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Abstract

Producing optimized accelerators is tedious, as even modern
HDLs (Hardware Description Languages) such as Chisel, re-
quire reasoning about low-level concepts. Recent functional
approaches, such as Aetherling and SHIR, treat hardware as
composition of pure operators. This raises the abstraction
level, allowing for systematic optimizations through rewrite
rules for FPGAs (Field Programmable Gate Arrays).

These approaches have so far been limited to small, fixed-
function accelerators. Recent work maps neural networks
to FPGAs by sharing coarse-grained functions via the Let
construct. However, as the number of call sites or parallelism
increases, synthesis fails due to increased routing congestion.

These limitations are addressed with a new way to express
sharing in a functional IR (Intermediate Representation). By
combining the Reduce and SwitchApply primitives over an
instruction stream, functions become programmable, with
shared control logic and a datapath, reducing routing pres-
sure. Upper-bounded streams further enable sharing across
varying input sizes. Across networks from LeNet 5 to ResNet,
the resulting FPGA designs remain routable, delivering high
performance with speedups between 1.1X-3.4X compared
to prior work.

CCS Concepts: - Hardware — Hardware accelerators;
Software and its engineering — Functional languages;
Source code generation.
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1 Introduction

Designing hardware accelerators is a complex and manual
process. Designers typically use low-level HDLs such as
VHDL or Verilog, managing signals, memory, and control ex-
plicitly. Higher-level frameworks such as Chisel [3], Lava [4],
UFP [28], and CAash [2] provide modern abstractions, but
low-level hardware details persist. These limitations high-
light the need for hardware generation with higher-level
abstractions. C/C++ and OpenCL HLS (High-Level Synthe-
sis) offer a good starting point but suffer from unpredictable
performance compared to functional approaches [20].

Recent approaches, such as Spatial [16], Lift-HLS [17],
Aetherling [7], and SHIR [26], advocate functional high-level
abstractions to simplify accelerator design. While Spatial sup-
ports a limited set of parallel patterns, Lift-HLS, Aetherling,
and SHIR rely on composing operators like Map and Reduce,
which act on stream- and vector-based data types, naturally
exposing pipeline and spatial parallelism. A key advantage is
that optimizations can be expressed as rewrite rules, enabling
a systematic, principled approach to performance tuning.

So far, these composable approaches have been limited
to small, fixed-function accelerators. Recent work [14] maps
entire neural networks to FPGAs by sharing functions such
as dot products via the Let construct. However, this does
not scale: as call sites, parallelism, and operand bit width
increase, routing congestion quickly dominates as control
logic is scattered across call sites, making designs difficult
or impossible to synthesize. Furthermore, they offer little
flexibility and programmability: an accelerator designed for
ResNet 18 will be unable to execute ResNet 50 due to the
difference in layer configurations and data sizes.

This work addresses these limitations by expressing pro-
grammable accelerators in a compositional functional IR for
HLS — while leveraging existing approaches. Most existing
functional IR building blocks are reused with only minor
extensions: 1) A classical Reduce is repurposed to iterate
over an instruction stream, repeatedly applying a function to
provide programmability and enable sharing; 2) A new upper-
bounded stream is introduced to handle variable-length data;
and 3) A simple SwitchApply construct is presented, allowing
multiple functions to share the same datapath. Expressing
accelerators in this way enables systematic HLS optimiza-
tions via rewrite rules. This produces programmable designs


https://doi.org/10.1145/3814943.3816183
https://doi.org/10.1145/3814943.3816183
https://creativecommons.org/licenses/by/4.0
https://creativecommons.org/licenses/by/4.0
https://creativecommons.org/licenses/by/4.0
https://doi.org/10.1145/3814943.3816183

LCTES 26, June 15-16, 2026, Boulder, CO, USA

TupleN: 1+ - >IN T — - > Iy — (Th,..., ~n)

Counter : N — é[[ntﬂagz NN
MapStm:T— U N (T - U) - E[T]y — EZ[UlN
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Figure 1. Most common primitives in SHIR. T — U is a function type. T + U represents a type function, which given a type
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Figure 2. Dataflow of common SHIR functional primitives.

that are easier to route and more flexible while preserving a
high-level, principled functional programming model.
Once the accelerator has been designed using the func-
tional approach, a PyTorch runtime and backend are pro-
vided. Given a neural network and the accelerator’s instruc-
tion format, it emits the instruction sequence and handles
end-to-end execution. This approach is evaluated on four
network classes, LeNet 5, VGG, Tiny YOLOv2, and ResNet,
synthesizing all accelerators on a real FPGA platform. The
results show these accelerators achieve competitive perfor-
mance while avoiding routing issues that limited prior work.
To summarize, the contributions of this paper are:

e Identify limitations of Let-based resource sharing;

e Proposes a compositional approach to programmable
hardware using reduction and switching constructs;

e Extends the notion of streams with upper-bounded
streams to support variable-length data;

e Integrates with the popular PyTorch workflow;

e Evaluates the flow on a real FPGA, demonstrating effi-
cient and routable accelerators for neural networks.

2 Background

Functional approaches can naturally express fixed-function
accelerators. A review is provided of SHIR [14, 26, 27], a
state-of-the-art functional HLS framework on which this
work builds.

2.1 Functional IR in SHIR

SHIR is based on System F.., enabling bounded type pa-
rameters. Like Aetherling, SHIR [26] expresses hardware as
compositions of functional primitives operating on streams

or vectors. Stream-based operations process elements se-
quentially, while vector-based operations handle multiple el-
ements in parallel. SHIR is more general than Aetherling and
also supports memory operations. To improve performance,
SHIR automatically applies rewrite rules [26, 27], including
fusing operations, converting streams to vectors to increase
parallelism, and eliminating costly data transformations.

2.1.1 Tuples. SHIR supports tuples of arbitrary length via
the TupleN primitive (figure 1). The compiler takes a Scala
sequence of types as input and emits the corresponding N-
ary tuple type. Elements can be extracted with Get, where the
position is statically known (type parameter I: a Nat < N).

