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Abstract—Driven by the increasing demand for low-latency
and real-time processing, machine learning applications are
steadily migrating toward edge platforms, where Field-
Programmable Gate Arrays (FPGAs) are widely adopted due
to their energy efficiency advantages compared to CPUs and
GPUs. To generate high-performance and low-power FPGA
designs, several frameworks built upon High Level Synthesis
(HLS) vendor tools have been proposed, among which template-
based (e.g., FINN) and compiler-based frameworks are gaining
traction due to their ease of use. However, existing template-
based frameworks often face challenges in extensibility, while
frameworks leveraging Multi-Level Intermediate Representation
(MLIR) frequently target devices with no stringent resource
constraints. To address these limitations, we propose LAKSA,
an MLIR-based framework that abstracts and automates the
HLS design process for edge devices without relying on template-
driven compilation. LAKSA adopts a streaming architecture with
carefully managed buffers, specifically designed to accommodate
resource constraints while ensuring low latency. Compared to
recent MLIR-based frameworks, LAKSA is capable of generating
designs that successfully undergo Place and Route (PnR). Even
under highly constrained resources and large input sizes, LAKSA
achieves a geometric mean of 3.32× speedup compared to the
best recent framework. Compared to FINN, LAKSA achieves an
average of 1.74× speedup for end-to-end network inference.

Index Terms—MLIR-based Compiler, High Level Synthesis,
Edge Inference, FPGA

I. INTRODUCTION

Resource- and compute-intensive Machine Learning (ML)
workloads such as Convolutional Neural Network (CNN)
demand changes in Internet of Things (IoT) infrastructures,
that historically relied on communication technologies and
cloud computing. To meet the requirements of low-latency
and real-time tasks, an increasing number of applications are
shifting towards edge inference, where FPGAs are emerging
as a highly promising hardware platform due to their higher
energy efficiency [1]–[3].

However, unlike programming for CPUs or GPUs, FPGA
programming is inherently challenging. Coding in a Hardware
Description Language (HDL) requires expert knowledge and
is known to be error-prone due to its low-level concurrent
nature. To address this, HLS tools such as AMD’s Vitis [4] and
Intel’s Quartus [5] instead generate hardware designs from a
high-level program, e.g., in C/C++. However, effectively using
them for high-performance designs still requires low-level
knowledge, expert use of pragma directives, and an intuition
of how the way the source code is written impacts the final
resource demands of the design.

To further ease FPGA programming, several frameworks op-
erate at higher levels of abstraction [6]–[16]. Some frameworks
are explicitly designed for specific workloads, such as FINN
and hls4ml [6]–[8] for ML inference and AutoSA [10] for
Systolic Arrays (SAs). Other frameworks are general-purpose,
advancing aspects such as polyhedral compilation [14], pro-
grammability [9], [13], and dataflow architectures [11], [12],
[15], and demonstrate strong performance on ML workloads
dominated by large, deeply nested loops.

However, frameworks that rely heavily on pre-defined tem-
plates [6]–[8] face extensibility challenges. Other compiler-
based designs do not necessarily suffer from high resource
usage, but often lack automated design space exploration (e.g.,
works [11]–[13]) or do not explicitly account for severely
resource-constrained devices (e.g., StreamHLS [15]), particu-
larly with respect to on-chip Block RAM (BRAM) resources.
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Fig. 1: LAKSA framework overview

To address these challenges, we introduce §LAKSA
(Linear Algebra Kernel Streaming Architecture) for CNN
inference, an MLIR-based extensible compilation framework
that performs hardware-aware optimizations tailored for highly
resource-constrained edge devices. LAKSA combines the
resource-awareness of template-based approaches with the
high-level abstraction and automation of compiler-based ones.
A streaming dataflow architecture is paired with resource
optimization techniques under an analytical model, and HLS
implementations of a given CNN model are generated auto-
matically. Figure 1 depicts an overview of LAKSA, and its
concrete contributions are as follows:

• Template-free, annotation-free optimizations. LAKSA
automatically classifies MLIR operations as different
types directly from its affine indexing maps, and uses
this classification to drive all streaming connection and
on-chip buffering decisions. Unlike approaches relying on
predefined templated layers or user-specified dataflow an-
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TABLE I: LAKSA Comparison with Prior Frameworks

Frameworks Front-end Streaming Dataflow Automatic Pragma
Insertion

Adaptive
Parallelism

Hardware-aware
Optimization

HIDA [12] C/C++/PyTorch ✗ ✓ Manual ✗
Allo [13] Python/PyTorch Manual Manual Manual ✗
StreamHLS [15] C/C++/PyTorch ✓ ✓ ✓ Partially
FINN [6], [7] QONNX ✓ Templates Partially ✓
LAKSA (this work) ONNX/TensorFlow/PyTorch ✓ ✓ ✓ ✓

notations, LAKSA infers every implementation decision
from its MLIR dialect stack with no user intervention.

• Joint BRAM and DSP modeling in an ILP-based
DSE. We formulate parallelism selection as an Integer
Linear Program (ILP) that simultaneously bounds BRAM
and Digital Signal Processor (DSP) usage for integer
arithmetic. To the best of our knowledge, LAKSA is
the first MLIR-based framework to model both resources
jointly in its Design Space Exploration (DSE): the closest
prior work, StreamHLS, constrains DSP only, and conse-
quently overflows BRAM at larger input sizes.

• Deadlock-free FIFO sizing from ILP cycle estimates.
We use the per-stage latency estimates from the ILP so-
lution to size inter-stage First In First Out (FIFO) buffers,
eliminating back-pressure deadlocks in the streaming
pipeline without resorting to worst-case buffer allocation.

• End-to-end automated flow. Starting from a high-
level specification (e.g., TensorFlow), LAKSA emits the
streaming dataflow architecture as HLS code that com-
pletes the full vendor toolchain, including PnR, with no
manual intervention.

We evaluate LAKSA against both template-based and
compiler-based frameworks on a range of CNN workloads,
LAKSA achieves a geometric mean speedup of 3.32× over
StreamHLS under highly constrained resources, and an aver-
age of 1.74× over FINN in an end-to-end evaluation.

II. RELATED WORKS

Numerous compiler frameworks from academia and indus-
try have been proposed to ease the translation of ML models
into FPGA implementations, here we focus on frameworks for
deploying CNN models onto FPGAs.

FINN [6], [7], initially proposed by Xilinx/AMD, adopts
a hybrid template-based approach. HDL templates provide
highly efficient implementations of instances such as data
buffers and control logic, while the rich set of utilities and
pragmas of the HLS toolflow simplifies and optimizes the
kernel design. Similar design methodologies can be found
in hls4ml [8], SAMO [17] (a FINN-based framework), and
ONNX2MDC [18]. DOSA [19] adds flexibility by selecting
and combining operator templates from several such frame-
works to achieve more optimized designs.

