling for isomorphic subgraph mining and combination.

To the best of our knowledge, we are the first to introduce
a method that uses the concept of isomorphic subgraphs for
graph reduction for modulo scheduling and scheduler-driven
design-space exploration. Doing this, we are able to improve
throughput compared to state-of-the-art approaches that use
non modulo schedulers. Additionally, we are the first to utilize
II⊥ for subgraph mining to reduce runtime without pruning
relevant parts of the design space.

V. ISOMORPHIC SUBGRAPHS

The proposed transformation utilizes embeddings of isomor-
phic subgraphs into the DFG and applies a graph reduction
technique for modulo scheduling problems. This section in-
troduces the used nomenclature and definitions.

Intuitively, an occurrence is an embedding of a pattern
into a graph. In Figure 1, four occurrence (g1, g2, g3, g4) of
the pattern that describes two operations of resource type v
connected by one edge are highlighted using red boxes.

Definition 1: Let G = (O,E, l) denote the DFG represen-
tation of the input model, consisting of a set of operations O,
directed edges e ∈ E and a labeling function l for operations,
denoting operator types. Every connected p = (Op, Ep, lp)
is called a pattern occurring in G if there exists a function
ρ : Op → OG mapping the operations of p to the according
operations of G such that (i) ∀ o ∈ Op : lp(o) = lG(ρ(o))
and (ii) ∀ (oi, oj) ∈ Ep : (ρ(oi), ρ(oj)) ∈ EG. Then every
subgraph δp = (Oδp ⊆ OG, Eδp ⊆ EG, lG) in G such that
(i) ∀ o ∈ Oδp : lp(o) = lG(ρ(o)) and (ii) ∀ (oi, oj) ∈ Ep :
(ρ(oi), ρ(oj)) ∈ Eδp is defined as an occurrence of p in G.

A pattern is considered to be frequent in G if it has multiple
occurrences, i.e., a user-defined integer threshold, in G [23].
Applying a frequent subgraph mining algorithm, the set of all
frequent patterns P = {pi | i = 1, ..., n} and the set of all
occurrences ∆ = {∆pi | pi ∈ P}, where ∆pi contains all
occurrences of pi in G, are identified.

For our transformation, all occurrences used are required to
be non overlapping. This is due to the fact that one operation
can’t be used in different occurrences without changing the
algorithm described by the original DFG.

Definition 2: Two occurrences δj , δk of arbitrary patterns
are defined as compatible or conflict free if and only if the
intersection of their node set is empty, i.e. Vδj

⋂
Vδk = ∅.

In other words, two occurrences δj and δk are compatible
when they don’t share any operations. This can be modelled

using an undirected compatibility graph, where occurrences
are nodes and compatible occurrences are connected by edges.
A clique in such a graph represents a set of compatible
occurrences.

Definition 3: The frequency Smin (or minimum support)
of a pattern p in G is defined as the maximum number of
compatible occurrences of p in G, i.e. a maximal clique in the
compatibility graph.

Following Bringmann and Nijssen [3], we use maximal
cliques in order to combine isomorphic occurrences of patterns
to reduce the number of operations in the DFG.

Definition 4: Given a pattern p in G and a set of all
occurrences ∆p of p in G, we denote each subset ∆p

k ⊆ ∆p,
with | ∆p

k |≥ 2, of pairwise compatible occurrences as a
folding core.

In this work, we show how sets of compatible occurrences
(folding cores) can be used for replacing original operations
with placeholder operations, thus reducing the number of
operations in the DFG, without violating resource constraints
or changing II⊥.

Definition 5: The size Np
k =| ∆p

k | of the k-th folding core
∆p
k of a pattern p is called the folding factor of ∆p

k.
The folding factor describes how many occurrences of a

pattern can be replaced using placeholder operations.
Definition 6: Given any two patterns p1, p2 in G and two

sets of all occurrences ∆p1 , ∆p2 . Then, two folding cores ∆p1
k

and ∆p2
l are defined as compatible if and only if all δp1m ∈ ∆p1

k

and δp2n ∈ ∆p2
l are pairwise compatible.

In other words, a set of occurrences of different subgraphs
can only be used in combination when all occurrences in the
set are pairwise conflict free.

Definition 7: A set φ of pairwise compatible folding cores
is denoted as a folding core combination.

It is possible to replace occurrences of a folding core combi-
nation with their respective placeholder operations. Whenever
more than one operation was replaced, a reduction of the
DFG has been achieved. Using exact subgraph mining and
combination algorithms, all possible folding core combinations
can be identified. But, both problems are NP-complete. To ad-
dress this, we describe our approach of mining and combining
isomorphic subgraph occurrences for modulo scheduling that
reduces the design space significantly in Section VII.