2.1.2 Stream and Vector Operations. SHIR supports op-
erations on streams, processed in time, and vectors, pro-
cessed in space (figure 1). Stream operations are dynamically
synchronized in hardware via a handshake protocol to en-
sure the consumer is ready when valid data is produced. A
last signal indicates the end of a stream.

The Counter and VecGen primitives initialize a stream or
vector of N elements of type T. Vectors carry their length in
the type, which is required to instantiate the correct number
of functional units in a MapVec. Similarly, streams carry their
length in the type, for example, when converting between
vectors and streams. Later, this paper shows how to lift this
restriction for streams to enable more flexible designs.

Operations include standard primitives (map, reduce, zip),
data reshaping (split, join, repeat), and stream-vector con-
versions. A visual overview is shown in figure 2.

2.1.3 Memory Operations. SHIR introduced memory op-
erations explicitly in the IR. While both local on-chip RAM
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Alloc: N —Tw— Z[T]y

Read : N T Z[T]y —
NatN - T

Write: N+ T - 2[T]y —

Nat*N — T — Z[T]y

(a) High-level operations.

Read : Int — Int —

g[Bytel,
Write : Int — Int —

g[Byte],, — Int

(b) Low-level operations.

Figure 3. Host memory primitives in SHIR [26].

meml = Alloc<1024,Int8>;
mem2 = Alloc<1024,Int8>;
mem3 = Alloc<1024,Int8>;
ReduceStm(
A (acc, (sum,idx)) =>
Write (acc,idx,sum),
mem3 ,
ZipStm(
MapStm(
+ ’
ZipStm(
MapStm(
Read (meml,_),
Counter<1024>),

MapStm(
Read (mem2,_),
Counter<1024>))

),
Counter<1024>))

(a) High-level expression.

20

baseAddr1 = 0@ /64;
baseAddr2 = 1024/64;
baseAddr3 = 2048/64;
ReduceStm(

A (acc, (sum,idx)) =>
Write (acc,idx,sum),
baseAddr3,
ZipStm(
MapStm(A(vl,v2) =>
MapVec (+,
ZipVec(vl,v2)),
ZipStm(
MapStm(
Read (baseAddr1,_),
Counter<1024/64>)
MapStm(
Read (baseAddr2,_),
Counter<1024/64>)))
P
Counter<1024/64>)

(b) Low-level expression.

2 t1=f(in); t2=f(t1); out=f(t2);

20 Counter<N>)), Counter<N>));

Figure 4. SHIR expressions for adding two arrays in memory.
x = a; eis syntactic sugar for a Let construct: Let x = a in e.
Type parameters are passed inside <> while function argu-
ments are passed inside ().

and global off-chip host RAM are supported by SHIR, only
host RAM operations are reviewed here due to limited space.
SHIR uses a multi-level IR, where memory operations are
lowered step by step, closer to the reality of hardware.

High-Level. At a high level, SHIR provides a memory
type and three main operations (figure 3a). Alloc creates a
memory for N elements of type T. Read takes a memory
and a positive index < N and returns the data, while Write
returns an updated memory given a memory, index, and data.
The programmer must ensure that a memory variable is not
reused after a Write; this could be enforced with a linear type
system, but that is beyond this paper’s scope.

Figure 4a shows an example using these primitives. It
computes the sum of two arrays of 1024 Int8 values and
stores the result in memory. Each array is read by mapping
over a counter to generate indices, and the resulting streams
are zipped for addition. The output is written back using a
reduction over writes, where the accumulator holds the new
memory state. This pattern, introduced in prior work [26],
ensures that the input memory is never reused after a write.

LCTES ’26, June 15-16, 2026, Boulder, CO, USA

Memory Interface

(b) Data flows through memory.

(a) Registers only.

// shared function
// call chain

1 f : Int8 > IInt8 = ...;

(c) Functional expression corresponding to (a).

1 f : E[..Jn— E[...JN = ...; // shared function

2 baseIn=0; baseT1=N; baseT2=2N; baseOut=3N; // base

addr

1 T1 = ReduceStm( // T1 = f(In);
5 A(acc, (data,idx)) => Write(acc,idx,data),

6 baseT1, // initial accumulator
7 ZipStm(f (MapStm(Read(baseln,_),
8 Counter<N>)), Counter<N>)); // rd and wr indices

10 T2 = ReduceStm( // T2 = f(T1);

11 A(acc, (data,idx)) => Write(acc,idx,data),
12 baseT2,

13 ZipStm(f (MapStm(Read(T1,_),
14 Counter<N>)), Counter<N>)); // rd and wr indices

// initial accumulator

16 Out = ReduceStm( // Out = f(T2);
17 A(acc, (data,idx)) => Write(acc,idx,data),
18 baseOut,

// initial accumulator
9 ZipStm(f (MapStm(Read(T2,_),
// rd and wr indices

(d) Functional expression corresponding to (b).

Figure 5. How functions are shared in SHIR.

Low-Level. At the low level, SHIR exposes two operations
for interfacing with host RAM (figure 3b). Read takes a base
address and an index, returning a 64-byte vector matching
the PCI-Express bus granularity. Write takes a base address,
index, and 64 bytes of data, and returns the base address to
facilitate correct synchronization.

The SHIR compiler lowers the high-level IR to the low-
level one using rewrite rules [26]. This involves lowering
each memory operation and coarsening them to a 64-byte
granularity. Padding is inserted automatically if needed.

Figure 4b shows the lowered code to the high-level code
in figure 4a. Allocations are replaced with explicit base ad-
dresses, and Read and Write now use these addresses. The
simple addition of two streams is replaced with an expres-
sion that adds streams of 64-element Int8 vectors. Finally,
the counters produce 64 times fewer values, since each read
or write now operates on 64 elements at once.

