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HELP!!!

• Up-to-date information

• Knowledge of your data

• More challenging reasoning
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Large Language 
ModelsDatabases

Retrieval Augmented Generation (RAG)
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Representation of question 
(embeddings)

Relevant information for 
enhanced context

Vector search

Question
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Representation of question 
(embeddings)

Relevant information for 
enhanced context

TransformersHyper-Dimensional 
Computing

Vector search

Question

Ultra-efficient HW for
next generation AI



Why Transformers? 
• Versatility
• Natural language processing, computer 

vision, robotics, biology, …

• Homogenization of models
• Transformers as foundation models!

• Transfer learning
• Train on a large-scale dataset and fine-

tune on specific tasks with smaller 
datasets.
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Attention is all you need!
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Multi-Head 
Attention

Feed
Forward

Add & Norm

Add & Norm

But Why?

The animal didn't cross the street 
because it was too tired
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MatMul

MatMul

Attention but how?
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Challenges in Attention

MatMul

• Attention matrix is a square matrix of 
order input length.
Ø Computational complexity
Ø Memory requirements
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Challenges in Attention

• Every attention layer applies 
Softmax to attention matrix!

• Attention matrix is a square matrix of 
order input length.
Ø Computational complexity
Ø Memory requirements
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Challenges in Attention

• Every attention layer applies 
Softmax to attention matrix!
• 3 passes over a row.
• Quantization is problematic.

• Attention matrix is a square matrix of 
order input length.
Ø Computational complexity
Ø Memory requirements

Softmax

Attention

Softmax 𝐱 ! =
e"!#$%"(𝐱)

∑)* e
""#$%"(𝐱)



• Attention accelerator for transformers!

• INT8 quantized networks

• Output stationary - Local weight stationary
• Spatial input reuse
• Spatial output partial sum reuse

• Special Softmax unit!
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ITA: Integer Transformer Accelerator
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Dot Product Unit

Softmax

ITA - Architecture
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𝑁 = 𝟏𝟔 dot product 
units that compute the 
dot product between 

two vectors of 
𝑀 = 𝟔𝟒 elements

𝑁×2𝑀 = 2 KiB
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Denominator 
Inversion

MAX∑ AccumulateNormalize

/

OutputInput

Softmax(I)

Softmax 𝐱 ! =
1

∑)*2
("#"#$%"(𝐱#))≫G

2("#!#$%"(𝐱#))≫G
Directly operates on 

quantized values.

No exponentiation 
modules and multipliers.

Computes softmax on 
streaming data.
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𝑀𝐴𝐸 = 𝟎. 𝟒𝟔%



Physical Implementation
• Implemented in GF22
• Target frequency of 500 MHz (SS/0.72V/125°C)

• Area of 0.17 mm2

• Softmax module has only 3.3% area contribution, 
corresponding to 28.7 KGE.

• Power of 60 mW (TT/0.80V/25°C)
• Softmax module consumes 1.4% of the power.
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Weight memory

Dot product units

Softmax



Comparison to State-of-the-Art

06.06.2023

Wang et al.
ISSCC’22

Keller et al.
VLSI-TC’22 ITA

Technology [nm] 28 5 22

Voltage [V] 0.56-1.1 0.46-1.05 0.8

Frequency [MHz] 50-510 152-1760 500

Data formats INT8 INT8 INT8

Throughput [TOPS] 0.52-4.07* 1.8 1.02

Energy efficiency [TOPS/W] 1.91-27.56* 39.1 16.9

Area efficiency [TOPS/mm2] 0.076-0.597* 11.7 5.93

Area efficiency [TOPS/MGE] 0.025-0.192* 0.121 1.189.8x

22

1.3x 51.1

6.1x
*90% sparsity.



Comparison to a software baseline on MemPool
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MemPool ITA System

Performance [TOPS] Energy efficiency [TOPS/W] Area efficiency [TOPS/mm  ]

Performance 
increase of 7.5x

Energy Efficiency 
increase of 53x

Area Efficiency 
increase of 220x

2

with 64 KiB SRAM

ISLPED 2023 
International Symposium on 
Low Power Electronics and 

Design



Future of ITA: Scaling up further
• Target workloads like GPT

• Floating-point capability
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ITA ITA

ITA ITA

ITA ITA ITA

ITA ITAITA ITA ITA

ITA ITAITA ITA ITA

ITA ITAITA ITA ITA

ITA ITA ITA

Accelerate LLMs and 
reach 100 TFLOPS or 

higher!



A Primer on Hyper-Dimensional Computing
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Mapping Symbols to Digital Representations
(The conventional Way)

Symbol Domain
(E.g. Letters, Numbers, Labels)

1

3

255
2

42
0

0b011

0b111…

0b000

Representation Domain
(E.g. ASCII, 2s-complement, IEEE754 etc.)

