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Abstract

Designers of custom streaming accelerators traditionally
use HDLs (Hardware Description Languages), but this is
time-consuming and requires advanced hardware expertise.
C-based HLS (High-Level Synthesis) offers a higher level of
abstraction and faster design time, but still requires some
hardware expertise and performance is often left on the table.
A promising direction is to use HLS with high-level func-
tional parallel patterns such as map and reduce. Prior works
have shown that high performance is achievable this way.
However, designing such compiler systems is challenging be-
cause the optimizer must handle a large number of language
primitives and interactions between them.

This paper introduces a minimal functional IR (Intermedi-
ate Representation) for hardware design, S1rop, which can
express both pipelining and spatial parallelism with just five
primitives. High-level operators from prior works are rep-
resented as syntax sugar and lowered to the core language.
This simplifies hardware generation and optimization.

Strop is compared with existing compilers on a set of
image processing and linear algebra benchmarks. The Strop
designs use 61% fewer ALMs (Adaptive Logic Modules) than
Aetherling, 68% fewer ALMs than SHIR, and 76% fewer ALMs
than the Intel HLS compiler, all for the same throughput.

CCS Concepts: - Hardware — High-level and register-
transfer level synthesis; « Software and its engineering
— Compilers.
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Figure 1. Steps in the S1rRop compilation flow.

1 Introduction

Designing specialized accelerators is common in many do-
mains from image processing to machine learning. Such
accelerators offer higher performance and power efficiency
than general-purpose processors. This is achieved by exploit-
ing the fixed computational patterns found in the application
and mapping these to spatial and pipeline parallelism.

Although specialized accelerators have significant ben-
efits, they are difficult to design. Low-level HDLs such as
VHDL and Verilog require deep hardware expertise. Even
higher-level HDLs like Chisel [3] and Spatial [23], which
simplify the process, demand hardware expertise.

C-based HLS lets designers define their hardware in C,
with annotations manually added to guide the optimizer. This
reduces design time but this still requires some expertise and
the hardware may not reach peak performance [19, 29, 35].

A promising approach is to use HLS with parallel patterns
from the functional programming paradigm, such as map and
reduce [11, 19, 24, 25, 36]. Rewrite rules are used to lower op-
erators step by step through different abstraction layers and
apply optimizations such as operator fusion. This approach
can produce high performance designs. However, implement-
ing and testing a hardware template for each operator re-
quires significant effort. At the time of writing, SHIR [36]
includes over 40 stream and vector operators and Aether-
ling [11] has over 30. It is even harder to define rewrite rules
to optimize all combinations of operators. Moreover, some
rewrite rules cannot be defined because the result would not
be expressible with the available language primitives.

This paper addresses these challenges by introducing a
small IR, STROP, with just five primitives for stream and vector
operations. All the familiar parallel patterns can be expressed
as syntax sugar and lowered to the core SIroP language.
Optimization and hardware generation are then performed
on the smaller core language, as shown in figure 1.
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Figure 2. Stream and vector functional primitives.

The main contribution of this paper is the minimal IR
for functional HLS (section 3). Its usefulness in practice is
demonstrated by an optimizing compiler, which is described
in sections 4 to 6. Specifically, the compiler demonstrates
that the language has the following properties:

o It is easily translated to hardware (section 4).

e It can express familiar functional patterns for HLS,
such as StmMap and StmReduce (section 5).

e It enables some more general optimizations, such as
fusion of any two streaming operators (section 6).

Moreover, section 7 evaluates the compiler on a set of im-
age processing and linear algebra kernels for an FPGA. The
S1rop compiler generates more resource-efficient designs
than prior works, including a commercial compiler (Intel
HLS) and two state-of-the-art functional HLS compilers (SHIR
and Aetherling). This is thanks to its ability to fuse any
streaming operators and its finer control over each opera-
tor’s implementation during lowering and optimization.

2 Background and Overview
2.1 Functional Programming Primitives

Some prior works have used data-parallel patterns [15] from
functional programming for hardware design. LIrTHLS [24],
Aetherling [11], and SHIR [36] are recent examples. At the al-
gorithmic level, operators are typically applied on sequences
of data, which can be nested. Examples of such operators are
shown below. Their semantics should be self-explanatory
given their names and types.

count : (n: Int) — Seq[Int,n]

map : Seq[A,n] — (A — B) — Seq[B, n]
— ((A,A) > A) — Seq[A, 1]
A,m] — Seq[A,n+ m]
B,n] — Seq[(A, B), n]
A, nm] — Seq[Seq[A, m], n]
— Seq[A, nm]

reduce : Seq[A, n] (n>=1)
concat : Seq[A, n] — Seq
[

— —

zip : Seq[A, n] — Seq
split: (m: Int) — Seq

—_—

join: Seq[Seq[A, m],n

Here, n, m are natural numbers; A, B are types; and Seq[A, n]
is the type of a sequence of n elements of type A.
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Figure 3. Streaming handshake protocol. The producer
raises the valid signal when it has data to send and the
consumer raises the ready signal when it can receive data.

1| (I0: Stm[ul6, 41) => (I1: Stm[ul6, 4]) =>

2 StmZip(Io, I1)

3 .StmMap( @(x: ul6, y: ul6) => x *x y )

4 .StmReduce( @(sum: ul6, x: ul6) => sum + x )

Figure 4. Functional-style dot product of two streams. In this
paper, the notation x.f(y, z, ...) is equivalent to f(x,y, z, ...).

2.2 Stream and Vector Hardware Primitives

A key advantage of hardware acceleration is the ability
to customize the level of spatial and pipeline parallelism.
Therefore, functional HLS tools typically expose at least
two sequence types: streams and vectors. This paper uses
the “stream” and “vector” terminology from LirTHLS [24]
and SHIR [36]. Aetherling’s TSeq and SSeq (time and space
sequences, respectively) are similar [11].

A stream can only be read once, one element at a time, in
order. Operations on streams are processed in time, enabling
pipeline parallelism. By contrast, vectors support random ac-
cess, even access to multiple elements at once. Operations on
vectors are processed in space, enabling spatial parallelism.

