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Hyperdimensional Computing (HDC) Proposed Clo-HDnn

Key Hardware Blocks Measurement Results

• Continual learning (CL) is essential for dynamic edge 
environments 

• Edge device requires low-power, compact AI 
accelerators

• A brain-inspired, memory-efficient framework
• Using hyperdimensional vectors (HVs) to support 

robust and incremental learning
• Fast inference & light computation for training

- Limited
resources 
& storage in 
edge device
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Challenges for edge device & continual learning
• Costly gradient-based training & E2E computation
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Chip Summary Table
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50MHz – 250MHzFrequency
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BF16 (CNN)
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Precision

8-1024Feature Dimension (F)
1024-8192HDC Dimension (D)
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CNN (WCFE): 1.44-4.66 TFLOPS/W

HDC: 1.29-3.78 TOPS/WPeak Energy Efficiency
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40nm40nm28nm28nm40nm40nmTechnology
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All the energy efficiency (EE) is scaled to 40nm technology, * Scaled INT8 (TOPS/W) to BF16 (TFLOPS/W) 
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Chip summary and comparison table with SOTA

Measurement setup

(a) WCFE (b) HDC
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Challenges of hyperdimensional computing

Hyperdimensional Computing (HDC) for e7icient CL
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(a) ISOLET in WCFE bypassing mode (b) UCIHAR in WCFE bypassing mode

(c) CIFAR-100 in normal mode
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(d) CL validation settings

• Supporting reconfigurable hardware for dual mode
• Bypassing expensive weight clustering feature 

extractor (WCFE) for easy dataset to save power

• Search partial Query HV (QHV) and check distance
• Skipping unnecessary full HV searching
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3) Weight Clustering Feature Extractor (WCFE)

1) HD module supports progressive search, allowing partial 
Class HV (CHV) storage in a small cache

2) Kronecker HD encoder uses partial matrix for efficient
progressive search achieving 43× speedup and 1376×
memory savings over SOTA

3) WCFE merges inputs sharing the same averaged weights, 
multiplying the weights once, reducing parameters by 
1.9× and computation by 2.1× compared to SOTA.
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Measurement Results

• 1.73-7.77× and 4.85× higher energy efficiency for 
the CNN (WCFE) and classifier (HDC) vs. SOTA
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• Non-supporting   
continual learning due to 
catastrophic forgetting
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Abstract

Slide 2

Clo-HDnn is an on-device learning (ODL) accelerator designed for
emerging continual learning (CL) tasks. Clo-HDnn integrates
hyperdimensional computing (HDC) along with low-cost Kronecker HD
Encoder and weight clustering feature extraction (WCFE) to optimize
accuracy and efficiency. Clo-HDnn adopts gradient-free CL to efficiently
update and store the learned knowledge in the form of class hypervectors.
Its dual-mode operation enables bypassing costly feature ex- traction for
simpler datasets, while progressive search reduces complexity by up to
61% by encoding and comparing only partial query hypervectors.
Achieving 4.66 TFLOPS/W (FE) and 3.78 TOPS/W (classifier), Clo-HDnn
delivers 7.77× and 4.85× higher energy efficiency compared to SOTA
ODL accelerators.



On Device Learning (ODL)
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New data

User

New training data

Updated Model

Learning on 
Data Center

On Device Learning

Conventional Learning
• AI models need to be continually trained based on new data
• Security problem, expensive data transmission, and long latency

On Device Learning
• No data transmission, high privacy, and low latency
→ High adaptability to dynamically changing environment with a low cost 



☺

Edge device

Data center



Continual Learning (CL)
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Continual learning in artificial intelligence
• Ability to learn and adapt continually to the changing environment
• Model can learn and accumulate knowledge for the entire duration of its “life”

1st Class 2nd Class 3rd ClassNew Task (Data)
Stream

0100110

Continual Learning
ML Model

Up-To-Date
Data Application

… … … … … … … … …

Updating 
weights

Updating 
weights

Updating 
weights

Overall flow of CL



Challenges of ODL Accelerator & CL
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…

…

…

…

…

…

Challenge 2) 
Expensive feature extractor 
& redundant end-to-end computation

Easy samples

Difficult samples

Feature
Extractor

Still need feature extractor 

Expensive  (>80% of total energy)

H
D

En
co

de
r

Si
m

ila
rit

y 
C

he
ckClassifier

Challenge 3) 
Non-supporting continual learning
w/ conventional ODL [VLSI’23, JSSC’23]

Class ②

Class ①

Time
Pe

rf
or

m
an

ce



Catastrophic 
forgetting 

previous data

Adapting to 
current data

Challenge 1) 
Expensive gradient-based training Back-prop. 

