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Abstract—GPUs have emerged as a pervasive compute accel-
eration platform for a wide range of workloads. Their highly
data-parallel architecture enables high-throughput applications,
including machine learning, scientific computing, and graphics
rendering. In recent years, the prevalence of GEMM-based
applications led to the introduction of dedicated Tensor Cores in
the GPU architecture, which were optimized for such workloads.
However, current GPUs lack support for custom dataflow
architectures and operations, and often perform sub-optimally
for workloads with primitives not supported on GPU hardware.

In this work, we propose introducing a Sea-of-LUTs (SoL)
core to the GPU alongside typical functional units, providing a
programmable logic area that can be dynamically reconfigured
from within the GPU to implement custom operators or dataflow
architectures. By tightly integrating this core on the same GPU
die, we offer a fast, reconfigurable architecture while avoiding
the external pin and I/O bottlenecks observed in heterogeneous
platforms involving FPGAs. We evaluate the SoL core using a
combination of GPU performance evaluation tools (Accel-Sim &
AccelWattch) and FPGA architecture modeling tools (COFFE
& VTR). We assess a diverse set of workloads on the GPU-SoL
architecture, offloading custom functions such as Softmax to the
SoL core. With only 6% area overhead, the proposed SoL core
enables over 1.34× performance improvement and 1.22× energy
reduction across the evaluated workloads.

Index Terms—GPU, FPGA, Fine-grained Programmable Logic,
Custom Operations, Dataflow Architectures

I. INTRODUCTION

GPUs have become ubiquitous in recent times, with
widespread applications ranging from machine-learning (ML)
training and inference serving, to graphics processing and
data analytics. In addition to offering massive parallelism
and accelerated performance, the ease of programmability for
generic applications makes them stand out compared to other
domain specific or custom accelerators. GPU architectures
have seen constant improvements to support the most promi-
nent workloads, with current architectures having significant
optimizations for matrix multiplication [9], [49], [50].

While GPUs offer remarkable performance with highly
data-parallel and regular operations, their performance on
many other types of irregular workloads such as dynamic
programming, graph analytics, and sparse data traversal is
sub-optimal compared to custom dataflow architectures im-
plemented on FPGAs [16]. GPUs are designed for static and
predictable execution pipelines, and do not support custom
dataflows involving fine-grained pipelines and dynamic data
routing and scheduling. Techniques like coalescing memory
accesses [22] alleviate the memory bandwidth bottleneck, at

the expense of further enforcing strict data access behavior –
as a consequence, applications like sparse matrix algebra and
table lookups which involve scattered memory accesses end
up being inefficient. Despite highly quantized and narrow bit-
width ML models gaining prominence [44], [48], GPUs end up
underutilizing their potential with their limited support for low-
precision operations [64]. On the other hand, most of the above
limitations can be overcome by using custom hardware devices
such as FPGAs or ASICs: FPGAs can implement custom
dataflow architectures and fine-grained pipelines supporting
specific access patterns and data types, with recent work on
low-precision model inferences demonstrating 8× improvement
in energy efficiency over GPUs [77].
GPU-FPGA systems. Though GPU-FPGA heterogeneous
systems are less common, there are several workloads which
would greatly benefit from them [28], [75]. For instance, GPUs
are the primary hardware platform used for Large Language
Model (LLM) inference today, as they support dominant LLM
operations such as general matrix multiplications (GEMMs).
However, latency-bound non-linear operations such as Softmax
and LayerNorm often form the bottleneck in modern LLM
inference on GPUs [36], [54]. This becomes even more
critical in long-context architectures, with Softmax contributing
up to 30% of the overall inference latency [19], [35]. In
contrast, these operations can be efficiently implemented
on FPGAs, offering substantial speedup compared to GPU
implementations [35], [67] (Fig. 1(a)). Moreover, although
GPUs are highly optimized for many of the dominant workloads
of today, they may perform sub-optimally on future workloads
that incorporate new, custom, or unconventional operations
that differ from current computational patterns. Having an
FPGA-like system in conjunction with a GPU can support any
new operations, with custom dataflow architectures offering
optimized implementations [39], [59], [70].
Challenges and Motivation. Heterogeneous integrations in-
volving FPGAs are bottlenecked by the interconnect bandwidth
and latency, as they contain limited I/O ports [61]. As shown
in Fig. 1(b), workloads often have repeating structures, and
offloading intermediate operations to other devices through
interconnects would cause significant energy and latency
penalties due to back-and-forth data movement, motivating
the need for a tighter integration.

Several applications including ML inference, robotics, and
data-adaptive algorithms require FPGAs to be dynamically
reconfigured for different hardware functionality [42]. However,
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Fig. 1: (a) GPU workloads often have latency-critical segments that can be efficiently accelerated on FPGAs. E.g., Softmax could
account for up to 30% latency in LLM inference, and can achieve up to 8× speedup on FPGAs. (b) In current heterogeneous
platforms, such workloads with alternating layers mapped to GPUs and FPGAs often suffer from communication bottlenecks,
driving latency and energy costs. (c) Our proposal : GPUs enhanced with a Sea-of-LUTs (SoL) core. Workload-specific ops that
are better suited for custom dataflow architectures are performed on SoL Cores, while the regular ops are computed as usual.

most current FPGAs have a single JTAG port for configuring
the PL that serially loads in the configuration data (bitstream),
causing long programming latencies, making them not very
suitable for dynamic reprogramming [73]. Therefore, fast
dynamic reconfiguration support is critical for a hybrid GPU-
FPGA system.
A Case for GPU-PL Integration. Our analysis suggests that
a tight integration of GPU and Programmable Logic (PL)
resources, with the latter being rapidly and dynamically recon-
figurable, would benefit a range of applications as compared to
GPU-only or FPGA-only solutions. Data transfer between the
GPU and the PL fabric can achieve high bandwidth as it does
not cross chip boundaries. Further, such an integrated system
can have the GPU operating at its native high frequency, without
being constrained by the operating limits of a programmable
fabric. We also note that since GPUs already contain memory
and floating-point functional units, only logic blocks would be
needed in the PL, and BRAMs and DSP slices could be avoided.
The ease of programmability for such an integrated solution
would be key to its widespread adoption – recent advances in
conversion of higher level language (for example, PyTorch) to
Verilog and FPGA bitstreams [10], [20], [60] enable this.
Our Proposal. We propose to enhance GPUs with a tightly
integrated Sea-of-LUTs (SoL) core to implement fine-grained
custom operations and dataflows. The SoL core includes a
programmable logic (PL) region with LUTs organized into
tiles, or Configurable Logic Blocks (CLBs). The contents of the
LUTs and the interconnects between the tiles can be configured
using a highly parallel interface. Byte-addressable I/O buffers
(registers) act as interfaces between the PL region and the
rest of the GPU. Fig. 1 (c) shows a typical workflow on a
GPU enhanced with SoLs (GPU-SoL). For operations that
would benefit from a custom dataflow-based acceleration, a
design and its corresponding configuration data (bitstream) is
generated, which is loaded into the SoL core ahead of time.
GPU kernels incorporate new SoL instructions that trigger the
pre-programmed SoL core to perform its operations, in a much
more efficient fashion compared to their native GPU execution.
For designs that involve multiple layers of custom operations
that cannot simultaneously fit on the SoL core, the architecture
enables dynamic reconfiguration of the core on a different
stream while standard operations continue to be executed. This

removes the SoL configuration latency from the critical path of
execution, ensuring optimal utilization of the GPU resources.
Goal. The primary intent of this work is not to increase the
compute-density of GPUs with computational motifs common
to all workloads, but rather to provide a customizable fabric
to provide special function units on a workload-specific basis.
The SoL core complements the GPU, accelerating irregular
and special functions within larger workloads, while leveraging
the high compute density and parallel memory access strengths
inherent to GPUs.
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Fig. 2: Prior work: (a) externally interfaced FPGA-CPU/GPU
heterogeneous systems, and (b) soft CPU core inside an FPGA.
(c) Proposed reconfigurable programmable logic (PL) fabric
integrated inside the GPU SM (this work).