As explained, the low-level Write returns the base address,
simplifying lowering by allowing each memory object to
be replaced with its address. It is also used by reductions
to synchronize Write execution via the handshake protocol,
forcing each write to complete before the next accumulator
update and ensuring sequential consistency.
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(a) Chip view with routing congestion.  (b) Memory view.
Figure 6. Sharing a function across three call sites and ac-
cessing data from the host memory.

2.2 Sharing Function with Let

Sharing and reusing functional units is crucial for efficient
hardware accelerators, especially for workloads like neural
networks where many layers perform similar operations.
Prior work [14] achieves this functionally using a Let con-
struct. With data, the SHIR compiler introduces a register;
with a function, it instantiates a single functional unit and
adds multiplexers, demultiplexers, and arbitration logic to
route data and ensure only one call occurs at a time.

Sharing Scalar Functions. Figure 5a shows a shared
function called three times on a single Int8 value, with the
corresponding expression in figure 5c. Data is exchanged
between successive calls via registers.

Sharing Streaming Functions. When a function pro-
duces a stream, the data must be stored in memory, and the
function must fully output the stream, over multiple cycles,
before it can process the next one. Figure 5b shows a sim-
plified dataflow for a function shared three times, and the
corresponding expression is in figure 5d. Three reductions
write the two temporary results and the final output to mem-
ory, with each reduction feeding data into the function from
the input or previously computed results.

3 Enabling Programmable Hardware

Although function sharing can be expressed in a functional
IR, it can lead to severe routing issues during hardware syn-
thesis, as we will see next.

3.1 Limitations of Let-Sharing

Prior work [14] applied Let-sharing to small networks like
VGG and Tiny YOLO. However, larger applications can cause
routing congestion as function calls increase.

Figure 6 shows a possible physical layout and memory
contents for the shared-function example from figure 5d. All
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(a) Chip view. (b) Memory view.
1 f o By o BN = ...

2 PC = Counter<3>; 'insns = MapStm(Read(@,_), PC);
ReduceStm(A (acc,insn) =>

4 ReduceStm(A(ba,(x,1i)) => Write(ba,i,x),

5 insn.wBase,

6 ZipStm(

7 f (MapStm(Read (insn.rBase,_), Counter<N>)),
8 Counter<N>)),

9 @, insns)

(c) Expression for Reduce-sharing.

Figure 7. Using Reduce to avoid multiplexers in Let-sharing.

components, including the shared function f, its call sites,
and memory interfaces, must be placed and routed. As the
number of function calls grows, the FPGA synthesizer may
fail to route all connections, and the problem worsens with
higher parallelism as more data bits are required.

This problem is further exacerbated when different input
sizes are used with a shared function. Extra hardware com-
ponents need to be added to tile and pad the data to make
it fit with the fixed-sized shared function, which adds pres-
sure on the FPGA synthesizer. Finally, applications such as
neural networks exhibit multiple types of layers (e.g., fully
connected, activation, pooling). This offers opportunities to
share different functions but leads to further routing issues.

The following sections show how these issues can be ad-
dressed with minimal extensions to existing functional prim-
itives, the main contribution of this work.

3.2 Sharing with Reduce

Routing issues arise because many call sites connect to the
same hardware component. To address this, a new function-
sharing approach is introduced as an alternative to Let. The
first step is to consider repeated calls to a single function on
fixed-size data, then generalize to variable input sizes and
multiple functions.

The key idea is to use Reduce to express repeated function
applications. As discussed in section 2.2, shared functions
generally require data to pass through memory. A reduction
is therefore performed over a stream of base addresses for
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UCounter : N — Nat=N — ElIntfog, N1 1N

MapUStm: T — U — N (T - U) - Z[TIny — E[U]lN
ReduceUStm : T— U — N ((U,T) »U) > U — E[TINn - U

ZipUStm : T U — N - EZ[TIny — Z[UINn — EZ[(T,U)IN

SplitUStm : T > N > M > Z[T1n — Z[ E[T]p In/m
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SplitUStm : T +— N + M+ Nat“M — E[T1x — E[ E[TIM /M
JoinUStm : T +— N> M — E[ E[TInIm — E[TINm
UStmToVec: T — N — EZ[TTn — £[(T, Bool)]n
PackVec : T — N — &[(T,Bool)] x5 — 2[(T, Bool)]n
VecToUStm : T — N — 2[(T,Bool) ]y — Z[T1N
RepeatUStm : T + N + Nat*N — T — Z[T]n

Figure 8. New primitives for upper-bounded streams. Z[T]xn represents (ceiling brackets) a dynamically sized stream with a

maximum length of N. Nat=V is a scalar type restricted to values less than or equal to N.

real length

[U]> ReduceUstm T——
G

Temporal

Spatial

VecToUStm

shift
Reg —> T

UStmToVec

PackVec

Figure 9. Dataflow and hardware details for some of the upper-bounded stream primitives. Cells with a gray border/content

do not contribute to the processing time of streams.

inputs and intermediate results. Each iteration reads data
from memory, applies the shared function, and writes back
the result. This simple approach achieves three goals:

1. it ensures the shared function is only used once at a
time, removing the need for any arbitration;

2. it reuses the same hardware logic to read and write
data from/to memory;

3. it removes the need for multiplexing data.

The previous example (figure 5d) is re-expressed using
a reduction (figure 7c). A PC (program counter) generates
three addresses (0, 1, 2). In memory, these locations store the
addresses for reading and writing the data processed by the
shared function (figure 7b). These act as instructions, making
the hardware programmable.

With the instruction stream providing the relevant mem-
ory locations, the reduction is applied on them. The accumu-
lator is initialized to 0, but its value is irrelevant as it merely
acts as a synchronization point to ensure each iteration com-
pletes before the next begins. At each step, data is read from
memory at rBase, processed by f, and the result is written
back starting at wBase.

The resulting hardware is shown in figure 7a. It performs
the same functionality as the earlier design using Let. Crit-
ically, routing issues disappear because a single hardware
unit executes f and handles all memory reads and writes.
This design is also more flexible, as memory base addresses
can now be programmed in software.

