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—— Abstract

Since the emergence of transformer-based models, the computational demands for Large Language

Model (LLM) inference have been increasing exponentially, primarily due to their compounding
parameter sizes, their structural complexity, and the use of non-linear functions. This tendency leads
to the necessity of deploying them on low-power edge devices and DNN accelerators, to fuel next-
generation agentic Al systems. Coarse-Grained Reconfigurable Architectures (CGRAs) have proven
to be a compelling paradigm for edge acceleration, combining the programmability of general-purpose
platforms with the high performance and energy efficiency associated with ASICs. In this work,
we introduce an end-to-end performance modeling and mapping framework for LLM inference on
heterogeneous CGRAs. Our methodology enables rapid exploration of the micro-architectural design
space parameters, i.e., the number of processing elements, vector sizes, and memory configurations,
by providing an accurate, explainable, and analytical CGRA performance modeling methodology,
with an average cycle error of 0.9%. Architecturally, we build upon R-Blocks, a heterogeneous
CGRA platform, and extend it to support floating-point arithmetic operations as well as a full-stack
compilation and mapping flow for both full (FP32) and quantized (INT8) Llama2 models. The
proposed methodology, evaluated on a 22nm technology node, achieves superior peak performance
per Watt compared to related works such as REVAMP and CFEACT (1.8% and 2.8% respectively).

2012 ACM Subject Classification Computer systems organization — Reconfigurable computing;
Hardware — Modeling and parameter extraction

Keywords and phrases Edge AI, LLM, CGRA, Heterogeneous Architectures, Performance Modeling,
Hardware Acceleration, Low Power Computing

Digital Object Identifier 10.4230/OASIcs. PARMA-DITAM.2026.8

Funding This work is funded in part by the Convolve project evaluated by the EU Horizon Europe
research and innovation program under grant agreement No. 101070374.

1 Introduction

Over the last few years, Al and more specifically Large Language Models (LLMs), have
emerged as a transformative technology and have become a focal point of research at both the
architectural [16, 14, 23] and algorithmic levels [19, 35]. The need for agentic AT deployment
on the edge has fueled a new wave of hardware research, targeting power efficiency when
handling the intense linear and non-linear [3] operations of these models, without sacrificing
performance.
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Introducing flexibility, in order to adapt to the dynamic computational patterns of LLMs,
is key when targeting performance on a low power budget. Prior approaches have revolved
around software/hardware co-optimization methodologies [10, 9, 4], others have explored
FPGAs as a more flexible acceleration platform [11, 37], while some have developed ASIC
solutions [13, 27, 36].

Trying to balance this trade-off, Coarse-Grained Reconfigurable Architectures (CGRAS)
have re-emerged as a promising alternative. CGRAs are composed of an array of program-
mable Processing Elements (PEs), organized in an n-dimensional grid, interconnected via
a routing network that can be reconfigured dynamically or per application. This means
that they can incorporate highly optimized, pre-designed hardware units with close-to-ASIC
performance as their coarse-grained PEs, while keeping interconnection overheads low com-
pared to conventional fine-grained reconfigurable platforms. This property positions them
as a dominant middle ground between fixed-function hardware and fully programmable
platforms [34][20], as well as a promising candidate for edge LLM acceleration.

Typical CGRAs, thus far, map standard operation kernels into a grid of homogeneous
PEs; i.e., offering limited customization capabilities to the targeted application domain. In
this paper, we investigate the viability of a heterogeneous CGRA approach by presenting an
end-to-end flow, capable of modeling, mapping, simulation, synthesis, and evaluation of LLM
inference across multiple CGRA architectural configurations. Our architecture and code
mapping flow build upon the low-power, heterogeneous R-Blocks CGRA [7] paradigm, and
our evaluation is performed using the standard Llama2 architecture [32], producing broadly
generalizable results. More specifically, the key contributions of this work are as follows:

We extend the R-Blocks CGRA with full hardware and software support for floating-point
arithmetic. This includes integrating a new single-precision Floating-Point Unit (FPU)
as a Processing Element, and providing ISA support for compilation and scheduling. The
resulting CGRA is capable of executing both linear and non-linear operations, while also
leveraging parallelization, making it suitable for LLM acceleration.

We introduce a high-level performance modeling framework for our architecture, capable
of accurately estimating inference latency with minimal error. Through this analytical ap-
proach, we enable rapid design space exploration of different CGRA architectures without
resorting to full hardware synthesis and RTL simulations for each micro-architectural
configuration.