Most functional primitives have two versions: one for
streams and one for vectors. There is StmMap and VecMap,
StmReduce and VecReduce, and so on. There are also primi-
tives Stm2Vec and Vec2Stm for converting between streams
and vectors. These can be implemented in hardware as serial-
in parallel-out and parallel-in serial-out shift registers. Fig-
ure 2 shows examples of stream and vector primitives.

Streams may be statically scheduled [11] or dynamically
scheduled [20, 24, 36]. This paper uses dynamic scheduling
with the handshake protocol illustrated in figure 3.

2.3 Overview

Figure 1 summarizes the S1rop compiler. The input is a pro-
gram using stream and vector functional operators, like the
dot product program in figure 4. Prior works [11, 36] have
shown ways to lower operators like map to their stream and
vector variants; this paper focuses on the IR instead.

The compiler lowers the program to the core language,
which has only five stream and vector primitives: a vector
constructor (vbuild) and extractor (v[i]), a stream construc-
tor (sbuild) and extractor (sdata), and a letstm construct
to share streams. These will be defined in the next section.
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Type T bool| ip+ |up | fixpe |TTh = T,

Data type D bool| ip+ | up | fixug | (Do, ..

(TO; .. -aTn—l) | VeC[T> n] | Stm[Tr n]
.»Dyp_1) | Vec[D, n]
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Booleans, numbers, functions
Collections

Variables, functions, function applications
Standard logical, arithmetic operations
Tuple constructor and extractor

Vector constructor and extractor

Stream constructor and extractor

Stream sharing

Expression e = x| (x:T)e|e(e)
| e1+ey|e xey|if e; thene, elsees | ..
| (ep,...,en—1) | €0
|  vbuild(n,(x: T) > e) | e[e]
| sbuild(n)(ey, e;){ d }{p }|sdata(e)
| letstm[n] x =e; in e,
Accumulator a = (x:D)={init: e;, next: ey}
Producer p = (x:Stm[D,n]) = {stm: ey, ready: e}

Figure 5. Abstract syntax of SIrop. n,k € N and n* € N* are natural numbers. i,+ and u, are the types of n-bit signed and
unsigned integers, respectively. fix,, ; is for fixed-point numbers with n total bits and k fractional bits. € is an arbitrary number
of expressions ey, e, ..., €,. Most logical and arithmetic operations are omitted for brevity; they are standard.

The eager reader can find the lowered code for the dot prod-
uct example in figure 7, but it will be explained later.

Finally, after running several optimization passes, the
compiler generates a VHDL description of a dynamically-
scheduled streaming accelerator. Section 7 will show that
SIROP generates more resource-efficient hardware than the
Intel HLS compiler, Aetherling [11], and SHIR [36].

3 The Core Language

The core language is a typed lambda calculus with expres-
sions for booleans, integers, fixed-point numbers, tuples,
vectors, and streams, as shown in figure 5.

Vectors. Vectors have only one constructor:

vbuild(n, f) = [£(0), f(1), . f(n - 1)]

Vectors also have an extractor, v[i], which returns the ele-
ment at index i in vector v. The vbuild primitive was intro-
duced by prior work on compiling functional array programs
to imperative code [37].

Stream Constructor. The idea of having just one con-
structor and one extractor per collection type can be ex-
tended to streams. The expression

sbuild(n)(data, valid) {a} {p}

defines a stream of length n whose output is given by data
and valid. The stream has a set of accumulators @ modeled
as recurrence equations. The stream also has a set of input
producing streams p, each with a corresponding ready ex-
pression. The next, ready, data, and valid expressions can

depend on any accumulators and producers.
sbuild can implement any of the higher-level streaming
operators (e.g., StmMap, StmReduce). This will be discussed
further in section 5. Intuitively, it has the required properties:
e It can choose when its output is valid. For example,
StmReduce only has valid output after reading its en-

tire input.

e It has some internal state, like the counter in StmCount.

e It has zero or more input streams and, at any given
time, it can choose whether to read a given input. For
example, StmConcat only reads its second input after
exhausting its first input.

Stream Extractor. To read the current data from a pro-
ducer, the consumer must use the sdata primitive. sdata
can only be used within a stream and its value is undefined
if the corresponding ready expression evaluates to false.
All producers for which the ready expression evaluates to
true must have valid data before the consumer will proceed.

Stream Sharing. A stream e; can be shared by many
consumers using the construct letstm[n] x = e; in e;. x
can appear multiple times in e;. letstm has a FIFO (First-
In First-Out) queue whose capacity is at least n elements,
which allows consumers to read the shared stream at dif-
ferent time steps. However, no consumer can read element
i + n before all consumers have read element i. For example,
suppose s is a stream of length n > 2. Then letstm[1] x =
s in StmConcat(x, x) will get stuck, but letstm[n] x =
s in StmConcat(x, x) is valid.

Example. Figure 7 shows how the dot product program
from figure 4 is expressed in the core language. The three
distinct high-level operators StmReduce, StmMap and StmZip
are all represented by sbuild and sdata. Figure 7 also shows
its behaviour over time.

Type Checking. Type checking is straightforward; most
rules are standard. Figure 6 shows typing rules for vbuild,
sbuild, and letstm.

There are restrictions on the contents of collections in the
core language. Collections can only contain “data types” D
as defined in figure 5. This means streams cannot be nested,
which greatly simplifies hardware generation. Section 5 will
show that expressions with nested streams can be lowered to
expressions in the core language that satisfy this constraint.
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in context I,

e has type T

I'td:D T’ Fuo:bool
T+ sbuild(n)(d,0) {da} {p}:Stm[D,n]
aT=D Ttrainit:D I’Fanext:D
Il'+a:D
pT =T Trpstm:T T’ p.ready:bool
I vrp:T

i
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T|T” + a: D |in external context 'and ||’ + p : T |in external context I and

internal context I/, a has type D
I" =T, a;.x : Dj, pix: T; V1F|F’ Fa;:D; V1F|F' Fpi: T;

internal context I, p has type T

I'rf:uy—D 2k —1>n-1
I+ vbuild(n, f) : Vec[D, n]

T'Fe: Stm[Tz, ] Ix: Stm[Tz,

T+ letstm[k] x =e; ine;:

] Fey: Stm[Tl, n]
Stm[Tl’ ]

Figure 6. Typing judgments and rules for sbuild, vbuild, and letstm. I' maps variables to types. For sbuild, there is an
“internal” context I'” which includes the variables defined in the sbuild and an “external” context I" which does not.