A remaining limitation is that f must process the same
amount of data, as its type fixes the stream length to N. The
number of instructions, such as 3 in our example, is also
hard-coded in hardware. The next section shows how these
restrictions are lifted with a new type of stream.

3.3 Upper-Bounded Stream

Streams traditionally model sequential, element-by-element
data. However, prior systems such as SHIR [26] and Aether-
ling [7] require stream lengths to be fixed at compile time,
preventing shared functions operating on streams from sup-
porting multiple input sizes. To overcome this limitation,
an upper-bounded stream type is now introduced, allowing
different stream lengths to be represented at run time.

3.3.1 Type. The upper-bounded stream type Z[T|n speci-
fies a stream of at most N elements of type T. Because a fixed
stream Z[T] is simply the special case where the run-time
length equals the bound, it is redefined as a subtype of the
upper-bounded stream.

3.3.2 Primitives. Figure 8 introduces the primitives for
the upper-bounded stream type. Most closely mirror their
fixed-stream counterparts. For instance, MapUStm applies a
function to each element of the stream, just like MapStm, as
illustrated in figure 9. The difference is that the processing
time now depends on the run-time length of the stream. This
is enabled in hardware by the streaming handshake protocol,
which uses a last signal to mark the last element.

UCounter is the upper-bounded counterpart to Counter
(figure 1): it requires a run-time length. Similarly, RepeatUStm
and one variant of SplitUStm accept this extra input. There
are two SplitUStms: fixed-chunk and upper-bounded-chunk.
If users can guarantee the chunk size is constant, the fixed
version reduces resource overhead.

3.3.3 Upper-Bounded Stream and Vector Conversion.
A key difference from fixed streams appears in vector/stream
conversions and the PackVec primitive. Since vectors have
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(a) Chip view.

(b) Memory view.

1 f e Bl > B[Nt = ..o

> insnNum = Read(90,0);

3 IPC = UCounter (insnNum); insns = MapUStm(Read(1,_),PC);

4 ReduceUStm(A (acc,insn) =>

5 ReduceUStm(A(ba,(x,i)) => Write(ba,i,x),

6 insn.wBase,

7 ZipUStm(

8 f(

9 MapUStm(Read (insn.rBase,_), UCounter (insn.rLn)
)

10 ),

11 UCounter (insn.wLn))),

12 @, insns)

(c) Expression with new primitives.

Figure 10. Sharing a function with upper-bounded streams.

fixed length, converting an upper-bounded stream produces
a vector of the stream’s upper bound, pairing each element
with a flag. The flag is true for the first n elements, where n
is the stream’s run-time length, and false for the rest.

When converting such a vector back to an upper-bounded
stream, only the first n elements whose associated boolean
value is true will be produced in the stream. Everything from
the first false value will be ignored. This approach allows for
an efficient hardware design requiring a single shift register
for this primitive.

When vector elements need reordering, the PackVec prim-
itive packs elements with a true flag to the front while pre-
serving their relative order (figure 9). Packing is costly in
hardware due to the many multiplexers. By separating con-
version and packing, users can skip packing if the vector is
already guaranteed packed, saving significant resources.

3.3.4 Reduce-Sharing with Upper-Bounded Stream.
With the new upper-bounded streams and primitives, we can
express a more programmable accelerator. As can be seen
in figure 10c, the data lengths for memory reads and writes
can now come from memory rather than being fixed, and
the number of instructions can also be read from memory
(location 0). This is enabled by the UCounter primitive, which
produces an upper-bounded stream from a run-time value,
though a static upper bound is still needed to size the output.

Tzung-Han Juang, Paul Teng, and Christophe Dubach
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(a) Chip view. (b) Memory view.

1 fe Bl N — Bl IN-r = oo
2 f2: B[ v > &l In-1 = ..o

3 insnNum = Read(0,0);

4 PC = UCounter(insnNum); insns = MapStm(Read(1,_),PC);
5 ReduceUStm(A (acc,insn) =>

6 ReduceUStm(A (ba,(x,i)) => Write(ba,i,x),

7 insn.wBase,

8 ZipuStm(

9 SwitchApply (f1, f2,

10 MapUStm(Read (insn.rBase,_),
11 insn.op),

12 UCounter (insn.wLen)),

13 @, insns)

T!

UCounter (insn.rLen)),

(c) Expression with two functions.

Figure 11. Sharing multiple functions.

The rest of the expression is unchanged, except for using
upper-bounded stream operations. On the hardware side
(figure 10a), the read (rLn) and write (wLn) lengths now come
from the memory interface.

3.4 Sharing with Multiple Functions

The previous sections showed how a single function can
be shared and applied to data of varying lengths. The final
step is supporting multiple functions, enabled by the new
SwitchApply primitive, which selects and applies a function
from a pool based on a run-time index.

SwitchApply : T+ U+ (T - U) = --- —» (T > U) - T — Nat=N - U

N times

It takes a pool of N functions, a run-time value of type T, and
a zero-based run-time index specifying which function to
apply. This signature is generated using the same mechanism
as the TupleN primitive.

In terms of the hardware implementation, the forwarded
argument of type T is always connected to all functions in
the switching pool, but only the function selected by the run-
time index receives the actual handshake signals from the
surrounding context: the valid signal from the argument pro-
ducer and the ready signal from the SwitchApply consumer.
For all other functions, both the valid and ready signals are
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explicitly set to false to block the execution. Additional mul-
tiplexers are used to redirect the relevant output and other
handshake signals from the selected function. The number
of multiplexers instantiated in the current implementation
scales linearly in terms of the number of functions in the
switching pool.

Note that an alternative approach could be to use a stan-
dalone switch primitive composed with function calls. How-
ever, this would generate more complex hardware, since each
call would need separate control logic.