(Training)

… … …

h1

h2
w1

w2 n1 o1
t1

Cost ↑

𝝏𝑬𝒕𝒐𝒕𝒂𝒍
𝝏𝒘𝟏 =

𝝏𝑬𝒕𝒐𝒕𝒂𝒍
𝝏𝒐𝟏 ∗

𝝏𝒐𝟏
𝝏𝒏𝟏 ∗

𝝏𝒏𝟏
𝝏𝒘𝟏



Hyperdimensional (HD) Computing
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“Dense sensory input is mapped to high-dimensional (HD) sparse representation on which brain operate” 
[Babadi and Sompolinsky 2014]

High-dimensional Sparse Representation (190M-D)

Dense Input (1M-D)

Babadi B, Sompolinsky H. Sparseness and expansion in sensory representations. Neuron. 2014 Sep 3;83(5):1213-26

+1 -1 -1 +1 +1 -1 +1 ... +1

+1 +1 -1 -1 +1 +1 -1 ... -1

D (Dimension)

Very lengthy vector



HD Computing Example
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• Lightweight: Less computation & Low energy consumptions ☺
• Robustness: Resilient against noise ☺
• Memory Preservation: Not affecting previous CHVs ☺
• Highly Parallelizable: Simplified HW design ☺

Input features
HD

Encoder

HD
Encoder

-1 +1 +1 -1 -1 +1 … -1 +1

+1  -1 -1 +1 -1 +1 …+1 -1

Dog class Hypervector (CHV)
(D > 1K)

Cat class Hypervector (CHV)

HD
Encoder +1 +1 -1 +1 -1 +1 …+1 -1

Query Hypervector (QHV)
Inference

Class HV Training

Correct! ☺

Wrong.. 

Similarity
Check!

If) Cat
Cat CHV

-
QHV

Retraining

(Class HV in associative mem. (AM)) If) Dog
Dog CHV

+
QHV

Class: Dog

Class: Cat



Challenges of HD Computing Accelerator
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Challenge 2) 
Inefficient full HD encoding & 
distance search

Challenge 1) 
Computation overhead 
by HD encoder 

Challenge 3) 
Huge area & power of associative 
memory (AM) to store CHVs

Hyperdimension (HD)

D
im

en
si

on
 F

……

Dimension F

HD Encoder

…

Projection
MatrixInput 

features

…



…

…

…

…

Dog
Cat

Pig

…

CHVs
(N class)

QHV …
Need to search

all elements
C = N x D

Hyperdimension (HD) D > 1000
???

 Cost ↑

Encoding
[DAC’21]

HD search

50-200X

…

…

…

…

Dog
Cat

PigC
la

ss
 H

V
(A

ss
oc

ia
tiv

e 
M

em
or

y)

Hyperdimension (HD) D

C
ac

he
 c

ap
ac

ity

FSL-HDnn
(ESSERC’24)

Clo-HDnn
(Our Work)

☺

2.3X ↓

Co
m

pl
ex

ity





Related Works

Slide 9

Clo-HDnn
(Our Work)

FSL-HDnn
[ESSERC’24]

SP-PIM
[VLSI’23]

S. K. 
Venkataramanaiah .,

[JSSC’23]

CHIMERA
[JSSC’22]

Learning Engine CNN-HDC CNN-HDC LET Sparse BP CNN-Back 
Prop.

Workload CNN+CL CNN+FSL CNN CNN CNN

CL ✓ △

CNN ✓ ✓ ✓ ✓ ✓

HD ✓ ✓

HD Encoder Type Kronecker cRP-based - - -

On-Chip Mem (kB) SRAM: 200 ☺ SRAM: 424 SRAM: 329 SRAM: 1280 RRAM: 204
SRAM: 512

Bit precision BF16/INT1-8 BF16/INT16 BF16 FP8/16 INT8



Contributions of Clo-HDnn
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Kronecker 
HD

Encoder

HD 
Computing

(HDC)

…

…

QHV

CHV

④ Gradient-free HD training
& Unforgetting CL by HD computing

③ Fast Op. &
Low Mem.

+⍺) Custom ISA for efficient programming

② Bypassing WCFE
for easy samples

(Dual mode processing)

① Efficient FE
…

…

…

…

…

…

Difficult 
samples

Weight Clustering
Feature Extractor

(WCFE)

H
D

En
co

de
r

Si
m

ila
rit

y 
C

he
ck

Easy 
samples

HDC 
Classifier

bypass!

