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LUT based NNs offer a solution
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Andronic et al., PolyLUT. Best paper at FPT’23

L-LUT hides a multivariate 
polynomial.

Supports larger bit-widths

Expansion of the feature vector x with all of its 
monomials up to a parametric degree D

The number of trainable parameters can be controlled 
by tuning D

Andronic et al., PolyLUT: Learning Piecewise Polynomials for Ultra-Low Latency FPGA LUT-based Inference, FPT 2023 

https://arxiv.org/abs/2309.02334


But multivariate LUTs scale exponentially
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Insight 1: Multivariate → sum of 1D 
functions for linear scaling
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KAN inference is notoriously hard
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ArXiv: 2407.17790
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Insight 2: 1D functions map directly to LUT primitives
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Insight 3: Learned functions are extremely 
natural to be quantized. 
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Insight 4: Additive edges → Pruning is clean
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Figure 2: Differences in recording and data processing between in-
dividual (IND) and continuous (CNT) wav-files

2. DATASET OVERVIEW

The ToyADMOS dataset consists of three sub-datasets for three
types of ADMOS tasks. A different toy is used for each task. The
name and overview of each sub-dataset are as follows:

Toy car: Designed for product-inspection task. A toy car runs on
an inspection device. Sound data are collected with four mi-
crophones arranged close to the inspection device, as shown
in Figs. 1 (a) and (b), and Fig. 3 (a).

Toy conveyor: Designed for fault diagnosis of a fixed machine. A
toy conveyor is fixed on a desk, and sound data are collected
with four microphones. One is fixed on the body of the con-
veyor, and the other three are placed on the desk, as shown
in Fig. 1 (c) and Fig. 3 (b).

Toy train: Designed for fault diagnosis of a moving machine. A
toy train runs on a railway track. Sound data are collected
with four microphones surrounding the track, as shown in
Fig. 1 (d) and Fig. 3 (c).

To collect various normal/anomalous sounds depending on individ-
ual differences, operating sounds are recorded using three or four
models for each type of toy; these models belong to the same class
of toys but have different detailed structures. In the ToyADMOS
dataset, we use “case” as the identifier of each machine. The details
are given in Sec 3.

Each sub-dataset consists of three types of sound data: normal,
anomalous, and environmental. Their definitions are as follows:

Normal sound: Operating sound when the target machine operates
normally in accordance with its specifications.

Anomalous sound: Operating sound when the target machine is
made to operate anomalously by deliberately damaging its
components or adding extraneous objects.

Environmental noise: Environmental noise for simulating a fac-
tory environment. Noise samples were collected at several
locations in an actual factory, such as collision, drilling,
pumping, and airbrushing. These sounds were emitted from
four loudspeakers at the corners of each recording room.

Four omnidirectional microphones (SHURE SM11-CN) were used
for collecting these sounds. All sounds were stored as multiple wav-
files categorized into two types: individual (IND) and continuous
(CNT). The differences between IND and CNT are shown in Fig.
2. IND wav-files contain the operating sounds of the entire oper-
ation (i.e. consisting a starting of a toy to stopping it) in a single
wav-file, and each wav-file is approximately 10 sec long. CNT
wav-files contain only a some of the operating sounds in a single
wave-file; operating sound is recorded continuously and is cut ev-
ery 10 min. A normal sound consists of both IND- and CNT-files,
anomalous sound consists of IND-files, and environmental noise
consists of CNT-files. IND and CNT are assumed to be mainly
used for training and evaluation, respectively. This is because of the
difficulty in collecting IND data in real environments. CNT data
can be collected just by recording the operating sound of a working
machine, whereas IND-type data collection requires the machine
to be started/stopped many times. Thus, IND data collection has a
much higher cost than CND data collection, resulting in real-world
systems often being trained with CNT datasets.

The main advantage of the ToyADMOS dataset over other
datasets [19, 20] is that it was built under controlled conditions.
An unsupervised approach is often adopted for ADMOS sys-
tems [10–15] because it is difficult to build an extensive set of
anomalous sounds in the real world. Therefore, a DNN is trained
by using only given normal sound and anomalous sound is defined
as “unknown” sounds, in contrast to supervised DCASE challenge
tasks [21, 22] for detecting “defined” anomalous sounds such as
gunshots [4]. This definition results in misdetection caused by both
a rare normal sound and the difference between the recording con-
dition in training/test dataset. Thus, to analyze system performance
and/or the cause of misdetection, all normal sounds in dataset need
to be collected under the same condition, like as the ToyADMOS
dataset.