We effectively map and evaluate end-to-end LLM inference of Llama2 models (the forward
pass of base (FP32) and a quantized (INT8)) on several optimized CGRA instances at
the post-synthesis level. We extract key insights regarding the effect of parallelization on
performance and measure the power and area efficiency of our designs, synthesized at a
22nm technology node.

Through extensive experimental evaluation, we verify the accuracy of our performance
modeling framework with a 0.9% error introduction.

2 Related Work

Heterogeneous CGRAs. One of the earliest works presenting a heterogeneous approach was
the REVAMP [1] CGRA, a DSE framework that, relying on the application characteristics,
produces CGRA architectures based on the HyCUBE [15] paradigm, with its own compilation
and mapping scheme.
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Table 1 Qualitative comparison of prior work.

CGRA PE Structure Application Mapping Performance Modeling LLM Inference
REVAMP [1]  Heterogeneous DFG-Based X X
R-Blocks [7] Heterogeneous Custom C Compiler X X
DRIPS [30] Homogeneous MLIR-Based X X
CFEACT [22] Homogeneous MLIR-Based X BERT-models
ML-CGRA [21] Homogeneous MLIR-Based X BERT-models
PICACHU [26] Heterogeneous MLIR-Based TimeLoop Non-Linear Ops.
Our Work Heterogeneous Custom C Compiler v Llama?2

Carrying the torch, R-Blocks CGRA [7] suggests an operation-level PE disaggregation
approach, where memory and logic tiles can be placed on the grid independently, with a
custom NoC supporting the data and instruction interconnections between them. Application
mapping on R-Blocks is performed from high-level code, using a custom compilation flow,
while a high-level simulation tool is also provided.

Notably, none of these platforms has been used to map and evaluate LLM benchmarks
on a heterogeneous PE grid, nor do they offer a dedicated performance modeling tool. This
is precisely the domain in which our research seeks to provide new insights.

LLMs on CGRAs. ML-CGRA [21] is one of the earliest CGRA-related works utilizing MLIR
to provide support for application mapping from popular ML front-ends such as TensorFlow
and PyTorch directly to the reprogrammable, homogeneous PE fabric. This is achieved
by producing the Data Flow Graph (DFQG) of the target application and implementing

optimization passes to map it on OpenCGRA [31] or CGRA-ME [5] generated architectures.

With this tool, mapping LLMs such as BERT [8] on a CGRA becomes possible for the
first time.

Other early publications such as DRIPS [30] and CFEACT [22], also utilize MLIR
for compilation, although, again, on homogeneous PEs. DRIPS achieves dynamic load
rebalancing for Graph Convolutional Network applications where kernels can vary in features
and computational demands, whereas CFEACT further optimizes the produced DFG and
allows for BERT models and even floating-point operations to be mapped more efficiently.

The benchmarks evaluated in these works, however, are simpler language representation
models (BERT) and, therefore, the performance insights gained cannot be generalized when

scaling up to the requirements of modern generative LLMs, such as GPT [28] or Llama [32].

Our work aims to provide more widely applicable conclusions by mapping and evaluating
larger models of the Llama2 series.

Finally, the more recently published work of PICACHU [26] takes a different approach,
utilizing a CGRA as a co-accelerator exclusively for non-linear operations. The main bulk
of linear computations is handled by a systolic array, which communicates with the CGRA
through a shared SRAM buffer. This work also makes use of MLIR [17] for mapping efficient
code and scheduling data transfers between the systolic array and the CGRA, but only for
the non-linear part of the models. It additionally utilizes TimeLoop [25] as a modeling tool
to estimate area, power, and latency.

While accelerating non-linear functions using a CGRA seems promising, our work aims
to map the entire token generation step on the reconfigurable fabric, taking advantage of the
heterogeneous nature of the PEs. At the same time, we provide an analytical and explainable
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(therefore interpretable) LLM performance modeling tool, tailored to our specific architecture,
something missing from most prior works. Table 1 summarizes the above discussion in a
qualitative manner.