⑤ Progressive search w/ partial HV
& Store partial CHV in small cache

Search partial HV

CLK Domain Crossing (CDC) FIFOs

IO CLK

Sync IFIFOSync OFIFOCLK Gen.

JTAG
Sync OFIFOSync IFIFO Global FIFO Module

Weight Clustering Feature Extractor (WCFE)

Act. 
Mem

Index Mem.

…
Output Feature Buffer

Weight Mem.

4 x 16 Processing Element (PE) Array

37b

34b

68b68b

HD Module

Kronecker HD Encoder

Input Buffer HD Search

HD Train

CHV Cache Memory

SIPO (Serial IN Parallel OUT)

0
1

0
1

0 1

10 2

0 1 2 3

64b

64b

68b 68b

32b 32b

Clo-HDnn Data Flow Clo-HDnn Architecture

Decision!



Weight Clustering Feature Extractor

11

Step 1: Replace with average(centroid) weights by weight clustering
Step 2: Generate weight index codebook
Step 3: Merge inputs which sharing the same weights
Step 4: Multiply accumulated input with average(centroid) weights

☺ Reduce MAC Complexity! 

MAC: 
Multiplication 

+ Accumulation 



Dual Mode Processing
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…

…

…

…

…

…

Difficult
samples

Weight Clustering
Feature Extractor

(WCFE)

Extracting 
features

H
D

En
co

de
r

Si
m

ila
rit

y 
C

he
ck

Classification 
with HDC

(1) Normal Mode

Easy 
samples

Classification 
with HDC

(2) Bypassing Mode

Bypass 
WCFE 

Dataset with complex 2D or 3D image data with 
background noise, and viewpoint variation 
(e.g., CIFAR-100)

Simple 1D signals or clean time-series data
collected in controlled environments
(e.g, ISOLET, UCIHAR, MNIST)

HD
Classifier

H
D

En
co

de
r

Si
m

ila
rit

y 
C

he
ck

HD
Classifier



Progressive HD Distance Search
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…

HD Search
(② Compute Partial 

Distance)
Di

st
an

ce

Cls-1 Cls-2

Dist. margin

…

Class HV (binary)

Cls-3

If dist. Margin> Th
(③ Confidence 

Check)

64b Partial CHV

64b Partial QHV

Partial 
distance

Terminate

+ - +

1  -1 1 -1 1  -1 1  1 Margin check

Co
m

pl
ex

ity

Full Th =64

31%

ISOLET with D=2048

Th=32

61%

Co
m

pl
ex

ity

Full Th =64

26%

UCIHAR with D=2048

Th =32

57%

…+ - + + +
Conv. QHV

D > 1000

(Progressive search) 

Kronecker 
HD Encoder

(① Encode Input)

In
pu

t F
ea

tu
re

s

Both case accuracy drop was 
~1% (~2.5%) when Th=64 (Th =32)



Kronecker HD Encoder
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Block Kronecker HD Encoder

Input 
features

…

Dimension 
F= f1 * f2

f2

f1

× f1

d1

…

…

…

f2

d1

Reshape

f2

d1 f2

d2

Reshape

d2

…

…

…

d1
…

Hypervector

D = d1 * d2

…

…

…

… …

… ……8-bank Weight Buffer 

Kronecker HD Encoder

32

RF 1
256b

PISO

8-to-1 Adder 
Tree

Input 
features

Weight Mat. 1

Weight Mat. 2

×

… RF 8RF 2

Reduced complexity & memory
Low latency & power computation cost

…

Sp
ee

du
p

M
em

or
y

cRP & ID 
[ESSERC’24] [ICRC’17]

Ours RP
[DAC’21]

Ours

6-43X 181-1376X

ID
[ICRC’17]

51-205X

… ……

① ②

②

Partial HV

①
①

① ①

②
②

②

1st Partial 
HV 2nd Partial 

HV

Conv. RP complexity = 𝒇𝟏 ∗ 𝒇𝟐 ∗ 𝒅𝟏 ∗ 𝒅𝟐

Kronecker HD complexity = 𝒇𝟐 ∗ 𝒅𝟏 ∗ (𝒇𝟏 + 𝒅𝟐)

>
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End-to-end data flow of HD Computing
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R1 R2X
Kronecker 

HD Encoder
(① Encoding input)

