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RESUMEN 

Los aceleradores de Redes Neuronales Profundas (DNN) se han convertido en un enfoque popular 

para introducir heterogeneidad en los sistemas de cómputo modernos. Sus implementaciones en 

FPGAs o ASICs a menudo superan a las arquitecturas de propósito general, como las GPUs y 

CPUs, en términos de eficiencia energética y rendimiento. Esto es especialmente crítico para las 

aplicaciones en tiempo real en el borde, que operan bajo estrictas restricciones de energía, latencia 

y área. Sin embargo, a medida que los aceleradores de inteligencia artificial (IA) se vuelven más 

especializados, los diseños basados en ASIC con frecuencia sacrifican flexibilidad en 

parametrización y reconfiguración. Presentamos Dragon AI, un acelerador de IA totalmente 

escalable en dimensionalidad espacial y número de bits del tipo de datos, con soporte para enteros 

y compatibilidad con la interfaz AXI. Nuestra plataforma demostró exitosamente una utilización 

ligera de recursos y bajo consumo de potencia en una Xilinx Kria KR260 con una arquitectura 

Zynq UltraScale+ MPSoC. El diseño logró una utilización de LUT y un consumo dinámico de 

energía en la lógica programable (PL) tan bajos como 7.52% y 0.017 W para un arreglo INT8 de 

8×8, y tan altos como 62.62% y 0.174 W para un arreglo INT8 de 256×256. Además, 

implementamos con éxito un acelerador con un arreglo de 256×256x8b, igualando el tamaño del 

arreglo del TPU v1 de Google. Estos resultados demuestran que los dispositivos de borde pueden 

escalar dinámicamente el tamaño del arreglo sistólico para optimizar los cálculos de capas de 

aprendizaje automático según parámetros configurables, e incluso alcanzar dimensiones de arreglo 

comparables a los aceleradores de centros de datos. 

 

Palabras clave: Acelerador de IA, FPGA, arreglo sistólico, computación en el borde, arquitectura 

parametrizable. 
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ABSTRACT 

 

Deep Neural Network (DNN) accelerators have become a popular approach for introducing 

heterogeneity in modern computing systems. Their implementations on FPGAs or ASICs often 

outperform general-purpose architectures such as GPUs and CPUs in terms of energy efficiency 

and performance. This is especially critical for real-time edge applications, which operate under 

strict power, latency, and area constraints. However, as AI accelerators become more specialized, 

ASIC-based designs frequently trade flexibility in parameterization and reconfiguration. We 

present Dragon AI, a fully scalable spatial and data-width AI engine accelerator IP with integer 

support and AXI interface compatibility. Our platform successfully demonstrated lightweight 

resource utilization and power consumption on a Xilinx Kria KR260 with a Zynq UltraScale+ 

MPSoC architecture. The design achieved LUT utilization and programmable logic (PL) dynamic 

power consumption as low as 7.52% and 0.017W for an INT8 8×8 array, and as high as 62.62% 

and 0.174W for an INT8 256×256 array. Additionally, we successfully implemented a 256×256x8b 

array accelerator engine matching the array size of Google’s TPU v1. These results show that edge 

devices can dynamically scale systolic array sizes to optimize ML layer computations across 

configurable parameters —even achieving array dimensions comparable to data center-grade 

accelerators. 

 

Key words: AI accelerator, FPGA, systolic array, edge computing, parameterizable architecture. 
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Dragon AI: A Scalable AXI-Compatible AI Engine
IP for Real-Time Edge Inference

Gabriel Oña , and Alberto Sánchez

Abstract—Deep Neural Network (DNN) accelerators have
become a popular approach for introducing heterogeneity in
modern computing systems. Their implementations on FPGAs
or ASICs often outperform general-purpose architectures such
as GPUs and CPUs in terms of energy efficiency and perfor-
mance. This is especially critical for real-time edge applications,
which operate under strict power, latency, and area constraints.
However, as AI accelerators become more specialized, ASIC-
based designs frequently trade flexibility in parameterization
and reconfiguration. We present Dragon AI, a fully scalable
spatial and data-width AI engine accelerator IP with integer
support and AXI interface compatibility. Our platform success-
fully demonstrated lightweight resource utilization and power
consumption on a Xilinx Kria KR260 with a Zynq UltraScale+
MPSoC architecture. The design achieved LUT utilization and
PL dynamic power consumption as low as 7.52% and 0.017W for
an INT8 8×8 array, and as high as 62.62% and 0.174W for an
INT8 256×256 array. Additionally, we successfully implemented
a 256×256×8b array accelerator engine matching the array
size of Google’s TPU v1. These results show that edge devices
can dynamically scale systolic array sizes to optimize ML layer
computations across configurable parameters—even achieving
array dimensions comparable to data center-grade accelerators.