The running example can now support multiple functions.
Figure 11c shows the updated form, using SwitchApply to
select between f; and f,, with hardware and memory layouts
in figures 11a and 11b. The outer lambda A (acc, insn) can
grow arbitrarily complex, for example, by chaining functions
in a pipeline or nesting multiple SwitchApplys.

3.5 Optimizations

The SHIR compiler already performs several rewrite-based
optimizations [27]. Most existing rewrites apply to upper-
bounded streams with minimal changes. For example, map
fusion MapUStm(f) o MapUStm(g) = MapUStm(f o g) re-
main valid with upper-bounded streams. Split-join fusion
SplitUStm o JoinUStm = @ also remains valid as the con-
stant or dynamic split factor supplied to the SplitUStm prim-
itive is expected to perfectly divide the length of the original
input stream. The new types and primitives also open op-
portunities for further optimizations.

3.5.1 Upper-Bounded Stream Elimination. While upper-
bounded streams behave like fixed streams, their primitives
are costlier on the FPGA due to extra handshaking com-
plexity. Hence, replacing upper-bounded streams with fixed
streams whenever possible is desirable.

Since all upper-bounded streams stem from UCounters,
a rewrite can detect when a UCounter has a compile-time
value and replace it with a fixed counter. Then, any upper-
bounded stream primitive whose inputs are all fixed streams
can be converted to a fixed stream primitive.

For instance, the following expression that uses a UCounter
with a constant will be turned into a version that no longer
uses an upper-bounded stream map primitive:

MapUStm(f, UCounter(3)) = MapStm(f, Counter(3))

This optimization is useful in combination with others as we
will shortly see.

3.5.2 Constant Propagation. Some functional expres-
sions for the programmable hardware use helper macros
that introduce more flexibility than needed. Consequently,
certain expressions (e.g., instruction fields) come from static
constants rather than run-time data. Constant propagation
moves these constants closer to their use sites, simplifying
the resulting expression.
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1 ReduceUStm(
2 A (base, (data, offs)) => Write(base, offs, data),
: insn.wBase,
4 ZipUStm(

SwitchApply (A x => x, (AvgPool,

Requant (insn.qgsBase, insn.qz,
Bias(insn.bBase, insn.bLen,

8 PartialSum(insn.opPsum, ParallelDP(
9 SwitchApply (ReadConvImages, ReadFCWeight, insn,
10 insn.opCfc),
11 SwitchApply (ReadConvWeight, ReadFCImages, insn,
12 insn.opCfc))))),
13 insn.opPool),
14 WriteAddr (insn.wBase, insn.wlLen)))

Figure 12. An overview of the functional expression for the
LeNet 5 programmable hardware.

| insn
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Figure 13. Instruction reduction loop’s body for figure 12.

In the following example, the rewrite moves the constant
Constant(k) inwards so that it can potentially trigger other
simplification rewrites.

MapUStm(Ay => f(y.1, y.2), RepeatUStm( Tuple(a, Constant{k)),n))
= MapUStm(Az => f(z, Constant(k)), RepeatUStm(a,n))

This optimization is useful with upper-bounded stream
elimination: if a constant reaches a UCounter, it triggers
further rules to remove upper-bounded stream operations.

4 Expressing Neural Networks

The new proposed approach allows expressing neural net-
works as programmable hardware. Here, LeNet 5 [18] is used
to demonstrate this. It takes a 28x28 grayscale image of a
digit, feeds it through two pooled convolutions, then feeds it
through three fully connected layers, classifying the original
digit in the image.

4.1 Decomposing into Operations

A naive approach could implement each layer as a separate
function in a SwitchApply within a reduction (figure 11a). It is
inefficient since convolution and fully connected layers share
scarce DSPs (Digital Signal Processors), limiting parallelism.

Instead, layers are decomposed into smaller operations,
whose behavior is controlled by instructions to implement
each layer. The resulting instruction reduction loop is shown
in figure 12, with the corresponding hardware in figure 13.

Data Generators. The key difference between convolu-
tion and fully connected layers is the ordering and repetition
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Table 1. A summary of the size of the operations, in terms of
IR nodes, and the amount of times each operation is present
in the LeNet 5 programmable hardware design.

Operation Size Cnt Read Access

Conv image (shallow) 39 1
Instruction Reduction Conv weight (shallow) 39 1
Read 26 1 FC image (shallow) 49 1
Reduction T 1 FC weight (shallow) 60 1
Compute Bias read 47 1
Parallel dot product 34 1 Requant read 53 1
Partial sum 26 3 Write Access
Bias add 10 2 Output (shallow) 13 1
Requant rescale 18 1
Activation ReLU 1 1
Pooling average 42 1 Total 18

of the input data. Hence, two pairs of different “data gen-
erators” are made to handle the weights and images. Both
feed their outputs, through a SwitchApply primitive, into
ParallelDP and PartialSum on lines 8—12.

Parallel Dot Products. Parallelbp performs multiple dot
products in parallel. It takes two 2D streams of 2D vectors,
splits them into 1D vectors for the dot products, and outputs
a 2D stream of 1D vectors. The dot product dominates DSP
usage on the FPGA.

Partial Sum. The Partialsum block supports three modes:
pass the input vector unchanged, partially sum based on
input orientation, or fully sum and accumulate. These modes
accommodate both large and small layers, including convo-
lution and fully connected layers.

Other Components. The rest of the pipeline adds the bias,
requantizes, and writes the result to memory. These steps are
straightforward and are handled by upper-bounded primi-
tives. As pooling always follows convolution, it is integrated
directly into the pipeline.

4.2 Implementation Effort

Each operation is implemented using SHIR expressions. Here,
the expression size, measured by the number of main IR
nodes (excluding core nodes such as FunCalls, tuple accesses,
and lambdas), is used as a proxy for manual effort. The
LeNet 5 operations and their sizes are listed in table 1.
While some operations may seem complex, the effort re-
quired is amortized as they can be reused across other de-
signs after being written once. In fact, this paper considers
additional network classes VGG [29], Tiny YOLO [24], and
ResNet [12], where some operations (e.g., parallel dot prod-
uct, partial sum, bias) are directly reused in the designs of
all network classes. The read-access operations are the most
complex and the least reusable: simplifying them is aimed
for in future work. An extended analysis of all operations
used across all designs is provided in appendix section A.1.
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Figure 14. Compiler stack.