Prior Work. The idea of integrating FPGAs and processors has
been explored in the past, offering flexibility, high performance,
and customizability for specific tasks [4], [5], [62], [72]. These
prior heterogeneous designs generally fall into two categories:
(i) External FPGA acceleration as in Fig. 2(a), and (ii) Soft
processors integrated into FPGAs as in Fig. 2(b). In the former
category, “hard” (dedicated silicon) processors are interfaced
with an external FPGA through an interconnect, such as AXI
or PCIe bus, like the Zynq series of Xilinx FPGA boards
having ARM-based embedded CPUs interfaced with the logic
fabric [5], [71], [74]. Platforms such as Project Brainwave
from Microsoft have also been developed to accelerate ML
inference by augmenting CPUs with an FPGA-like Neural
Processing Unit (NPU) [14]. This category suffers from high
communication overheads and reprogramming latency that
prevent fine-grained interleaving of tasks across platforms. In
the latter category, “soft” processors are implemented in the
FPGA’s logic. FPGAs have had such integrated embedded
processors, as seen in AMD/Xilinx MicroBlaze [72] or Intel
Nios V [4]. Due to the limitations of the programmable logic
fabric, these processors typically operate at low-frequencies (50-
250 MHz). In contrast, we propose a fine-grained programmable
logic (PL) fabric with a sea of LUTs, integrated within the



GPU, offering a large interface bandwidth, fast reprogramming,
and potentially high operating frequency (Fig. 2 (c)).

To the best of our knowledge, ours is the first work that
integrates a fine-grained programmable logic fabric inside the
GPU fabric. DySER [26], a prior CGRA work has some
conceptual similarities to SoL due to its tight integration
with the processor core. However, there are several important
distinctions: (i) Target domain: DySER is designed for CPU
pipelines, whereas SoL is designed for GPU SIMT execution
and SM integration, which introduces different architectural
constraints and opportunities. (ii) Functionality model: DySER
operates as a CGRA-like fabric with a fixed set of functional
units and configurable interconnects to accelerate common
computational motifs. In contrast, SoL enables fine-grained,
programmable-function LUT-based hardware tailored to the
specific needs of each workload. (iii) Purpose: DySER primarily
increases compute density for common patterns. On the other
hand, SoL enables GPUs to efficiently accelerate irregular,
control-flow–intensive, or non-linear operations that are cur-
rently inefficient on GPUs, complementing its high-throughput
compute units. Thus, while DySER shares the general idea of
tight integration with a processor core, the architectural goals,
programmability model, and targeted workload characteristics
differ substantially.

Overall, we make the following contributions in this paper:
• We augment GPUs with an integrated Sea-of-LUTs (SoL)

core to offer GPU-SoL, accelerating irregular and custom
operations through fine-grained dataflow architectures.
This complements the computational strengths of the GPU
with a flexible programmable region for custom compute,
supporting any unconventional operations in the future.

• We develop a software-hardware workflow supporting
GPU-SoL, with dedicated SoL instructions that integrate
well with the GPU execution model. The newly intro-
duced SoL programming instruction also enables dynamic
reprogramming with minimal overheads.

• We evaluate our proposal using a combination of FPGA
architecture modeling (COFFE & VTR) tools and GPU
performance evaluation tools (Accel-Sim & AccelWattch).
With only 6% area overhead, the SoL core offers 1.34×
end-to-end performance improvement and 1.22× energy
reduction on a set of ML, HPC, and general workloads,
demonstrating the wide applicability of this work.

II. BACKGROUND & MOTIVATION

A. GPU Architecture Evolution : TCs & SFUs
With the popularization of deep learning in the last decade,

matrix multiplication on GPUs became mainstream, leading
to the incorporation of Tensor Cores (TCs) into the GPU
architecture [7], [17], [21], [30], [43], [56]. However, many
workloads, including elementwise kernels, FIR filters, and
several non-ML applications primarily use CUDA cores, and do
not benefit from Tensor Cores at all – either because they lack
GEMM operations or because their datatypes and operations
map better to CUDA cores [27]. Therefore, accelerating non-
GEMM operations continues to be valuable even in modern

GPUs with TCs. In this work, our focus is to enable efficient
execution of irregular or special non-GEMM functions which
are commonly seen across workloads, yet map poorly to current
GPU cores and execution paradigms.

Recent GPU architectures also include Special Functional
Units (SFUs) within each SM, dedicated to perform tran-
scendental math operations such as sin, cos, exp, and log
using approximate computing algorithms [38]. Operations like
Softmax in LLM inference use these SFUs to accelerate exp
computations [9]. However, architectural improvements such
as these are based on current workloads and are implemented
for specific operations. Consequently, any introduction of
unconventional operations in future workloads would trigger a
redesign of the architecture. While these units deliver significant
performance gains for the narrow classes of operations they
target, their utility is limited by their fixed functionality.
Essentially, programs that do not benefit from such operations
will have an unavoidable section of hardware idling throughout
the execution. As workloads diversify, designing a dedicated
hardware unit for each emerging function is impractical. As a
result, such units are often only introduced to cater to the most
common operations across workloads, while the rest of the
operations remain unoptimized and fall back on the general
functional units. This motivates the need for a general purpose
programmable logic unit to implement workload-specific SFUs.

Programmable Logic Blocks within GPU for future!

Functional units on GPUs are optimized for present
workloads. Having a programmable logic block within
the GPU will enable any new custom operations in
future workloads to be accelerated as well.

B. Limitations of FPGA Architecture

FPGAs involve logic slices and interconnects that are pro-
grammed to the design being implemented, with the bitstream
specifying the contents of the configuration SRAMs. Recon-
figuration is achieved by updating the SRAM contents while
“streaming” in the bitstream through dedicated configuration
ports on the FPGA. This can be done using a scan-chain-based
method, with a single JTAG port for serial loading of the bit-
stream, or with a frame-based reconfiguration, with prior work
also proposing memory-based dynamic reprogramming [45],
[69]. However, reconfiguration in commercial FPGAs continues
to be a slow process, and limits their usage in scenarios where
designs have to be swapped to support different functions
or contexts [13], [15], [66]. In addition, FPGAs also consist
of dedicated DSP slices, BRAMs (memory), and peripherals
connected to the programmable logic, with the former two
accounting for over 30% of the area [8]. These additional
elements also result in a low logic density as compared to other
processors, and end up necessitating a lower operating clock
frequency. Finally, I/O ports which facilitate data movement
to the FPGA logic fabric are often limited in number, and
bottleneck the overall latency [61]. In this work, we retain the
high compute density of a GPU but achieve reconfigurability as



in FPGAs while alleviating the limitations of external FPGAs
using a programmable logic unit within the GPU.

III. THE SEA-OF-LUTS (SOL) CORE

Based on the insights gathered in the previous sections, we
propose GPU-SoL: a GPU enhanced with a programmable
logic block called the Sea of LUTs (SoL) core (Fig. 3 (a)). In
addition to the typical CUDA/functional units (FUs) and Tensor
Cores, a SoL core is included in each Streaming Multiprocessor
(SM), to implement custom dataflow architectures for realizing
specific functions.