VI. MINIMAL RESOURCE ALLOCATION

In general, given one resource allocation, it is the goal of
the modulo scheduler to identify the smallest II possible. But,
the exploding number of possible resource allocations makes
this approach impractical for design space exploration.

To address this problem, scheduler-driven design space
exploration has been proposed as a method for identifying
resource allocations that contribute to the Pareto frontier before
solving the modulo scheduling problem [15]. The idea is to
consider a set of IIs as input and to determine the minimal
resource allocations that are able to support the respective
IIs. We now describe how the Pareto frontier regarding II
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and functional units can be identified before scheduling, while
using only a small fraction of all possible resource allocations.

The minimal (or trivial) resource allocation of any limited
resource type τ can be calculated as follows [11], [15]:

aIIX
τ =

⌈
|Oτ |
IIX

⌉
∀τ ∈ R, 1 ≤ aIIX

τ ≤ |Oτ |, (5)

where IIX is the II that the desired allocation should support
using the minimal amount of FUs over all resource types τ
and |Oτ | is the amount of operations in the DFG that are
implemented using τ . In other words, (5) allocates precisely as
many FUs as are required to assign every operation in the DFG
a time step modulo IIX without violating resource constraints.

Let us consider the example DFG from Figure 1. The
design space for this example is depicted in Figure 3. For
this problem, we have II⊥rec = 3 and it follows that IIX ≥ 3.
We can directly conclude that (5) will allocate exactly one FU
of the resource types g and b, because

⌈
1
3

⌉
=
⌈
2
3

⌉
= 1 and

|Og| = 1, |Ob| = 2.
Therefore, the design space can be depicted using the

allocated FUs(v). All allocations where aIIX
v ≥ 4 are discarded

from the design space due to (5). The three minimal resource
allocations of resource type v that contribute to the Pareto
frontier are a3v = 3, a4v = 2 and the absolute minimal resource
allocation a8v = 1. Three candidate IIs IIX = 5, 6, 7 can also
be discarded as they are dominated by IIX = 4.

To summarize, the identification of the Pareto frontier
regarding II and allocated FUs for the example DFG has
been reduced to three problems using scheduler-driven design
space exploration that utilizes (5) for resource allocation. In
the following, we derive a method for reducing the number
of operations in the DFG such that the determined minimal
resource allocation for every candidate IIX remains unchanged
in order to reduce modulo schedule solving time. Our approach
can be used without scheduler interaction and is therefore
applicable for all optimal and heuristic formulations.

Algorithm 1 graphReduction
Require: Input DFG G, initial resource allocation R
Ensure: Reduced DFG Gr, adapted resource allocation Rr

1: II⊥ ← calcMinII(G,R)
2: F = Ø // a set of folding cores
3: F ← subGrMining(G,R, II⊥)
4: C ← subGrCombination(F , II⊥)
5: S = Ø // a fcc selection
6: S ← select(C, G,R)
7: Gr, Rr ← transform(G,R,S)
8: return Gr, Rr

Algorithm 2 subGrCombination

Require: F , II⊥

Ensure: C
1: C = Ø // folding core combinations
2: F∇ = Ø // folding cores
3: for each pi ∈ F do
4: ∆pi

0 = clique(∆pi , II⊥)
5: F∇ ← F∇ ∪∆pi

0

6: end for
7: C = allMaxCliques(F∇)
8: return C

VII. PROBLEM REDUCTION

The input to our transformation is the original DFG and
resource allocation. Algorithm 1 describes our transformation
as pseudo code. Our approach returns the transformed DFG
and modified resource allocation that can be used for modulo
scheduling and hardware generation.

As motivated in Section II, our approach to use subgraph
mining and combination for modulo scheduling is based on
II⊥ that is calculated in line 1 of Algorithm 1 using the
methods described in Section III-B. Since II⊥ is derived from
recurrence and resource constraints, the input DFG G and the
resource allocation R are required.

Next, we mine frequent subgraphs in the DFG and store
the findings in a set of folding cores. This is done in line
3. Note that there exists a plethora of isomorphic subgraph
mining algorithms in the literature (e.g., [23], [5]) and all of
them are applicable for our method. We exclude edges with
distance ≥ 1 from the mining process and plan to investigate
the usage of the different frequent subgraph mining algorithms
in this context in future work.