5 Compilation Flow

Having shown how programmable hardware is expressed
functionally, we now consider the compilation flow (fig-
ure 14). A hardware designer writes a functional expression
of the hardware (figure 12), which the SHIR compiler pro-
cesses using rewrite and lowering rules to generate VHDL.
This VHDL is then synthesized with tools like Quartus to
produce an FPGA bitstream.

The hardware designer provides accelerator metadata for
the model compilation step. A custom torch.compile [1]
backend then uses this metadata to automatically map op-
erations onto the accelerator. The metadata specifies the
hardware’s instruction format (for the loader), the mapping
of PyTorch operations to instructions (for instruction selec-
tion), and data layout requirements (for data layout). At the
end of compilation, a Python callable is produced, containing
host instructions to call the FPGA driver and shared memory
holding the loaded instructions and data during execution.

Note that accelerator described in section 4 assumes the
sole write buffer does not overlap with any of the read buffers
during a single invocation. Therefore, the compilation pro-
cess ensures the allocated buffers conform to this assumption
by performing liveness analysis to ensure the reuse of mem-
ory regions is done safely. In addition, since the memory
accessible by the accelerator is limited by the width of spe-
cific instruction fields, additional range checking is done by
the loader to ensure no overflow or truncation happens.

Finally, in the model execution phase, the Python callable
uses the driver to reconfigure the FPGA (if not already done)
and invokes the FPGA. The driver waits until the FPGA has
fully executed the loaded instructions and eventually returns
control back to the PyTorch runtime.

6 Evaluation
6.1 Experiment Setup

The proposed approach is evaluated on an Intel Arria 10
FPGA using the following four network classes: LeNet 5,
VGG, Tiny YOLOv2, and ResNet. The same programmable
hardware runs all networks within a class, showing multiple
models can share an accelerator. The FPGA sits on a server
with two Intel Xeon Gold 6254 CPUs (3.10GHz) and 1TB
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Figure 15. Roofline models of each programmable hardware.
The dotted lines represents the bounds of the roofline. The
stars represent the performance of the model as a whole, and
the other shapes represent the performance of each layer.

RAM. Run time, measured via an on-FPGA timer, includes
all host-FPGA PCI-Express transfers.

Inference Accuracy. To achieve high performance on
FPGAs, accelerators typically use low-precision fixed-point
values instead of floating-point. This leverages DSP blocks,
which support two fixed-point multipliers. Since neural net-
works are usually trained in floating-point, quantizing values
to fixed-point is essential.

The neural networks are trained in PyTorch on the CPU
using 32-bit floating point (Fp32) and then quantized using
standard techniques to 8-bit fixed point (Int8). Their floating-
/fixed- point accuracies are: LeNet 5, 98.7% / 98.7%; VGG 11,
69.0% / 68.9%; VGG 16, 71.6% / 71.5%; Tiny YOLOv2, mAP
44.6 / 41.6; ResNet 18, 69.7% / 66.5%; and ResNet 50, 76.1%
/ 74.7%. Note that Tiny YOLOv2 uses mAP (mean Average
Precision) for object detection.

6.2 Roofline Analysis

The roofline model [32] evaluates the performance of each
programmable accelerator. Designs are bounded by data
transfer bandwidth (6.5GB/s, forming the roofline slope)
and the maximum operations per second, determined by
the number of instantiated DSPs (forming the flat roof).

The roofline models of the programmable hardware de-
signs are shown in figure 15. The star shape represents the
performance of the entire model as a whole, whereas the
other shapes represent the performance of different types
of layers for each model. Regardless of the shape, the closer
the data point is from one of the limits, the better it is.

Out of the configurations presented in figure 15, the Tiny
YOLOvV2 programmable hardware is the most performant as
the data point for the entire network is located just under the
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Figure 16. Per layer run time for VGG 16 (lower is better).

computation limit. The VGG programmable hardware ranks
next in performance. A more in-depth study of VGG 16 will
be conducted in the next section.

The LeNet 5 hardware has the lowest performance among
the four network classes for two related reasons. First, its
low operational intensity keeps most data near the memory
bandwidth limit rather than the compute limit. Second, the
small data sizes further limit bandwidth, since saturating PCI-
Express requires enough data to amortize memory accesses.

ResNet networks are also a little underperforming com-
pared to the theoretical peak. However, ResNet has a much
more diverse set of layers compared to VGG or Tiny YOLOv2.
Therefore, it becomes challenging to design an accelerator
that achieves high performance on all layers. We will see
shortly that the designs produced in this work have in fact
much better performance than prior work.

6.3 VGG 16 Analysis

Figure 16 analyze VGG 16 at the layer level. Running the
model on the programmable hardware measures the actual
time per layer, including host data transfers. The ideal time is
computed from the roofline model using each layer’s opera-
tional intensity. Some layers require padding, causing under-
utilization; the theoretical time accounts for this. These three
values form the real, roofline, and theory bars in figure 16,
with roofline < theory < real by definition.

For layers 1-13, the real and calculated times are similar,
showing the programmable hardware is highly efficient. This
aligns with figure 15, where convolution layers approach
bandwidth or compute limits. Layers 14-16 (fully connected)
show a noticeable gap between real and roofline times, but
nearly match the theoretical time, meaning the inefficiency
comes from extra padding. Most computation occurs in the
first 13 layers, so slightly lower efficiency in the fully con-
nected layers is acceptable for VGG 16.