A. Design Choices

We make two key design choices in the SoL core architecture.
First, we choose to only include logic slices (LUTs) in the
programmable logic, and omit DSP slices/ BRAMs typically
seen in modern FPGAs, in order to limit the area overhead
of the SoL core. The idea behind this is that existing tensor
cores and single-precision/double-precision functional units in
GPUs are efficient in floating point math – and operations that
are heavily dominated by such computations should remain on
the SM and utilize these units for better throughput. Further,
LUTs themselves are functionally complete, implying they
could realize these floating point operations albeit with reduced
throughput. Therefore, operations that are better suited for SoL,
but involve limited interspersed floating point computations
can still be supported on the SoL while achieving an overall
performance improvement. Our tight integration enables such
fine-grained offloading of operations within a single kernel.

Second, we opt for a distributed design, with small SoL
cores within each SM, rather than a larger centralized core
outside the SM. This distinguishes our work from other
architectures, such as the XDNA architecture in NPUs [57],
where a large centralized Neural Processing Unit is integrated
to the processors, with a shared main memory. Our distributed
design choice is driven by the GPU architecture and execution
model. GPUs are designed to parallelize execution across SMs,
with each of them accessing data and performing computations
in parallel independently – thereby enabling high memory
bandwidth and computational throughput. By adopting a
distributed architecture, we align with this native execution
model, and ensure data movement to/ from the SoL continues to
exploit the inherent bandwidth advantages of the GPU memory
hierarchy. A decentralized SoL core also avoids the overheads
and challenges associated with synchronization across thread
blocks/ SMs, when trying to offload operations within the
kernel boundary. While introducing SoL cores at the SM Sub-
Partition (SMSP)-level would have offered a simpler hardware-
integration, it hinders user adoption as warp distribution
across SMSPs is hardware-managed at runtime, without user
transparency – severely constraining the programming model.
We taxonomize this design scenario in Section V-H.

B. SoL Core Architecture

Fig. 3 (b) shows the architecture of the proposed SoL core.

Programmable Logic (PL): At the heart of the SoL core is
the programmable logic segment, which includes logic tiles
comprising lookup tables (LUTs) and flip-flops (FFs) that
are organized with configurable interconnects. As shown in
Fig. 3, the PL consists of M ×M tiles, each having N Basic
Logic Elements (BLEs). The BLE in turn comprises of a
K-input LUT and an FF with multiple output drivers. As
illustrated, Routing MUXes connect the input wires in the tile
to the LUT inputs. Connection-box MUXes are responsible
for selecting inputs to the tile from the routing channels,
and switch-box MUXes connect tile outputs to the routing
channels. The LUT contents and the MUX select lines together
form the configurable elements of the design, with dedicated
SRAM cells for each of these holding their configuration
data. Table I summarizes the parameters of the SoL core
architecture. The number of tiles, number of BLEs, size of
LUT, input and channel capacity, etc. can be adjusted at design-
time according to the needs of the specific GPU-SoL. The
logic slices are realized using custom-sized transistors, with
SRAM cells holding the programmed configuration data. We
use COFFE2 [76], an FPGA architecture modeling tool to
model this (elaborated in Section IV).

TABLE I: SoL Core Configuration Parameters

Parameter Description

M ×M Number of tiles in the core
N Number of BLEs in each logic tile
K Number of inputs to each LUT
I Number of input wires to each tile
W Number of routing wires (channels)

Bitstream Loader: The bitstream loader programs the SoL
core to the specific logic circuit being implemented based on the
bitstream, by loading the bits to the appropriate configuration
SRAM cells in the tiles. In order to support high-speed dynamic
reconfiguration of the PL, we propose multiple scan-chain links
that concurrently program different regions of the PL. Each
scan-chain link connects the SRAM configuration cells of a
tile in a serial single-bit link. During PL programming, the
configuration data for each of these cells is streamed in through
the scan chain, and each cell is programmed in a serial fashion.
Our design includes dedicated scan-chains for each tile, thereby
allowing them to be programmed in parallel at a high-speed.
Note that in case of typical FPGA boards, the PL interfaces with
off-chip peripherals through I/O ports, imposing constraints
on the number of pins available to program it using JTAG
interfaces. However, in our design, the SoL core being on the
same GPU die allows us to create multiple scan-chains through
the PL, without requiring external I/O ports.

Input and Output Buffers: The input and output buffers
provide the interface between the register file in the SM and
the PL in the SoL core. These buffers are essentially staging
registers typically seen in functional units that can be addressed
or indexed from the GPU threads and PL.
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Fig. 3: SoL Core Architecture. (a) SoL core within each GPU SM. (b) The core comprises programmable logic (PL) of logic
tiles and interconnects that can be rapidly programmed using a highly parallel interface, and input/output buffers through which
data movement occurs to/from the PL. (c) Typical structure of SoL instructions and semaphores for hazard scoreboarding.

C. SoL Instructions

Our design introduces four new hardware SASS instructions
to support the SoL core:

• REG2SOL r_data, r_bufidx: moves data from a
GPU register into SoL’s input buffer at the specified index.

• SOL2REG r_data, r_bufidx: moves data from the
SoL’s output buffer at the specified index, into the GPU
register.

• SOLPROGRAM: reconfigures the SoL core with the bit-
stream data currently in the input buffer.

• SOLEXECUTE: executes the SoL core with the input data
currently within the input buffer. After execution, the
outputs are available in the output buffer.

Prior to execution on the SoL core, the SOLPROGRAM
instruction is issued to program the PL with the bitstream
or configuration data. The bitstream is loaded to the SoL input
buffer through a series of REG2SOL instructions before issuing
the SOLPROGRAM instruction. In case the bitstream exceeds
the size of the input buffer, multiple SOLPROGRAM calls can
be issued serially. Once programmed, a sequence of REG2SOL,
SOLEXECUTE, and SOL2REG instructions are used with other
SASS code to manipulate the SoL core. Once the data is moved
to the SoL buffer with REG2SOL instructions, a SOLEXECUTE
instruction is issued, starting the pre-programmed operations in
the SoL core. In most scenarios, programming of SoL happens
very infrequently, and is usually followed by several calls of
SOLEXECUTE for a series of inputs.

D. SoL-SM Synchronization

1) Clock Frequency Domains: Owing to the nature of the
programmable logic fabric, the SoL core might be constrained
to run at a lower clock frequency than the GPU. To support
this, the SoL core operates at a divided clock compared to the
rest of the SM. The operating frequency of the SoL core is
determined at the time of bitstream generation, and the clock
dividers to the SoL are configured to that factor. The clock
domain crossing of data between the GPU SM and the SoL
is inherently supported by the input/ output buffers, with the
read/ write ports on either side of the buffers operating at

their respective clock frequencies. For instance, the actual data
movement/ writes from the SM to the SoL input buffer occur
entirely at the SM clock domain, and such writes to the input
buffer can occur on consecutive cycles. In our execution model,
the SoL does not access data from the buffers at this time,
ensuring stability. Only the control signals (SOLEXECUTE in
this case) actually cross the clock domain, and signals to the
SoL that the data is ready to be read by the SoL at its clock
frequency. This clock domain crossing of the control signals is
facilitated by flip-flop synchronizers, adding a 2 cycle penalty
before the SoL can actually begin processing from the time
a SOLEXECUTE signal is issued. Our evaluation takes these
aspects into account, by specifying the SOLEXECUTE latency
in terms of equivalent GPU cycles, and by adding an extra 10
GPU cycle latency penalty to the SOLEXECUTE instructions.

2) Hazard Scoreboarding: Fig. 3(c) describes the hazard
scoreboarding mechanisms in GPU-SoL. When a REG2SOL
instruction is issued, it increments the inp hardware semaphore
(counter), and it decrements the same when it is completed.
The warp scheduler also tags the hardwareID of the block
accessing the SoL to ensure that other thread blocks do not
attempt to access it meanwhile. The scheduler/ scoreboard
for the SOLEXECUTE instruction tracks the inp (as well
as out) semaphore(s), and issues it only after all previous
REG2SOL instructions have completed (inp semaphores on all
SMSPs should be 0). Issuing SOLEXECUTE increments the
sol semaphore, and it waits for a “done” signal from the SoL –
which then decrements the sol semaphore. This is tracked before
issuing the SOL2REG instruction, which similarly updates the
out semaphore.