Index Terms—AI accelerator, FPGA, edge computing, param-
eterizable architecture.

I. INTRODUCTION

Heterogeneous computing has become increasingly impor-
tant for a wide range of edge applications, driven by the
rapid growth of compute-intensive artificial intelligence (AI)
demands. Modern applications such as Automated Speech
Recognition (ASR) [1], autonomous robotic perception and
navigation [2], and the Internet of Things (IoT) [3] require
efficient, high-performance computing on devices with limited
energy resources.

Edge AI, in particular, is a paradigm where AI model
training or inference happens directly on end devices [4].
Running models locally reduces bandwidth usage, improves
latency, enhances data security, and increases energy efficiency
[5], [6]. This approach avoids sending data to energy-intensive
cloud resources, making it a suitable solution for real-time
edge computing scenarios [7].

In this context, hardware acceleration for domain-specific
AI tasks has recently gained significant attention. In partic-
ular, DNN accelerators [8]–[11] have proven to be efficient
tools for both edge and cloud-based machine learning (ML)
processing. However, many implementations fix in hardware
layer-dependent variables such as systolic array size, dataflow

Gabriel Oña is with the Department of Electrical Engineering, Universidad
San Francisco de Quito, Quito, Ecuador (e-mail: gona@estud.usfq.edu.ec).
Alberto Sánchez is with the same department (e-mail: asanchez@usfq.edu.ec).

Manuscript received May 2, 2025; revised May 2, 2025.
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Fig. 1: Overview of the Dragon AI architecture.

architecture, and supported data types. To address this limita-
tion, scalable and reconfigurable accelerators offer a flexible
way to meet diverse needs.

In this work, we introduce Dragon AI 1, a fully scalable
spatial and data-width AI accelerator IP package designed for
flexible integration and parametrization within any compute
pipeline. The AI engine incorporates a custom Instruction Set
Architecture (ISA), facilitating seamless interaction between
the software stack and the underlying hardware. Furthermore,
it features an AXI4-Lite interface that manages control and
data movement between the processing system (PS) and the
programmable logic (PL).

Dragon AI supports integer multiply-accumulate (MAC)
operations with configurable bitwidth and AXI-compatible
interrupt controller. All implementation tests were conducted
on a Xilinx Kria KR260 development board featuring the Zynq
UltraScale+ MPSoC architecture. Our design demonstrates
lightweight LUT utilization and reduced PL dynamic power
consumption, with as little as 7.52% and 0.017W for an
INT8 8×8 array, and as high as 62.62% and 0.174W for an
INT8 256×256 array. These results show that edge devices
can dynamically scale systolic array sizes to optimize ML
layer computations—even achieving data-center-scale arrays
comparable to Google’s TPU v1 [12].

In summary, this work makes the following contributions:

• We designed and implemented a modular, scalable mi-
croarchitecture that allows users to configure systolic
array dimensions and data type bitwidth through an
interactive IP package.

• We defined a custom 64-bit ISA to facilitate efficient
configuration and data movement between the PS and
PL via an AXI4-Lite memory-mapped register interface.

• We incorporated an AXI-configurable interrupt controller
to support efficient and parallelizable accelerator manage-
ment.

https://orcid.org/0009-0002-5858-0418
https://orcid.org/0000-0002-1294-3044
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II. BACKGROUND AND MOTIVATION

Local processing is especially important for real-time ML
applications, where low system latency and high throughput
are critical in time-sensitive scenarios. Selecting an appropriate
compute platform is essential to meet the performance require-
ments of real-time edge AI applications [13].

In this section, we discuss key considerations for selecting
DNN accelerators and the dependencies imposed by ML
architectures.