In contrast to template-based frameworks, which require
manually predefined templates for the target operator set,
code-generation-based frameworks provide a higher degree of
design automation. HeteroCL [9] and its successor Allo [13]
follow a Domain Specific Language (DSL)-based approach
offering a user-friendly programming interface with user-
specified optimization directives, while ScaleHLS [11] and

HIDA [12] apply graph-level pipelining based on kernel
parameters available to their MLIR-based compiler, such as
loop unroll and tiling factors. However, these approaches
still offload most of the optimization effort to users, who
need considerable hardware expertise to set the directives. To
overcome this limitation, StreamHLS [15] proposed a fully
automated MLIR-based framework that adopts a streaming
dataflow paradigm for efficient and deterministic inter-node
communication, and integrates a DSE that optimizes stream
utilization while adhering to the hardware constraints imposed
by DSP resources.

There are several other frameworks tailored for specific sce-
narios. AutoSA [10], for instance, generates SA architectures
on FPGA. POM [14] integrates polyhedral optimization [20]
into ScaleHLS via isl [21]. The work in [22] adapts various
release versions of the Low-Level Virtual Machine (LLVM)
Intermediate Representation (IR) for compatibility with the
older version that can be compiled in Vitis HLS. Sisyphus [23]
employs Large Language Model (LLM)-based prompt un-
derstanding to automatically insert appropriate Merlin prag-
mas [24] into C/C++ source code. Finally, StreamTensor [16]
generates energy-efficient hardware for LLMs using a custom
tensor representation. These works are orthogonal to LAKSA.
While they focus on hardware architecture design and compiler
interface, LAKSA focuses on high-level code generation for
HLS-based FPGA designs.

Table I compares the aforementioned template-based and
compiler-based frameworks. All the listed frameworks can
generate optimized FPGA implementations for a given CNN
model, with HIDA, Allo and StreamHLS supporting more
general inputs. However, existing MLIR-based frameworks
place less emphasis on explicitly modeling and managing
limited on-board resources, especially BRAM (as discussed
in the following section), so their results can be suboptimal or
too large to fit on resource-constrained edge devices.

III. BACKGROUND AND MOTIVATION

Deploying CNNs efficiently on FPGA involves navigating a
complex design space where compiler infrastructure, hardware
resources, and optimization strategies are deeply intertwined.
This section examines the key challenges that arise in existing
frameworks, introduces the MLIR infrastructure that LAKSA
builds upon, and discusses the hardware-aware optimization
techniques that are central to our approach.

A. Design Challenges

After critically examining the frameworks listed in Table I
for hardware generation, we identify three key challenges that
arise in optimization.
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The template challenge: In frameworks like FINN, hard-
ware generation relies on composing an operator from multiple
predefined templates. While this simplifies design reuse, it
constrains flexibility and limits adaptation to novel or un-
conventional inputs, such as that FINN maps each operator
to a composition of templates based on the operator’s type
and attributes, rather than performing a fine-grained analysis
of the underlying computational logic while applying the
code transformations. In Section V-C, we show that, with
our compiler-based approach, LAKSA outperforms FINN by
1.74× on average (geomean).

The automation challenge: The challenge lies in how
much manual input is required, e.g., in the form of pragmas
or optimization directives, to enable automatic code trans-
formation and generation. In Allo and HIDA, for instance,
domain-specific code is generated automatically from a high-
level specification, but optimization is delegated to the user,
who must specify parameters such as loop unrolling or tiling
factors. Even in FINN’s automated end-to-end pipeline, the
application of specialized graph transformation passes must
still be configured correctly by the user, posing a nontrivial
barrier to effective deployment.

The resource challenge: Another critical aspect of opti-
mization for FPGA hardware is adhering to resource con-
straints. To address this, FINN incorporates fine-grained re-
source management strategies, for example, leveraging XOR-
based logic to implement Multiply-Accumulate (MAC) op-
erations and modeling BRAM utilization according to data
storage and partitioning schemes. This capability represents
one of the advantages of adopting vendor-specified templates.
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Fig. 2: BRAM utilization – single layer convolution

Among the other works listed in Table I, only StreamHLS
provides explicit resource estimation and control through an
ILP-based DSE, which models and allocates DSP blocks under
resource constraints. However, StreamHLS does not explicitly
manage BRAMs, whose utilization typically increases with
loop-level optimizations in a manner similar to DSP usage.

Figure 2 illustrates the BRAM utilization as the input size
scales for a single-layer convolution followed by a ReLU
operator. StreamHLS exhibits significantly higher utilization
than LAKSA as the input grows, due to intermediate tensors
between dataflow nodes in the computation graph. LAKSA
solves this issue with a compiler-based approach augmented
with automated hardware-aware optimizations, as detailed in
Section IV.

B. MLIR

MLIR [25] is a sub-module within the LLVM framework,
designed to provide a comprehensive and reusable compiler
infrastructure that supports extensibility and is particularly
suited for building DSLs. Its core concept is the notion of
dialects, which represent different abstraction levels and com-
putational domains, for instance, TOSA for tensor operations,
linalg for linear algebra, and arith for arithmetic, each
comprising a collection of operations, types, and attributes.
The CIRCT [26] project, for instance, defines a rich set of
dialects spanning from high-level computation kernels down
to circuit-level representations, effectively providing an MLIR-
based infrastructure for hardware design.

Another fundamental feature of MLIR is the pass mech-
anism, where transformations are applied within the same
dialect, while conversions translate the IR from one dialect to
another, with a variety of built-in passes covering traditional
compiler optimizations such as constant folding and common
sub-expression elimination.

Motivated by the need for the abstraction of dataflow
semantics with strong determinism guarantees, we adopt the
dfg dialect [27], which is grounded in the dataflow Model
of Computation (MoC). Within the MLIR infrastructure, the
dfg dialect explicitly captures Kahn Process Network (KPN)
dataflow primitives such as processes and FIFO channels. In
LAKSA, linalg.generic operations are encapsulated as
dataflow nodes and connected via streaming channels. The
corresponding kernel and streaming mechanisms are described
in Section IV-A and Section IV-B, respectively.

CIRCT, however, maintains a relatively low-level, Register
Transfer Level (RTL)-like programming model and lacks
higher-level abstractions and optimizations for HLS-targeted
dataflow designs. Therefore, LAKSA adopts HLS as its back-
end, for which we introduce a new MLIR dialect, emithls,
to bridge the dataflow representation and HLS code generation,
as shown in Figure 1. A concrete example of emithls is
presented later in Section IV, where we discuss the DSE
optimization of LAKSA.