3) Memory Consistency: The SoL core does not initiate
any additional memory requests on its own. The SoL core
only accesses data in its dedicated input and output buffer, and
this data is moved to/ from the buffer by the SM through the
REG2SOL and SOL2REG instructions. As is the convention in
GPU programming models, software synchronization barriers
ensure that while the SoL is operating on the data within its
buffer, the rest of the SM is not accessing that data. With
this, GPU-SoL maintains the same overall memory consistency
model as a regular GPU.



4) Programming Model: The SoL core follows a program-
ming model similar to a regular GPU, as shown in Fig. 3(c). The
SoL buffers are indexed with physical addressing. Importantly,
threads concurrently issue their respective REG2SOL and
SOL2REG instructions for parallel data movement, but the
SOLEXECUTE instruction is only called by a single thread
in the thread block. Synchronization instructions are inserted
before and after it to ensure that the data movement instructions
(REG2SOL / SOL2REG) are issued in the correct order. Addi-
tional synchronization instructions between the SoL instructions
and other regular instructions are only required if the rest
of the program accesses data across warps, as intra-warp
dependencies are natively handled by the scoreboard. During
program execution, the SoL core and the contents of its buffers
are private to a thread block: similar to the conventional GPU
programming, the SoL core cannot directly access data from a
different thread block. However, techniques like atomics can
still be used around the SoL instructions in the same kernel to
facilitate such communications.

E. Workflow

Fig. 4 shows the system-level overview and the overall
compile-time workflow for program execution on GPU-SoL.

mako / HLS based 
RTL Generator

NVCC
(Compiler)

Bitstream

Bitstream

…………..
..……………………..

…………..

…………..
..…………

…………..
..…………

Kernel a

Kernel b

Kernel c

Kernel d

Workload1 2

3

4

a
c

b
d

b’
d’

c
d

SASS

SASS
SASS

……………
SOLPROGRAM

SASS

SASS

……………..
REG2SOL
SOLEXECUTE
SOL2REG

SASS

VTR-based P&R
Bitstream Generator

Kernel b’
Program SoL

b

Kernel a
(Standard)

Kernel b
(Custom)

Kernel c
(Standard)

Kernel d
(Custom)

Kernel d’
Program SoL

1
2
3
4
5
6
7

cudaStreamCreate(&s1); 
cudaStreamCreate(&s2);
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cudaStreamWaitEvent(s2, e1,0);
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Fig. 4: System Overview. The SoL programming kernels are
overlapped with non-SoL kernels through CUDA streams and
events, with the default CUDA scheduler.

1 Analyze Workload. The workload is first analyzed to
identify operations that could benefit from execution on the
SoL cores. Kernels that are comprised of standard operations
(such as Kernel a and Kernel c) are left untouched. Kernels
that involve custom operations are modified by inserting SoL
instructions. These kernels are marked as those utilizing SoL
cores, and are processed differently in subsequent steps. This
step can be performed by a compiler that parses through the
workload and automatically detects common operations that
can be accelerated on SoL cores. Alternatively, these could be
manually added by a user through our exposed API.
2 Compilation. The kernels—including those modified in the

previous step—go through the compilation flow with the NVCC
compiler to create SASS instructions corresponding to each

kernel. The kernels that involve SoL operations include the SoL
SASS instructions described in Section III-C. In addition, for
each of these kernels involving SoL operations (Kernel b or d),
a separate SoL programming kernel (Kernel b′ or d′) is created
consisting of SOLPROGRAM instructions for configuring the
SoL core. These programming kernels have a very consistent
structure across different kernels, making it straightforward for
a compiler to automatically generate them.

3 Bitstream Generation. Kernels involving SoL operations
(Kernel b and Kernel d) pass through two stages: RTL
generation and bitstream generation. In our framework, for
ML workloads, we employ mako [11], a templating tool to
automatically generate RTL for these layers, starting from the
trained PyTorch models. For non-ML workloads, we employ
Xilinx Vitis HLS to generate RTL from the high-level language
code. Alternatively, handwritten templates or other tools like
hls4ml [20] or Siemens Catapult [60] could be employed
for this. The RTL generator parses through the layers and
instantiates SystemVerilog modules implementing the datapath
architecture to realize the custom operations. A VTR-based tool
then places and routes this RTL targeting the SoL core archi-
tecture, with the bitstream to configure the core subsequently
being generated. We note that recent advancements in High
Level Synthesis (HLS), which automatically converts high-level
programs to their bitstream implementations makes this process
practically feasible. These tools support programs written
in high-level languages such as C/C++, while also having
dedicated support for ML models written using frameworks
such as PyTorch.

4 Scheduling. SoL kernels must be programmed before they
are executed, but this can occur in parallel with non-SoL
computations by using two CUDA streams. Some programs
[18] feature long latencies between SoL compute kernels and
allow the programming latency to be completely hidden, though
the small SoL reconfiguration latency means a non-hidden
programming kernel is not a significant source of overhead.
The dependencies between SoL and regular kernels are handled
using CUDA events, as shown in the pseudocode. As the SoL
program kernels are issued on the same stream as the SoL
execution kernels, the configuration is guaranteed to finish
before the SoL execution begins. Further, in most workloads,
reprogramming is not very frequent, and therefore any non-
hidden programming latencies would get amortized over time.

Finally, the kernels are launched on the proposed GPU-
SoL. The regular kernels operate as usual, like any typical
GPU, while the SoL kernel instructions specifically target
operations on the SoL cores within each SM. Note that while
we illustrate a typical workflow with separate kernels for
SoL execution and programming, this is not necessary. A
programmer could choose to write fused kernels with the
SOLPROGRAM and SOLEXECUTE instructions alongside other
regular instructions, by inserting appropriate synchronization
instructions (as described in Sec. III-D4), and the ‘sol’ hardware
semaphore will ensure that SOLPROGRAM finishes before the
next SOLEXECUTE instruction is issued (Fig. 3(c)).



IV. EVALUATION METHODOLOGY

A. Tools

Fig. 5 provides an overview of our design simulation and
evaluation methodology. We employ a combination of standard
tools, including COFFE2 [76], VTR [58], Accel-Sim [34], and
AccelWattch [32] for performance modeling and evaluation of
our proposed design. In this section, we provide details of our
evaluation framework.

LOGIC 
CELL

CB

CB

SB

Tile Architecture 
Modeling

…
…

mako/ Vitis RTL

Circuit-level

Area, Delay, Power

Design
Place 

& Route

...
…
SOL_instr
…

Custom 
Kernels

SOL instr Other instr
Routine Sim FlowCustom Sim Flow

(using SoL latencies)

La
te
nc
y

Performance Stats

Pow
er

Energy Stats

COFFE

Compiled PTX 
Simulation

Energy 
Estimation

VTR

Accel-SimAccelWattch

Fig. 5: Overview of the Evaluation Methodology.

1) COFFE: As our SoL core architecture closely resembles
standard FPGA programmable logic (PL) blocks, we use
COFFE2 [76], a standard FPGA architecture modeling tool to
model the same. COFFE is a transistor sizing and modeling
tool developed for FPGA architecture research, which per-
forms SPICE simulations using a 22nm Predictive Technology
Model [40] to optimize area and delay of the FPGA tile. It
also models the interfaces, crossbars, switch boxes, connection
boxes, and their corresponding SRAM configuration cells,
thereby accounting for associated overheads in the tile design.
We pass the PL design parameters (Table I) and routing
flexibility factors as inputs to COFFE. This generates area
reports, and circuit-level delay and power characteristics for
the primitives (LUTs, interfaces, switches, etc.), which are used
to update the FPGA architecture description file for VTR as
explained next.