A. DNN Accelerators

Several studies [2], [8]–[11] have demonstrated that spe-
cialized DNN accelerator architectures—such as systolic ar-
rays and vector processors—consistently outperform general-
purpose GPUs and CPUs for AI workloads. These architec-
tures are particularly well-suited for edge AI applications,
where power efficiency and performance are critical. Among
available compute platforms, FPGAs and ASICs have shown
the highest energy efficiency [2].

However, ASIC implementations require array dimensions
and dataflow patterns to be fixed early in the hardware design
process. Additionally, enabling flexibility in ASICs introduces
area overhead due to the extra logic required for programma-
bility. In contrast, FPGAs offer inherent reconfigurability,
making them particularly advantageous for edge deployments
where model characteristics and workload requirements can
vary significantly.

B. Parametrizable Accelerators

Parametrization is a key factor in the development of DNN
accelerators intended for highly heterogeneous computing en-
vironments. For example, Quickloop [14] is a framework that
wraps the Chipyard [15] generator and can produce the RTL
files needed to build a Gemmini [8] accelerator with an initial
set of configuration parameters. Another example is Bifrost
[16], a framework that enables end-to-end reconfigurability,
facilitating the evaluation and optimization of DNN accelerator
parameters. It generates MAERI [9] accelerators to improve
performance metrics such as inference latency.

In this work, we propose the development of a framework
that seamlessly integrates several parametrizable features from
existing DNN accelerator frameworks and includes AXI com-
patibility to enable a straightforward integration and control
of the generated accelerator by the PS on Xilinx SoC devices.

C. ML Layer Dependency

Similar to selecting an appropriate DNN accelerator, it is
crucial to consider the target ML architecture that the platform
will execute. Among the various types of DNNs, each benefits
differently depending on the chosen dataflow and the degree
of parallel processing supported by the array. Since accelerator
platforms are often designed for reuse across varying matrix
dimensions, it is advantageous to choose an array size that
minimizes the need for matrix tiling.

For example, Convolutional Neural Networks (CNNs) often
benefit from a weight-stationary (WS) dataflow and smaller

systolic array sizes that align well with filter dimensions
[13]. In contrast, Transformer architectures typically perform
better with larger systolic arrays and an output-stationary (OS)
dataflow, which are more suited to matrix-intensive operations
such as attention mechanisms and feed-forward layers [17].

Therefore, building a parameterizable DNN accelerator is
desirable to efficiently adapt to the varying demands of differ-
ent ML architectures.

III. DRAGON AI METHODOLOGY

A. Dragon AI Instruction Set Architecture Design

Designing an ISA for an AI engine accelerator requires
a comprehensive analysis of all system operations and their
interaction with the host processor. In general, these operations
can be categorized into four groups: distribution, compute,
accumulation, and collection [9].

The distribution phase manages data transfers across the
memory hierarchy of the PS and the accelerator. Depending
on the operation, the incoming data is stored as activations,
weights, or partial sums.

The compute phase orchestrates the movement of activation
data into the systolic array. It then retrieves the resulting
partial sums into designated addresses within the partial sum
scratchpad.

The accumulation phase performs arithmetic operations on
partial sums. This is crucial when matrix dimensions exceed
the systolic array size, requiring a tiling algorithm to partition
matrices and accumulate partial results to form the final output.

The collection phase handles the transfer of computed
partial sum results back to the PS.

Based on this operational analysis, a 4-bit opcode format
was adopted, supporting up to 7 current instructions with the
flexibility to scale up to 16. The following list provides a
detailed description of each instruction:

• IDLE (IDLE): Puts the accelerator into a low-power
sleep state to reduce energy consumption.

• Weight Store (WGS): Loads weight data row-wise into
the systolic array. This instruction uses multicast con-
trollers to simultaneously prefetch weights to all process-
ing elements (PEs) within a row, identified by a unique
ID.

• Activation Store (ACS): Transfers activation data from
the processor to an specific address in the activation
scratchpad.

• Partial Sum Store (PSS): Stores previously computed
partial sum data at an specific address in the partial sum
scratchpad.

• Matrix Multiply Execute (MME): Initiates matrix mul-
tiplication by passing activation data from its scratchpad
to the systolic array input bus. The instruction increments
the starting activation address until the end address is
reached. Results are stored at an specific address in the
partial sum scratchpad.

• Partial Sum Accumulate (PSA): Reads two values from
the partial sum scratchpad and partitions them based on
the data type bitwidth. The system performs accumulation
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and writes the result back to the first input address
location in the scratchpad.