C. Hardware-Aware Optimization

When writing FPGA designs in an HDL, developers can ex-
plicitly control specific hardware resources, e.g., configurable
Look Up Tables (LUTs), BRAMs, and DSP units. Similarly, in
HLS C++, pragmas applied to variables, functions, and loops
guide the HLS tool in allocating particular on-chip resources.
Such resource-aware optimization is crucial for generating
high-performance and energy-efficient implementations, but
is not entirely straightforward. We highlight several consid-
erations for achieving an efficient design in terms of both
performance and hardware resource utilization.

Node- and graph-level optimizations: In HLS, loop un-
rolling increases loop-level parallelism by replicating the loop
body, while pipelining enables instruction-level pipelined ex-
ecution within a loop. Both are fundamental for high perfor-
mance and are instantiated via the UNROLL and PIPELINE
pragmas. Similarly, node-level pipelining is enabled by the
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Fig. 3: LAKSA compilation flow

DATAFLOW pragma, which allows individual nodes in a
dataflow graph to execute in a pipelined fashion.

Explicit memory management: The HLS tool allows
explicit memory allocation for variables such as arrays and
FIFO streams by specifying the target memory resource type.
When a loop is unrolled, arrays accessed within it must be par-
titioned along the corresponding dimension according to the
unroll factor. Otherwise, memory access conflicts violate the
intended unroll semantics and, within a pipelined loop body,
can prevent the target Initial Interval (II) from being achieved.
Respectively, the BIND_STORAGE and ARRAY_PARTITION
pragmas specify memory types and partition arrays.

FIFO sizing: In a dataflow-based design, the stream con-
necting two nodes is typically modeled as an elastic cir-
cuit [28], which synchronizes producer and consumer through
a valid/ready handshake protocol. When the filling and drain-
ing rates of a stream differ, the handshake may deadlock
and stall further execution. A sufficient buffer depth must
therefore be specified via the STREAM pragma when a variable
is implemented as a stream.

The application of these compiler pragmas for improved
design quality in LAKSA is further elaborated in Section IV.

IV. LAKSA OPTIMIZATION FLOW

To address the challenges identified in Section III-A,
LAKSA transforms tensor operations into a memory-efficient
streaming architecture with explicit memory control, and pro-
vides an automated DSE that optimizes nested loops while
respecting hardware resource constraints. These optimizations
are implemented through an analytical model combined with
MLIR transformations.

Figure 3 illustrates the key stages of the compilation flow,
where the proposed optimizations are applied. LAKSA first
classifies the linalg kernels in the input graph into dif-
ferent categories based on their attributes. This classification
is used to determine whether a line buffer is required and
how it should be implemented (Section IV-A). Based on the
classification results, LAKSA creates buffers and streams to
represent the inputs in the dfg dialect, which is subsequently
lowered to emithls (Section IV-B). Next, an ILP-based
DSE transforms the IR toward a higher-performance design
based on analysis of the IR and two user-specified resource
constraints (Section IV-C). Afterwards, the FIFO depths are
resized according to the transformation results to ensure that
backpressure does not stall the dataflow. Finally, LAKSA
generates HLS code.

A. Kernel Analysis and Classification

In MLIR, the affine dialect represents affine loop struc-
tures and supports several loop optimization transformations,
such as loop unrolling and tiling, as well as dependence
analysis based on the IR. All MLIR-based frameworks listed
in Table I perform analysis and optimization starting at this
level. LAKSA operates at a higher abstraction level using the
linalg dialect, specifically the generic operation.

This operation represents perfectly nested affine loops with
statically known bounds and access patterns (control flow
branching is not permitted), and offers richer semantics than
affine loops, such as explicit mappings between data
structures and computations through affine_maps. It also
explicitly annotates the type of each iterated dimension, e.g.,
parallel or reduction, allowing the compiler to better capture
program semantics and apply optimizations.

Listing 1 MLIR Conv2D-ReLU example

1 #map0 = affine_map<(d0, d1, d2, d3, d4, d5, d6)->(d0,
2*d1+2*d4, 2*d2+2*d5, d6)>↩→

2 #map1 = affine_map<(d0, d1, d2, d3, d4, d5, d6)->(d3,
d4, d5, d6)>↩→

3 #map2 = affine_map<(d0, d1, d2, d3, d4, d5, d6)->(d0,
d1, d2, d3)>↩→

4 #map3 = affine_map<(d0, d1, d2, d3)->(d0, d1, d2, d3)>
5 %conv_result = linalg.generic {
6 indexing_maps = [#map0, #map1, #map2],

7 iterator_types = ["parallel", "parallel", "parallel",
"parallel", "reduction", "reduction",
"reduction"]}

↩→
↩→

8 ins(%input, %weights : tensor<1x32x32x8xi8>,
tensor<16x3x3x8xi8>)↩→

9 outs(%empty0 : tensor<1x14x14x16xi32>) {
10 // elided payload operations

11 } -> tensor<1x14x14x16xi32>
12 %relu_result = linalg.generic {
13 indexing_maps = [#map3, #map3],

14 iterator_types = ["parallel", "parallel", "parallel",
"parallel"]}↩→

15 ins(%conv_result : tensor<1x14x14x16xi32>)
16 outs(%empty1 : tensor<1x14x14x16xi8>) {
17 // elided payload operations

18 } -> tensor<1x14x14x16xi8>

Listing 1 presents an example of Conv2D-ReLU operator
written in linalg.generic operations with affine maps
bounded to the operands. Each affine_map consists of two
components: the left-hand side enumerates the dimensions
of the iteration space (corresponding to the loop induction
variables of the generic operation), while the right-hand side
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specifies, as affine expressions over these dimensions, the
indices used to access the associated operand.

Based on the indexing maps in the generic operation,
operators in Neural Network (NN)-related workloads can be
categorized into three types – Pure Parallel (PP), Sliding Win-
dow (SW), and Regular Reduction (RR). PP kernels represent
computations in which all dimensions are mutually indepen-
dent, admitting full parallelization across every dimension
(e.g., elementwise operations). SW kernels are characterized
by a sliding window memory access pattern (e.g., Conv2D and
Pool2D). RR kernels involve a reduction dimension in the
computation but do not exhibit a sliding window access pattern
(e.g., MatMul), which leads to a distinct buffer allocation
strategy compared to the SW category (Section IV-B). Based
on these characteristics, the classification problem can further
be reduced to recognizing the sliding window semantics while
analyzing the kernels.
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Fig. 4: Conv2D linalg kernel analysis

Figure 4 illustrates the linalg.generic convolution
declared in Listing 1. The output is indexed by the parallel
iterators (d1, d2), which select where a window is anchored in
the input, while the reduction iterators (d4, d5) enumerate the
taps inside that window. Consequently, in #map0 the input’s
spatial coordinates s·d1+ δ·d4 and s·d2+ δ·d5 encode exactly
a sliding window: varying (d1, d2) slides the window in steps
of s (the stride), and varying (d4, d5) walks within it with
spacing δ (the dilation).