2) VTR: The Verilog-to-Routing (VTR) [58] toolflow pro-
vides an end-to-end framework for evaluating FPGA archi-
tectures, from logic synthesis through placement, and routing.
It takes in the RTL and FPGA architecture description file
and proceeds with the design synthesis and place-and-route
flow, targeting the specified SoL core PL architecture. In our
evaluations, we provide the generated RTL corresponding to
the custom architectures being implemented in the SoL core
for each of the workloads. With this, we obtain latency and
power statistics of the synthesized, placed, and routed design
from VTR, which is then used in other tools as described next.

3) Accel-Sim: We use Accel-Sim [34], a popular cycle-level
GPU simulation framework for performance evaluation of GPU-
SoL. Accel-Sim allows us to model architectural changes to

GPUs from a performance viewpoint and provides detailed
kernel-wise performance reports. We model the PL, input buffer,
and output buffer within the SoL core each as distinct functional
units in the simulator, each of which uses the same pipeline
stages as other standard GPU instructions (i.e. instruction fetch,
decode, issue, operand collection, execute, and writeback).
REG2SOL and SOL2REG both have execution stages with
latencies of one cycle, representing the movement of data
from the register file into or out of the input/output buffers
in the SoL Core. The execution latencies of SOLPROGRAM
and SOLEXECUTE are obtained from the reports generated by
VTR for the specific workload and architecture.

For our evaluations, we instrument the baseline program and
replace the operations that we wish to perform on the SoL core
with kernel calls comprising SoL instructions. We accomplish
this by inserting sentinels into the CUDA code representing the
new instructions and using a compiler to transform these into
their intended SoL instructions after the programs are traced.
This transformation preserves the correctness of the original
program while allowing typical NVCC optimizations to still be
performed, modeling what it would look like if a real version
of NVCC is released with access to our SoL instructions and
SoL cores in hardware.

4) AccelWattch: AccelWattch [32] is a GPU power modeling
framework that is tightly integrated with Accel-Sim, enabling a
fine-grained cycle-level power estimation. We update the GPU
power configuration in AccelWattch to incorporate the power
corresponding to the SoL core functional units based on the
power reports obtained from VTR, and run simulations for the
programs with the new SoL instructions.

5) RTL Generation: For ML models, we employ mako [11]
template scripts that automatically generate RTL for the custom
operations being accelerated on SoL cores. For other workloads,
we use Xilinx Vitis HLS [6] to generate RTL from the high-
level functions, subject to the resource constraints imposed by
the SoL core.

B. Workloads

To demonstrate the efficacy of GPU-SoL, we consider a set
of ML and other diverse workloads, that involve operations
that could benefit from a custom dataflow accelerator. These
workloads are representative of common real-world problems in
ML inference, medical imaging, physics simulations, neuroevo-
lution, and genome sequencing. For these workloads, custom
operations are accelerated on SoL cores, while traditional
operations continue to be implemented using existing cores on
the GPU, as described in Fig. 4. Table II provides an overview
of these workloads and their operations that are scheduled on
the SoL core. This analysis demonstrates that there are certain
kernels or program phases that are better suited for custom
logic, while certain others may be better suited for regular GPU
SMs. These findings are also corroborated in prior work [16].

In long-context LLM inference [29], [51], [65], [68], non-
linear operations like Softmax often bottleneck the overall
latency, and performing these operations on SoL could reduce
the overall latency. Vision transformers also show similar



trends, with some variants like LL-ViTs [48] having additional
low-precision lookup (LUT) layers which perform poorly
on native GPUs, while also necessitating reprogramming be-
tween layers. While benchmarks like kmeans and particlefilter
from the Rodinia [12], and tsp (genetic algorithm) from the
HecBench suite [31] have dense math computations suited
for GPUs, the reduction and cumulation operations in these
suffer from synchronization bottlenecks – these could be
performed on the SoL much more efficiently. The keyword
spotting models, which are often run on edge GPUs in
robotics and IoT applications, also involve several bitwise
operations and irregular data accesses [10] that are ill-suited
for the native GPU architecture. In the needle benchmark,
the dynamic programming component involves a wavefront
dependency, which can be more efficiently addressed in a
custom dataflow architecture in the SoL core, while the GPU
facilitates scheduling and parallel data movement.

TABLE II: Overview of Workloads

Workload SM-friendly parts SoL-friendly parts
LLMs: llama2 [65],

mistral [29],
BERT [18]

Linear layers
(GEMM, GEMV)

Softmax (custom
pipeline)

LL-ViT [48] Linear layers
(GEMM, GEMV)

Low-precision LUT
layers, Softmax

Clustering (kmeans/
Rodinia [12])

Distance computation
(dense math)

Center reduction
(synchronizations)

particlefilter
(Rodinia [12])

Likelihood evaluation
(dense math)

Cumulation (syncs,
random data accesses)

Genetic Algorithm
(tsp/HecBench) [31]

Distance computation
(dense math)

Random initialization,
reduction

Keyword Spotting
(kws/DWN [10])

Scheduling, parallel
data movement

Bitwise operations,
irregular data accesses

Genome Sequence
Alignment (needle,

Rodinia [12])

Scheduling, parallel
data movement

Dynamic
programming

(wavefront
dependency)

C. Experimental Setup

SoL Core Configuration. For our evaluations, we assume
the following default layout for the programmable logic: we
consider a 44 × 44 grid of tiles, each of which has N = 10
BLEs with K = 6-input LUTs. This contains I = 40 input
wires to each tile, and W = 320 routing channels. We consider
the SoL input and output buffers to each have a size of 1KB
for our experiments, and each SM to have one SoL core. We
analyze other configurations in Section V-G.
Accel-Sim Configuration. To evaluate the performance of our
workloads on Accel-Sim, we use two variants of performance
configurations – an embedded grade version along the lines
of a Jetson Orin [52] and a server grade version along the
lines of an A100. The configuration details are summarized
in Table III. In our evaluation, the experiments with llama2
and mistral LLMs use the server grade configuration, while
the others including Rodinia/HecBench benchmarks use the
embedded grade version. We also modify AccelWattch with
power values from VTR runs and integrate it with Accel-Sim
to give detailed power metrics.

TABLE III: Accel-Sim Configurations

Embedded Grade Server Grade
Architecture Ampere (sm87) Ampere (sm80)

# SMs 16 108
# Registers / SM 65536 65536
L1 Data Cache +
Shared Memory

192KB 192KB

# Exec Units / SM 4 SPs, 4 DPs, 4
SFUs, 4 INTs, 4 TCs,

1 SoL core

4 SPs, 4 DPs, 4
SFUs, 4 INTs, 4 TCs,

1 SoL core
L2 Cache 4MB 20MB

GPU Core Clock 1300 MHz 1410 MHz
SoL Core Clock 260 MHz 282 MHz

Memory Bandwidth 83.5 GB/s 1.95 TB/s

Implementation Details. In our evaluations involving machine
learning models, we use baseline PyTorch [53] based GPU
implementations. For the SoL instructions, we define custom
CUDA kernels consisting of these instructions and integrate
them with the PyTorch model implementations.
Figures of Merit. We report the speedup in end-to-end
inference latency, and improvements in energy efficiency
(energy per inference) as the key figures of merit. In order to
evaluate the benefits of SoL cores in accelerating latency-critical
operations and analyze its end-to-end performance implications,
for ML workloads we primarily consider single-batched model
inference scenarios.