• Partial Sum Collect (PSC): Retrieves data from an
specific address in the partial sum scratchpad and returns
it to the PS.

The complete Dragon AI ISA bitfields are included in
Appendix A.

B. Microarchitecture Implementation

Following the design of the proposed ISA, we developed
the block-level architecture of the entire system. This section
outlines the key modules and microarchitectural decisions
involved in integrating our ISA into a cohesive control unit
and datapath.

1) Processing Elements (PEs): A processing element (PE)
is the basic unit that performs MAC operations. We designed a
PE using a WS dataflow, where the weight value is prefetched
into an internal register. Each PE receives previously com-
puted partial sums and activations from the neighboring PEs
above and to the left, respectively. After performing a MAC
operation, it sends the new partial sum downward and the used
activation to the right. Figure 2.i shows the RTL structure of
the PE module.

A two-bit state selector, along with supporting control logic,
manages the PE’s readiness and operational mode. Each PE
operates in three states: IDLE (outputs are zeroed), Weight
Prefetch (outputs remain zero while the weight register is
enabled), and Multiplication (outputs are multiplexed between
the activation and partial sum buses).

2) Multicast Controllers: A multicast controller is a module
commonly used in Network-on-Chip (NoC) interfaces. It acts
as a switch between a shared bus and multiple elements that
require simultaneous access. In our implementation, each row
of PEs—identified by a unique ID—coordinates access to
the control unit’s weight bus through a multicast controller.
Figure 2.ii illustrates the RTL structure of the module.

This design enables batch prefetching, improving data-level
parallelism [18]. Each multicast controller returns a ready
signal to the control unit, computed as the reduction AND of
the individual ready signals from all PEs in the row. Figure 3
shows the interface between multicast controllers and the
systolic array.

3) Systolic Array: A systolic array is a 2D network of PEs
that performs arithmetic operations in a cascaded manner. It
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is often regarded as the core of an AI engine accelerator. Spe-
cialized dataflows, array dimensions, and data types present
different performance trade-offs depending on the architecture
and workload of the ML model [8], [9]. Therefore, selecting
appropriate systolic array parameters is a critical phase in
accelerator design.

Our implementation adopts a WS dataflow with a multi-
cycle instruction design. Figure 3 illustrates the RTL structure
of the systolic array. Activations enter through the leftmost PEs
and propagate horizontally, while each PE computes partial
sums and passes them downward. The bottom row of PEs
sends the final results to the partial sum scratchpad. The cas-
caded interfaces between PEs create a fully pipelined system,
making it particularly efficient for matrix multiplication.

4) Scratchpads: Memory scratchpads are a type of on-
chip memory characterized by low-latency data access. In
our implementation, they store activation and partial sums in
memory banks with a depth of 4096 words. The word size is
determined by the product of the data type bitwidth and the
number of border PEs.

For the activation scratchpad, we generated a template for
single-port BRAM, which supports combinational read access
on FPGAs. In contrast, for the partial sum scratchpad, two
words must be retrieved simultaneously during accumulation.
Therefore, we employed true dual-port BRAM, introducing a
one-cycle latency for both read and write operations.
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5) Control Unit: To maintain regularity and modularity in
the design, all operations managed by the Control Unit were
carefully classified into four independent modules. Figure 4
illustrates the RTL structure of the Control Unit. The following
list outlines each proposed subdivision along with its specific
responsibilities:

• OCM Address Manager—This module coordinates all
addresses used across the different scratchpad memories.
For distribution and collection instructions, it targets
the addresses where data will be stored or retrieved.
For compute and accumulation operations, it handles
address movement for both the activations and partial
sums scratchpads. Finally, it generates control signals
to indicate the completion of operations to the Main
Decoder.

• Main Decoder—This module decodes the incoming
instruction and manages control signals within the AI
engine. It synchronizes read and write enable signals
based on the status of other modules in the datapath.
Additionally, it generates an end-of-instruction signal to
notify the Interrupt Controller when an operation has
completed successfully.

• OCM Data Manager—This module manages data input
and output transactions between the PS and the accelera-
tor. Additionally, it can be flexibly replaced with a direct
memory access (DMA) controller to route data directly
to the AI engine.

