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Abstract—K-Means is a clustering technique widely employed
in AI workloads, from image processing to data mining. Given
its importance, researchers propose different algorithms and
hardware-accelerated implementations. While algorithm suitabil-
ity can depend on the target use case, there is much less doubt
about the architecture: FPGAs are the de facto standard, as the
design can be perfectly tailored to the target use case. Despite
this, AI accelerators such as GPUs and Neural Processing Units
(NPUs) are gaining traction. The former attains remarkable
performance at the cost of low energy efficiency. The latter,
instead, promises to maximize both, but they are strongly
underutilized due to the lack of a clear approach for K-Means
acceleration. Considering AMD NPU, for example, the main com-
puting cores are AI Engines that require algorithm reshaping and
code optimization to harness data parallelism effectively. Thus,
this research analyzes different K-Means versions to propose a
vectorized algorithm that fully uses AI Engine (AIE) features.
We validate our vectorized K-Means on Versal VCK5000, using
FPGAs for data movement only, as the Memory Transfer Engines
and Shim Tiles of NPUs, and the AI Engine for computation. This
design reflects features of modern NPUs, making the validation
fair. We attain up to 59.5× speedup against Torch library on
GPUs while being comparable but more energy efficient than
further optimized GPU solutions.

Index Terms—AI Engine, Versal, FPGA, k-means

I. INTRODUCTION

Clustering [1], [2] is an unsupervised machine learning
technique crucial for a wide range of applications, including,
but not limited to, image processing [3], [4], big data mining
[5], [6], bioinformatics [7], [8], and information retrieval
[9]. By grouping data points into distinct clusters based on
their similarity, clustering algorithms provide insights into the
underlying structure of datasets. Among clustering methods,
K-Means [10] is one of the most popular for its simplicity
and versatility. The K-Means clustering algorithm iteratively
assigns each data point to the nearest centroid and then recal-
culates it as the mean of the points assigned to it. This process
is repeated either for a fixed number of iterations or until
centroids converge (i.e., their positions change negligibly be-
tween iterations) [11]. The literature distinguishes three main
K-Means algorithms, identified by their authors: Hartigan-
Wong, MacQueen, and Lloyd. The Hartigan-Wong algorithm
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[12] enhances clustering accuracy by initially assigning points
to clusters and iteratively relocating them to minimize the
total within-cluster variance. If such a reassignment reduces
the overall variance, the point is transferred to the new
cluster. Lloyd’s algorithm [11], instead, assigns all the data
points to the nearest cluster and then updates the centroids
based on these assignments. While this approach reduces
synchronization steps and favours low-latency computations, it
is highly sensitive to the initial placement of centroids, which
can lead to suboptimal clustering results. Lastly, MacQueen
[13] proposes a trade-off by introducing a non-random initial
assignment while keeping the frequent synchronizations. This
approach reduces the number of iterations but mitigates the
accuracy errors.

Given the high computational load, multiple accelerated so-
lutions have been proposed to enhance performance or energy
efficiency over the years. In particular, Field Programmable
Gate Arrays (FPGAs) have become the factor standard for
such tasks, improving both [14]–[18]. However, as K-Means
is also crucial in multiple AI applications, AI accelerators like
Graphical Processing Units (GPUs) and Neural Processing
Units (NPUs) have gained popularity. Many libraries pro-
vide GPU-acceleration [19]–[21], achieving satisfactory per-
formance, but often at the expense of higher energy consump-
tion. Conversely, NPUs remain underutilized as no approach is
tailored for their compute engine: the AIEs. Despite this, NPUs
hold promise by offering data parallel capabilities through AIE
vector cores while minimizing power consumption [22]–[24].