1| (I10:Stm[u16,41) => (I1:Stm[ul6,4]) =>

2 sbuild (1) (sum+sdata(p),i+1==4) {/*StmReducex/

3 (i:ul6) = { init: @, next: i + 1 },

4 (sum:ul16) = { init: @, next: sum+sdata(p) }

5 }{(p: Stm[u16, 4]1) = {

6 stm: sbuild (4)( /*StmMap %/

7 sdata(p).0 x sdata(p).1, true

8 ) {3 {

9 (p: Stm[(u16, u16), 41) = {

10 stm: sbuild (4)( /*StmZip*/

11 (sdata(p@), sdata(pl)), true) {3} {

12 (p0: Stm[ul6, 41) = {

13 stm: I0, ready: true 3},

14 (p1: Stm[ul6, 41) = {

15 stm: I1, ready: true }},

16 ready: true 3} },

17 ready: true } }
To/data
I1/data
zip/data
map/data

reduce/data _m

reduce/sum 5 38 )

reduce/i

Figure 7. The dot product of two streams, expressed in the
core language. The outermost sbuild (StmReduce) adds up
the products using accumulator sum. It uses counter i to
know when to stop. In the timing diagram, grey sections
show where valid is false. reduce/data is the final dot
product. reduce/sum and reduce/i are the accumulators
in StmReduce. When the StmMap does not have valid data
(because 10 stalled earlier), the accumulators are not updated.

Summary. The core language of Sirop includes only five
main primitives for vectors and streams. There is a construc-
tor and extractor for vectors, vbuild and v[i], borrowed
from prior work. There is also a constructor and extractor
for streams, sbuild and sdata. Finally, letstm allows a pro-
ducer to have multiple consumers. The three stream-related
primitives are one of the main contributions of this work.

StmZip

..............

StmMap

StmReduce

I@/v-'-) .

I1/v-)

Io/r # Lo

I/r 4,000 T

@ data
(D) ready

valid

Figure 8. Hardware for the dot product example from fig-
ure 7. Handshake logic and register initial values are omitted.

.............................

Lerstn i e UM
map ! clock S LILILIL]
i buf/data 0 X T X 2
al | a| I . map/data (6 )
e buf zip | » 7 zip/data

Figure 9. Block and timing diagrams for letstm[1] x =
e; in StmZip(StmMap(x, +5), x), where e; is the stream 0, 1,
2, ... Each element of e; will be read at cycle t by map and
then at cycle ¢t + 1 by zip.

4 Hardware Generation

An expression in the core IR can be straightforwardly trans-
lated to a streaming accelerator expressed in an HDL. The
Strorp VHDL generator makes no optimization decisions;
instead, all optimization decisions are made on the core IR.
This will be discussed in section 6.

Combinational Logic. Expressions with no streams cor-
respond to combinational logic. Tuples and vectors are rep-
resented by VHDL records and arrays, respectively.

Streams. Streams are translated to sequential logic. Each
sbuild is mapped to one VHDL component. For example,
the dot product program from figure 7 would be translated to
a three-stage pipeline as shown in figure 8. Each accumulator
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L[[StmCount(n : T)]] = sbuild(n)(i,true) { (i : T) ={ init:0, next:1+i}} { }
L[[StmReduce(s : Stm[D, n], f)]] =sbuild(1)(if (first) then sdata(p) else f(acc,sdata(p)),1+i=n)
{(acc: D) ={init:_, next:if (first) then sdata(p) else f(acc,sdata(p)) },
(first:bool) = { init: true, next: false }, (i: Ufog,(n+1)]) ={ init:0, next:1+i}}

{(p:Stm[D,n]) ={ stm:s, ready: true } }

wheren > 1

L[[StmConcat(sy : Stm[D, n],s; : Stm[D, m])]] = sbuild(n + m)(if i = n then sdata(p;) else sdata(py), true)
{ (i : Uniogy(ne1y)) ={ init: 0, next:if i=nthenielse1+i}}
{ (po:Stm[D,n]) ={stm:sy, ready:i#n}, (p1:Stm[D,m]) ={stm:s;, ready:i=n}}
L[[StmzZip(sy : Stm[Dy, n], s; : Stm[Dy,n])]] = sbuild(n)( (sdata(p,), sdata(p;)), true) { }{
(po : Stm[Dy,n]) = { stm: sy, ready : true }, (p; : Stm[Dy,n]) = { stm: sy, ready : true } }

L[[stmMap(s, (x : T) = e)]] = [s/x] R[[S[[ell]]

L[[StmSplit(s, m)]] =s

L[[StmJoin(s)]] =

Figure 10. Rules for lowering high-level stream operations into the core Sirop language. £[[-]] is the lowering transformation.
S{[-]] and R[[-]] are the streamification and resetting transformations, respectively. [e;/x]e; denotes substitution.

is represented by a register with the given initial value. The
output (data and valid) is also stored in a register to avoid
long combinational paths in the pipeline. Finally, for each
input producer p, the ready signal is set using p.ready.
Algorithm 1 shows the pseudocode for converting an
sbuild to VHDL. Notably, lines 2-7 describe the logic for
making an sbuild wait for its consumer or producers.

Stream Sharing. letstm also translates to a sequential
VHDL component. The queue is implemented as a circular
buffer with one pointer per consumer. The VHDL entity has
parameters for the queue capacity, number of consumers, etc.
The Sirop VHDL generator simply instantiates this entity
with appropriate parameters and connects its ports to the
producer and consumers. Figure 9 is a block diagram of the
hardware generated from a simple program with letstm.

