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Tensor Networks (TNs) are a computational framework traditionally used to model quantum
many-body systems. Recent research has demonstrated that TNs can also be effectively applied to
Machine Learning (ML) tasks, producing results comparable to conventional supervised learning
methods. In this work, we investigate the use of Tree Tensor Networks (TTNs) for high-frequency
real-time applications by harnessing the low-latency capabilities of Field-Programmable Gate Ar-
rays (FPGAs). We present the implementation of TTN classifiers on FPGA hardware, optimized
for performing inference on classical ML benchmarking datasets. Various degrees of paralleliza-
tion are explored to evaluate the trade-offs between resource utilization and algorithm latency. By
deploying these TTNs on a hardware accelerator and utilizing an FPGA integrated into a server,
we fully offload the TTN inference process, demonstrating the system’s viability for real-time ML
applications.

42nd International Conference on High Energy Physics (ICHEP2024)
18-24 July 2024
Prague, Czech Republic

∗Speaker

© Copyright owned by the author(s) under the terms of the Creative Commons
Attribution-NonCommercial-NoDerivatives 4.0 International License (CC BY-NC-ND 4.0). https://pos.sissa.it/

mailto:lorenzo.borella.1@phd.unipd.it
https://pos.sissa.it/


P
o
S
(
I
C
H
E
P
2
0
2
4
)
1
0
0
4

Tree Tensor Network implemented on FPGA as ultra-low latency binary classifiers. Lorenzo Borella

1. Introduction

Figure 1: Generic representation of Tree Tensor Network architecture (green tensors), with 16 input features
(blue tensors) and variable set of hyperparameters [𝐷, 𝑋1, 𝑋2, 𝑋𝐿−1, 𝑂]

Tensor Network (TN) methods are widely used to represent and simulate many-body quantum
systems on classical computers. These methods involve factorizing high-order tensors into networks
of smaller tensors, thus overcoming the curse of dimensionality [1]. Tree Tensor Networks (TTNs),
a specific application of this approach, were originally designed to represent weakly entangled
states but have also been successfully applied to standard Machine Learning (ML) tasks [2, 8, 9]. In
this context, the features of a classical ML dataset can be mapped into a higher-dimensional space,
where each sample is represented as a separable quantum state. Through supervised learning, the
entire dataset can then be encoded into a TTN architecture.

TTNs offer several advantages that make them highly effective. One key benefit is the ability
to optimize bond dimensions during training, reducing the overall number of parameters through
Singular Value Decomposition (SVD) without losing critical information. This results in flexible,
compressible architectures that require fewer parameters while maintaining accuracy. Additionally,
TTNs, being quantum-inspired, allow the measurement of quantum correlations between dataset
features after training. This makes it possible to remove redundancies, potentially further compress-
ing the network and helping to identify which features are essential and which can be discarded.
Another powerful feature is the ability to measure the Von Neumann entropy across different bi-
partitions of the network, offering insights into where the information is concentrated and which
features are most relevant for the ML task [7]. Combining quantum correlations with entropy
analysis enables ranking of the most important features while minimizing the network size, making
TTNs highly efficient for machine learning tasks [3].

These characteristics make TTNs strong candidates for applications where resource efficiency
is critical. Their inherently linear operations make them well-suited for hardware implementation
on Field Programmable Gate Arrays (FPGAs), which are highly optimized for fast parallel com-
putations. By combining quantum-inspired networks with programmable logic, it is possible to
develop systems capable of making predictions on input data in low-latency environments. This
is particularly valuable in the Trigger pipeline of high-energy physics (HEP) experiments, where
rapid decisions must be made to retain or discard potentially important physics data.
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This work focuses on binary classification using TTNs, exploring different architectures and
hyperparameters. The networks are first trained in software, and once the desired accuracy is
achieved, the inference is deployed on hardware. This demonstrates the feasibility of deploying
TTN-based predictors on FPGAs in ultra-low-latency environments.

2. Implementation

Figure 2: Full TTN contraction obtained by repeating the single node contraction for all the tree layers.

To perform inference with Tree Tensor Networks (TTNs) on hardware, the primary operation
that needs to be implemented is the single-node contraction. This operation is mathematically
described by the following equation:

𝑧𝑖 =
∑︁
𝑗

∑︁
𝑘

𝑥 𝑗 𝑦𝑘𝑉𝑖 𝑗𝑘 (1)

In this operation, 𝑥 and 𝑦 are input vectors, and 𝑉 is a rank-three tensor within the TTN. The
result, 𝑧𝑖 , is also a vector, and the full contraction of the TTN is accomplished by applying this
process iteratively across all layers of the network (Fig.2). For binary classification tasks, the final
output of the inference is typically a 2-dimensional vector representing the probabilities that the
input belongs to each class.