3 Proposed CGRA Architecture

3.1 Architecture Overview

The first distinction of our approach, compared to the previously discussed CGRAs, is its
support for heterogeneous architectural configurations regarding the Processing Elements.
Most proposed CGRAs consist of identical PEs adhering to a predetermined dataflow pattern.
By contrast, our work introduces several types of heterogeneous PEs, each with a specific
Instruction Set Architecture (ISA). These Functional Units (FUs) or tiles, as commonly
referred to in our work, bear a close resemblance to the core building blocks of CPUs, such
as Arithmetic-Logical Units (ALU), Register Files (RF), Floating-Point Units (FPU), Local
Memories (LM) and Load-Store Units (LSU), among others.

Disaggregating the ISA into simpler and smaller operation sets (PE heterogeneity) comes
with multiple benefits:

Narrower instruction interconnect network, since opcode reuse is allowed among different

types of FUs.

More efficient PEs, through increased specificity in their respective functionality, and

more specialized pre-designed hardware.

Better utilization of resources by effectively mapping operations to the appropriate PEs.

Designer flexibility, regarding the number of PEs of each type to be used in a specific

application domain.

Figure 1 depicts the proposed CGRA scheme. The architecture is built upon the R-
Blocks [7] framework, extended with additional support for Floating-Point Unit PE, to
allow for the efficient execution of non-linear functions required for LLM inference. The
proposed CGRA consists of a grid of programmable FU tiles communicating through two
distinct Network-on-Chip (NoC) interconnect structures, as depicted with blue and red
colors in Figure 1. The first NoC handles instruction transfers between tiles, while the
second manages all data transfers that take place during the program execution. The two
NoCs are structured in a 2D mesh formation, utilizing Wilton switchboxes [29] for reduced
reconfiguration overhead and wire congestion.
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The programming of each FU is handled by an Instruction Decoder (ID) tile, which stores
its respective instruction memory segment, and every cycle dispatches the instruction word
to be executed by its associated FU.

To enhance parallelism and improve computational throughput, we extend our architecture
with SIMD (Single Instruction, Multiple Data) capabilities through vectorization. In this
configuration, a single instruction decoder (ID) can be configured to control multiple function
units (FUs) of the same type simultaneously, thereby enabling efficient parallel execution
and reducing control overhead across the reconfigurable fabric.

Figure 1 shows an exemplary Vectorized CGRA physical grid layout, i.e., the ID and
ALUs highlighted in magenta form a Vector Unit, while the ones in light blue are in a scalar
layout.

In terms of memory hierarchy, our accelerator makes use of Local Memories (LM), facilitat-
ing smaller but faster transfers between the micro-architectural components. Communication
with the external, scratchpad memory is facilitated by the AXI interface protocol, which
allows the CGRA to be flexibly connected to any compatible host. In our configuration, a
Master Interface accesses the external memory address space, while a Slave Interface is used
to program the Instruction Memory, which in turn programs the ID of every FU, utilizing
the NoC.

3.2 Compilation Framework

The process of mapping high-level code to a CGRA instance is facilitated by a fully custom
compilation flow. Compilation occurs for a specific architecture and a specific grid formation
of FUs defined by the programmer. An architecture can easily be created and modified by
the designer according to the requirements of the application domain and may contain any
number of FUs of each type, and also vector units for parallel computation.

Starting from a C-language specification, the code is compiled using the LLVM compilation
back-end and operations are lowered to simple instructions supported by the hardware.
Subsequently, given an architectural description, these instructions are bound to the ISA
of the CGRA’s FUs and scheduled in an executable manner, utilizing the OpenASIP [12]
compiler and scheduler. OpenASIP tools target Transport Triggered Architectures [6] (TTA),
a processor design paradigm where computations revolve around data transfers on the
buses. As such, the entire CGRA can easily be modeled as a TTA machine in order to take
advantage of these tools. With this compilation scheme, macros and custom intrinsics allow
the programmer to explicitly control the code mapping (e.g., by assigning computations to
standard PEs) before producing the final executable.

3.3 HW/SW Extensions for FP Arithmetic Support

Running full LLM inference on the edge requires execution of non-linear functions, which
rely on floating-point arithmetic and its properties. To compute them effectively without
suffering from complicated emulation algorithm overheads or large accuracy loss, we employ
a low-power Floating-Point Unit (FPU). The OpenCores FPU [24] and its accompanying
Compare Unit are packed into a compatible tile and integrated within the CGRA environment
as a new type of FU. This low-power FPU is fully compliant with the IEEE 754 single-
precision floating-point standard (FP32), supports the basic arithmetic operations, as well as
comparisons and conversions between the INT32 and floating-point (FP32) representations.
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Figure 2 Llama2 CPU Profiling Overview.