Input Features

…

Dimension F
25

6 
x 

64
b
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r

④ Inference

…+7 -3 +2 -5 -2 -3 -8 +60
1

If correct) Add. (+)
If  wrong) Sub. ( -)

(+)

QHV

…+8 -2 +1 -4 -2 -3 -8 +6

HD Retraining
…+ + + + + +

Dimension D = 1024
⑥
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C
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 C
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he
M
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…
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H
D 
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Adder
…

…Distance
Table (DT) DogCatPig …

3211070

Saving in DT

③
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Customized Instruction Set Architecture (ISA)
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opcode src burst size addressdst
Memory Instruction Format

opcode operand
Arithmetic Instruction Format

Memory Instructions
Name Description

STORE_BUF Data IO for on-chip bufferREAD_BUF

Arithmetic Instructions
Name Description

HD_ENC_PRELOAD HDC init. and 
encodingHD_ENC_SEG

HD_TRAIN HDC training and 
inferenceHD_INFER

FE_LOAD WCFE config, data 
loading and 
inference

FE_CONFIG
FE_INFER

4b 16b

4b 2b 12b2b
Fast & easy deployment
Flexible programming

LLVM Compilation

Clo-HDnn Chip

Intrinsics 
in C/C++

WCFE_inference(model, img, feat);
HDC_encode(pfeat, hv);
HDC_inference(hv, dist);
…

Weight 
Clustering

Clo-HDnn Interface/Software Flow

Pretrained 
CNN

Binary file

void RdBufInst();
void StBufInst();
void HDTrainInst();
void FEInferInst();
…WCFE 

Model

Application Code in 
C/C++



Experimental Setup
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• Software Simulation
• Nvidia GTX1080Ti with 11GB VRAM

• Continual Learning & HDC Parameters
• # of learning session: 10
• Sampling strategy: Class-incremental + Random within class
• HDC Dimension: 2048

• Software Baseline
• FP Baseline: [X. Yu et al., IPSN’24] 

→ Continual Learning with HDC
• Dataset

• ISOLET w/ 26 classes for spoken letter recognition
• UCIHAR w/ 6 classes for human activity recognition
• CIFAR100 w/ 20 classes for image classification

• Silicon Testbench
• Xilinx ZC702 FPGA for data transmission
• Vivado 2018.3 & Vitis

<Clo-HDnn prototype in TSMC N40>



Accuracy Results
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• Bypassing mode
• ISOLET& UCIHAR: Negligible accuracy 

degradation vs. FP Baseline
[IPSN’24]

• Normal mode
• CIFAR-100: Negligible accuracy 

degradation vs. FP Baseline
[IPSN’24]



Measured Performance
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• WCFE (Feature Extractor)
• ~4.66 TFLOPS/W which is 1.73-7.77x higher energy efficiency vs. SOTA [JSSC’23, VLSI’23]

• HDC (Classifier)
• ~3.78 TOPS/W which is 4.85x higher energy efficiency vs. SOTA [ESSERC’24]

@50-250 MHz across 0.7-1.2V



Latency & Energy Breakdown
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• 94.2% of total energy consumption & 87.7% of the latency can be reduced by WCFE bypassing 
mode

Latency breakdown @1.1V, 200MHz

94.2%

5.8%

WCFE HDC

87.70%

12.30%

WCFE HDC

(11.1mJ)

(0.7mJ)

(1.17ms)

(0.16ms)

Can be reduced by 
bypassing mode

Energy breakdown @1.1V, 200MHz



Comparison Table
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• Clo-HDnn achieves 4.66 TFLOPS/W for feature extractor by using efficient weight clustering 
feature extractor, showing 7.77x higher energy efficiency compared to SOTA [VLSI’23]

• Clo-HDnn achieves 3.78 TOPS/W for classification by optimizing HDC module, showing 4.85x 
higher energy efficiency compared to SOTA [ESSERC’24]



Conclusion
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• Clo-HDnn is a 40nm CMOS accelerator designed for Continual Learning for 
HDC tasks and is the first chip to support end-to-end process

• It leverages energy-efficient CNN-based feature extractor (WCFE) and HDC 
for classification with efficient progressive search

• The accelerator shows 4.66 TFLOPS/W (7.77x energy efficiency vs. SOTA) 
for feature extractor, and 3.78 TOPS/W (4.85x energy efficiency vs. SOTA) 
for classifier

• It leverages Kronecker HD encoder which supports lighter computation and 
less memory consumption compared to conventional HD encoder
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