For these reasons, this research specifically targets NPU
compute tiles and compares them against other AI accelerators.
We specifically refer to AMD NPUs, but similar considerations
can be done for comparable architectures, like the Ascend
NPU [25]. Initially, we evaluate existing K-Means implemen-
tations to identify those best suited for AIEs. Then we develop
a vectorized version of the selected algorithm, employing a
scale-out strategy to distribute the workload across multiple
compute tiles. This approach leverages both vectorization and
spatial parallelization, key features of AIEs. For validation, we
implement a multi-AIE version of our vectorized algorithm for
validation on the Versal VCK5000 platform, which integrates
first-generation AIEs with FPGA fabric [26]. In this setup,
FPGA is used exclusively to feed data to the AIEs, mirroring
the Memory Tile Engine (MTE) and Shim tiles of the NPUs,
ensuring a fair evaluation. Meanwhile, the AIEs handle all
computations, as would be done on modern NPUs.



Specifically, this research proposes:
• An analysis of the different K-Means implementations

and their suitability for the acceleration on AIEs (§IV-A).
• A vectorized K-Means algorithm, tailored on the AIEs’

vector cores, within a scale-out strategy to split the
workload across multiple compute tiles (§IV-B).

• An open source HW/SW solution1 to validate the pro-
posed version on the AIE, using VCK5000 heterogeneity
to shape each feature of modern NPUs (§IV-C).

Our implementation achieves a 59.5× speedup over the
torch library accelerated through an NVIDIA A5000. Con-
sidering more optimized GPU libraries, instead, our solution
is comparable, being 1.89× slower than FAISS but consuming
1.49× less energy.

II. VERSAL ARCHITECTURE & AI ENGINES

The target Versal VCK5000 is a heterogeneous platform
featuring an FPGA VC1902, integrated through the Network
on Chip (NoC) with the first generation of AIE.

The device offers 400 AIEs; each is a statically scheduled
Very Long Instruction Word (VLIW) processor with a vector
unit, thus offering SIMD operations to benefit from data
parallelism. AIE performance comes at the cost of handling
constraints imposed by such architecture. For example, opti-
mizations like loop unrolling can lead to a code size increase,
which must be mitigated given the limited program memory of
16 KB. Additionally, each tile features only 32 KB of local
memory. Consequently, manual optimizations are essential to
manage both memory and static scheduling constraints [27].

Validation Fairness - To ensure effective validation for
modern NPUs that lack FPGA components, our design refrains
from offloading any computation to the FPGA. Furthermore,
NPUs rely on up to 20 (Phoenix model) or 32 (Strix model)
second-generation AIEs (AIE-ML). In contrast to the first
generation, AIE-MLs offer 64 KB of memory and native
support for the bfloat16 data type.

III. RELATED WORK

Literature widely uses hardware accelerators for K-Means
acceleration, with remarkable gains in performance and scal-
ability. On the GPU side, the main target is optimizing
performance, with multiple parallel K-Means versions striving
to reduce latency as much as possible [28], [29]. Despite this,
the literature elects FPGAs as the best solution, with a plethora
of optimizations and versions proposed over the years. He et
al. used the K-Means algorithm to evaluate their HLS library
[14], and presented a K-Means operator for hybrid CPU-
FPGA databases [15]. Hussain et al. implemented an FPGA-
based approach for clustering microarray data [30]. Bhimani
et al. explored GPU-based parallel implementations on large
datasets [31]. Wang et al. introduced a triangle-inequality-
based FPGA accelerator [32]. Perera and Raghavan proposed a
scalable FPGA architecture for big data clustering [33]. Deng

1https://github.com/necst/AIE-kmeans

TABLE I
K-MEANS ANALYSIS FOR AI ENGINE ACCELERATION.

Algorithm AIE Vectorization AIE Parallelization
Hartigan-Wong [12] X X

MacQueen [13] ✓ X
Lloyd [11] ✓ ✓

et al. presented a real-time FPGA-based K-Means implementa-
tion for image clustering [34]. Despite being interesting, none
of these solutions considers AIEs or NPUs.