6.4 Comparison with Prior Work

Table 2 compares VGG 16 Conv and Tiny YOLOv2 with the
prior functional IR approach [14], which uses only Let and
FunCall for function sharing. Since prior work [14] lacks
ResNet results, the table compares ResNet against a recent
hand-written accelerator [33]. The number of DSPs indi-
cates computational parallelism. GOP/s considers both mul-
tiplication and accumulation, and DSP efficiency shows the
percentage of time the DSPs are active.



LCTES 26, June 15-16, 2026, Boulder, CO, USA

Tzung-Han Juang, Paul Teng, and Christophe Dubach

Table 2. Comparison against prior works. OP counts adds and multiplies; Arria 10 FPGA supports 2 multipliers per DSP.

Benchmark ID Experiment Device Freq. Lat. OP/ GOP/s. DSP #of DSPs ALM Routing Cong.
(MHz) (ms) cycle eff. Avg. Peak

VGG 16 Conv 1 Prior work [14] GX 200 68 2225 445 (1.0x) 97% 576/1518 65%  50.5% 88.5%

(Img:224x224,Int16) 2 Prior work [14] GX 200 Not Synthesizable 1152/1518 90%  73.7%  103.5%

3 This paper GX 200 72 2125  425(0.9%) 92% 576/1518 44%  31.2% 69.3%

4 This paper GX 200 52 2880 576 (1.3%) 63% 1152/1518 53% 43.1% 73.2%

Tiny YOLOv2 5  Prior work [14] GX 200 13 3040 608 (1.0x) 66%  1152/1518 47%  40.8% 69.9%

(Img:416x416,Int8) 6  This paper GX 200 11 3360 672 (1.1%) 69% 1216/1518 46%  35.1% 68.8%

ResNet 50 7 Prior work [33] SX 170 71 664 113 (1.0x) 32% 512/1687 41% ? ?

(Img:224x224,Int8) 8  This paper GX 200 59 681 136 (1.2x)  41%  414/1518  32% 225%  65.9%

9  This paper GX 200 45 893 179 (1.6X) 44% 510/1518 33%  23.5% 67.1%

10 This paper GX 200 33 1195 239 (2.1x) 43% 702/1518 34%  24.7% 66.2%

11 This paper GX 200 20 1945 389 (3.4x) 38%  1260/1518 36%  30.4% 68.2%

VGG 16 Conv. Prior work [14] handles VGG 16 Conv
with 576 DSPs but fails to route at 1152 DSPs. In contrast,
the proposed approach generates routable designs. The aver-
age routing congestion is consistently lower, allowing more
DSPs to be used. The peak routing congestion (i.e., the ra-
tio of maximum routing demand to available capacity) in
particular directly indicates whether a design can be routed.
Values above 100% mean some FPGA regions exceed avail-
able resources, which is the case for the non-synthesizable
VGG 16 experiment in prior work [14] (table 2).

The DSP efficiency is slightly lower than prior work with
576 DSPs due to the overhead of having a programmable
accelerator. However, this work can exploit more DSPs, ulti-
mately leading to a 1.3X speedup over prior work. Further-
more, this generated design is programmable and support
the full VGG 16 and VGG 11 networks whereas prior work
is limited to just the convolutional layers found in VGG 16.

Tiny YOLOv2. Tiny YOLOV2 is notable for its more di-
verse tensor sizes compared to VGG. Since prior work [14]
uses fixed-size functions for sharing, it requires padding and
introduces dummy elements that reduce performance. The
new upper-bounded streams introduced in this paper elimi-
nates padding, improving performance. As shown in table 2,
the generated accelerator is 1.1x faster than prior work.

ResNet 50. As shown in table 2, the accelerator produced
by this work is 1.6X faster than prior work [33] for similar
DSP usage (510 versus 512). And again, this accelerator is
fully programmable and can handle both ResNet 50 and
ResNet 18 for instance. It is also possible to exploit a larger
number of DSPs with modest increase in routing resources,
leading to a 3.4X speedup over prior work. Prior work uses
less DSPs despite having its design deployed on a device
with more resources than the one used for this paper. It is
likely that the prior work is unable to exploit more DSPs
due to routing issues, which the approach presented in this
paper avoids.

6.5 Hardware Overhead of Upper-Bounded Streams

Prior work on SHIR [26] assumes all stream lengths are
known at compile time. Supporting upper-bounded streams
requires extra control logic to determine the stream length
at run time, mainly affecting the counters that drive hand-
shaking, which must now handle configurable bounds.

For instance, converting a fixed MapStm to the upper-
bounded MapUStm increases ALM usage (i.e., use of basic
logic blocks of the FPGA) from 8 to 49 for a maximum
stream length of 1024. In contrast, ReduceStm conversion
does not increase the number of ALMs required. The extra
cost of MapUStm comes from extra logic that supports vary-
ing run-time stream length. This overhead does not occur
for ReduceUStm, which outputs a single value and therefore
has no need to memorize stream lengths.

All workloads presented require at most 129 MapUStm
instances each. Given that the target FPGA has 427,200 ALMs,
the additional ALMs used represent between 0.6%-1.5% of
total resources, which is negligible.

7 Related Work

Non-Functional High-Level Synthesis. C-HLS tools such
as Altera OpenCL, Xilinx Vitis HLS, and LegUp [5] pro-
vide a C-like interface for hardware design. ScaleHLS [34],
SODA [19], and CIRCT [9] use LLVM or MLIR IR as inter-
mediate abstractions. Other works [6, 30] generate synthe-
sizable C/C++ while tuning vendor-specific pragmas such as
unroll and pipeline. While these approaches improve produc-
tivity, they still require hardware expertise, and lack perfor-
mance predictability compared to functional approaches [20].

Functional High-Level Synthesis. Despite higher-level
abstractions, functional approaches like Chisel [3], CAaSH [2],
Spatial [16], and Delite [31] still require substantial hardware
expertise and manual extensions to achieve efficient acceler-
ators and implement high-level optimizations.
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Lava [4] slightly raises abstraction for HDL concepts (sig-
nals, assignments, instantiations) but remains close to tra-
ditional HDLs. yFP [28] adds higher-level support for state
registers and temporal sequences, yet lacks memory and
handshaking support. Prior work [8] models a valid-ready
handshake protocol but lacks high-level optimizations like
automatic serial-to-parallel transformation. In contrast, this
paper includes instruction-style programmability, memory-
related abstractions, and rewrite-based optimizations.