Other Targets. Although this paper focuses on VHDL,
S1rop is not limited to hardware. For example, one could
compile SIROP to software where each sbuild is mapped
to a thread and the handshake interfaces use queues and
semaphores. The implementation is left for future work.

5 Lowering

S1rOP can express all the functional parallel patterns that
are typically used for hardware design: StmMap, StmReduce,
VecMap, VecReduce, etc. The lowering transformation L [[-]]
converts them all to the core language.

vbuild appears in prior works [37, 42]. For example:

L[[VecMap(v : Vec[T, n], /)] = vbuild(n,i — f(v[i]))

Figure 10 shows a few examples of stream-related lowering
rules. These are applied in a bottom-up manner, so producers
are lowered before their consumers.

As mentioned in section 3, to simplify hardware gener-
ation, the core language does not support nested streams.

Algorithm 1 sbuild hardware generation

1 def emit(s, consumer):

2 # Handshake logic

3 send = s.valid_sig and consumer.ready_sig[s]
4 arpv = all( # all required producers valid

5 not s.ready_expr[p] or p.valid_sig

6 for p in s.producers)

7 can_step = arpv and (send or not s.valid_sig)
8 # Output registers

9 s.data_sig = create_register(name="data",

10 init=None, update=s.data,

11 update_if=can_step or send )

12 s.valid_sig = create_register(name="valid",
13 init=False, update=s.valid and arpv,

14 update_if=can_step or send )

15 # Accumulators

16 for a in s.accumulators:

17 create_register (name=a.name, init=a.init,
18 update=a.next, update_if=can_step )

19 # Producers

20 for p in s.producers:

21 s.ready_sigl[p] =
22 s.ready_expr[p] and can_step
23 emit(p.stm, s)

Nevertheless, nested streams can be used in the higher-level
language. Operations on nested streams are removed during
lowering by flattening. Like the rest of the lowering pass,
this is fully automatic; no manual refactoring is required.
Since the lowering pass flattens streams, StmSplit and
StmJoin are trivial (figure 10). A useful consequence is that
expressions like StmSplit o f o StmJoin will always lower
to just f. If StmSplit and StmJoin were primitives, the op-
timizer would need yet another rewrite rule for this.
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1| // /*RESETx/ stands for: )

21 // i = 2 && in_cnt == 2 && out_cnt == 1

3( 7/ || in_cnt == 2 && out_cnt == 0 && i == 2

4| sbuild (10) (

5 if first then sdata(p) else sum + sdata(p),

6 i == 2

71 £

8 (sum: ul6) = {

9 init: o,

10 next: if /*RESET*/ then 0

11 else if (first) then sdata(p)

12 else sum + sdata(p) },

13 (first: bool) = {

14 init: true,

15 next: /*RESET=*/ 3},

16 (i: u4) = {

17 init: o,

18 next: if /*RESET*/ then 0 else 1 + i 3},

19 (in_cnt: u32) = {

20 init: o,

21 next: if /*RESET*/ then @ else 1+in_cnt 3},

22 (out_cnt: u32) = {

23 init: o,

24 next: if /*RESET*/ then 0

25 else if (i == 2) then 1 + out_cnt

26 else out_cnt }

27| ¥{(p: Stm[u16, 30]) = { stm: s, ready: true } }

V)

clock _ LIl ririrrirfr—

sum : (1T X3 X 0 X1 X 23X 0 X21 X483 X037
first : \ / \ : / \ : / \
i 1T X 2 X 0 X 1 X2 X0 X1 X2 X0
2 ) 1 2

§ 7 ) )
in_ent : (1 X2 X o X1 X2 X o X 1 X2 X0

out_cnt

data _6_X X_66 )

s/data
0 ; 1
0 b 1 )
0 b 1

valid /N /N /N

Figure 11. The lowered form of expression 1 along with
a timing diagram that illustrates its behaviour with input
[[1,2 3], [11,12,13], [21, 22, 23], ...].

For an example of lowering StmMap, consider the following
expression, which sums the rows of a 2D stream:

s.StmMap((row : Stm[ug, 3]) — row.StmReduce(+)) (1)

The lowered expression for StmReduce(row, +) has already
been shown in figures 7 and 10. To implement StmMap, all we
need is to reset the accumulators in StmReduce at the end of
each row. Figure 11 shows the lowered row sum expression.
In general, lowering StmMap works by a “stream resetting”
transformation R[[-]]. For each sbuild in the body of f:

1. Add a new accumulator to count valid outputs (e.g.,
out_cnt on lines 22-26 in figure 11).

2. Add accumulators to count inputs from each producer
(e.g., in_cnt on lines 19-21 in figure 11).

3. Reset all accumulators, even the new counters, once
the expected number of inputs have been read and the
expected number of valid outputs have been produced.

4. Update the length of the stream.

Louis Hildebrand and Christophe Dubach

s N

1| sbuild (10)(

2 if first then sdata(p) else sum + sdata(s),

3 i == 2

41) |

5 (sum: ul6) = {

6 init: o,

7 next: if (i == 2) then @

8 else if (first) then sdata(s)

9 else sum + sdata(s) 1},

10 (first: bool) = { init: true, next: i == 2 },

11 (i: ud4) = {

12 init: o,

13 next: if (i == 2) then 0 else 1 + i }

140 ¥{(p: Stm[u16, 30]) = { stm: s, ready: true } }
L J

Figure 12. Figure 11 after simplification (section 6.2). Notice
that both in_cnt and out_cnt have been removed.

The technique described above works for StmMap(s, f)
if f : Stm[Dy,n1] — Stm[Ds, ny]. It can be generalized to
functions of type D; — D, and D; — Stm[Ds, n] by the
“streamification” transformation S[[-]], which transforms
the function so its input and output are both streams. For
example, if f : D; — D,, the streamified function S[[f]] is

(x : Stm[Dy, 1]) +— sbuild(1)(f(sdata(p)), true) { }{
(p:Stm[Dy,1]) ={ stm: x, ready : true } }
Functions of type Stm[Dy, n] — D, are not allowed. In hard-
ware terms, a function that has a sequential input must pro-

duce a sequential output. Functions like StmReduce return a
stream of length one to preserve the notion of time.