The limitation of the ToyADMOS dataset is that toy sounds and
real machine sounds do not necessarily match exactly. One of the
determining factors of machine sounds is the size of the machine.
Therefore, the details of the spectral shape of a toy and a real ma-
chine sound often differ, even though the time-frequency structure is
similar. Thus, we need to reconsider the pre-processing parameters
evaluated with the ToyADMOS dataset, such as filterbank parame-
ters, before using it with a real-world ADMOS system.

New Benchmark - MLPerf Tiny

24

ToyADMOS signal autoencoder anomaly detection

Improvement factor over hls4ml (MLPerf Tiny v0.7) - same AUC = 0.83
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Figure 7: PPO training on HalfCheetah-v5 with 5 seeds. The
quantized KAN actor (8-bit) outperforms both the KAN (FP)
and the larger MLP (FP), despite using →5↑ fewer parameters,
showing robustness to quantization and strong parameter
e!ciency.

Table 7: FPGA performance of the KAN 8-bit model on
the HalfCheetahRL task targeting the xczu7ev-ffvc1156-2-e
FPGA. The MLP 8-bit actor does not "t on the FPGA, so its
power estimate is unavailable and resource usage is reported
from HLS estimates, while KAN 8-bit results are obtained
after place-and-route in out-of-contextmode.

Metric KAN 8-bit MLP 8-bit hls4ml

1M Episode Reward 2762.2 1558.8

Max. Frequency (𝐿max) 884 MHz 500 MHz
Latency 4.5 ns 893 ns

BRAM 0 0
DSP 0 14,346
Flip-Flops (FF) 2,828 460,800
Look-Up Tables (LUT) 1,136 230,400

Area↑Delay 1.3 → 104 LUT·ns 2.1 ↑ 108 LUT·ns
Dynamic Power 0.224 nJ/sample ↓ 0.224 nJ/sample

dramatically more e!cient in terms of size and quantization toler-
ance.

6 Conclusion and Future Works
We present KANELÉ, a hardware–software co-design framework
that maps Kolmogorov–Arnold Networks (KANs) onto a LUT-
native computational architecture for FPGAs. Unlike most existing
ML hardware–software co-design approaches, KANs are built en-
tirely from learnable 1D activation functions de"ned on a "xed
domain. Each learned activation function 𝐿 (𝑀) is thus not merely
approximated by a L-LUT: it is a lookup table.Moreover, the additive
structure of KANs enables an especially natural form of pruning:
each node can be directly removed from the summation without
disrupting the remaining computation. This is in stark contrast to
conventional LUT-based neural networks, where LUTs are typically

chained together as indices into one another, making the removal
of even a single LUT practically impossible without breaking the
model. Consequently, mapping a KAN to an FPGA is less a process
of compilation and more one of direct instantiation. This paradigm
shift—from emulating arithmetic to directly con"guring logic—is
what unlocks the extreme e!ciency of KANELÉ, sidestepping the
need for DSPs and BRAMs entirely and aligning the algorithm
directly with the hardware’s native capabilities.

Across standard LUT–NN benchmarks and prior KAN–FPGA
tasks, KANELÉ demonstrates strong performance with a favorable
Area↑Delay trade-o#, o#ering substantially lower latency and re-
duced logic utilization compared to earlier KAN-on-FPGA designs,
while matching or exceeding other LUT-centric architectures when
the target function exhibits symbolic or physics-inspired structure.
We further demonstrated the applicability of KANELÉ to real-time
control by deploying an 8-bit KAN policy that surpasses a larger
MLP while achieving ultra-low latency and higher resource e!-
ciency on FPGA.

Future Works. Building on our results, we identify several av-
enues to broaden the scope and impact of KANELÉ:

• Broadermodel families. Extending beyond single KANs to
ensembles, temporal and convolutional KANs, graph-based
KANs, or transformer-style KANs (“KAN-GPT”) on FPGAs.

• Alternative orthogonal bases.Moving beyond B-splines
by exploring Fourier, wavelet, or rational bases for learn-
able activations. These alternatives may improve approxi-
mation power and training dynamics while remaining LUT-
compatible.

• Practical deployment in control tasks. Our reinforce-
ment learning demo shows that 8-bit KAN policies can out-
perform larger MLPs while sustaining ultra-low FPGA la-
tency, meeting demands of applications such as quantum
error correction, plasma stabilization, adaptive optics, and ro-
botics. Future work targets rapid in-"eld adaptation through
hot-swapping edge tables via partial recon"guration or LUT
updates, enabling lightweight online learning with minimal
latency.