To support full functionality of the new FU, we bound the lowered operations from the
LLVM compilation back-end to the corresponding TTA instructions, and those, in turn, to
the new ISA created for the FPU tile. This allows the token generation step of LLMs to be
mapped entirely on the reconfigurable fabric of a heterogeneous CGRA (evaluated for the
first time in CGRAs, to the best of our knowledge).

4 LLM Mapping and Modelling on the CGRA

4.1 LLMs on the Edge

LLMs, just like many traditional neural networks, combine linear layers such as matrix
multiplications and non-linear operations like normalization or softmax. The linear layers are
good at infusing the activation vectors with the stored information in the model’s weights,
while the non-linearities enforce stability and ensure non-uniform node activation, giving
the models their neuron-like morphology and capabilities. LLMs, additionally, utilize the
Attention mechanism to encode long-range dependencies between the tokens of a sequence [33].

In this work, we make use of the Llama2 [32] architecture as a representative sample of
the different and rapidly evolving transformer implementations for Language Generation.
Llama2 employs architectural patterns commonly found in most state-of-the-art LLM models;
inference consists of a series of layers, each containing an Attention and a Feed Forward
Network (FFN) block. The bulk of the model’s weights are used in matrix multiplications in
these two blocks. The non-linear functions included between the linear blocks are Softmax,
RMS Normalization, SwiGLU (a ReLU variation), and Llama’s signature Rotary Positional
Encoding (RoPE)[2]. After the token embedding passes through multiple layers, another
matrix multiplication (Classifier) produces the final probability distribution of the forward
pass from which the output token is selected.

Trying to understand the distribution of the computational load in LLMs, we perform
time-based profiling on 3 differently sized base (FP32) Llama2 models, ranging from 15M
to 110M parameters, and their symmetrically quantized (INTS8) versions (Figure 2). For
inference, we use an AMD Ryzen 3 5300U CPU on single-thread execution. As expected, the
non-linear operations, while complex in form —containing inverse square root, exponential,
and trigonometric functions— are used sparingly between linear operations and in most cases
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Figure 3 Vectorization of the MatMul Kernel.

don’t cause a computational bottleneck, especially as model sizes increase, where they account
for an even smaller percentage of runtime. On the other hand, matrix multiplication is a
much more computationally intensive operation.

Since matrix multiplication operations are usually free of dependencies and parallelizable
to a huge extent, hardware with parallel execution capabilities becomes invaluable for LLM
inference and training, e.g., modern GPUs utilizing multiple tensor cores. In the case of GPU
execution, as showcased in [26], the percentage of runtime taken up by matrix multiplications
can drop as low as 53% for 7B parameter Llama2 models, especially as the context window
increases.

Our particular approach aims to achieve some degree of parallelization while still operating
within the strict power constraints of Edge Computing. As mentioned before, instead of
focusing on a section of inference and using the CGRA as an operation-specific accelerator [26],
we utilize the compilation toolchain in conjunction with LLM-specific optimizations to map
the entire forward pass of the Llama2 inference model to a single CGRA instance.

4.2 Mapping Methodology

Since matrix multiplications benefit tremendously from Instruction Level Parallelism in the
execution model, and no spatial dependencies exist between the operands, multiple elements
of the matrix’s rows or columns can be loaded for parallel execution as long as the hardware,
the memory structure, and the mapping methodology support it.

In our proposed CGRA, FUs of the same type are aggregated into Vector Units, connected
to the same ID, thus performing operations supported by the particular FU type in an SIMD
fashion. To enable this functionality, the operands are stored in Register Files (RF) or Local
Memory units, so that they can be simultaneously accessed.

The matrix-vector multiplication (W{[m, k| - z[k]) was vectorized using per-row operand
grouping. Elements are grouped by N (Vector Unit size), both in the weight matrix rows and
the activation vector. As illustrated in Figure 3, in every loop iteration, the corresponding
operand vectors are multiplied and accumulated on a vector buffer. This reduces the number
of loop iterations per row from k to k/N, effectively introducing a degree of parallelization N.
The elements of the buffer vectors are then accumulated to produce the final result.

8:7

PARMA-DITAM 2026



8:8

LLM Performance Modeling & Mapping on Vector CGRAs

This method of vectorization takes advantage of the temporal locality of operations by
storing the activation vector in the Local Memory for the entire duration of the computation.
It also utilizes the spatial locality of data by fetching entire rows to the Local Memories,
decreasing the total number of required Global Memory accesses, and, ultimately, effectively
distributing the most time-consuming operation of the inference among our computational
resources.