Algorithm 1 Kernel classification

Require: linalg::GenericOp op
Ensure: (K, stride, dilation), where K ∈ {PP, RR, SW}

1: if ∀t ∈ op.iterator types = parallel then
2: K ← PP ▷ e.g., elementwise operation
3: end if
4: for each Erhs ∈ op.indexing maps do
5: if Erhs = c0 · dparallel + c1 · dreduction then
6: K ← SW, stride← c0, dilation← c1
7: end if
8: end for
9: K ← RR ▷ e.g., matrix multiplication

We can therefore characterize a kernel with SW access
patterns reads at least one input tensor using a linear combi-
nation of a spatial iterator and a local accumulation iterator. In

MLIR, such access patterns are canonically represented using
an affine expression:

E = s · dparallel + δ · dreduction

where dparallel and dreduction denote a parallel and a reduction
iterator, respectively. The coefficient s ∈ Z>0 is the stride
(step between adjacent windows along the spatial dimension),
and δ ∈ Z>0 is the dilation (spacing between elements inside
a window along the reduction dimension).

Therefore, whenever a dimension in an affine map contains
a linear combination of exactly one parallel iterator and
one reduction iterator with non-zero coefficients (s, δ), the
kernel exhibits SW semantics. Affine maps involving reduction
iterators but not matching this pattern are classified as RR,
while maps containing only parallel iterators are classified
as PP. Based on these definitions, we design Algorithm 1.
This analysis is also lightweight, operating in O(

∑
|E|) time,

where |E| is the number of right-hand side expressions across
the inspected maps.

B. Stream and Buffer Creation

After classification, LAKSA determines whether a kernel
requires a line buffer for storing input data to improve memory
efficiency, specifically for kernels that involve a reduction
dimension, i.e., SW and RR. If so, a line buffer structure is
inserted into the IR in the subsequent step. A line buffer is a
well-established hardware-aware optimization widely used in
both HDL and HLS designs across various domains, including
NNs and image processing. Instead of buffering the entire
input, the line buffer stores only the subset of data required
for computation over a limited window. This approach signif-
icantly reduces memory demand and is particularly beneficial
for memory-constrained hardware systems. This is why in
Figure 2 LAKSA’s BRAM stays flat as input scales from
32×32 to 224×224 while StreamHLS grows approximately
linearly. LAKSA applies this optimization automatically by
statically analyzing the iterator types and affine maps of each
linalg.generic operation, which explicitly expose how
data is accessed and generated, enabling correct line buffer
insertion without user intervention, in contrast to frameworks
requiring manual control or template-based designs.
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Fig. 5: Line buffer architecture

Figure 5 illustrates how the line buffer is constructed for
an SW kernel, using the Conv2D generic operation of
Listing 1 as a running example. The arrows on the input
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cube depict the raster-scan order in which pixels arrive: the
horizontal axis indicates one full input row is delivered before
moving on, while the vertical axis advances by one row at
a time. This naming is intentional — the parallel iterators
d1, d2 choose where the window is anchored, and the reduction
iterators d4, d5 walk inside it, so the same expressions that
defined the sliding window in Figure 4 now describe the
trajectory of incoming data.

To produce one output pixel, the kernel needs a d4×d5
neighborhood whose taps are spaced δ apart, which in the
example spans (d4−1) ·δ + 1 = 5 input rows. Crucially, the
bottom-most of those rows is the one currently being streamed
in and is consumed on the fly, so it never has to be stored;
only the (d4−1) ·δ = 4 rows above it must be retained for
reuse with subsequent output pixels. The horizontal extent of
each retained row equals the full input width (32), since any
column may still be revisited as the window slides along them.

The depth of the buffer is dictated by the streaming in-
terface: d6 is the only reduction iterator that doesn’t appear
mixed with a parallel iterator in any indexing map of Listing 1,
meaning every input pixel carries d6 = 8 values that must
be reduced at the same spatial position; we therefore feed
them in parallel through 8 concurrent input streams, and the
buffer is 8 deep so that one slot is reserved per stream. By
the same reasoning, the parallel iterator d3 appears only in
the kernel and output maps but never in the input map, so
it indexes values that are produced rather than consumed at
each spatial step; this gives the quantity of d3=16 concurrent
output streams emitted from the kernel.

Algorithm 2 SW kernel parameter extraction

Require: linalg::GenericOp op, dilation
Ensure: Sbuf ,Nin,Nkernel,Sin,Sout

1: Ekernel ← ϕ
2: for each (M,val) ∈ (op.indexing maps, operands) do
3: Erhs ←M.results, shape← val.shape
4: for each (erhs, size) ∈ (Erhs, shape) do
5: if erhs = c0 · dparallel + c1 · dreduction then
6: Nin ∪ size, Ekernel ∪ dreduction
7: else if erhs = dreduction then
8: if dreduction ∈ Ekernel then
9: Nkernel ∪ size

10: else
11: Sin ∪ size
12: end if
13: else if erhs = dparallel then
14: Sout ∪ size
15: end if
16: end for
17: end for
18: Sbuf ∪ (Nkernel[0]− 1) · dilation
19: Sbuf ∪Nin[1], Sbuf ∪ sizein

Constructing this streaming architecture with line-buffer op-
timization for an SW linalg.generic operation therefore
boils down to recovering five pieces of information from its
indexing maps: the input spatial extents Nin that bound the
raster scan, the kernel spatial extents Nkernel that fix the

window size, the input-stream count Sin and output-stream
count Sout that dimension the streaming interface, and finally
the line-buffer shape Sbuf assembled from the previous four.
Algorithm 2 performs this extraction by classifying every
result expression of every indexing map and accumulating it
into the corresponding set, with an auxiliary set Ekernel kept
on the side to remember which reduction iterators have already
been identified as kernel taps.

For RR kernels the same five-set abstraction applies, but
extraction is much simpler because no indexing map mixes
a parallel and a reduction iterator. In a matmul generic,
for instance, each output element is obtained by sweeping a
single reduction iterator over the inputs with no spatial window
to slide, so a reduction iterator can only act as a channel
along which values are accumulated, and its size directly
fixes the input-stream count Sin. The output-stream count
Sout is recovered exactly as before, from a parallel iterator
that indexes the output but not all inputs. With no window
to reconstruct across rows, the line buffer degenerates to a
single slot per stream holding the operands currently being
accumulated, i.e., Sbuf reduces to 1×Sin.

With the kernel type and these five quantities in hand,
LAKSA optimizes the IR by allocating the line buffer and
instantiating Sin inbound and Sout outbound streams for
the streaming dataflow architecture. The resulting graph is
then lowered into the emithls dialect, where the extracted
parameters directly materialize as the loop bounds and stream
declarations that drive the subsequent optimization steps.