V. RESULTS

A. Performance Improvements and Breakdown

Fig. 6 shows the end-to-end performance improvement
achieved with GPU-SoL on a range of workloads, along with
a breakdown of the segments or kernels offloaded to the SoL
core. Overall, the proposed GPU-SoL achieves 1.34× geomean
end-to-end speedup across workloads compared to the baseline
GPU by accelerating specific custom operations on the SoL
cores. As seen in Fig. 6, these offloaded operations range
between 15-90% of the baseline execution latency, indicating
the diverse mix of our benchmarks.

We observe that language models (llama2, mistral, BERT)
achieve around 1.25× speedup owing to Softmax acceleration
on SoL, with softmax achieving a speedup of 3× on an
average through a custom dataflow implementation [37]. The
LL-ViT models achieve additional speedups owing to the low-
precision lookup operations in them being implemented in the
SoL core, which get accelerated by roughly 6×. The KWS
workload sees the highest speedup, as this model is dominated
by several bitwise operations, all of which are accelerated on
the SoL cores. In the kmeans and tsp benchmarks, the reduction
operations get accelerated by about 3× to achieve an overall
speedup of 1.2× and 1.15× respectively. In the particlefilter
benchmark, the cumulation operations achieve a 7× speedup
to offer an overall 1.2× speedup, and the needle benchmark
achieves a 1.33× speedup by accelerating the wavefront-based
dynamic programming algorithm. We note that even if we omit
the highly optimized KWS workload, GPU-SoL offers a 1.25×
geomean speedup on the other diverse set of benchmarks.



Fig. 6: End-to-end performance improvements offered by GPU-SoL against a regular GPU on a range of workloads.

Fig. 7: End-to-end energy efficiency offered by GPU-SoL against a regular GPU on a range of workloads.

Fig. 8: Latency-energy breakdowns for LL-ViT workload.

B. Energy Efficiency

Fig. 7 demonstrates the energy efficiency offered by GPU-
SoL on end-to-end inferences for the same set of workloads.
Overall, SoL cores enable a 1.22× geomean energy reduction as
compared to baseline GPUs without SoLs. The lower execution
time on GPU-SoL translates to energy reduction, though the
SoL cores add approximately 6% area and some communication
and reprogramming overheads which offset some of the benefits.
We also observe that the idle/ leakage power from the SoL
core is a relatively small fraction of the total GPU power –
as a consequence, the energy increase of the unaccelerated
portion is minimal. Although the energy reduction is less than
the latency reduction, the 1.22× energy reduction positions
GPU-SoL as an energy-efficient accelerator. We note that the
fraction of latency and energy spent within a SoL kernel on
SoL operations and regular SM operations (loads, stores, etc.)
could vary across workloads. For instance, Fig. 8 shows the
breakdown of latency and energy spent in the kernel accelerated
for the LL-ViT workload. In this scenario, the majority of
latency and energy costs of the SoL kernel can be attributed
to the regular SM operations (loads/ stores) within it.

C. Area Overhead and Frequency

Table IV shows the area breakdown of individual components
of a tile within the SoL core for a few different configurations
in the SoL design space. As anticipated, scaling the number
of input wires and routing channels considerably increases the
area associated with the switch block. For all of our evaluation,

we chose the (N=10/K=6/I=40/W=320) configuration, primarily
because it resembles the characteristics of a commercial Stratix
III FPGA, thereby validating the feasibility of implementing
and routing designs on our SoL core. We note that the choice of
LUT-6 (K=6) and 10 BLEs per tile (N=10) is a standard practice
in commercial FPGAs. For our chosen tile configurations, we
observe the area overhead of the SoL core to be about 1.8
mm2 per SM on 22nm technology (from the per tile area
of 933.19µm2 indicated in Table IV), including all the area
contributions from the I/O buffers, reconfiguration circuitry,
crossbars, among others. To understand the relative area penalty
of adding SoL cores to a current GPU, we adjust this area
to the 7nm technology node using scaling factors established
by a prior work on FPGA tile area scaling [3]. Considering
a pessimistic (15nm to 7nm) scale-down factor of 3.7×, we
observe this area overhead to be 0.48 mm2 per SM on the
7nm technology node, with prior work noting a 2% standard
deviation in this scaling methodology across architectures [3].
Compared to the areas reported for an A100 GPU (826 mm2,
108 SMs) [49], this overhead is roughly 6% of the normalized
per SM die area – a relatively small overhead. We also note
that these scaling factors are also consistent with a widely
established prior work quantifying technology scaling relations
for CMOS devices [63].

Table IV also shows the critical path delay within a single
tile, ranging about 150-200 ps – this includes the delays of
the LUTs, switch, MUX and interconnects within a single tile.
Typically, critical paths in the implemented designs involve
about 5-20 such logic stages [1]. This impacts the operable
frequency of the programmable logic fabric, as reported in
Table IV (adjusted for technology scaling [63]). We note that
these frequencies are higher than the operating frequencies
seen in commercial FPGAs due to (i) the simplicity of our
PL fabric and (ii) a modern technology node. However, just
for the purpose of a more rigorous evaluation, we consider a
pessimistic operating frequency of 260-282MHz for the SoL
core (aligning with commercial FPGAs). We also note that all
of the implemented designs meet these timing requirements.



TABLE IV: SoL Core Area & Frequency for each tile. N BLEs;
K input to each LUT; I input wires; W routing channels.

N:10/K:6 N:10/K:6 N:10/K:6
I:40/W:160 I:40/W:320 I:80/W:320

Tile Area (µm2) 721.18 933.19 1230.78
Breakdown

LUT 271.77 278.20 286.88
FF 8.02 8.02 8.02

BLE Output 25.26 24.06 25.27
Local MUX 128.81 128.86 197.11

Connection Block 114.39 169.69 344.12
Switch Block 172.91 324.33 369.36

Tile Critical Path 159.42ps 169.44ps 201.48ps

Tile Max Freq. 6.27 GHz 5.90 GHz 4.96 GHz

Fabric Freq. (7nm) 1.1-4.1GHz 0.9-3.8GHz 0.8-3.3GHz

Evaluated Freq. – 260/282MHz* –
*This configuration was used in our evaluations

D. Reconfiguration Overheads

As mentioned in Section IV-B, for workloads like LL-ViT,
their model inference on SoL cores involves intermediate tile
reconfiguration. The highly parallel configuration interface
in our design loads the reconfiguration data (bitstream) to
the SRAM cells at a high speed, taking less than 10, 000
GPU cycles, with a power overhead of ∼3W. This latency
is effectively hidden with the execution of model layers that
do not utilize the SoL cores, thereby incurring no penalty on
end-to-end performance. This pattern can also be seen in Fig. 9.

E. GPU Architectural Analysis

We present a range of analysis with the LL-ViT workload
to demonstrate the efficacy of our approach, and to position
our work in the context of current GPU microarchitectures.

1) SoL Utilization and Active-Warp Stats: For the kernels in-
volving operations accelerated on SoL, the peak SoL utilization
reaches 100% across workloads, while the average utilization
varies considerably depending on the nature of operations
offloaded. For instance, while compute-intensive operations
like softmax see an average utilization upto 80%, the low-
latency LUT kernels in LL-ViT show an average utilization
of less than 10% (in this case, data loads/ stores to the cache
by the SM account for almost 90% of the idle time of the
SoL). We note that a low utilization of SoL core does not
indicate poor performance, as the SoL could potentially finish
its operations very efficiently, at which point the data loads
from cache/ memory to the registers become the bottleneck.

As noted in Section III-D4, only one thread contains the
SOLEXECUTE instruction, and a good implementation should
not have multiple CTAs with SoL instructions mapped to the
same SM. Therefore, in all our implementations, none of the
active warps stall due to SoL unit contention. For instance, the
kernel accelerated with SoL in the LL-ViT workload, exhibits
nearly 70% SM occupancy, and scoreboard stalls account for
over 92% of its active warp stalls (primarily data dependencies
due to pending memory fetches), with barriers and structural
hazards contributing to less than 3% of warp stalls. This
analysis indicates that our programming model ensures the SoL

core is occupied as intended, and regardless of the low average
SoL utilization, GPU-SoLs offer a 1.34× overall speedup.