6 Optimizations

This section outlines optimizations in the StrRop compiler
that improve resource usage or maximum clock frequency.

6.1 Partial Evaluation

Partial evaluation performs computations at compile time
to improve runtime performance. The SIROP optimizer per-
forms simplifications such as inlining calls to function literals
and applying arithmetic identities (e.g., e + 0 ~ e).

A particularly interesting example is the fusion rule for
vbuild, which has been used in prior works [37, 42] and is
similar to shortcut deforestation [14]:

vbuild(n, )[i] ~ f(i)
Familiar cases like map/map fusion follow from this rule.
L[[VecMap(VecMap(v, f), )]l
=vbuild(n,i+> g(vbuild(n,j — f(o[j]))[i]))
=vbuild(n, i~ g(f(v[i])))
= L[[VecMap(v,g © f)]]
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Fuse,[[ sbuild(n.)(d., v.) {ai, ...

stm: sbuild(n,)(dp, vp) { ars1, ...

= sbuild(nc)(df, Uf) { ar, .-
where dy = [d,/sdata(x)] d.
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s ae Y {prs s pmy (x 2 SEM[T, mp]) ={

s @evj Y { Pmets o Pmak }, rea@dy tre } o}l
s aferj YA PR o Pfmek }

vr = ([dp/sdata(x)] vc) A (re = vp)

{init:a;.init, next:if (r. = wv,) then [d,/sdata(x)] a;.next else g;.x } i<¢
ar; =
! {init:a;.init, next:if (v, = r.) then a;.next else a;.x } else

_J{stm:p;.stm ready:if (r. = uv,) then [d,/sdata(x)] p;.ready else false } i<m
Pfi= { stm: p;.stm, ready : if (v, = rc) then p;.ready else false } else

Figure 13. The fusion rule for streams. Occurrences of sdata(x) must be replaced by the producer data d,. Furthermore, the
next and ready expressions must be updated so that the consumer waits for the producer when needed and vice-versa.

reduce

zip map

zip+map reduce

Figure 14. Dot product hardware before and after fusion.

In software, fusion is a well-known technique for eliminating
the overhead of intermediate data structures [9, 14, 40, 45].
Vector fusion has similar benefits.

6.2 Basic sbuild and letstm Simplifications

There are several obvious ways to simplify the accumulators
in sbuild. Unused accumulators are deleted; if an accumu-
lator’s value never changes then that value is inlined; and
duplicate accumulators are merged. For example, in the tim-
ing diagram of figure 11, it is clear that i and in_cnt always
have the same value and that out_cnt is always zero. Fig-
ure 12 shows the simplified expression.

For letstm[n] x = e; in e,, the compiler can inline e,
(i.e., rewrite to [e;/x] e;) if x appears at most once in e,. This
completely eliminates the resource usage due to letstm.

6.3 Stream Fusion and Fission

As with vectors, it is sometimes helpful to fuse stream opera-
tors. This eliminates the overhead of the handshake interface.
For instance, in the dot product example (figure 8), the opti-
mizer will fuse the zip and map stages, as in figure 14.
Figure 13 shows the stream fusion rule, which essentially
reproduces the handshake protocol within one sbuild. Only
one rule is needed. By lowering an expression and then
applying the one rule to rule them all, any combination
of streaming operators can be fused: StmMap with StmMap,
StmMap with StmReduce, etc. If each high-level operator was
atomic, a rule would be needed for each combination. Fur-
thermore, in prior works, the set of operators is not closed
under fusion—some fusion rules are not expressible because
the result is not in the list of built-in operators. For instance,

Fission[[ sbuild(n)(f(d), v) {d} {p } 1l
= sbuild(n)(f(sdata(x)), true) {} { (x: Stm[D,n]) = {
stm: sbuild(n)(d, v) {@} {p }, ready: true }}

Figure 15. The fission rule for streams. f must not have any
free variables.

sbuild

Figure 16. Parallel reduction before and after fission.

fusing StmZip with StmZip would yield an operator with
three inputs. No such operator exists in SHIR or Aetherling.

To avoid generating long combinational paths, the opti-
mizer uses a cost model for combinational delay. Fusion is
only applied if the cost model estimates that the timing re-
quirements will still be met. For example, if C[[e]] is the cost
of expression e, then

Cller + €]l =33 + max(Clles ]I, Cllez]])
Cller * e2]] = 100 + max C[[e1 ], C[[e]]

The maximum allowable delay is (somewhat arbitrarily) set
at 100. Thus, up to three additions can be performed per
cycle but multiplication cannot be chained with any other
operations. This is highly simplistic; cost modelling is not
the focus of this paper. Given a more sophisticated model, it
would be straightforward to integrate it into the compiler.
StroP also supports the opposite transformation: splitting
one sbuild into two. For example, in figure 16, the optimizer
splits up the sbuild to avoid performing two multiplications
in one cycle. Fission is guided by the same cost model as
fusion. As with fusion, only one rule is needed; see figure 15.
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Figure 17. ALM usage ratio (other / baseline) when turning off various optimization passes.

7 Evaluation

This section evaluates SIRoP’s hardware generation and opti-
mization capabilities. First, the effectiveness of the optimiza-
tions described in section 6 is demonstrated. Next, STROP is
compared with Aetherling [11], SHIR [36], and the Intel HLS
compiler to show that S1rOP is expressive and can be used
to generate fast and resource-efficient hardware.