C. Automatic DSE and FIFO Resizing

Listing 2 DSE input example

1 // Assume: %input: 8-channel streams

2 // and %output: 16-channel streams

3 emithls.for %idx0 = 0 to 32 step 1 {
4 emithls.for %idx1 = 0 to 32 step 1 { // 𝑁𝑖𝑛

5 %linebuf = emithls.variable as
!emithls.array<8x4x32xi8>↩→

6 emithls.for %idx2 = 0 to 8 step 1 { // 𝑆𝑖𝑛
7 %read = emithls.stream.read %input[%idx2]
8 // elided: line buffer (𝑆𝑏𝑢 𝑓 ) construction

9 }

10 emithls.if (/* elided: compute condition based on
stride/dilation */) {↩→

11 emithls.for %idx3 = 0 to 16 step 1 { // 𝑆𝑜𝑢𝑡
12 %accumulator = emithls.variable as i32 = 0
13 emithls.for %idx4 = 0 to 3 step 1 {
14 emithls.for %idx5 = 0 to 3 step 1 { // 𝑁𝑘𝑒𝑟𝑛𝑒𝑙

15 emithls.for %idx6 = 0 to 8 step 1 { // 𝑆𝑖𝑛
16 // elided: quantized convolution operations

17 }}}

18 emithls.stream.write %accumulator to %output[%idx3]
19 }}

20 }}

Listing 2 shows the emithls IR that LAKSA emits for
the Conv2D running example: the five quantities extracted by
Algorithm 2 serve as loop bounds and buffer dimensions —
Nin on the outer spatial loops (lines 3–4), Sin on the inbound
stream-read loop (line 6), Sout on the outbound parallel loop
(line 11), Nkernel on the window loops (lines 13–14), and
Sbuf as the shape of the %linebuf variable (line 5).
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The emithls dialect adopts a design similar to emitc in
MLIR (abstracting C/C++ syntax), additionally capturing the
pragma- and dataflow-oriented HLS syntax needed to express
such streaming architectures, and thereby serves as a common
entry point for translation into HLS code.

As discussed in Section III-C, achieving a design that
is both resource-efficient and performance-competitive on
constrained hardware requires careful application of several
hardware-aware compiler pragmas. LAKSA regulates hard-
ware resource usage after the line buffer and stream opti-
mizations directly in the IR, as in Listing 2. In LAKSA,
line buffers are mapped to BRAM to ensure sufficient storage
capacity for large input shapes. Constant arrays are scheduled
to use LUT-based memory to provide faster access latency.
Finally, multiplication operations are mapped to DSP blocks,
which follows the default HLS behavior. Although DSP-
based implementations are not always faster than LUT-based
ones, this choice provides a better balance among hardware
resources and helps avoid potential issues during PnR.

min

(
max
p∈P

∑
v∈p

Cycles(v)

)
(Objective) (1a)

∀ ℓ ∈ L : uℓ | trip(ℓ) (Unroll Constr) (1b)
∀ ℓ ∈ Lpipe : uℓ = trip(ℓ) (Pipeline Constr) (1c)∑
b∈B

∑
ℓ∈L(b)

uℓ ηℓb ≤ Btotal (BRAM Constr) (1d)

∑
d∈D

∑
ℓ∈L(d)

uℓ ηℓd ≤ Dtotal (DSP Constr) (1e)

∀ s ∈ S : κsrc(s) = κdst(s) (Stream Shape) (1f)
∀ ℓ ∈ L, s ∈ S(ℓ) : κℓ(s) = uℓ (Stream Access) (1g)

For performance optimization, LAKSA applies loop un-
rolling and pipelining within the IR, similar to StreamHLS. As
discussed before, these are essential techniques for optimizing
nested loops in HLS designs. In addition, since LAKSA
generates a dataflow-based architecture, we also exploit graph-
level pipelining by automatically applying the corresponding
pragma in the identified top-level graph. Since these loop
optimizations directly affect the utilization of BRAM and
DSP resources, LAKSA integrates the following ILP model as
Equation (1) to automatically steer the transformations without
user-defined parameters while respecting resource constraints,
with BRAM and integer arithmetic DSP estimation extending
beyond the scope of StreamHLS.

For a given dataflow graph G = (V,S) with P different
paths, LAKSA’s ILP model minimizes the latency, modeled
as the cumulated number of clock cycles of the nodes in the
graph that construct the longest critical path (Equation (1a)).
LAKSA estimates execution cycles in a manner similar to
Vitis HLS, determining the number of cycles consumed per
loop iteration and then scales this value according to the
total iteration count, while accounting for the effects of loop
unrolling and pipelining. While Vitis HLS does this at the
more accurate RTL level, LAKSA does so at the level of
MLIR operations in emithls dialect. Although our approach
is more coarse-grained, it suffices to steer the optimization

without having to recompile the kernels. Note that LAKSA
does not consider loop interchange as StreamHLS does, as
it would disrupt the streaming dataflow structure required by
the line-buffered streaming design. The constraints of the ILP
formulations are described in the following.

Unroll and pipeline constraints: L and Lpipe denote the
set of loops in the IR (e.g., lines 6, 11, 13–15 of Listing 2)
and the subset of loops that reside within a region identified
to be placed with the PIPELINE pragma, respectively. uℓ

denotes the unroll factor of a loop ℓ. The unroll factor must
divide the total trip count of the loop (Equation (1b)). Since
we aim at generating pipelines with an II of one, loops within
a PIPELINE region are fully unrolled (as required by Vitis
HLS). This is represented by uℓ = trip(ℓ) (Equation (1c)).

BRAM and DSP constraints: On FPGA devices, BRAM
resources are typically implemented as BRAM18K blocks
storing up to 18,432 bits each. The line buffer in Figure 5
with shape 8×4×32 and 8-bit integers, for example, requires
a single block when the loop at line 6 is not unrolled. Similarly,
a DSP block multiplies a 27-bit by an 18-bit integer, so
multiplying two 32-bit integers maps each operand to two
DSPs, requiring four in total. However, actual resource usage
during HLS is more complex than implied in our model, but
this estimation provides a theoretical upper bound, ensuring
that utilization does not exceed the specified constraints.

Loop optimizations also influence both resources. In an
unrolled loop, the increased parallelism leads to an approxi-
mately linear increase in DSP usage. Similarly, parallel mem-
ory accesses increase with the unroll factor, which requires
arrays mapped to BRAM to be properly partitioned to support
concurrent accesses. For example, if the loop at line 6 is fully
unrolled, the dimension of the line buffer in Figure 5 indexed
by %idx2 must be fully partitioned, resulting in 8 BRAM
resources instead of one. In the ILP formulation, ηℓb and ηℓd
denote the hardware resource usage of the operations within
loop ℓ for BRAM and DSP, respectively. The total resource
consumption is therefore modeled as the product of the loop
unroll factor and these coefficients (Equations (1d) and (1e)).