Note that II⊥ is passed to the frequent subgraph mining
algorithm in line 3. In Definition 3, we have introduced the
minimum support or frequency of a frequent subgraph. It is
a common method to reduce the search space in frequent
subgraph mining by setting a certain minimum support [23].
In other words, a lower limit to the amount of times each
enumerated subgraph has to occur in the DFG is set. We
set the minimum support to II⊥, because - as motivated in
Section II - each used subgraph has to be used at least II⊥

times in our transformation. Additionally, we pass the resource



TABLE III
BENCHMARK CHARACTERIZATION

Name # Ops. # lim. Ops. II⊥rec

sam [18] 125 61 1
iir [16] 544 224 14
radix-2 [13] 736 416 1
cholesky [2] 292 240 1

allocation to the frequent subgraph mining algorithm in order
to exclude patterns that would exceed the provided resource
limits. Using these two problem specific methods, we reduce
the search space significantly without pruning subgraphs that
are interesting for our transformation.

The enumerated folding cores are combined and stored in
a set of folding core combinations C in line 4. Our approach
for combining occurrences to folding cores and folding cores
to folding core combinations is shown as pseudo code in
Algorithm 2. For each pattern pi ∈ F a clique of compatible
occurrences of size 0 modulo II⊥ is generated in line 4.

Combining occurrences might introduce feedback loops.
The clique function in line 4 secures that such occurrences
are not combined (see [6] or [20]). From there on, we drop
occurrences from a maximal clique randomly until this size is
acquired to make the combination process as fast as possible
and plan to investigate more dedicated methods in future work.

Then, this clique is stored in a new container for folding
cores of compatible occurrences F∇ in line 5. Following Sittel
et al., all max cliques in F∇ are returned as a set folding of
core combinations C. Every combination φ ∈ C is valid for
applying our transformations as depicted in Section II.

Now, we select one combination in line 6 of Algorithm 1.
As our goal is to reduce the number of resource constrained
operations in the DFG to reduce solving complexity, we
assign the following metric to each considered folding core
combination φ:

φm =
N(G)

N(G)−
∑
p∈φ S

p
min · (N(p)− 1)

∀ φ ∈ C, (6)

where N(G) is the number of operations in the original
DFG, Spmin is the frequency of pattern p and N(p) is the
number of operations in each occurrence of pattern p. The
denominator of (6) calculates the number of operations that
would be in the transformed DFG using φ. Therefore, φm is a
metric to measure the possible reduction of operations and one
combination with the largest value is selected randomly. We
plan to research the effects of choosing different combinations
on solving time and latency in future work.

Finally, using the selection S, we generate a copy Gr of
G and Rr of R and replace all occurrences described in S
in Gr with new operations and adopt Rr in line 7. Every
pattern pi ∈ S is scheduled using a non modulo scheduler,
a new hardware resource is generated, all resource limits get
updated and all occurrences δpi get replaced by replacement
nodes such that the data-flow remains unchanged. Then, Gr
and Rr are returned and can be used for modulo scheduling
and hardware generation.

VIII. EXPERIMENTAL EVALUATION

We evaluated the proposed approach on a set of four test
instances that turned out to be very hard to solve using existing
modulo schedulers. The benchmarks (open-source [1]) are
taken from digital signal processing and embedded computing
and are listed in Table III. All models contain a large number
of resource limited operations and instance iir contains a
mixture of resource constrained operations and recurrences.
Due to this, the Moovac formulation [14] was not able to
solve these problems. We evaluated the two popular modulo
schedulers from Eichenberger and Davidson (ED97) [10] and
Modulo SDC (SDC) proposed by Canis et al. [4].

All scheduling problems were constructed such that the
final hardware is able to meet a frequency of 250 MHz on
the Xilinx Virtex7 xc7v2000t g1925-2G target FPGA. For
determining latency information of the operators to achieve
the target frequency, we used the open-source core generator
FloPoCo [8]. The modulo scheduling problems were solved
using the open source library HatScheT [21] and Gurobi 8.1
in single-thread mode was selected as ILP solver with a
timeout of five minutes for each problem. All problems were
solved using a server system with Intel Xeon CPU E5-2650
v3 processor operating at 2.3 GHz with 128 GB RAM. The
hardware description after scheduling was generated using
Origami HLS [1] and then synthesized using Vivado v2018.1.

Table IV shows a detailed overview regarding the performed
experiments. For all four benchmarks, Pareto-optimal resource
allocations were constructed as described in Section VI. The
problems were solved using ED97 and SDC. The experi-
ments where the proposed transformation was applied before
scheduling are shown as ED97+ and SDC+, respectively.