The rest of the model’s sections, consisting mostly of non-linear functions, are scheduled
and mapped to the scalar FUs of the defined architecture by the compiler, concluding the
mapping process.

4.3 Analytical Performance Modeling

The need for an analytical modeling framework, capable of producing realistic performance
estimates for Llama2 inference on various architectures, stems from the time-consuming
nature of simulating the entire execution at the RTL level. Full model inference for multiple
benchmarks on different architectural configurations can be very time-intensive, consuming
tens of minutes per token generation. Even the cycle-accurate simulation tool of the
OpenASIP environment, which models bus transfers at a high level, fails to account for
physical memory access times, while still imposing significant simulation time overheads
(several minutes per token).

What we propose is an even higher-level performance estimation model, specific for
LLM inference execution on heterogeneous CGRA architectures. The framework is both
hardware and software-aware, meaning it requires a high-level description of the architectural
configuration, as well as model parameters and mapping decisions, in order to produce a
performance estimation with minimal error.

More specifically, we begin with modeling the lower-level functions of the inference model,
i.e., the matrix multiplications and the non-linearities that account for, practically, the entire
runtime, as well as data-flow overheads. We first use a combination of RTL cycle-accurate
measurements and TTA simulator runs on microbenchmarks to estimate the influence of
certain loop kernels on the overall performance, while accounting for memory access times.

Using the TTA simulator and the LLM parameters, we come up with analytical equations
for entire functions that make use of these kernels.

As an example, we present the generalized cost estimation equations for matrix-vector
multiplication execution (W[m, k] - z[k]) with the mapping methodology outlined in 4.2.

Cm<(k+1)M+§~G+N-E> (1)
k k
Cq:m(k-M+N~G+N-S~E)+Q (2)

Here, N stands for the degree of vectorization, while M, G and E refer to the SRAM
access cost, the vector multiply-accumulate cost, and the element extraction and accumulation
cost from the final row buffer, respectively. These parameters depend on the operating
frequency of the CGRA, among other configuration settings, and are determined in the
lower-level analysis. Since k/N multiplications-accumulations take place in each of the m
rows, this is the coefficient of G. The coefficients of M and E correspond to the numbers of
memory accesses and accumulated vector elements, respectively, which also relate to loop
iterations.
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Table 2 CGRA Architectures for Evaluation.

Vector  Grid Llama2
Architecture Size Size VFPU VMUL  Model
Vec4 4 6x9 v X FP32
Vec8 8 10x8 v FP32
Vecl6 16 18x8 v X FP32
Qvecd 4 6x9 X v INTS8
Qvec8 8 10x8 X v INTS8
Qvecl6 16 18x8 X v INTS8

In Eq. 2, which models the same cost for the INT8 quantized Llama2, S symbolizes the
quantization group size (meaning the number of elements that share the same scaling factor)
and  denotes the quantization overhead cost, which is calculated by a different equation
and depends on the input dimensions.

To complete the Llama2 modeling validation, we account for all matrix multiplication
blocks on the mapped inference code, their operand dimensions, and the flow of data between
them, through non-linear functions and memory accesses. In an extensive validation study
of the proposed modeling framework, which included both microbenchmarks and full model
inference runs on simulated hardware, we achieved an average error of 0.9% and a maximum
error of 2.5% against cycle-accurate measurements.

This modeling methodology enables a major part of the following analysis by accelerating
the exploration of CGRA architectures and software configurations. Most importantly, it
allows us to extract critical insights about the effect of vectorization on performance, the
impact of design decisions, and the cost of scaling model parameters.

5 Results & Discussion

5.1 Experimental Setup

Initially, we map the entire token generation step of two different versions of the 42M
parameter Llama2 model: the base FP32 inference model and a (post-training) quantized

version with INT8 operands for better power performance and a smaller memory footprint.

We explore the design space of vectorized architectures with vector sizes of 4, 8, and 16, as
shown in Table 2, to measure the impact of vectorization on performance.