7.1 Methodology and Benchmarks

S1ropP is evaluated on a superset of the benchmarks from
Aetherling [11] and SHIR [36], as shown in table 1. Designs
are synthesized using Quartus Prime 19.2 Pro Edition for an
Arria 10 GX FPGA. The target clock frequency is 175 MHz,
like in the Aetherling paper. Resource usage is measured
and timing closure is verified post-place and route. Quartus
reports the numbers of ALMs (Adaptive Logic Modules),
which include lookup tables and registers; BRAMs (Block
RAMs), which are on-chip memory units; and DSPs (Digital
Signal Processing units), which are used for multiplication.
For each program, a testbench checks correctness and
reports the latency, in clock cycles, from the first input to
the last output. To shorten simulation time, testbenches for
large programs use inputs with fewer rows (e.g., conv2d is
tested with a 16 X 1920 input rather than 1080 X 1920).
Generating VHDL via S1irop for all 124 programs in sec-
tions 7.2, 7.3, and 7.4 takes about eight minutes on a laptop
with an Intel Core i7 CPU and 16 GB of RAM running Ubuntu
22.04. The slowest program takes less than 30 seconds.

7.2 Effects of Optimizations

Setup. Figure 17 shows the effects of the optimizations
from section 6 on ALM usage and clock frequency. BRAM
usage follows similar trends to ALM usage. DSP usage and
latency do not change much because the Strop compiler
does not change the degree of spatial parallelism. The degree
of parallelism can instead be chosen while lowering from
the “algorithmic level” (e.g., map, reduce) to the “architec-
tural level” (e.g., StmMap, VecReduce), as will be discussed in
section 7.4.

Results. Disabling letstm inlining and fusion tends to
increase ALM usage—i.e., when enabled, these passes save
resources. letstm inlining is particularly effective because

Table 1. Benchmarks used to evaluate SIroP.

Name Input Streams Description

map 200 X ug Add five to each element

dot 840 X uys (both) Dot product

mv 256 X 256 X uyg Matrix-vector product
256 X Uie

mm 256 X 256 X Uqg Matrix-matrix product
256 X 256 X Usg

convld 16 X ig 1-D convolution

jacobi 1024 X 128 X ug Four-point stencil %(xi_l’j +

Xij—1 + Xije1 + Xig1j)
conv2d 1080 X 1920 X uzs 3 X 3 convolution

convb2b 1080 X 1920 X uzz 3 X 3, then 2 X 2 conv.
sharpen 1080 X 1920 X us; Image sharpening
camera 1080 X 1920 X u3; Demosaic and sharpen
sobel 1080 X 1920 X us;  Sobel-Feldman operator

most variables are used only once. sbuild accumulator sim-
plification has little effect here, but disabling it does some-
times hinder other optimizations in the experiment in sec-
tion 7.4. Disabling partial evaluation often yields designs so
poor the simulator crashes, so it is not included in the figure.
Disabling stream fission sometimes decreases resource
usage, especially for the sobel benchmark. However, this
may also lead to failure to meet the timing requirements.
In short, letstminlining and fusion reduce resource usage
while fission is important for achieving timing closure.

7.3 Comparison with Prior Works

Setup. Figure 18 compares SIROP with prior works: the
Intel HLS compiler, SHIR, and Aetherling. For Intel HLS, each
benchmark is implemented in C++ using the ihc::pipe
streaming interface. The #pragma unroll directive is added
wherever spatial parallelism is desired. The shortest program,
map, takes 5 lines of C++. The longest, camera, is about 140
lines. In Aetherling, each benchmark is written in the higher-
level language L°°9 using operators like map and reduce.
Whenever possible, benchmark code written by the Aether-
ling authors themselves is used. In SHIR, each benchmark is
implemented at the “architectural level” using operators like
StmMap and StmReduce. The SIrROP programs use the same
operators as the SHIR programs. For illustration, appendix A
shows the source code for the mv benchmark.
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Results. S1rop consistently generates designs with fewer
ALMs than all prior works: on average, 76% fewer than Intel
HLS, 68% fewer than SHIR, and 61% fewer than Aetherling.
BRAM and DSP usage is usually similar across tools. No DSPs
are needed for convld, jacobi, conv2d, convb2b, sharpen,
and camera because the kernels only multiply by powers of
two and can therefore use bitwise shifts.

One factor in SIROP’s better ALM efficiency is its ability
to fuse any two stream operators, as discussed in section 7.2.

Another reason is that, in SIROP, it is straightforward to omit
or remove unnecessary accumulators. In the map benchmark,
for instance, SHIR uses a hardware template that is general
enough to handle nested streams. The general template has
two counters. In SIROP, by contrast, the final design does
not have any counters. The stream resetting transformation
(section 5) does add input and output counters; however, for
a 1D stream, these counters will be unused and it is trivial
for the optimizer to remove them (section 6.2).
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Figure 20. Chisel and SiroP compilation flows.

Notes. The Aetherling mm design produces incorrect re-
sults. One stream reaches the multiplier with a delay of one
cycle, whereas the other has a delay of two cycles. S1rop
uses dynamic scheduling, which rules out such issues.

For the sharpen, sobel, and camera benchmarks, SHIR
requires the programmer to manually insert registers (us-
ing a Registered primitive in the IR). Without manual in-
tervention, latency increases by a factor of 4, 4.8, and 2.8,
respectively, and the sobel design does not meet the timing
requirements. Some Aetherling designs also do not meet the
timing requirements. Intel HLS and S1roP achieve timing clo-
sure and reach the expected throughput for every benchmark
without manual intervention.

7.4 Design Space Exploration with Aetherling

Setup. SIroP is also evaluated by using it as a backend to
Aetherling, as shown in figure 20. Benchmarks are written
in Aetherling’s high-level language, L*°9. Aetherling lowers
these programs to its “space-time” language with streams and
vectors, L*'. The lowering process aims to minimize resource
usage while achieving a given steady-state throughput. This
step determines the degree of spatial parallelism. The re-
sulting L% programs are parsed and compiled using Strop.
Aetherling’s existing backend emits Chisel [3], which is then
translated to Verilog. With the Chisel backend, Aetherling
has been shown to produce designs with lower resource
utilization than Spatial [23], a high-level HDL, and Halide-
HLS [33], an extension of the Halide image processing lan-

guage.

Results. Figure 19 shows the resource usage for different
target throughputs. As expected, higher throughputs require
more spatial parallelism and thus more resources. Like in
section 7.3, the designs produced by Sirop always use fewer
ALMs than those produced by Aetherling’s Chisel backend.
Figure 19 also shows that, for both Chisel and Sirop, the
measured latency is close to the ideal latency for the given
target throughput. This shows that StrRop can accurately
express all the same design points as Aetherling.