Realizing the full potential of this paradigm, however, "rst re-
quires overcoming the perception that KANs are inherently ine!-
cient in hardware. Our work, KANELÉ, directly refutes this view
by aligning the activation-centric KAN formulation with the native
strengths of FPGA LUT fabrics. This approach transforms KANs
into a practical, high-throughput, and power-e!cient inference
architecture. We believe this hardware-centric perspective not only
solves a critical implementation challenge but also solidi"es the
promising path toward interpretable, low-resource neural networks
that scale from embedded controllers to large scienti"c instruments,
naturally bene"ting from software–hardware co-design.

Acknowledgments
The authors thank the anonymous referees, Vladimir Loncar, Marta
Andronic and Ryan Kastner for their valuable comments and helpful
suggestions. PH, DH, and AG are supported by the NSF-funded
A3D3 Institute (NSF-PHY-2117997).

New Benchmark - Control System

25

OpenAI Gymnasium - HalfCheetah

KAN controller needs 5x 
less trainable parameters

MLP controller does not fit 
on the same Zynq board 

Better rewards under 
quantization

New paper 👉 ArXiv:2602.02056

https://arxiv.org/abs/2602.02056


Conclusion

26

Modern ML infrastructure

FPGA-native 
KAN

MLP

• KAN is a promising alternative 
to MLP.


• We enable efficient and 
practical KAN inference for 
the first time.


• Competive with or surpasses 
many SOTA LUT-based 
architectures.


• Introduce more complex 
benchmarks. 


• Unlock future design spaces: 
KAN-CNN, KAN-formers etc. 

xkcd @ 2030 



Backup
27



B(asis)-splines

28

f(x0, x1)
+

x0 x1

++

ϕ(x)

ϕ(x) =
4

∑
i=0

ciBi(x)

B0(x)
B1(x) B2(x) B3(x)

Learnable 
coefficients

Piecewise 
polynomials
of degree k

ci

+ + +



Floating point & QAT + prune training

29

KANELÉ: Kolmogorov–Arnold Networks for E!icient LUT-based Evaluation FPGA ’26, February 22–24, 2026, Seaside, CA, USA

Table 2: Accuracy comparison of MLP Floating Point and KAN Floating Point and Quantized models on benchmark datasets.
All models have the same dimensions listed. The !oating point versions only use the layer size (𝐿𝐿 ) parameter.

Datasets 𝑀 [𝑁,𝑂] 𝑃 𝐿𝐿 𝑄𝐿 𝑅
Accuracy (%)/AUC

MLP FP KAN FP KAN Quantized & Pruned

KAN FPGA Benchmarks [41]

Moons 6 [-8, 8] 3 [2, 2, 1] [6, 5, 8] 0. 87.2 97.7 97.4
Wine 6 [-8, 8] 3 [13, 4, 3] [6, 7, 8] 0. 96.3 98.1 98.2
Dry Bean 6 [-8, 8] 3 [16, 2, 7] [6, 6, 8] 0. 90.9 92.2 92.1

LUT-based neural network benchmarks

MNIST 30 [-8,8] 3 [784, 62, 10] [1, 6, 6] 1. 96.7 97.9 96.3
JSC CERNBox 30 [-2, 2] 10 [16, 12, 5] [8, 8, 6] 0.14 73.0 75.1 75.1
JSC OpenML 40 [-2, 2] 10 [16, 8, 5] [6, 7, 6] 0.9 76.5 76.5 76.0

MLPerf Tiny Benchmark

ToyADMOS 30 [-2, 2] 10 [64, 16, 8, 16, 64] [7, 8, 8, 7, 8] 0.9 0.80 0.83 0.83

JSC OpenML. On the easier JSC OpenML dataset, most neural
networks plateau around 76% accuracy. KAN-LUT reaches this level
(76.0%) while using only 1232 LUTs—the fewest among all models
and up to 51→ fewer than the hls4ml implementation. Compared
to NeuralLUT-Assemble, KAN-LUT requires 1.44→ fewer LUTs
and achieves a slightly higher 𝑆max (987 vs. 941MHz), though its
longer latency (7.1 ns vs. 2.1 ns) results in a larger Area→Delay.
Other networks achieve marginally higher accuracy, but only at the
cost of substantially greater resource usage and latency. Overall,
KAN-LUT o!ers one of the best trade-o!s between accuracy and
e"ciency on this task.