Map



A Primer on Hyper-Dimensional Computing
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Mapping Symbols to Digital Representations
(The HDC Way)

Symbol Domain
(E.g. Letters, Numbers, Labels)

1

3

255
2

42
0

Map to
orthogonal Vectors

Representation Domain
(Binary Spatter Code, i.e. long Vectors of 0s and 1s)

e.g.  0100110101100…101110001

D>1000



A Primer on Hyper-Dimensional Computing
The properties of HD-Space:
Define Similarity Metric: 
𝑉H ≈ 𝑉I ⟺ 𝑑Hamming 𝑉H, 𝑉I ≪ 𝐷/2

1. For large D, probability of two 
random vectors being similar to each 
other ≈ 0 
→ random vectors are 

quasi-orthogonal
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A Primer on Hyper-Dimensional Computing
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Mapping Symbols to Digital Representations
(The HDC Way)

Map to
orthogonal Vectors



A Primer on Hyper-Dimensional Computing
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Mapping Symbols to Digital Representations
(The HDC Way)

Symbol HD- Vector
1 011010110100…..01001
2 110100100110…..11001
… …….
255 101001101110…..00100

Item Memory (IM)

Fixed Mapping using
Randomly Selected Vectors



A Primer on Hyper-Dimensional Computing
The properties of HD-Vectors:
Similarity Metric: 
𝑉H ≈ 𝑉I ⟺ 𝑑Hamming 𝑉H, 𝑉I ≪ 𝐷/2

1. For large D, probability of two 
random vectors being similar to each 
other ≈ 0 
→ random vectors are 

quasi-orthogonal

2. A noisy Vector can be recovered with 
high probability by looking up most-
similar vector in IM
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A Primer on Hyper-Dimensional Computing
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Symbol HD- Vector
1 011010110100…..01001
2 110100100110…..11001
… …….
255 101001101110…..00100

Item Memory (IM)
Implemented as Content-Addresseable-Memory (CAM)

0100110101100…101110001 0110110101010…101110011

lookup Most similar Element



A Primer on Hyper-Dimensional Computing
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A Primer on Hyper-Dimensional Computing
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Associative Lookup
• Search for most similar vector in IM
• Recover Item Vector

from noisy Version

Bundling (+)
• For each bit position, 

take majority of 0 or 1
• Output similar to all 

operands

Binding (⨀)
• Take XOR of both

vectors
• Output quasi-orthogonal 

to both operands
• Binding with same 

vector preserves 
similarity

Permutation (π)
• Permutate bit 

positions with fixed 
Permutation

• Unary Operation
• Maps vectors to 

orthogonal subspace

HDC Operators
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Building an ULP Accelerator for HDC
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Associative
Memory Item Memory

Bundling 
&

Binding

Flexible 
Control Path
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All-digital SCM-Based Associative Memory
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• Why digital?
↪ Technology-agnostic, easy integration in 

every digital SoC

• Why a Standard-Cell Memory (SCM)?
• Supports weird aspect ratios 

(e.g. 32 x 1024 bit)
• Natively support aggressive voltage scaling
• Allows parallel access to all words if 

required (e.g. during min distance search)
↪ Near Memory!



An Ephemeral Item Memory through Re-materialization
Observation: Storing many Item Vectors in a ROM is costly!

Idea: Use hardwired seed vector + random permutations
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Iterative Decomposition
of the Permutation

Still need many 
Permutations in Hardware 

(lots of wiring and 
multiplexing) L
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Iterative Decomposition
of the Permutation+ No ROM required

+ Arbitrary number of Items supported
+ Random Access to any 

Item Vector in 𝒍𝒐𝒈𝟐 𝒏 cycles



Building an ULP Accelerator for HDC
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Associative
Memory Item Memory

Bundling 
&

Binding

Flexible 
Control Path



Hypnos – An Ultra-Low Power HDC Accelerator
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Vega: A Ten-Core SoC for IoT Endnodes in GF22
Published in ISSCC21/JSSC Volume 57
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Offload
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(Always-on)
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(Single RV32)

Stage 2
(Heterogeneous Cluster)
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Vega: A Ten-Core SoC for IoT Endnodes in GF22
Published in ISSCC21/JSSC Volume 57

Specifications
Technology GF22 UHT
Area 670kGE
Max. Frequency 3 MHz
SCM-Memory 32 kBit
VDD 0.6V

fclk 32kHz 200kHz

max. Sampling Rate 150 SPS/Channel 1kSPS/Channel

PSWU, dynamic 0.99uW 6.21uW

PSWU, leakage 0.7uW 0.7uW

PSPI, dynamic 1.28uW 8.00uW

PSWU, total 2.97uW 14.9uW

3-channel HDC Inference Algorithm
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Vega: A Ten-Core SoC for IoT Endnodes in GF22
Published in ISSCC21/JSSC Volume 57

Q&A
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