Note. Some designs require more ports than the target
device provides. For example, moving 16 values of type us, in
and out per cycle requires at least 2- 16 - 32 ports, which is too
many; thus, conv2d cannot be synthesized at a throughput
of 16 with the bitwidth set by the Aetherling authors. This
is the case for both S1roP and Aetherling.
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Table 2. Lines of code for the hardware generation step.

Scala Haskell VHDL Verilog

Aetherling [11] 1,411 771 - 168
+ Chisel [3] + 8,577

SHIR [36] 3,931 - 8,009 -
Sirop 2,657 - 289 -

Due to a minor bug in Aetherling’s L' to Chisel conver-
sion, no Verilog is generated for sobel with throughput 1/3.
Furthermore, as mentioned in section 7.3, Aetherling’s mm
designs produce wrong outputs.

7.5 Engineering Effort

We now show how Sirop simplifies compiler development.

Lines of Code. Table 2 shows the size of each functional
HLS compiler’s hardware generator. The Strop VHDL gen-
erator is mostly written in Scala, with some VHDL for the
letstm hardware template. It uses no external dependen-
cies except for logging and file I/O. Hardware generation
in Aetherling itself is more concise, but this is because it
targets Chisel, a higher-level HDL. The Chisel project is far
larger than S1roP’s hardware generator. SHIR has over 100
hardware templates for various operators, which add up to
over 8,000 lines of VHDL.

Extensibility. It is difficult to express a 2D convolution
in SHIR without using host memory. To obtain the results in
section 7.3, a new streaming operator, StmS1ide2D, is added
to both SHIR and S1rop. In SHIR, this requires providing a
VHDL implementation for the operator. In total, the change
took 95 lines of VHDL and 109 lines of Scala code. In Sirop,
the operator is instead lowered to the core language, which
took only 88 lines of Scala code. The SIroP optimizer and
hardware generator can handle the new operator with no
changes. The SHIR optimizer, by contrast, would need new
rewrite rules to be able to transform the new operator.

In addition to Sirop being a higher-level target, the com-
piler includes features that simplify testing and debugging.
For example, it has a simple interpreter that can be used to
test the correctness of the new operator directly in Scala and
inspect the value of each sbuild accumulator at each time
step. In SHIR, one must write and run a VHDL testbench.

Summary. The simplicity of the core language enables
more concise hardware generation than prior works. Fur-
thermore, it is easy to extend the higher-level language with
new syntax sugar. All this comes without sacrificing hard-
ware quality. In short, this new, minimal set of streaming
primitives is a strong foundation for functional HLS.
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8 Related Work

Functional HLS. SHIR [36] and LirTHLS [24] compile
functional parallel patterns to dynamically-scheduled stream-
ing accelerators. A key feature of SHIR is its ability to repre-
sent and optimize host memory accesses. There has also been
recent work exploring resource sharing in SHir for large de-
signs [21]. Coarse-grained resource sharing in SIROP is left
for future work, as are host memory accesses and memory-
related transformations such as banking. We expect many
of the techniques used in SHIR to be transferable to S1roP.

Aetherling [11] compiles similar functional programs to
streaming accelerators with static schedules. All Aetherling
operators have fixed latency and communicate at fixed rates.
This enables static scheduling with no overhead—not even
a control unit—but makes it impossible to support variable-
latency operations. For example, consider a program that
decides whether a stream contains a given element. In S1rop,
the design can produce an affirmative result immediately if
the element is found, even if it occurs near the beginning of
the stream. In Aetherling, by contrast, one would have no
choice but to consume the entire stream before answering.

SHIR, LIFTHLS, and Aetherling all have many stream and
vector operators, which complicates hardware generation
and optimization. SIROP has a far more compact IR and gen-
erates more resource-efficient accelerators.

Imperative HLS. Many HLS tools use imperative lan-
guages, especially C and C++. This is convenient for C and
C++ programmers, but imperative languages are a poor fit
for hardware design. On one hand, many features (e.g., dy-
namic memory allocation) do not map well to hardware. On
the other hand, it can be difficult to infer pipeline and spatial
parallelism from loop-based code. C-based HLS frameworks
such as the Intel HLS compiler, Xilinx HLS, and LegUp [5]
rely on pragmas to guide synthesis. Other tools, such Halide-
HLS [33], HeteroCL [26], Allo [6], and POM [48] use a sepa-
rate scheduling language to clarify intent. In practice, the gen-
erated hardware tends to have unpredictable performance
and source code with pragmas is non-portable [19, 29].

Some authors have tried addressing the portability and reli-
ability issues. Dahlia [29] has a type system to enforce unwrit-
ten rules of HLS. AnyHLS [32] generates more portable C-
HLS code starting from a yet higher-level language. One can
also augment C-HLS with functional parallel skeletons [19].
However, forgoing imperative programming for HLS alto-
gether might be more reliable long-term.

There has been work [1, 6, 13, 30, 46, 48, 49] on using
MLIR [27] to optimize hardware designs at multiple levels
of abstraction. Although the Siror compiler is currently
implemented as a standalone project, the Strop IR could
just as well be implemented as an MLIR dialect. SIrOP is
particularly well-suited to implementing the parallel patterns
used in prior works [11, 19, 24, 25, 36] while being easy to
translate to hardware.
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Other Hardware Languages. Some languages have been
designed to map well to hardware while providing a higher
level of abstraction than traditional HDLs. Notable examples
include Esterel [12], Bluespec [31], CAaSH [2], Spatial [23],
Fleet [41], and Reticle [43]. There are also embedded HDLs
and libraries (e.g., Chisel [3], Lava [4], PyRTL [8], MyHDL)
that allow metaprogramming in a popular host language.
All these are still best suited for users with hardware design
experience. Languages like SHIR aim to be even higher-level,
letting users focus only on the algorithm. This paper has the
same use case in mind, although it focuses on the IR rather
than the highest-level language.