MNIST. On the MNIST dataset, KANELÉ achieves a high ac-
curacy of 96.3%, though some specialized models like NeuraLUT-
Assemble and DWN reach close to 98%. In terms of hardware re-
sources, DWN is the most compact with 2092 LUTs. KANELÉ,
with 3809 LUTs, is still signi#cantly more e"cient than the ma-
jority of other high-accuracy models. For instance, it uses over 20
times fewer LUTs than PolyLUT (75131 LUTs) while achieving only
2% lower accuracy. Architectures like NeuraLUT-Assemble and
TreeLUT excel in latency (2.1 ns and 2.5 ns) and achieve the best
Area→Delay products. This suggests that the architectural priors
of these specialized models may be better aligned with the spatial
structure inherent in image data than the function-approximation
paradigm of KANs. Consequently, extending KANELÉ toward con-
volutional architectures appears to be a promising direction for
future work on image-based tasks.

In summary, KANELÉ consistently demonstrates an exceptional
trade-o! between predictive accuracy and hardware resource uti-
lization across di!erent benchmarks. KAN achieves an e"cient
balance of FPGA resources by leveraging both LUTs and FFs in a
complementary manner. It particularly excels in complex, resource-
intensive tasks like the JSC CERNBox benchmark, where it sets a
new state-of-the-art in terms of the Area→Delay product. Based on
the nature of these datasets, it can also be inferred that KANELÉ
is better suited for tasks involving symbolic or physical formulas
between the input and outputs (e.g., JSC variants), which naturally
aligns with the Kolmogorov-Arnold representation theorem.

5.4 Comparison with Prior KAN-FPGA
Literature

We benchmarked KANELÉ against the KAN FPGA implementation
by Tran et al. [41] on the Moons, Wine, and Dry Bean datasets.
The results, detailed in Table 4, demonstrate that KANELÉ o!ers
a dramatic improvement in hardware e"ciency and performance
while maintaining or exceeding the accuracy of the previous work.

Through its LUT-based approach, our implementation com-
pletely eliminates the need for BRAM and DSP blocks, which are
heavily utilized in the implementation by Tran et al. This leads to a
massive reduction in the overall hardware footprint. For instance,
on the Dry Bean dataset, KANELÉ uses only 402 LUTs and 471 FFs,
whereas the previous work consumes over 1.6 million LUTs and
734,000 FFs—a reduction of more than 4000x in LUTs.

KANELÉ also achieves high maximum frequencies (up to 1736
MHz) and very low latencies. On theDry Bean benchmark, for exam-
ple, our model’s latency is 7.1 ns, a speedup of over 2600x compared
to the 18,960 ns reported by Tran et al. Consequently, KANELÉ
achieves an excellent Area→Delay product across all benchmarks.

5.5 Comparison with hls4mlMLPerf Tiny
To understand the performance of KANELÉ on more complex
datasets, we compare the framework to hls4ml [10] on the ToyAD-
MOS dataset, part of the MLPerf Tiny benchmark suite. Other LUT-
based neural networks have not attempted this benchmark, possibly
due to its high complexity and/or non-classi#cation-based train-
ing scheme. The results in Table 5 indicate that KANELÉ achieves
substantially better performance than prior approaches in terms of
both resource e"ciency, latency, and power. These improvements
highlight the potential of KANELÉ for future studies involvingmore
complex datasets as well as tasks beyond classi#cation. Speci#cally,
KANELÉ eliminates the need for BRAM, LUTRAM, and DSPs, while
reducing LUT usage by 41.7% and FF usage by 71.4% relative to
hls4ml. In terms of performance, KANELÉ delivers 330→ higher
throughput, 643→ lower latency and a 9, 840→ reduction in energy
per inference. These results establish KANELÉ as a highly e"cient
alternative to existing FPGA neural implementations, with strong
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Figure 5: Balanced, pipelined adder tree for computing one
neuron activation with 𝐿𝐿𝑀𝑀 = 2.

5 Experimental Results
5.1 Benchmarks
We evaluate KAN across three domains of datasets: (i) widely
adopted benchmark datasets from the LUT-based neural network
literature, (ii) synthetic and tabular datasets previously used in KAN
FPGA benchmarking [41], and (iii) MLPerf Tiny datasets, which
provide real-world tasks with more complex modalities and objec-
tives. Together, these domains form a diverse testbed to study KAN
across di!erent tasks and levels of complexity. Below we brie"y
describe each dataset.