Stream constraints: This constraint specifies that for a
FIFO channel connecting two nodes in the dataflow graph,
its producer and its consumer must have matching stream
shapes. In the case of Listing 2, the producer node connected
to it must provide 8 output streams and the consumer must
accept 16 input streams. As in Equation (1f), κ denotes
the shape of the streams used as a parameter of the node.
Additionally, to ensure no performance degradation because of
the introduction of streams, κ must also match the read/write
access pattern, which is influenced by the loop unrolling
configuration (Equation (1g)).

The solution of the LAKSA ILP yields several key variables,
such as the loop unroll factors and the locations where
PIPELINE pragmas should be applied. These variables serve
as essential inputs for guiding the subsequent transformations.
Additionally, LAKSA integrates a lightweight FIFO resizing
mechanism based on the estimated clock cycles per iteration
for each node, using the optimization parameters obtained
from the ILP. After rewriting the graph according to the
optimization parameters, LAKSA resizes the FIFO buffers
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based on the number of cycles required by the producer and
consumer, thereby eliminating potential race conditions in the
synchronous streaming architecture. This step is particularly
important for diamond-shaped dataflows, such as residual
blocks commonly found in CNN workloads.

V. EVALUATION

In this section, we evaluate LAKSA against a vanilla
implementation without specific optimizations, two MLIR-
based frameworks, HIDA [12] and StreamHLS [15], as
well as FINN [7]. These experiments demonstrate that
LAKSA achieves competitive or better performance com-
pared to well-established template-based frameworks such
as FINN, despite operating at a high-level of abstraction,
and remains competitive against other compiler-based frame-
works such as StreamHLS and HIDA with considerably
less user intervention.

A. Experimental Setup

To evaluate our work, we select several commonly used ker-
nels from CNN models, specifically those previously evaluated
by other frameworks. For convolution kernels, we generate
two input sizes (32×32 and 224×224, which are commonly
used in edge inference tasks), while keeping the remaining
dimensions identical, in order to highlight the BRAM utiliza-
tion issue at increased input sizes observed in StreamHLS.
This setup is designed to highlight the scalability challenges
faced by other frameworks, reflected in the varying BRAM
utilization. Some CNNs contain fully connected layers at the
end, typically characterized by a small number of dimensions
but large feature sizes. To account for this, we design two
representative kernels, namely Linear and FeedFwd, com-
prising one and two fully connected layers, respectively.

At the edge, CNN models used for inference are typically
quantized to reduce the computational overhead associated
with floating-point arithmetic, which is particularly expensive
on edge FPGAs. For this evaluation, all kernels are quantized
to integer precision prior to compilation. For the Vanilla
implementation and the MLIR-based frameworks, the kernels
are evaluated using 8-bit precision, which is a typical bitwidth
used for inference in practice. For FINN, which currently
supports up to 4-bit precision, we perform the comparison
using 4-bit precision.

Notably, for StreamHLS, which does not provide explicit
control over DSP utilization for integer operations and may
therefore lead to excessive DSP usage, we integrate the same
estimation mechanism used in LAKSA while keeping the
remaining framework unchanged. For HIDA, which requires
user-specified optimization directives, we use its default con-
figuration, since our comparison targets the benefit of auto-
mated DSE over manual tuning; StreamHLS is run with its
own ILP-based DSE under a user-specified DSP budget as
its best-effort automated configuration. When comparing to
FINN, we generate designs using its required ONNX format,
which is the same logic as the 8-bit version. Since the trans-
lation of 4-bit models to MLIR is not supported, we manually
reduce the bitwidth from the corresponding 8-bit model to

4-bit in the IR for evaluation. We verify that the generated
HLS C++ code differs only in the declared bitwidth, while the
loop structure, pragma insertion, and dataflow topology remain
identical to the 8-bit variant; furthermore, the datapath upcasts
operands to 32-bit prior to multiplication and accumulation,
ensuring no unintended precision loss. This evaluation focuses
on resource utilization and latency rather than network-level
inference accuracy. Thus, the discussions about network accu-
racy are irrelevant to this evaluation. Additionally, to eliminate
potential variations caused by different MLIR versions, we
generate identical inputs using IREE, which is capable of
producing MLIR code in the linalg dialect.

All experiments are conducted on the KV260 Evaluation
Board from AMD [29], which provides 288 BRAM18K
blocks and 1248 DSP resources operating at 100 MHz using
Vivado 2025.1. To further evaluate how LAKSA performs
under severe resource constraints, we additionally conduct
experiments where the available DSP resources are limited
to 125 (10% of the total). LAKSA still achieves comparable
results, demonstrating its ability to generalize across devices
with drastically different resource budgets.

We note that the optimizations in LAKSA are interdepen-
dent rather than separable. Line buffering and the ILP jointly
keep each design within the BRAM and DSP budgets, and
disabling either yields a design that does not fit the device or
deadlocks. Rather than an isolated per-optimization ablation,
the 100%- and 10%-DSP configurations therefore serve as a
sensitivity study on how the ILP adapts parallelism to the
available budget. We also collect hardware resource utilization
information from both HLS and PnR reports. For FINN,
however, only the PnR utilization is reported, as it constructs
designs by stitching together templates that are not exclusively
implemented as HLS modules.

Regarding performance evaluation, for comparisons with the
Vanilla implementation and other MLIR-based frameworks,
the presence of large arrays passed as function parame-
ters introduces additional overhead from the board’s DRAM
accesses. As a result, direct on-board execution would be
affected by memory access latency. Therefore, we use the
estimated clock cycles reported by HLS for performance com-
parison. In contrast, FINN provides an end-to-end deployment
flow that runs the design directly on hardware. When compar-
ing against FINN, we therefore measure the runtime latency
during kernel execution on the board and report the average
over 100 runs to obtain a stable, representative measurement.
All reported speedups are computed from these two metrics
accordingly.

Lastly, we evaluate the BRAM and DSP estimations pro-
duced by our ILP model against the corresponding PnR
and HLS results. This comparison highlights the discrepancy
between the analytical estimates and the final hardware imple-
mentation, and motivates further optimization.

B. Results: Comparing to Vanilla, HIDA and StreamHLS
Figure 6 summarizes the results of LAKSA, HIDA,

StreamHLS, and the Vanilla baseline in logarithmic scale.
Overall, LAKSA achieves the best performance for all work-
loads, especially in the default configuration without the
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Fig. 6: Comparison among MLIR-based frameworks – estimated latency and resource utilization

strict DSP constraint. In particular, compared with the Vanilla
baseline, LAKSA consistently delivers substantial speedups
while remaining within hardware limits across all reported
workloads, achieving an overall geometric mean speedup of
109.04× for the unconstrained configuration and 7.45× for the
10%-DSP configuration. This result shows that the proposed
compilation flow is effective in translating available hardware
resources into performance gains.