Domain-Specific Languages. There are many DSLs for
HLS in machine learning [10, 38, 44, 47], image processing [7,
16, 17, 28, 33, 34, 39], etc. SIROP aims to be general enough
to generate streaming accelerators in any domain.

Minimal Array Languages. vbuild is used in prior IRs
for software, including for destination-passing style [37] and
idiom recognition [42]. Other works on deforestation [9, 14,
40] use similar ideas. This paper applies the principle of using
a minimal IR, but in a new context (HLS) and with a new IR.

Dataflow Programming. SIrop is similar to KPNs (Kahn
Process Networks) [22] in that programs consist of many
“computing stations” (sbuild) running in parallel. However,
to minimize resource usage, each sbuild node communi-
cates with its consumer directly, without a queue. Sending
data must therefore be blocking. FIFO queues are only added
for letstm, and these have a fixed capacity. Also, unlike in
KPNs, sbuild can wait for many producers at once; this
allows StmZip to be implemented without any memory.

Sirop, like SHIR and Aetherling, currently only supports
acyclic pipelines. This limitation could perhaps be lifted by
adding a fourth stream primitive letrec x = e; in e;, where
e; can use x to access its own output.

9 Conclusion

This paper has demonstrated the benefits of using a minimal
functional language for high-level synthesis. With fewer
primitives, there are fewer hardware templates to implement
and test. Furthermore, key optimizations like stream fusion
and fission can be implemented once and for all. All the
familiar functional primitives can be expressed as syntax
sugar; this new language is more expressive than Aetherling
and at least as expressive as the subset of SHIr that does not
use memory. Moreover, SIROP generates fast and resource-
efficient hardware—there is no loss of hardware quality.
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The artifact for this paper is available on Zenodo [18]. It
includes S1ROP, SHIR, Aetherling, and Intel HLS source code
for all benchmarks. One example is provided below for easy
reference. The artifact also includes a parser that translates
any L program to an equivalent high-level Strop program.
This shows that SIROP is at least as expressive as Aetherling.

A Benchmark Source Code

The following listings contain the source code for the mv
benchmark, which performs matrix-vector multiplication.

Strop. The SiroP implementation of matrix-vector multi-
plication is very similar to the dot product code in figure 4.
Here, the matrix mat is a 2D stream and StmMap is used to
compute the dot product row-by-row.

1| (mat : Stm[Stm[ul6, 2561, 256]1) => )
2| (vec : Stm[ul6, 256] ) =>
3 mat.StmMap( (row: Stm[ul6, 256]) =>
4 /* dot(row, vec) */
5 StmZip(row, vec)
6 .StmMap( (x) => x.0 *% x.1)
7 .StmReduce( (x) => x.0 +% x.1 ) )
J

SHIR. The SHIR source code looks superficially different
from the S1roP source code because SHIR is embedded in
Scala rather than having a custom parser. However, the actual
operators used are identical.

1| val ul6 = IntType(16) )
2| val mat = ParamDef (OrderedStreamType (

3 OrderedStreamType(ul6, 256), 256 ))

4| val vec = ParamDef (OrderedStreamType(ul6, 256))
5|/ val row = ParamDef (OrderedStreamType(ul6, 256))
6| val xy = ParamDef (TupleType(ul6, ul6))

7| val acc = ParamDef ()

8| val x = ParamDef ()

9| ArchLambdas (Seq(mat, vec),

10 MapOrderedStream(

11 ArchLambda (row,

12 // StmReduce

13 FoldOrderedStream(

14 // (acc, x) => acc + x

15 ArchLambdas (Seq(acc, x),

16 AddInt (Tuple2(

17 ParamUse (acc),

18 ParamUse(x) ) ) ),

19 // StmMap

20 MapOrderedStream(

21 // (xy) => xy.0 x xy.1

22 ArchLambda (xy,

23 TruncInteger(

24 MulInt (ParamUse(xy)),

25 16 ) ),

26 // StmZip(row, vec)

27 Zip20rderedStream(Tuple2(

28 ParamUse (row),

29 ParamUse(vec) )) ) ) ),

30 ParamUse(mat) ) )
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Aetherling. The Aetherling source code differs from the

Strop and SHIR code in that one must explicitly repeat the
input vec. SIRoP and SHIR automatically insert a streaming
operator to perform this repetition.

1
2
3
4
5

16

s N
big_mvm =

let mat =
com_input_seq "IQ"
(Proxy::Proxy (Seq 65536 Atom_UInt16))

in
let vec =

com_input_seq "I1"

(Proxy::Proxy (Seq 256 Atom_UInt16))
in

== Deesn 't Work ( ==-ccsssccccsscsssscsssosss
-- mapC (\row -> dot row vec) $
== partitionC (Proxy @256) (Proxy @256) mat
let repeated_vec = unpartitionC $
up_1dC (Proxy @256) $
partitionC (Proxy @1)
(Proxy @256)
vec in
-- Element-wise product of vec with each row
let products2d = partitionC (Proxy @256)
(Proxy @256) $
map2C (\x -> \y -> mulC $
atom_tupleC x y)
mat repeated_vec in
-- Sum each row
unpartitionC $ mapC (reduceC addC) products2d

Intel HLS. The Intel HLS code is written in C++. Inputs

and outputs are provided using the ihc: :pipe class, which
exposes a ready/valid interface like the one in figure 3. The
input vec is saved in an array so it can be read repeatedly.

s N
#include "HLS/ac_int.h"

#include "HLS/hls.h"

constexpr int N = 256;

template<unsigned SystemID> class PipelID {};
ihc::pipe<class PipeID<@>, uint16> mat;
ihc::pipe<class PipeID<1>, uintl16> vec;
ihc::pipe<class PipeID<2>, uint16> out;

component void matvec() {
uint16 vec_arr[N];
for (int 1 = @; i < N; i++) {
uintl16 sum Q;

for (int j = 0; j < N; j++) {

uintl16 v;

if (i == 0) {
v = vec.read();
vec_arr[j] = v;

} else {
v = vec_arr[j];

3

sum += mat.read() * v;

out.write(sum);
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