2) Resource Utilization and Timeline: Fig. 9 compares the
SM utilization of GPU-SoL against that of a default GPU, of
a single pair of layers in the LL-ViT workload which involves
SoL reprogramming. As expected, the SM utilization for the
parts that are not accelerated on SoL cores remains unchanged.
Furthermore, the programming latency is well below the latency
on the critical path, and for the highlighted region that is
accelerated on SoL cores, the latency is considerably reduced.
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Fig. 9: SM utilization and programming latency hiding.

In most of the workloads considered here, there are repeating
patterns of direct data dependencies between SoL-friendly
and the SM-friendly operations, and these cannot be logically
overlapped. For instance, reduction and cumulation operations
(kmeans, particle, etc.) can only begin once all the previous
operations have finished, and the next iteration of these
workloads can resume only after these reduction operations
have finished. In addition, many of these operations primarily
rely on CUDA cores, further limiting any potential for latency
hiding. Therefore, these operations are on the critical path, and
the SoL core speeding up these operations reduces the end-to-
end latency, without introducing any additional synchronization
penalties. In case of the LLM workloads, while softmax
operations could potentially be overlapped with some GEMM
operations on the tensor cores, the data dependencies between
the attention and MLP layers limit the extent of the overlap.
As exponents are long-latency and tensor cores offer high-
throughput, softmax operations could be exposed on the
critical path and become the bottleneck, as highlighted in prior
work [33], [55]. Therefore, accelerating softmax operations on
the SoL core is valuable.

3) Impact on memory accesses: Accelerating operations on
SoL cores reduces memory accesses over the course of these
operations. With a custom datapath being implemented on the
SoL core, data is streamed through wired interconnects. A
byproduct of this is many of the memory accesses becom-
ing coalesced. Further, in many cases we observe constant
operands in the program being embedded within the SoL core,
minimizing the need to fetch these constants from memory,
especially with model parameters in ML inferences. Fig. 10



shows the reduction offered on the workload where lookup
operations are offloaded to SoL cores. SoL cores offer up to
77% reduction in dynamic GPU loads.
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Fig. 10: Normalized number of load instructions in a feed-
forward block (from the LL-ViT workload) accelerated on SoL.
Significant reduction is observed with GPU-SoL.

4) Comparison against fast high-capacity cache: We note
that LUTs in the SoL core are not merely offering a
closely integrated fast memory block. Instead, these offer
programmable logic tiles that implement a datapath realizing
custom operations. In order to demonstrate this, we consider
a scenario of enhancing current GPUs with an L1 cache that
has a hypothetically low latency of 5 cycles, as opposed to the
baseline L1 latency of 38 cycles. As seen in Fig. 11 (a), even
with such a cache, the achieved latency of custom operations
in the workload is 12× worse than a GPU-SoL that has the
conventional L1 cache. Increasing the size of the L1 cache
for such a GPU improves latencies up until the working set
is fully resident in L1 cache; though even at that point, its
performance is 10× worse than a GPU-SoL using the default
memory hierarchy.

(b)(a) (c)

Fig. 11: (a) Latency of operations accelerated on SoL cores
against increasing size of a hypothetically fast L1 cache. (b)
Latency of operations with increasing shared memory banks. (c)
End-to-end speedup impacts of varying the number of MSHRs
for the regular GPU.

5) Comparison against increased shared memory bandwidth:
Fig. 11 (b) shows the latency of custom operations in the
workload that are accelerated on the SoL cores as we increase
the number of shared memory (smem) banks, thereby reducing
bank conflicts and improving shared memory bandwidth. The
performance improvement offered by increasing smem banks
in a regular GPU still does not match up to that offered by
GPU-SoL with the baseline smem.

6) Comparison against increased MSHRs: Increasing the
number of MSHRs would often improve performance due to
better memory access coalescing. Fig. 11 (c) shows the end-
to-end speedup of the workload. As seen, despite the fact that
more MSHRs offer a speedup for the execution on GPUs,

the performance improvement still does not match up to that
offered by GPU-SoL with the baseline MSHRs.

F. Sensitivity: SOLEXECUTE & REG2SOL latencies

Fig. 12 (a) shows the increase in overall latency for three
workloads accelerated on the SoL cores with increasing
SOLEXECUTE latency. As seen, initially the latency is not
impacted as data movement to the SoL dominates latency.
Eventually, the latency increases consistent with expectations,
but even so, it remains significantly lower compared to the
execution latency of the same workload on a regular GPU – as
indicated in Fig. 12(a), the latency when SoL performs worse
than the baseline is significantly high. Therefore, we ascertain
that even if the execution latency of the operations in SoL
core is much higher – potentially due to multi-staged RTL or
longer critical path delays – GPU-SoL will continue to offer
advantages compared to baseline GPUs.

Similarly, Fig. 12 (b) shows the sensitivity of the overall
execution latency to the REG2SOL. Even at high latencies
of over 50 cycles, SoL offers a 5× better performance for
the LL-ViT workload. This suggests that even if our latency
estimates were overly optimistic, SoL would offer performance
advantages under any practical scenario.

(a) (b)

~ 9000 cycles

~ 2400 cycles

~ 3400 cycles

Fig. 12: Sensitivity to SOLEXECUTE and REG2SOL latencies,
along with latencies when SoL gets worse than the baseline.

G. SoL Core Area-Latency Tradeoffs

Fig. 13 shows the area-latency tradeoffs of GPU-SoL on
the needle benchmark, by varying the number of tiles in the
SoL core. The default version (44×44 tiles) has about 19,360
LUTs, and supports a systolic array of BLOCK-SIZE=16 for
the dynamic programming operations. As we scale up and
down the number of tiles, the BLOCK-SIZE of the design that
can be supported changes, thereby impacting the execution
latency. With a much smaller 16×16 version (2560 LUTs),
the SoL can only support a small design (BLOCK-SIZE=8),
performing worse than the GPU baseline. This is to be expected,
since 2560 LUTs provide a relatively small amount of logic
resources. Therefore, we note that it is important to consider
reasonably-sized SoL cores to leverage the true potential of
dataflow acceleration.

H. SoL Cores within SMSPs

As mentioned in Section III-A, introducing SoL cores at
the SMSP level (instead of SM) would introduce software
programming challenges as warps get assigned to SMSPs non-
deterministically. A potential way to program such a system
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Fig. 13: SoL core area-latency tradeoffs (needle workload).

would be to enforce single-warped thread-blocks. Analyzing
this with the needle benchmark suggests that imposing such a
restriction causes a 1.2× slowdown in spite of the additional
SoL units available in each SMSP. To efficiently realize this,
the hardware-schedulers will have to be software-transparent –
this exploration is left for future work.