• Interrupt Controller—This module manages end-of-
instruction interrupt requests from the accelerator to the
PS. It can be configured through an AXI control register
that handles interrupt request (IRQ) enable and clear
operations.

6) AXI4-Lite Core: The design integrates an AXI4-Lite
interface to facilitate communication between the PS and the
accelerator core. Five AXI memory-mapped registers were
defined to coordinate operations, data movement, and inter-
rupts of the AI engine. Since AXI4-Lite supports only 32-bit
memory-mapped registers, each 64-bit field was split across
two consecutive 32-bit registers. Table IV in Appendix A
illustrates the bitfield structure of the AXI memory-mapped
registers.

C. IP Package Parametrization

To create a custom IP package, we wrote a wrapper around
the entire AI core and connected the memory-mapped registers
to the AXI interface. We then linked these registers to the
inputs of the top module and set global parameters for the
width and height of the systolic array, as well as the data
type bitwidth, which are displayed in the IP configuration
visualizer. Figures 5,6 show the top-level block diagram and
IP package block desing of the Dragon AI accelerator.

IV. IMPLEMENTATION

In this section, we present several implementation scenarios
of the proposed Dragon AI accelerator. We compare device
utilization and power consumption under different parameters
on a Xilinx Kria KR260 development board featuring a Zynq
UltraScale+ MPSoC architecture.
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A. FPGA Resource Utilization

Table I summarizes the resource utilization across different
systolic array sizes and data type bitwidths. The combination
of these two parameters proved to be a non-trivial design
choice for achieving efficient resource utilization.

• DSP mapping—For INT8 data type, the native Xil-
inx synthesis flow avoids mapping the RTL design to
DSP slices in the Zynq fabric. This behavior is due
to the fact that DSP slices are optimized for arith-
metic operations, supporting dual 24-bit or quad 12-bit
add/subtract/accumulate functions [19]. Consequently, all
INT8 implementations resulted in zero DSP utilization,
with a corresponding increase in LUT and FF usage.

• Resource Constraints for Large Arrays—We found
that using INT32 data type with a 128×128 systolic array
was not synthesizable. The design exceeded available
BRAM resources, using 911 out of 288 available BRAM
blocks. Therefore, for these dimensions, higher-capacity
platforms such as the Virtex-7 VC709 or Versal VCK190
are preferred. As a result, this configuration is intended
for deployment on cloud infrastructure rather than on
edge devices.

• Data-Center-Scale Systolic Array on the Edge—We
successfully deployed a 256×256 array supporting INT8
MAC operations. This array size is comparable to the
systolic array implementation in Google’s TPU v1, used
for AI processing in data centers [12]. While newer
generations of TPU also support floating-point operations
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of various bitwidths, this result is a significant discovery,
demonstrating that a data-center-grade array size can be
deployed on an edge device.

Figure 7 illustrates device utilization implemented results.

Zynq Ultrascale+ MPSoC Utilization
Data Type INT 8 INT 16 INT 32

Systolic Array Size 8x8 32x32 128x128 256x256 4x4 8x8 32x32 128x128 4x4 8x8 32x32 128x128
LUT [%] 7.52 9.69 19.49 62.62 5.32 5.98 8.76 28.20 5.81 6.48 11.71 —

LUTRAM [%] 7.26 7.26 7.26 7.26 7.26 7.26 7.26 7.26 7.26 7.26 7.26 —
FF [%] 1.18 2.28 7.28 35.94 0.64 0.68 1.13 11.58 0.70 0.82 1.73 —

BRAM [%] 5.21 5.56 5.56 5.56 5.21 5.56 5.56 5.56 5.56 5.56 5.56 —
DSP [%] 0.00 0.00 0.00 0.00 1.28 3.21 12.82 4.73 2.08 4.01 7.61 —

BUFG [%] 0.57 0.57 0.57 0.57 0.28 0.28 0.57 0.57 0.28 0.57 0.57 —
Total Utilization [%] 3.62 4.23 6.69 18.66 3.33 3.83 6.02 9.65 3.62 4.12 5.74 —

TABLE I: Kria KR260 Zynq Ultrascale+ MPSoC Utilization

B. FPGA Power Measurement

Table II shows the power consumption of the Zynq Ultra-
Scale+ MPSoC for different systolic array sizes and data type
bitwidths. The results include the dynamic and static power
consumption from the PL and PS regions. They highlight that
selecting the best parameters to reduce power consumption on
the target device is still a challenging task.

