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Abstract—Recent interest in hyper-dimensional computing 
(HDC) has brought forth a wide variety of algorithms and 
applications well-suited for low-power edge AI.  We present the 
Hyper-Dimensional Processing Unit (HPU), a digital processor 
optimized for energy-efficient acceleration of all-known binary 
HDC algorithms, achieving 168 pJ/op. The HPU features a novel 
architecture with a programmable datapath and integrated 
pseudo-random vector generators, enabling versatile computation 
over vectors of varying dimensions. This architectural flexibility 
supports a broad class of binary HDC algorithms without 
sacrificing energy efficiency. Fabricated and benchmarked in 
28nm CMOS, the HPU demonstrates competitive performance 
across three representative applications (language recognition 
(82.3 nJ/query), gesture recognition (10.4 nJ/query), and hyper-
dimensional factorization (14.7 µJ/query)) that equal or surpass 
prior application-specific work. 

I. INTRODUCTION 
Hyper-dimensional computing (HDC) [1] is a machine 

learning framework that has made inroads in low-power edge-
AI applications. With simple bitwise vector operations and a 
small memory footprint, HDC has demonstrated improved 
energy efficiency for biosensing classification tasks when 
compared to conventional machine learning methods such as 
support vector machines and deep neural networks [2,3]. 
Recently, more complex HDC algorithms have emerged such as 
the factorization of visual representations [4] and robotics 
control [5]. Previous hardware [6-9] for HDC achieves 
impressive energy efficiency for specific tasks but face several 
issues with the growing application space (Fig. 1). First, these 
processors are designed with custom datapaths for a single 
algorithm (i.e. classification or factorization) and therefore 
cannot support others. Second, prior designs operate on hyper-
dimensional (HD) vectors of a fixed dimension. However, HD 
vector dimensionality presents a trade-off between application 
performance and energy efficiency, and the optimal dimension 
depends on the specific application and use-case. 

We present the Hyper-Dimensional Processing Unit (HPU) 
as a digital energy-efficient processor for HDC with two key 
innovative features: 1) A flexible instruction set architecture that 
enables arbitrary sequences of vector operations to be 
programmed using any stored or computed vector. 2) On-chip 
pseudo-random vector generators and datapaths with scalable 
dimensionality that allow for computation over vectors of 

multiple dimensions. With these features, the HPU can 
accelerate and adapt to all known binary HDC algorithms while 
maintaining competitive energy efficiency. We fabricated and 
characterized two versions of the HPU architecture: HPUv1, a 
baseline proof of concept of the proposed design, and HPUv2, 
an implementation optimized for power and performance. 

II. THE PROPOSED PROCESSOR  
The HPU architecture (Fig. 2) contains a single HD encoder 

interconnected with multiple associative memory (AM) tiles.  

 
Fig. 1. Limitations of previous hardware for hyper-dimensional computing 
(HDC). 

 
Fig. 2. Architecture diagram of proposed Hyper-Dimensional Processing Unit 
(HPU). 



A. HPU Programmability 
The HD encoder performs all vector-to-vector HDC 

operations, namely elementwise multiply (XOR), accumulate, 
and permute, using an array of one-bit datapaths. Vector-to-
integer operations, such as vector similarity and associative 
search, are handled by the AM tiles. While vector encoding is 
inherently sequential, similarity computations can be 
parallelized across multiple AM tiles. To meet the high memory-
bandwidth requirements, each tile includes a local SRAM-based 
binary vector memory unit (VMU) which stores both random 
item vectors and encoded vectors from the HD encoder. The 
distributed VMU architecture enables high-bandwidth, parallel 
vector reads for similarity computations, while also supporting 
serialized vector access for the HD encoder’s read and write 
operations. 

A novel addition that further enhances the HPU’s 
programmability is the scaled accumulate feature. In addition to 
using stored vector similarities for associative search, they can 
also scale a vector in the HD encoder prior to accumulation as a 
weighted sum. This enables the HPU to perform matrix-vector 
multiplications required by more complex algorithms, such as 

factorization. Combined with the ability to store and reuse 
encoded vectors, the HPU can be programmed to execute any 
ordering of all known binary HDC operations. 

B. Vector Dimensionality Scaling 
The main innovation of the HPU is its dimensionality scaling 

capability. While the vector memory and datapaths operate on a 
fixed dimension d, the HPU can scale the effective vector 
dimension to any integer multiple of d. Because all HD vector 
operations are elementwise, they can be time-multiplexed across 
smaller d-dimensional sub-vectors, or folds (Fig. 3a). This 
allows the HPU to process vectors with dimensions equal to any 
multiple of the native datapath width. The VMUs contain 
pseudo-random generators that only store a random seed of 
length d for each item vector. When the vector dimension is 
scaled, the seed generates pseudo-random bit sequences using 
cellular automata rule 90 (CA90), which is applied recursively 
to populate the folds of the extended vectors (Fig. 3b). 

For HPUv1, the VMU includes a unified SRAM that stores 
both item and encoded vectors as well as a serial CA90 module. 
When using many vector folds however, the CA90 update 
bottlenecks the execution time of HD algorithms. Therefore, 
HPUv2 implements a novel CA90 cache which reduces VMU 
latency to one cycle (Fig. 4). The DPSRAM cache stores the last 
CA90 update and an additional parity bit which is used to 
automatically perform an update and write-back when needed. 
For the same benchmark, HPUv2 exhibits a 1.9x-36x program 
instruction reduction vs HPUv1 for 1-16 vector folds 
respectively (Fig. 5), which corresponds to vastly improved 
benchmark latency and energy. 