I. Roofline Analysis

We perform roofline analysis with respect to the L2 cache
(LLC) on an edge-grade GPU, for a set of representative
kernels that are accelerated on the SoL core, and compare
them with their performance on the baseline GPU, as shown
in Fig. 14. In order to make meaningful comparisons against
the baseline, we define “operations” in case of SoL execution
to be the equivalent number of operations performed on the
GPU under the baseline execution, for the offloaded portion
of the workload.
Compute Bound Workloads. We consider one of the most
computationally intensive kernel launches from the needle
(Rodinia) workload, which lies in the compute bound region
of the CUDA Core (CC) roofline (this workload does not use
Tensor Cores). As seen in Fig. 14, the workload moves upwards
– accelerating the dynamic programming algorithm on the SoL
core offers an increase in the performance due to efficient
wavefront execution with a custom datapath architecture.
Memory Bound Workloads. The memory bound LUT-layer
kernel from the LL-ViT workload sees significant improve-
ment in the achieved performance – while also improving
the arithmetic intensity by effectively reducing the memory
accesses from the LLC. The improvement can be attributed
to two factors: (i) the dataflow execution model on the
SoL core ensures intermediate data is staged in internal
buffers and streamed; such an execution model also reduces
randomized memory accesses, therefore eliminating repeated
data movement from the LLC (ii) the serial instructions for
each LUT access in the original kernel get replaced by a
dataflow execution within the SoL core, reducing front-end
pressure and instruction fetch/ decode overheads. Therefore,
the SoL core is not merely offering compute acceleration, but
also realizing a customized dataflow execution based logic
fabric that improves the overall performance of the workload.
Further, we also observe that the kernel performing cumulation
operations from the particlefilter benchmark, which lies in an
intermediate region, also sees an improvement in performance
and arithmetic intensity. Therefore, we demonstrate the efficacy
of SoL cores in improving performance across a diverse range
of workloads, regardless of where they lie under the roofline.

Fig. 14: Roofline Analysis for kernels accelerated on SoL.

J. External FPGA systems

Fig. 15 compares GPU-SoL against externally interfaced
GPU-FPGA systems on the BERT (small) workload, with
the softmax operation accelerated on the FPGA – involving
back and forth data movement. For the GPU-external FPGA
system, we consider a small FPGA (Zynq Ultrascale+) and a
large FPGA (Virtex Ultrascale+), with highly efficient PCIe-
3 and PCIe-4 interconnects, respectively. In spite of such
efficient interconnects, we observe that the data movement
latencies dominate the execution time on GPU-FPGA systems.
In contrast, GPU-SoL avoids the communication bottleneck,
offering improved performance. We also note that this gap
widens in case of workloads requiring dynamic reprogramming
on smaller external FPGAs.

Fig. 15: GPU-SoL vs. external FPGA on a BERT workload.

VI. DISCUSSION AND FUTURE WORK

Applicability to highly regular workloads. As the SoL core is
an additional functional unit, highly regular workloads that do
not utilize it would not experience a slowdown, although there
is a 6% area penalty. Alternatively, for a constant area, GPU-
SoLs would experience ∼6% degradation for such workloads.
However, in such scenarios the SoL core can be potentially
configured to function like typical GPU functional units to
increase the compute density.
Future Compiler Optimizations. In our current design
framework, users and library developers specify the regions
of the program to be accelerated on SoL cores through our
exposed APIs. In the future, compilers could be enhanced to
parse through any workload, identify operations that could
benefit from execution on the SoL core, and automatically
rewrite kernels to utilize them (Fig. 4). We note that though
the SoL configuration bitstream generation adds an overhead
to the compilation time of the order of a few minutes [47],
this gets amortized over long program executions.



Supporting larger designs on the SoL core. While the size of
the PL on the SoL core inherently limits the unrolled sizes of
designs implemented on it, larger datapaths can be supported
by one of the two mechanisms: (a) the design could be folded
in time, and the processing elements could be reused for the
next set of operations; or (b) for designs where the datapaths
are not identical, the SoL can be rapidly reprogrammed for
the next part of the datapath, and the intermediate data can be
streamed in. As the SOLPROGRAM instruction can be issued
from within the same kernel, the intermediate data remains
in the register-file or L1 cache, minimizing data movement
overheads. By virtue of its fast dynamic reconfiguration, the
SoL core can support design sizes exceeding those supported
on commercial FPGAs, alleviating conventional bottlenecks.
Fabric Granularity. In this work, we propose adding a
fine-grained PL fabric to the GPU, in order to accelerate
a wide-range of custom, irregular, or control-flow intensive
operations. While a CGRA-like fabric would have offered
an increased compute density at a faster clock, the coarse-
granularity of its reconfigurability limits its utility for several
applications. CGRAs have fixed-function processing elements
that are “baked-in” at manufacturing, and consequently can
only be designed to cater to the most common operations
seen in workloads – with the configurability limited to routing
and opcodes. For instance, a CGRA-like core introduced to
cater to softmax operations would primarily be designed with
floating-point functional units. However, such a CGRA would
be largely unutilized for applications such as encryption or
LUT lookups, involving low-precision or bitwise operations.
These applications could otherwise benefit from a fine-grained
configurable fabric.
Modern Technology Push. While GPU and FPGA architec-
tures have independently existed for a while, their tight fine-
grained integration has not been explored presumably due to
challenges with realizing such integrations. However, modern
processors contain up to 18 metal layers, making it feasible
to realize the highly parallel interconnects needed to interface
with and reprogram the logic blocks. Emerging trends in 3D
integrated circuits also make such rapid PL reconfiguration
more viable [13], making now an appropriate time to explore
such architectures. Such vertical stacking technologies also
make larger SoL cores (beyond the 6% area considered in this
paper) more practical.

VII. RELATED WORK

In the recent past, many works have proposed architec-
tural enhancements to GPUs leveraging workload-specific
performance characteristics. LUT-Tensor Core [46], a recent
work, introduced dedicated Tensor Cores for lookup operations,
targeting inference of mixed-precision LLMs. However, it can
only support look-up based mpGEMMs, and cannot support
the other wide range of applications such as reduction and
dynamic programming that can be supported by the SoL.
Avant-Garde [25] proposes changes to GPUs to support scaled
numeric formats. While support for such numerics can be
natively realized within the SoL core, such approaches could be

orthogonally considered to leverage the full throughput offered
by Tensor Cores. However, approaches such as these target a
single operation, and lack generalizability to any workload.

Other works have explored developing new functional units
to accelerate some applications [2], [38], [41], though our work
shows that reprogrammable devices can improve efficiency
while being more generally applicable. Microarchitectural
changes to GPUs are expensive to realize in practice due
to long drawn out design cycles and lead times. Therefore,
practically useful changes must be applicable to a range of
workloads and applications, and should ideally stand the “test
of time”. In contrast to these prior approaches, our proposed
microarchitectural changes are general purpose, and can be
repurposed to cater to the demands of any workload.

Going beyond GPUs, PICACHU [55] introduces a coarse
external plug-in CGRA to handle non-linear operations in
LLMs. However, it has the same communication limitations as
earlier discussed in case of externally interfaced FPGAs, and
cannot be efficiently used to offload operations at a fine-grained
level. Tandem [24] similarly introduces an NPU co-processor
for non-GEMM workloads, and Gemmini [23] offers a CPU
co-processor for DNNs. Both of these approaches involve
external, centralized accelerators which cannot leverage custom
operation acceleration at the granularity of functional units.
The proposed SoL architecture differs fundamentally from all
of these approaches. It enables per-workload specialization
inside the SM, allowing the system to accelerate irregular or
control-flow–dominated portions of GPU workloads.

VIII. CONCLUSION

Though GPUs excel at high-throughput data-parallel ap-
plications, their performance on operations that are latency-
critical or involving scattered memory accesses is sub-optimal.
FPGAs perform well on such operations, with custom datapath
architectures implementing these much more efficiently. In this
work, we propose to introduce an FPGA-like Sea-of-LUTs
(SoL) core within the Streaming Multiprocessor of the GPU
in an effort to offer a programmable logic block alongside the
existing GPU cores. By integrating SoL cores on the same
die, we alleviate the pinout and communication limitations
of existing FPGAs and offer a programmable logic region
that can be reconfigured with minimal latencies. This enables
support for any new custom operations in future workloads,
without having to redesign GPU architectures for each emerging
workload. Our evaluations using FPGA architecture modeling
tools (COFFE and VTR), and GPU performance evaluation
tools (Accel-Sim and AccelWattch) on a range of workloads
show more than 1.34× performance improvement and 1.22×
energy reduction with about 6% area overhead.
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