Figure 6 also highlights important resource trade-offs in
the evaluated frameworks, especially in terms of BRAM
usage. Compared with HIDA, LAKSA generally uses more
BRAM, while still remaining implementable for the reported
workloads, likely because HIDA exposes less parallelism in
the generated design. As a consequence, only relatively small
buffers are needed for data storage, leading to lower BRAM
usage. This highlights a common challenge of non-automated

optimization flows, where the final design quality depends
strongly on manually selected parameters, as discussed in
Section II. By contrast, the exceeding BRAM usage in Vanilla
and StreamHLS is mainly caused by intermediate arrays and
the array partitioning introduced by parallelism in the case
of StreamHLS. This suggests that the BRAM overhead is
not simply a drawback of LAKSA compared to HIDA, but
more generally a consequence of how intermediate data and
parallel access patterns are materialized in the generated
hardware. Under this view, the BRAM usage of LAKSA
remains significantly better controlled than that of Vanilla and
StreamHLS, particularly as the input size increases, while
still delivering substantially better performance compared to
StreamHLS, with an overall geometric mean speedup of
48.55× for the unconstrained configuration and 3.32× for
the 10%-DSP configuration.
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Another important observation is the visible discrepancy
between the HLS and post-PnR results. This discrepancy
appears across multiple frameworks and resources, indicating
that resource usage cannot be fully understood from HLS
reports alone. In particular, the difference between HLS and
post-PnR numbers suggests that backend effects such as
resource binding, memory mapping and packing decisions
already have a non-negligible impact on the final hardware
cost. We further analyze this discrepancy together with the
ILP-estimated BRAM and DSP usage of LAKSA later in
Section V-D, which provides a more detailed comparison
among the estimated, HLS, and post-PnR resource utilization.

For LUT and FF, the discrepancy between the HLS and
post-PnR results is mainly caused by the line-buffer and
stream-oriented optimizations introduced in LAKSA. These
optimizations bring additional control and data-movement
logic, which tends to be estimated conservatively by HLS, and
therefore appears as a noticeably higher LUT/FF usage in the
HLS report. During the downstream implementation, however,
this logic can be represented and optimized more precisely
at the netlist level, such that redundant control, routing-
related overhead, and overly conservative intermediate logic
estimates are reduced in the final post-PnR result. Therefore,
this gap mainly reflects the limited accuracy of HLS resource
estimation for stream-oriented logic, rather than a dependence
on backend implementation to compensate for the design.

For HIDA and StreamHLS, a contributing factor to the
weaker performance is the mismatch between the intended
loop pipelining and the actual memory organization. Although
these frameworks set the pipeline II to 1, the corresponding
memory system is not always fully adapted to the chosen
parallelism. More specifically, the arrays are not partitioned
consistently with the parallel execution pattern, so the required
memory bandwidth cannot always be provided in time. As a
result, the target II may not be fully sustained in the generated
hardware, which in turn limits throughput and contributes to
the lower speedups observed for HIDA and StreamHLS. At
the same time, the better performance of LAKSA is not solely
due to the design itself, but also to its ability to identify more
suitable parallelism for the target hardware and workload. In
this sense, the advantage comes less from a manually tuned
implementation and more from selecting a better operating
point in the hardware-software design space automatically.
This enables the generated design to utilize the available
resources more effectively and achieve higher performance.

The LAKSA-10% configuration serves a different purpose.
It restricts the available DSP budget to only a small fraction
of the device capacity, effectively emulating deployment on a
much smaller FPGA and thereby probing the device adaptabil-
ity of LAKSA. Under such a stringent constraint, the objective
is no longer to maximize performance for every workload, but
to assess whether the framework can still identify effective
parallelization strategies within a severely limited arithmetic
budget. As expected, the reduced DSP budget lowers the
achievable speedup compared with the unconstrained LAKSA
configuration. This behavior is consistent across workloads,
although the degree of degradation varies depending on their
computational characteristics. Nevertheless, even under this

strict constraint, LAKSA-10% continues to deliver strong
performance across the evaluated workloads and remains
competitive with, or superior to, the compared baselines.
These results indicate that LAKSA can still derive efficient
hardware mappings under tight resource budgets, demonstrat-
ing that the framework adapts gracefully to smaller, more
resource-constrained edge FPGA platforms without requiring
any change to the compilation flow.

Overall, Figure 6 shows that LAKSA provides the best
performance-resource trade-off among the evaluated works.

C. Results: Comparing to FINN

Figure 7 compares LAKSA and FINN in terms of resource
utilization and latency across several representative workloads.
Utilization is shown on a logarithmic scale, and the reported
speedup is computed as the ratio of FINN’s latency to that of
LAKSA. For the workloads where latency is available for both
frameworks, LAKSA consistently achieves lower latency, with
average speedups ranging from 1.11× to 4.92×. This result
indicates that LAKSA is able to expose substantially more
compute parallelism on the target FPGA. For completeness,
latency is not reported for Linear and FeedFwd in FINN,
as our FINN flow did not produce valid end-to-end latency
measurements for these two workloads under the current
evaluation setup. For resource utilization, we report the post-
PnR results, since FINN constructs the accelerator by compos-
ing multiple HLS modules, making the final implementation
results the most meaningful basis for comparison.

The most direct architectural difference is visible in DSP
usage. Across all workloads in Figure 7, FINN uses zero
DSPs, whereas LAKSA still relies heavily on DSP-based
computation. This difference strongly suggests that FINN
maps these low-bit operators to logic-oriented arithmetic rather
than dedicated multiplier blocks. In practice, such implemen-
tations can be realized through bit-level logic, partial-product
reduction, and other LUT-based arithmetic structures, instead
of consuming DSP resources. By contrast, LAKSA currently
preserves a more DSP-centric mapping for multiplication and
accumulation, which allows it to sustain higher arithmetic
parallelism at the cost of significantly higher DSP usage.
The latency advantage of LAKSA therefore comes from a
fundamentally different resource trade-off, namely using ded-
icated arithmetic hardware to reduce execution time, while
FINN shifts more of the arithmetic cost into logic. At the
same time, these results also highlight that efficient DSP
packing is an important optimization opportunity for LAKSA.
Since these workloads use low-bit operators, packing multiple
operations into a smaller number of DSPs could potentially
reduce DSP consumption significantly while preserving much
of the performance advantage.