To perform these arithmetic operations on an FPGA, we utilize Digital Signal Processors
(DSPs), which are designed to handle basic arithmetic operations, including multiplications, as
well as more complex computations [6]. In order to balance between resource usage and latency,
two distinct firmware implementations are developed to handle the full contraction with different
levels of parallelization. These approaches are referred to as the Full Parallel (FP) and Partial
Parallel (PP) implementations.

The Full Parallel (FP) implementation is optimized to minimize the latency of the inference
algorithm by fully utilizing the available resources. In this approach, DSPs are deployed to handle
as many parallel operations as possible, reducing the time required to complete the contraction. As
a result, this method maximizes resource consumption but minimizes the overall inference time.
The DSP usage and latency for any TTN architecture using the FP approach can be predicted using
the following equations:

𝐷𝑆𝑃𝐹𝑃 =

𝐿∑︁
𝑙=1

𝜒2
𝑙−1(𝜒𝑙 + 1) 𝑁

2𝑙

𝐿𝐴𝑇𝐹𝑃 = Δ𝑡𝐷𝑆𝑃

𝐿∑︁
𝑙=1

2 + log2(𝜒2
𝑙−1)
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In contrast, the Partial Parallel (PP) implementation reduces the number of DSPs used for the
multiplications within each node, resulting in a more resource-efficient design but with an inherent
increase in latency. This approach carefully distributes the workload across fewer DSPs, meaning
that the inference process takes more clock cycles to complete. The resource consumption and
number of clock cycles required for the PP implementation can be computed with the following
formulae:

𝐷𝑆𝑃𝑃𝑃 =

𝐿∑︁
𝑙=1

(𝜒2
𝑙−1 + 1) 𝑁

2𝑙

𝐿𝐴𝑇𝑃𝑃 = Δ𝑡𝐷𝑆𝑃

𝐿∑︁
𝑙=1

𝜒2
𝑙−1 + 𝜒𝑙 + 1 if 𝜒𝑙−1 ≤ 𝜒𝑙

By defining both the FP and PP implementations (as shown in Fig.3(left)), these equations
allow us to predict the number of DSPs and clock cycles required for any combination of TTN
hyperparameters [D,𝑋1,𝑋2,𝑋𝐿−1,O]. In the projection plots, red lines indicate the hardware limits
for the number of DSPs available on the XCKU1500 FPGA, as well as the 1 microsecond threshold
latency when running the firmware at a 500 MHz clock speed. By adjusting the level of paral-
lelization, these implementations offer a flexible solution to optimize both latency and resource
consumption, making it possible to tailor the TTN inference process to the constraints of a specific
hardware platform. This allows for efficient real-time processing, particularly in environments such
as high-energy physics experiments, where rapid decision-making is critical.

3. Results

Figure 3: (left) Resources vs latency space filled with 375 hyperparameter combinations, represented both
with FP and PP implementations. (right) Software and hardware output values comparison.

The functionality of the hardware inference is tested using a Kintex Ultrascale board connected
to a server, which handles communication with the FPGA and manages the input/output data
exchange. For the development of the TTN inference algorithm on FPGA, the network topology is
predefined, and the board is programmed with firmware that includes the fixed hyperparameters of
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the network architecture. The trained tensor values are stored in block RAM (BRAM), equipping
the logic with a series of registers that the host PC can access via the AXI Lite protocol [4].
These registers are mapped to the individual weights of the TTN. The inference process is executed
by sending a stream of input data to the FPGA and retrieving the corresponding output values
generated by the TTN, using the AXI Stream protocol to facilitate communication between the host
and FPGA [5].

The entire inference process on the FPGA is validated by comparing the hardware-generated
output values with those obtained from the software implementation, using the same subset of
classification data. As shown in Fig.3(right), quantization of the software values introduces an error
of 6.103 · 10−5 in the hardware representation of the input samples and tree tensor weights. Despite
this, the hardware classification values closely match the software results, with a standard deviation
of 5.792 · 10−3, ensuring accurate classification with identical labels to the software.

In conclusion, this work demonstrates the viability of leveraging quantum-inspired networks to
solve binary classification tasks, with successful implementation and validation on FPGA hardware.
The study confirms the possible deployment of these networks in the Trigger pipelines of high-
energy physics (HEP) experiments, especially given their ultra-low latency performance, with
sub-microsecond response times. This opens up promising possibilities for resource-efficient,
high-speed classification in real-time systems.
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