• PS vs PL Dynamic Power Consumption—We demon-
strated that the dynamic PL power consumption is ap-
proximately 100× lower than the dynamic power con-
sumption of the PS region. This result highlights the
importance of power reduction techniques such as clock
gating, power gating, and sleep modes for processors.

• Power Benefits from Specialized Architectures—As
Moore’s Law shows a decreasing trend due to the expo-
nential growth of AI workloads and limited improvements
in power efficiency from newer technology nodes, spe-
cialized architectures have become increasingly impor-
tant. Dragon AI has demonstrated flexibility as a platform
for conducting power consumption studies across various
workloads, ML architectures, model quantization levels,
and dataflows.

Zynq Ultrascale+ MPSoC Power Consumption
Data Type INT 8 INT 16 INT 32

Systolic Array Size 8x8 32x32 128x128 256x256 4x4 8x8 32x32 128x128 4x4 8x8 32x32 128x128
Dynamic without PS [W] 0.017 0.021 0.050 0.174 0.014 0.017 0.027 0.078 0.016 0.021 0.032 —

Dynamic PS [W] 2.415 2.415 2.415 2.415 2.415 2.415 2.415 2.415 2.415 2.415 2.415 —
Static PL [W] 0.301 0.301 0.301 0.301 0.301 0.301 0.301 0.301 0.301 0.301 0.301 —

Total [W] 2.733 2.737 2.766 2.890 2.730 2.733 2.743 2.794 2.732 2.737 2.748 —

TABLE II: Kria KR260 Zynq Ultrascale+ MPSoC Power
Consumption

V. CONCLUSION

We presented Dragon AI, a flexible AI engine with pa-
rameterizable systolic array dimensions and integer MAC
operations bitwidth. It features a custom ISA with a WS
dataflow and AXI support. We demonstrated that this platform
can be used for various studies on device resource utilization
and power consumption across different parameter selections.
We successfully deployed a 256×256 array supporting INT8
MAC operations, showing that a data-center-grade array size—
comparable to Google’s TPU v1—can be implemented at the
edge.
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APPENDIX A
DRAGON AI INSTRUCTION SET ARCHITECTURE

Dragon AI ISA
63:60 59:0Data Processing Opcode X

IDLE (IDLE) 0000 X
63:60 59:48 47:36 35:32 31:0Memory Type 1 Opcode X X ROW ID Address BRAM

Weight Store (WGS) 0001 X X ID Data Address
63:60 59:48 47:44 43:32 31:0Memory Type 2 Opcode X X Destination In-memory Address BRAM

Activation Store (ACS) 0010 X X Act Scratch Addr Data Address
Partial Sum Store (PSS) 0011 X X Psum Scratch Addr Data Address

63:60 59:48 47:44 43:32 31:28 27:16 15:12 11:0Compute Instructions Opcode X X Address End Act X Address Start Act X Address PS
Matrix Multiply (MME) 0100 X X Address End Act X Address Start Act X Psum Start Addr

63:60 59:48 47:32 31:28 27:16 15:12 11:0Accumulate Instructions Opcode X X X Address Psum 1 X Address Psum 2
PS Accumulate (PSA) 0101 X X X Address Psum 1 X Address Psum 2

63:60 59:48 47:44 43:32 31:0Collect Instructions Opcode X X Address Psum Address BRAM
PS Collect (PSC) 0110 X X Address Psum Data Address

TABLE III: Dragon AI Instruction Set Architecture Bitfields

AXI Memory-Mapped Registers
Instruction [63:0]

Registers Reg 1 Reg 0
Fields Instruction [63:32] Instruction [31:0]

Control [31:0]
Registers Reg 7

Fields X Control[2] - IRQ Clear Control[1] - IRQ Enable Control[0] - Start
Data IN [63:0]

Registers Reg 3 Reg 2
Fields Data IN [63:32] Data IN [31:0]

Address OUT [31:0]
Registers Reg 4

Fields Address OUT [31:0]
Data OUT [63:0]

Registers Reg 6 Reg 5
Fields Data IN [63:32] Data IN [31:0]

TABLE IV: AXI Memory-Mapped Registers
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