Aetherling [7], Lift-HLS [17], and SHIR [26] model hard-
ware accelerators using spatial and temporal operations with
vector and stream operators. However, Aetherling and Lift-
HLS lack memory-related data types, limiting data reuse.
Prior work on SHIR also has scalability issues due to routing
congestions, as discussed in section 6.4.

AnyHLS [21] provides functional abstractions for trans-
forming C/C++ code and uses partial evaluation to specialize
and inline functions. ShakeFlow [11] models a valid-ready
handshake in a functional IR for network systems. Both focus
on streaming architectures and lack explicit function-level
hardware sharing. Conversely, the approach in this paper
supports efficient function sharing via Reduce-based sharing,
upper-bounded streams, and switch-like primitive.

Resource Sharing and Optimizations. Halide-HLS [23]
is not functional but optimizes line-buffer reuse for better
resource utilization than Hipacc [25] on Harris corner detec-
tion. Both targets stream inputs and do not explicitly support
sharing coarse-grained compute functions, as in this work.

FP-DNN [10] models memory access as a graph-coloring
problem and analyzes on-chip data lifespans to reduce mem-
ory overhead. Sensei [13] evaluates the impact of bit-width
post-synthesis. COSMOS [22] partitions accelerators for HLS
and analyzes compute and memory bottlenecks late in the de-
sign. In contrast, this work leverages the existing SHIR [26]
rewrite-based system to optimize designs with minimal ex-
tensions for upper-bounded streams.

8 Conclusion

This paper demonstrates that programmable accelerators are
expressible in a purely functional IR. By introducing Reduce-
based sharing, upper-bounded streams, and a lightweight
switching construct, a fixed datapath controlled by a stream
of instructions can be synthesized directly from high-level
functional expressions. Importantly, this work builds on and
integrates seamlessly with an existing functional HLS ap-
proach, requiring only minimal extensions while preserving
the core abstractions. The evaluation shows that the acceler-
ators produced for four classes of neural networks achieve
high performance. In addition, the produced accelerators
are able to exploit more DSPs than prior work leading to
speedups between 1.1X-3.4X.
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A Appendix
A.1 Programmable Designs for Other Networks

The approach shown in section 4 is also used to express
the neural networks of VGG [29], Tiny YOLOv2 [24], and
ResNet [12]. The programmable hardware for VGG, Tiny
YOLOvV2, and ResNet follow an overall structure similar to
figure 12: all four designs perform a reduction that writes
to host memory (lines 1-2) over an upper-bounded stream
of data (lines 4-12) and write address pairs (line 13). The
difference between these four designs lie in the generation
of the upper-bounded stream being reduced, which in turn,
are dictated by the structure and the operations of the neural
network. The full list of operations, along with their usage
per design, are summarized in table 3. As before, these oper-
ations are divided into three classes: compute, read access,
and write access.

Compute. All neural networks surveyed in this work per-
form parallel dot products, partial sums, requantization, and
adding biases to either the convolution or the fully connec-
tion layer. Thus, it is sufficient to write the SHIR expression
for each of these functional units once and reuse them across
all designs. Not all neural networks use the same activation
and pooling operation. For example, Tiny YOLOv2 is the only
neural network that makes use of the Leaky ReLU activation
function and a 2D max pooling with stride 1. Thus, only the
Tiny YOLOv2 design includes the SHIR expressions for these
two operations. The programmable hardware for ResNet also
requires additional logic to handle residual connections that
occur in a subset of layers.

Read Access and Write Access. The data access opera-
tions include reading the images, weights, biases; buffering
into on chip memory as necessary; and generating the write
addresses for the neural network output. While all neural
networks also make use of these functionality, due to the
shape of the data (i.e., how wide the input and output channel
is, and thus, how well the cache line is utilized), these com-
ponents are further specialized into shallow and deep data
access components to eliminate waste during data transfer
between the programmable hardware and the host memory.
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Table 3. A summary of the size of the operations, in terms of
IR nodes, and the amount of times each operation is present
in each programmable hardware design.

Operation Size LeNet VGG YOLO ResNet
Instruction Reduction

Read 26 1 1 1 1
Reduction 1 1 1 1 1
Compute

Parallel dot product 34 1 1 1 1
Partial sum 26 3 4 4 2
Bias add 10 2 1 1 1
Residual add 26 0 0 0 1
Requant rescale 18 1 1 1 1
Activation ReLU 1 1 1 1
Activation leaky ReLU 8 0 0 1 0
Pooling max 39 0 1 1 1
Pooling max stride 1 97 0 0 1 0
Pooling average 42 1 0 0 0
Read Access

Conv image address 58 0 1 1 3
Conv image tile indexing 29 0 1 1 0
Conv image read 56 0 1 1 1
Conv image buffer 23 0 1 1 1
Conv weight address 47 0 1 1 2
Conv weight read 29 0 1 1 1
Conv weight buffer 61 0 1 1 1
Conv image (shallow) 39 1 0 0 0
Conv weight (shallow) 39 1 0 0 0
FC image (shallow) 49 1 0 0 0
FC weight (shallow) 60 1 0 0 0
Bias read 47 1 1 1 1
Residual read 71 0 0 0 1
Requant read 53 1 1 1 1

Write Access

Reshape pool 47 0 1 1 1
Reshape stride 1 pool 46 0 0 1 0
Output address 39 0 1 1 1
Output write 25 0 1 1 1
Output (shallow) 13 1 0 0 0
Total 18 23 26 25

Data-Availability Statement

This paper’s artifact is available on Zenodo [15], including
the Docker image and all other required software, except for
the licensed Intel/Altera tools and the Arria 10 FPGA PAC
board.
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