The behavior of LUT and FF is more nuanced. Although
LAKSA uses far more DSPs, it does not always use more logic
resources than FINN. For example, in SL-224, SD-224,
TL-224, DS-224 (input size 224 × 224), and FeedFwd,
LAKSA actually uses fewer LUTs than FINN. A similar
trend can also be observed for FFs in some cases. This
behavior is consistent with the fact that a larger fraction
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Fig. 7: Comparison between LAKSA and FINN – resource utilization and latency

of arithmetic in LAKSA is absorbed by DSPs rather than
materialized as LUT-based datapaths. However, LAKSA can
still consume more LUTs and FFs for some workloads, such
as RB-32/224 and LeNet5. These cases likely reflect the
overhead of the streaming dataflow realization itself, including
additional routing logic, synchronization, FIFO control, and
inter-stage buffering required to maintain high parallelism,
with part of this overhead stemming from the use of HLS-
generated FIFO implementations in LAKSA, as opposed to
the more specialized HDL-based implementation adopted in
FINN. In other words, the trade-off is not simply DSP versus
LUT, but rather a combination of DSP-backed compute and
extra stream orchestration overhead.

The BRAM results show a more nuanced discrepancy
between the two frameworks. Although LAKSA in most cases
uses more BRAM than FINN, the gap remains moderate for
most workloads, and interestingly, for Linear, less BRAM is
consumed. This behavior is reasonable because LAKSA and
FINN use on-chip memory differently.

Another interesting observation is the different sensitivity
to input size. For LAKSA, moving from 32×32 to 224×224
changes LUT, FF, BRAM, and DSP only marginally for the
kernels we evaluate. This suggests that the generated hardware
structure is determined primarily by the selected parallelization
and buffering strategy, while the larger input mainly increases
the latency rather than the amount of instantiated hardware.
In contrast, FINN shows more noticeable growth in LUT and
FF for the larger-input variants. This indicates that, for these

workloads, the generated logic in FINN is more sensitive to
tensor size, even though its DSP usage remains zero.

Overall, Figure 7 highlights a clear design trade-off between
the two frameworks. LAKSA achieves consistently lower
latency by exploiting aggressive parallelism and DSP-based
arithmetic, but this advantage comes with substantially higher
DSP usage due to the higher parallelism exposed by LAKSA.
These observations also suggest that enabling DSP packing
and reuse would be a particularly meaningful direction for
reducing the resource gap of LAKSA without giving up its
performance advantage.

D. Results: Estimation vs. Reality
Figure 8 compares the estimated resource usage from the

LAKSA ILP model and the HLS report with the final post-
PnR implementation results across different kernels and op-
timization variants. Both Est and HLS bars are shown on
a logarithmic scale and normalized to the post-PnR result
(dashed red line at 1×), so that values above one indicate
overestimation and values below one indicate underestimation.
Several clear trends can be observed from the figure. First, the
ILP model generally captures the correct resource trend across
kernels and variants, namely that larger or less constrained
designs tend to consume more BRAM and DSP, while the
10%-DSP-constrained variants consistently reduce DSP usage.
This indicates that the model is effective as a hardware-
aware optimization guide, even though its absolute accuracy
is limited.
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Fig. 8: Comparison of BRAM and DSP utilization – estimation vs. reality

At the same time, the gap between the three results is often
substantial. For many kernels, the ILP estimation is noticeably
more conservative than both the HLS and post-PnR results,
especially for BRAM. This behavior is particularly evident
in the Linear and FeedFwd kernels, where the estimated
BRAM usage ratio reaches around 9× and 3× the post-PnR
value, respectively. A similar trend can also be observed for
DSP, although the discrepancy is usually smaller than for
BRAM in the constrained variants. These results suggest that
the ILP model approximates resource pressure at a coarse
granularity and therefore behaves more like a safe upper-bound
estimate than an exact predictor, as discussed in Section IV-C.

Another important observation is that the HLS report is
often closer to the final implementation than the ILP estimate,
but it still does not fully match the post-PnR numbers. In
particular, the post-PnR DSP usage is consistently higher
than the HLS report across all kernels. This indicates that
part of the actual DSP cost is introduced or exposed only
after downstream synthesis and physical implementation. By
contrast, BRAM usage is in many cases slightly lower in
post-PnR than in HLS, which suggests that the backend
may further optimize memory packing or mapping for some
kernels. However, this behavior is not uniform, as shown by
the 10%-DSP variants of RB-32 and RB-224, where post-
PnR BRAM usage becomes significantly larger than both the
ILP and HLS results.

The existence of these discrepancies is expected because
the three results are produced at different abstraction levels.
The ILP model is built at compile time and mainly captures
resource usage through analytical formulations of parallelism

and buffering requirements. As a result, it cannot fully model
implementation-specific effects such as memory bank merging
and DSP resource reuse. The HLS report already includes
scheduling and binding decisions, but it is still generated be-
fore logic synthesis and placement-and-routing, and therefore
cannot fully predict backend transformations as well. These
backend effects become more pronounced for structurally
complex kernels.

Overall, Figure 8 shows that the main value of the ILP
model is not to reproduce the exact post-PnR numbers, but to
provide a reliable early-stage estimate of resource trends for
optimization and design-space exploration.

VI. CONCLUSION AND FUTURE WORK

In this work, we presented LAKSA, an MLIR-based com-
pilation framework that addresses key design challenges in
FPGA accelerator generation for resource-constrained de-
vices by combining hardware-aware optimizations drawn from
template-based approaches with automated optimization pa-
rameter selection at a high level of abstraction as in compiler-
based approaches. These components enable LAKSA to
systematically expose hardware parallelism while respecting
hardware resource limits, achieving a 3.32× speedup over
StreamHLS under strict resource constraints. Beyond per-
formance, LAKSA demonstrates that vendor-specific opti-
mizations need not be encoded in fixed operator templates,
but can instead be captured and applied analytically within
the compiler, resulting in a more systematic, extensible, and
template-independent optimization flow, achieving an average
of 1.74× speedup in an end-to-end evaluation against FINN.
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We see several promising directions for future work. First,
incorporating predictors such as Balor [30] could improve QoR
estimation and enable better parallelism decisions. Second,
ideas from FIFOAdvisor [31] could improve FIFO sizing,
and BRAM-based FIFO implementations should be considered
explicitly within the ILP model for deeper buffers. Third,
throughput estimation methods from FINN could help balance
dataflow nodes and improve end-to-end pipeline efficiency.
More broadly, LAKSA is designed as an open framework
that can be embedded into other flows and absorb techniques
from them. For instance, its streaming architecture is naturally
compatible with AutoSA-style systolic generation, extending
applicability to Transformer-like and GEMM-dominated work-
loads. Larger designs may additionally benefit from physical
optimizations such as AutoBridge [32] to achieve higher oper-
ating frequency. Finally, improved DSP packing [33], [34] rep-
resents another valuable direction to reduce DSP consumption
while preserving performance. Finally, we see great potential
in interfacing with upstream MLIR DSLs flows beyond ML
workloads such as [35], [36] from the EVEREST project [37]
and how multiple implementation variants can dynamically
deployed for adaptivity in the computing continuum [38].
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