IV. METHODOLOGY

The main goal of this research is to explore NPUs’ ca-
pabilities for K-Means acceleration. To this extent, §IV-A
analyzes different K-Means implementations to find the most
suitable to benefit from AIE main features: vectorization and
spatial parallelization. Then, §IV-B proposes a vectorized
version of the most suited algorithm, as well as a scale-out
strategy to partition the computation across multiple hardware
layers. Finally, §IV-C describes the hardware validation of the
presented algorithm, targeting the Versal VCK5000.

A. K-Means Algorithms Analysis

There are three main K-Means implementations: Mac-
Queen’s [13], Hartigan-Wong’s [12], and Lloyd’s version [11].
Literature deeply analyzes them, proposing different algo-
rithmic and hardware optimizations [14]–[17]. However, no
detailed analysis exists for vector processors as those of AIE.
Thus, we describe the three implementations, highlighting
their suitability or unsuitability for the target architecture.

Hartigan-Wong’s algorithm [12] randomly assigns points to
clusters and gradually moves them from one cluster to another,
measuring variance decreases. Despite being very accurate,
this algorithm is unsuitable for AIEs as it uses sequential
updates: before each assignment at step i, the algorithm must
consider the previous cluster update at step i − 1, preventing
vectorization. For the same reason, spatial parallelism is un-
feasible, as it needs a shared state or synchronization among
AIEs, to be aware of what happened in the previous iteration.

MacQueen’s version [13], instead, relaxes Hartigan-Wong’s
constraints, allowing iterative cluster updates without point-
to-point dependencies, making it vectorizable. In other words,
an entire vector can be evaluated before updating the clusters.
However, spatial parallelization is still unfeasible, as data
dependencies between iterations i and i − 1 would require
a shared state among compute tiles. As no shared memory
exists, this state is feasible through exchanging information
among tiles, which is doable but dramatically ineffective.
Thus, MacQueen’s version is not suitable for AIEs.

Finally, Lloyd’s K-Means algorithm [11] assigns each point
to the nearest centroid, delaying centroid recalculations as
much as possible and removing almost all data dependencies.
This makes the algorithm very sensitive to the initial cluster
position, but it also permits both vectorization and spatial
parallelization, making it particularly interesting for AIEs.

https://github.com/necst/AIE-kmeans


Algorithm 1 Vectorized Lloyd’s K-Means Algorithm
1: Input: n clusters, n points, c coords, p coords
2: parfor i← 0 to (n clusters/16)− 1 do
3: vect in ← Vect Read(c coords)
4: clusters ← Cluster(vect in)
5: end parfor
6: parfor i← 0 to (n points/16)− 1 do
7: vect in ← Vect Read(p coords)
8: point ← Point(vect in)
9: for point in points do

10: d ← Vect Euclidean Distance(point, clusters)
11: c idx ← Min Dist(d, n clusters)
12: clusters[c idx] ← Accumulate Coords(point)
13: end parfor
14: Output: partial cluster coords

However, To the best of our knowledge, no vectorized Lloyd’s
algorithm exists to leverage AIEs vector core.

B. K-Means Vectorization

Algorithm 1 extends Lloyd’s algorithm by introducing a
vectorized implementation that fully utilizes SIMD instruc-
tions, while Figure 1 depicts the vectorized kernel B , inte-
grated with the data dispatcher A and collector C .

The process begins with the AIE B receiving data from
the dispatcher ( A in Figure 1). This dispatcher can be
implemented using the Memory Transfer Engine (MTE) of
NPUs or through FPGAs, and its primary function is to
distribute data from the main memory to the AIEs. Given the
statically scheduled nature of the architecture, the dispatcher
also provides information about the data volume assigned to
each AIE tile, ensuring synchronized and efficient execution.