5.1.1 LUT-based Neural Network Benchmarks.

• MNIST: A large-scale handwritten digit recognition dataset
containing 60,000 training and 10,000 test images of size
28 → 28, labeled across 10 classes (digits 0–9) [14].

• JSC OpenML: A tabular dataset [11] from the JSC suite, con-
sisting of 16 jet substructure input features and a 5-class jet
classi#cation task. It has been widely used in comparisons
of LUT-based networks. This version contains 830,000 in-
stances and is known to exhibit easier convergence, possibly
due to improved data curation [6].

• JSC CERNBox: Another dataset [34] from the JSC bench-
mark, involving the same jet tagging task. It comprises
986,806 instances and is generally considered more challeng-
ing, as models trained on it tend to achieve lower accuracies
due to the increased dataset complexity.

5.1.2 KAN FPGA Benchmarks.

• Moons: A synthetic two-class dataset [35] commonly used
for testing nonlinear decision boundaries. Each point lies
in one of two interleaving half-moon shapes with added
Gaussian noise.

• Wine: A dataset from the University of California, Irvine
(UCI)Machine Learning Repository [2], containing 13 physic-
ochemical attributes of wine samples classi#ed into 3 quality
categories.

• Dry Bean: Another UCI dataset [1] with 16 numerical fea-
tures representing bean shape and texture, used for classify-
ing 7 di!erent bean varieties .

5.1.3 MLPerf Tiny Benchmarks.
• ToyADMOS: An audio anomaly detection dataset featuring
sound #les from both normally functioning and defective toy
cars. An autoencoder is trained on sliding windows of the
downsampled mel spectrogram (input size 64). For classi#ca-
tion, the mean reconstruction loss across all sliding window
spectrograms of an audio #le is computed, and a #xed thresh-
old is applied to label the sample as an anomaly. Notably,
this benchmark presents signi#cantly more complex inputs
compared to the LUT-NN and KAN-FPGA benchmarks while
also utilizing a non-classi#cation objective (reconstruction
loss). [8].

These datasets span a spectrum of complexity, from low-
dimensional toy datasets (Moons) to high-dimensional real-world
data (JSC, MNIST, ToyADMOS), ensuring that both the representa-
tional capacity and hardware e$ciency of KANELÉ are thoroughly
evaluated.

5.2 Training Parameters
KAN hyperparameters are straightforward to manage. The spline-
related parameters (𝑀, [𝑁,𝑂], 𝑃) only a!ect accuracy and can often
be set to robust defaults since they do not impact hardware re-
sources.

In practice, balancing model performance with hardware e$-
ciency centers on tuning three key parameters: the layer dimensions
(𝑄𝑁 ), bitwidth (𝐿𝑁 ), and pruning threshold (𝑅 ). These directly control
the model’s capacity, numerical precision, and sparsity. As demon-
strated in Table 2, this allows the quantized and pruned KANs to
achieve competitive accuracy—even outperforming "oating-point
versions on datasets like Wine (98.2%)—while being optimized for
an e$cient FPGA implementation.

5.3 Comparison with LUT-NN Architectures
We benchmarked KANELÉ against state-of-the-art LUT-based ar-
chitectures on three datasets: JSC CERNBox, JSC OpenML, and
MNIST (Table 3). It should be noted that, as detailed in Table 2, we
assume the same input bitwidth compared to prior works, which
is not the case for DWN [7] that uses a thermometer encoding to
assign distinct "oating-point thresholds to each feature, leading to
potentially large overhead.

JSC CERNBox. On the more di$cult JSC CERNBox dataset,
KANELÉ achieves the highest accuracy (75.1%), tying with Neural-
LUT while also using 18→ less LUTs and two orders of magnitude
fewer resources. Compared to the best prior model when consid-
ering resources, NeuralLUT-Assemble, we obtain slightly higher
accuracy with 1.7→ fewer LUTs, over 2.4→ higher 𝑆max, and the
lowest Area→Delay product (4.1 → 104). In contrast, alternatives
such as AmigoLUT, PolyLUT, and LogicNets consume an order of
magnitude more LUTs, su!er lower accuracy, or are limited to 𝑆max
in the 200–500MHz range. Overall, KANELÉ sits on the Pareto
frontier of accuracy versus e$ciency, establishing it as the most
e$cient solution for this task.



31

TreeLUT

da4ml
Neural
LUT-
Assem
ble

hls4mlDWN

Te
st

 A
cc

ur
ac

y 
(%

)

Area  Delay (LUT  ns)× ×