All four approaches show the same performance for the
smallest benchmark sam regarding II. But, latency was in-
creased 1.45× when the scheduler ED97+ was used. This is
due to the ILP-based scheduler being able to determine latency
optimal solutions for this benchmark. The iir benchmark was
hard to solve using the SDC scheduler. Only four out of
five problems were solved. Here, the II achieved was 0.46×
smaller using our approach of graph reduction, more than
doubling the throughput achieved on average. Our approach
was very beneficial in this case, because it prevented the SDC
scheduler from running out of budget due to recursion calls.
Latency was 0.8× smaller on average. Comparing ED97 and
ED97+ only very minor changes in latency can be observed.
The radix-2 benchmark has the largest number of operations
and limited operations in the benchmark set which cause
the SDC scheduler to find suboptimal IIs and the ED97
scheduler to find less latency optimal solutions. One problem
could not be solved within the five minutes solving time
limit by SDC and SDC+. When our approach was applied
to radix-2, the II was 0.92× and the latency was 0.88×
smaller using SDC+ and ED97+, respectively. Only 23 of 27
problems of the cholesky benchmark were solved using SDC.
While the II found by ED97 and ED97+ was better compared
to SDC and SDC+, latency was significantly worse. Using
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MODULO SCHEDULING PERFORMANCE FOR TIMEOUT = 5 MINUTES
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Fig. 4. Synthesis results.

SDC+, one more solution was found and the II was 0.69×
smaller on average. The reason is that only 22 of 27 problems
were solved to optimality and feasible solutions showed a
latency that was 100× to 1000× worse compared to SDC
and SDC+ solutions. We conclude that ED97 and ED97+ are
good approaches whenever resource constraints are not tight,
meaning the implementation is almost parallel or the value of
II⊥ is close to II⊥rec.

Overall, the II found was 0.77× smaller on average when
SDC+ was used compared to SDC. Using our approach, the
latency observed was 1.09× and 1.08× higher. In total, 53
instead of 46 optimal solutions were found using ED97+ and
72 instead of 71 solutions were found using SDC+.

Figure 4 shows the post place and route synthesis results of
all solved scheduling problems. On the x-axis we show the II
achieved and on the y-axis we show resource usage in %:

RU = 100 · (0.5 · #LUTs used
#LUTs available + 0.5 · #DSPs used

#DSPs available ). (7)

For sam, all four approaches performed roughly the same. It
is noticeable that the minimal resource allocation for II=59 in
our experiments does increase RU compared to the II=30 solu-
tion. This is due to larger MUX and register costs. For iir, we
can see that ED97 and ED97+ outperform the SDC and SDC+
regarding II and RU. Also, one more solution was identified
using the ILP-based scheduler. In addition, SDC+ provides
better solutions than SDC regarding II and RU. Scheduling
analysis of the radix-2 benchmark in Table IV shows that
ED97 and ED97+ solved more problems, but a worse latency
was achieved. This propagates to the synthesis results. For II=7
and higher, no latency optimal schedules could be found, RU
increases significantly and no Pareto-optimal implementations
were found. SDC and SDC+ on the other hand, are able to find
modulo schedules that lead to Pareto-optimal implementations
up to II=115 and II=112, respectively. Synthesis results of
cholesky show that all four approaches perform roughly the
same regarding II and RU. But, only ED97 and ED97+ were
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Fig. 5. Scheduler-driven DSE solving time speedup (SDC/SDC+)
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Fig. 6. Scheduler-driven DSE solving time speedup (ED97/ED97+)

able to find solutions for II>30. Note that although ED97
and ED97+ solve more modulo scheduling problems of the
cholesky benchmark than SDC and SDC+, latency achieved
is way worse. This, combined with the high routing effort
required, results in solutions found for II=89 and II=189 being
dominated regarding RU by implementations that provide
higher throughput.

The maximum and average solving time speedups per
benchmark comparing SDC+ with SDC and ED97+ with
ED97 are shown in figures 5 and 6, respectively. We limited
the maximum operation size for frequent subgraphs to four
to reduce subgraph mining time. In future work, we plan
to investigate this limit to subgraph size regarding run time
and result quality. Due to this and our search space pruning
methods described in Section VII, we were able to reduce
subgraph mining and combination to < 0.1 seconds for all
benchmarks and omit them as they are negligible compared
to solving times. We observe solving time speedups of up to
100 for sam (using SDC+) and radix-2 (using ED97). On
average, the SDC scheduler benefits more from the proposed
transformation regarding solving time. The average solving
time speedup observed for the large radix-2 benchmark was
10.5 when ED97+ was used. For each problem, ED97+ and
SDC+ outperform ED97 and SDC, respectively.

IX. CONCLUSION & OUTLOOK

We present a graph transformation for custom hardware
generation using modulo scheduling. Our approach reduces
graph complexity by replacing isomorphic patterns with single
operations. Results show that the II achieved was improved on
average by 33% for SDC-based schedulers and more latency
optimal solutions were found when an ILP-based scheduler
was used. But, a drawback observed was that latency achieved

in clock cycles was increased by 8.5% on average over all
experiments. On average, modulo scheduling problems were
solved 5× faster using the presented approach.
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