Initially, the data exchanged are cluster coordinates. At each
step (L3−4), B loads a vector of 1024 bits — the maximum
vector register size for the AIE. Each cluster and point cor-
responds to an n-dimensional set of coordinates, representing
each coordinate as a 32-bit floating-point number. Therefore,
the vector unit can fetch at most 1024/(32 × n) elements.
Our implementation focuses on two-dimensional coordinates,
allowing a vector to contain up to 16 elements. This approach
can be generalized to higher dimensions; however, as the
number of dimensions n increases, each element (cluster or
point) requires more bits, reducing the number of elements
accommodated within a single vector.

The cluster coordinates must reside in the AIE’s local
memory, as they are essential for assigning points to clusters.
Once all cluster coordinates have been loaded, B fetches
points (L7 − 8). For each vector of points, we identified
two possible computation strategies. The first simultaneously
computes Euclidean distances from all points to each cluster.
Although straightforward and allowing multiple points to be
processed independently, this method requires storing multiple
intermediate distance results on the AIE, which is problematic
given its memory constraints. To overcome this limitation, our
proposed strategy calculates Euclidean distances from each
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Fig. 1. Architecture of Lloyd’s Accelerator, where clusters are updated at the
end in the Data Collector and not at each iteration in the AIE.

point to all clusters in parallel (L10), immediately assigning
each point to its closest cluster (L11). This approach optimizes
the algorithm specifically for the AIE architecture by elimi-
nating the need for intermediate storage. Lastly, the algorithm
computes partial coordinate updates, which are applied to the
cluster coordinates after all points have been evaluated (L12).

Line 12 of Algorithm 1 is crucial as the cluster update is
delayed up to the end of points evaluation, as Lloyd’s algo-
rithm indicates. This cancels the data dependencies between
consecutive computation steps, favoring parallelism. Indeed,
the computation can now be split on multiple compute cores,
each receiving all the clusters - needed for correctly assigning
points - but only a fraction of points. Doing so, each core
computes its own partial updates (L12) that will be combined
in the data collector ( C in Figure 1). This combination is
trivial, just a sum of partial updates to the initial coordinates,
and can be implemented either on the CPU, for the NPUs, or
in FPGAs for systems such as the VCK5000.

A final consideration is mandatory, as vectorization intro-
duces constraints that must be handled. Indeed, vectorized
reads impose limitations on the input size, which must be a
multiple of the vector size. This constraint is even tighter
when considering multiple compute cores, as we must ensure
an input, from the dispatcher, multiple of NAIE×vector size.
To handle this issue, our AIE tiles also take as input the amount
of data padded, within the data volume to be handled. Thanks
to this, AIE can discard the fetched padding data, skipping
useless computation.

C. Hardware Validation On Heterogeneous Versal Systems

To evaluate the performance of Algorithm 1 and compare it
against existing solutions for AI accelerators, we implemented
it on the compute tiles of the VCK5000. This platform embod-
ies features of modern NPUs while ensuring the algorithm’s
effectiveness within a complex heterogeneous system.

Although the VCK5000 features 400 compute tiles, we
limited our usage to align with contemporary NPU architec-
tures, such as the Phoenix and Strix models, which utilize 20
and 32 compute tiles, respectively [36]. To feed the AIE, we
implemented dispatcher and collector kernels in reconfigurable
logic, connecting these kernels to the AIE layer through PL-
AIE connections (PLIO), which offer the highest communica-
tion performance. This approach mirrors the functionality of
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Fig. 2. Execution time comparison of our vectorized K-Means kernel, scaled
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open source dataset [35].
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Fig. 3. Energy consumption comparison of our vectorized K-Means kernel,
scaled on 32 AIE, against FAISS [20], Torch [21], and ScikitLearn [19],
using an open source dataset [35].

modern MTEs and Shim tiles that fetch data from memory
and distribute it effectively across multiple compute tiles.