The architecture parameters for HPUv2 were selected for 
energy efficiency based on benchmark simulations. Compared 
to the 4 AM tiles and 512 native datapath dimension of HPUv1, 
HPUv2 achieves optimal power and performance with 2 AM 
tiles and a datapath dimension of 1024. 

III. MEASUREMENTS AND COMPARISONS 
HPUv1 and HPUv2 were fabricated in TSMC28nm CMOS 

with die area of 2.7mm2 and 4.5mm2 respectively, each with 
262KB of SRAMs for vector memory. Die micrographs and 
chip summaries are shown in Fig. 9. Both share a similar 
floorplan featuring a central HD encoder with the AM tiles 
placed above and below. 

 
Fig. 3. HPU dimensionality scaling mechanism via (a) vector folding and (b) 
cellular automata 90 (CA90). 
 

 
Fig. 4. Vector memory unit (VMU) with CA90 cache and resulting instruction 
efficiency improvement. 
 

 
Fig. 5. Impact of instruction efficiency optimization from HPUv1 to HPUv2 on 
program length (i.e. number of instructions) for varying dimensionality scaling. 

 



HPUv2 achieves 168pJ/op at 0.45V-0.49V and 12.6MHz, a 
4.5x improvement vs. HPUv1 (Tab. 1). The energy per operation 
is computed as an average over three common multi-cycle HPU 
kernel operations: multiply-permute, multiply-accumulate, and 
associative search. When compared vs. running the same kernel 
operations on an optimized GPU implementation using Torchhd 
[10] on a NVIDIA GTX1080, HPUv2 achieves six orders of 
magnitude better energy per operation. 

Fig. 6 illustrates how the HPU can leverage the inherent 
robustness of HDC to operate at reduced core voltages while 
maintaining acceptable benchmark accuracy. For the EMG 
gesture recognition application, a voltage-frequency shmoo plot 
shows accuracy across test clock frequencies from 6.3 MHz to 
67.2 MHz and core VDD from 0.44 V to 0.62 V. At 25 MHz, 
despite timing-induced bit errors at lower voltages, accuracy 
remains nearly unaffected down to 0.52 V, demonstrating the 
resilience of HDC to small amounts of injected error. 

To characterize energy efficiency, we identify energy-
optimal operating points, defined as the lowest VDD at which 
benchmark accuracy remains above 99% of the baseline, for 
each test frequency. At these points, we measure latency, power, 
and energy per query across three benchmarks (Fig. 7). Two of 
the benchmarks, EMG gesture recognition [11] and European 
language recognition [12], are classification algorithms while 
the third is a HD factorization algorithm [4]. Across all 

benchmarks, HPUv2 achieves minimum energy at 0.49 V and 
12.6 MHz, with 10.4nJ/query for the EMG benchmark, 
82.3nJ/query for the language benchmark, and between 80nJ-
14uJ/query for the factorization benchmark depending on the 
search space (Fig. 8). 

 Tab. 2 compares HPUv2 against prior state-of-the-art HDC 
processors [6–9]. HPUv2 is the first processor to support and 
accelerate all known binary HD algorithms in hardware, as 
demonstrated by its ability to run both HD classification and 
factorization tasks. It is also the only processor capable of 
dynamically adjusting the vector dimension based on 
algorithmic complexity, using 1024 dimensions for the EMG 
benchmark, and scaling up to 16,384 for the factorization 
benchmark. 

Compared to previous work, HPUv2 achieves best-in-class 
energy per query for language recognition and EMG gesture 
recognition with 4x and 2.5x less energy than the next best 
performer respectively. For the factorization benchmark, 
HPUv2 achieves 2.3x less energy than [9], although this 
comparison is not entirely equivalent due to [9] using a 16x 
larger search space. However, practical use cases of HD 
factorization, including those in [9], typically employ much 
smaller search spaces (e.g., 1200), which can be factorized on 
HPUv2 with 80.8 nJ/query.  

 
TABLE I. Comparison of HDC kernel power, latency, and energy measured 

on GPU (NVIDIA GTX 1080), HPUv1, and HPUv2 

 
 

 
Fig. 6. Accuracy shmoo for the EMG gesture recognition benchmark on HPUv2 
and corresponding low-VDD robustness of HDC. 
 

 
 
 

 
Fig. 7. Measured benchmark latency, power, and corresponding energy across 
energy-efficient operating points on HPUv2. 

 

 
Fig. 8. Measured energy per query for EMG gesture recognition (EMG), 
European language recognition (LANG), and HD factorization (FACT) on 
HPUv2. FACT_AxB refers to A factors with B items per factor. 
 



 

IV. CONCLUSION 
In this paper, we presented the HPU, a fully programmable 

and energy-efficient digital processor for binary hyper-
dimensional computing. Through architectural innovations 
including dimensionality scaling, on-chip pseudo-random 
vector generation, and scaled vector accumulation, HPUv2 
supports a wide range of HDC algorithms, including both 
classification and factorization. Silicon measurements on 28nm 
CMOS demonstrate state-of-the-art energy efficiency across 
multiple benchmarks compared to previous application-specific 
hardware, which highlights HPUv2 as a general-purpose HDC 
processor for low-power edge AI applications.  
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TABLE II. Comparison with state-of-the-art processors for HDC 

 
 

 

 
Fig. 9. Chip micrographs and summary. 