All of the evaluated architectures build upon a simple Baseline architecture consisting
of only the computational FUs necessary for basic CGRA functionality, meaning only an
ALU, a MUL, an RF and an FPU. Vec4, Vec8, and Vec16, add to that vectorized FPUs
and ALUs for executing the FP32 version of Llama2 and achieve an ILP factor of 4, 8, and
16, respectively. Qvec4, Qvec8, and Qvec16, where the quantized version of the Llama2 will
be mapped, are designed in the same way as their FP counterparts, but utilize vectorized
MUL units instead of vectorized FPUs. Every architecture evaluated also has two vectorized
Register Files (VRF), with the same vector size.

5.2 Performance Evaluation

Figure 4 compares the estimations of our performance modeling to the measured RTL cycles
for the entire token generation step. Our modeling methodology achieves a maximum error
of 1.3% on the full model executions and 1.5% on the quantized versions.
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Table 3 Comparison with State-of-the-Art Designs. Performance metrics are reported from the
respective publications.

REVAMP [1] R-Blocks [7] DRIPS [30] CFEACT [22] PICACHU [26] This Work (V4/V8)

Arch. Technology (nm) 28 22 45 40 45 22
Clock Freq. (MHz) 100 100 800 650 1000 200
# of PEs 36 e 25 60 16 54 / 80
Area (mmz) 0.125 0.486 2.07 2.411 1 0.311 / 0.439
Perf. Power (mW) 5 3.99 564.8 839 64.2 36.24 / 50
Peak GOPs 0.9 461 N/A 78 N/A 11.8 / 16
Peak GOPs/W 180 115 N/A 92.9 N/A 325.6 / 320

Following the methodology of R-Blocks [7], we compare all of the presented architectures
against Baseline to assess the impact of parallelization. Vec4, Vec8 and Vec16 achieve
1.38%, 1.72x and 1.93x speedup respectively. We observe diminishing returns in performance
gains as the degree of parallelization increases. This is caused by the result accumulation step
at the end of each row calculation, during the execution of vectorized matrix multiplication,
described in Section 4. This makes sense because weight and activation matrices in the 42M
parameter Llama2 model are quite small in size (usually 512 elements), and can not take full
advantage of large degrees of parallelization.

Even more notably, INT8-quantized runs of the forward pass achieve marginal performance
gains as the vector size increases. Qvec4 and Qvec8 achieve 1.55x and 1.62x speedup,
respectively, compared to Baseline (not depicted), and further increasing the vector size to
16 causes the group accumulation overheads to surpass the performance gains. This is because
the Llama2 quantization approach of grouped operand scaling, induces an accumulation
overhead inversely proportional to the group size S, since scaled elements have to be
accumulated in their groups. However, quantized model execution requires lower energy per
token generation and significantly less memory usage [18], therefore, it is worth exploring as
an alternative mapping in this analysis.

5.3 Post-Synthesis PPA Analysis

Taking into account all these observations, we opt to synthesize the more performant Vec4,
Vec8, Qvecd and Qvec8 architectures and extract power and area measurements. We use the
Synopsys Design Compiler at GF 22nm node and a 200MHz operating frequency. Power
measurements are obtained using Synopsys PrimeTime from the switching activity data
generated from gate-level simulations.
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Figure 5 Power and Area Breakdown.

Figure 5 presents the power consumption and area utilization per architecture, both of
which, naturally, increase as the vector units get larger. As expected from a computationally
intensive tile, the inclusion of more FPU tiles influences both metrics much more heavily than
adding MUL units. However, increasing the vector size, in general, also has the side-effect
of requiring a larger interconnect network, which also draws significant power in every
configuration. The effects of INT8 quantization also become clear: Qvec4 and Qvec8 report
lower power and area, due to the lighter INT8 computations.

5.4 Comparative Study with SotA

Most of the previous approaches, as presented in section 2, are not directly comparable to our
work. They either haven’t evaluated their platform on LLM inference or differ architecturally.
Even PICACHU [26], one of the most recent (and comparable) works in the field, approaches
LLM inference differently, by only computing non-linear operations on the CGRA. Despite
these, to give the reader an idea of where our work stands in terms of performance, we
present a qualitative comparison table for key area, power and performance metrics.

6 Conclusions

The key insights from this work revolve around the efficacy of deploying LLMs on hetero-
geneous CGRAs. We show that it is not only possible to map the entire token generation
step on a low-power edge device, but also provide an analytical framework to estimate its
performance at design time, allowing for fast architectural DSE. We believe the merit of this
initial contribution lies in its extendability and how it enables future CGRA designers to
optimize LLM execution.
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