Both kernels optimize memory access through burst trans-
fers and increased word widths, enabling A to read multiple
enlarged words from memory per access. Additionally, we
employed the dataflow paradigm for kernel execution, maxi-
mizing the data rate at the AIE’ input. These optimizations are
essential, given that the FPGA’s working frequency is lower
than the AIE ones (300 MHz versus 1.2 GHz).

We mapped the entire computational workload onto the
AIEs, as would be done in an NPU. Each core algorithm
reflects the one described in §IV-B, further optimized through
compiler directives for scheduling and software pipelining.

V. EXPERIMENTAL RESULTS

We design the FPGA part using HLS 2022.2 and Vitis while
relying on Xilinx Runtime (XRT 2022.2) for the interaction
between the C++ CPU-based host and the accelerator card.
The targeted hardware platform is the Xilinx VCK5000, paired
with an AMD EPYC 7V13 CPU.

We compare our accelerator against existing libraries such
as Facebook AI Similarity Search (FAISS) [20], a highly
optimized K-Means implementation known for its accuracy
and efficiency in handling large datasets, Torch [21], and
Scikit-Learn [19]. As a competing AI accelerator, we consider
an NVIDIA A5000 paired with a Ryzen 7 5800X. Since
our evaluation focuses on NPU validation, we exclude PCIe
transfer time for both our and literature solutions, thus
measuring the elapsed time between data retrieval from the
main memory (included) up to the result write-back.

For benchmarking, we use an open-source dataset of bi-
dimensional points [35]. We first scale out the design, using
up to 32 compute tiles (the maximum in modern NPUs). Then,
we compare it against existing solutions, assessing execution
time (in microseconds) and energy consumption (measured as
Power×Execution time), relying on vendors’ tools (xbutil
and nvidia-smi respectively for FPGAs and GPUs).

A. Literature Comparison

Firstly, to measure the improvement of vectorization and
pure hardware acceleration, we compare our single-tile version
against the CPU baseline of the proposed algorithm. This

analysis showcases the speedup of 1.41×, highlighting the
need for spatial parallelism. Indeed, scaling the number of
AIE employed up to 32 compute tiles equally handling the
workload, we attain up to 15.75× speedup against our CPU
baseline and 11.69× speedup against our single AIE version.

For the literature comparison, we focus on AI acceler-
ators and compare them against CPU and GPU libraries.
Figure 2 depicts the performance analysis, highlighting the
FAISS library accelerated on NVIDIA A5000 as the best
configuration, while our solution is the second best. Indeed,
while being faster than other CPU and GPU-based solutions,
with a remarkable speedup of 59.5× against Torch accelerated
on NVIDIA A5000, we are still 1.89× slower against FAISS
accelerated on the NVIDIA A5000 for the scenario with 32
clusters. On the positive side, looking at trends, our solution
scales better than FAISS, opening possible improvements once
considering more clusters.

Figure 3 showcases the energy consumption comparison for
the same solutions. From this analysis, our implementation
stands as the most efficient one, with massive improvements
with respect to CPU-based implementations and 160.2× con-
sumption reduction against Torch accelerated on the NVIDIA
A5000 in the 32 clusters scenario. Compared with FAISS in
the same case, instead, we attain a 1.43× energy consumption
reduction. Overall, this analysis proves the effectiveness of
accelerating K-Means on NPUs AI Accelerator, as it offers
comparable results but higher energy efficiency than its liter-
ature counterpart. Furthermore, we highlight that real NPUs
would attain even lower energy consumption, as they only
consume a few Watts, against the 25W needed by our design.

VI. CONCLUSIONS

This research leverages VCK5000 features to present a vec-
torized K-Means implementation. We accelerate the procedure
across both FPGA and AIE. In this setup, the FPGA imple-
ments logic to emulate the MTE and Shim Tile—components
responsible solely for data movement—while the computa-
tional workload is entirely handled by the AIEs. Our validation
demonstrates comparable execution times but reduced energy
consumption compared to existing GPU-based libraries.
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