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Humans

● Pattern recognizing creatures
● Excel at identifying similar things
● Distinguish dissimilar things
● Comparison
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Machine Learning

● What is it?
● Encoding data & extrapolating patterns
● Scaling complexity
● Scaling energy/time consumption

https://www.ibm.com/content/dam/connectedassets-adobe-cms/worldwide-content/stock-assets/getty/image/illustration/db/5a/dataflow001.component.xl.ts=1711716848690.jpg/content/adobe-cms/us/en/topics/machine-
learning-pipeline/_jcr_content/root/leadspace

https://www.ibm.com/content/dam/connectedassets-adobe-cms/worldwide-content/stock-assets/getty/image/illustration/db/5a/dataflow001.component.xl.ts=1711716848690.jpg/content/adobe-cms/us/en/topics/machine-learning-pipeline/_jcr_content/root/leadspace
https://www.ibm.com/content/dam/connectedassets-adobe-cms/worldwide-content/stock-assets/getty/image/illustration/db/5a/dataflow001.component.xl.ts=1711716848690.jpg/content/adobe-cms/us/en/topics/machine-learning-pipeline/_jcr_content/root/leadspace


Tiny Machine Learning (tinyML)

● Embedded systems
● Tiny form factor

○ Injectables
○ Wearables
○ Implants

● Machine learning
● Held back

○ Limited Resources
○ Micro-Faults = Noise

● An approach that can deal with these problems is needed

https://encrypted-tbn0.gstatic.com/images?q=tbn:ANd9GcQ2a95lQXYO0SnDy_RCgPoP95hqgeEnAACY5ntK5O8oHhLA6aA-ue_yGzzfknxnoRmb-UE&usqp=CAU

https://encrypted-tbn0.gstatic.com/images?q=tbn:ANd9GcQ2a95lQXYO0SnDy_RCgPoP95hqgeEnAACY5ntK5O8oHhLA6aA-ue_yGzzfknxnoRmb-UE&usqp=CAU


Hyperdimensional Computing (HDC)

● What is it?
● Computing Model
● Represent data as hypervectors 
● Why HDC?
● Simple, Robust(Noise Resistant), Efficient, and Light
● Fits the bill

https://encrypted-tbn0.gstatic.com/images?q=tbn:ANd9GcR9xjxtvitW3nUsKnQXYTn-NYbAnxnBa2nDWMPc8j5-Ojx2mZyGwy71VbT-SSySA9Ys&usqp=CAU
https://miro.medium.com/v2/resize:fit:1400/0*DNk1CPfC9HqvpJLl

https://encrypted-tbn0.gstatic.com/images?q=tbn:ANd9GcR9xjxtvitW3nUsKnQXYTn-NYbAnxnBa2nDWMPc8j5-Ojx2mZyGwy71VbT-SSySA9Ys&usqp=CAU
https://miro.medium.com/v2/resize:fit:1400/0*DNk1CPfC9HqvpJLl


Useful Properties

● There are reasons for hyperdimensional representation
● More capacity
● Number of orthogonal/pseudo-orthogonal vectors scales with dimensions
● Orthogonal?
● Pseudo-orthogonal?
● Cosine Similarity
● Allows for random hypervectors
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Distributed Representation

● Data is distributed across a medium
● Vector subcomponents represent different characteristics
● Similar things will have sub-components in common
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Associative Memory

● Class of memory
● Access data by content instead of address 
● Allows for efficient comparison operations
● Makes it easy to find similar things

○ Noise resistance



Comparison Operations

● Operations to compare how similar two hypervectors are
● Cosine Similarity
● Hamming Distance
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Bundling

● Higher  concepts are a composition of sub-vectors
○ Red + Blue = Purple

● How can we represent a composition of sub-vectors properly? 
● Addition
● Result is a hypervector that is similar to component sub-vectors



Binding

● We cannot rely on bundling alone, it lacks context due to associativity & commutativity
● (a+b)+(b+c) = a + b + b +c = b + a + c + b
● Context of parentheses can be established through binding
● Component-wise multiplication 
● Bit-wise XOR
● Permutation

○ How do we permute?
● Result is a hypervector that is dissimilar to its component sub-vectors
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HDC Models

● Different hypervector models are better-suited to different problems
● Atomic hypervectors
● Binary Spatter Code (BSC)
● Multiply Add Permute (MAP)
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Language Identification

● Proposed by Pentti Kanerva
● MAP model
● Atomic hypervectors are the alphabet
● N-Grams

○ Tri-Grams
● Profile hypervectors
● Cosine Similarity
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Prosthetics

● Proposed by Abbas Rahimi
● Prosthetics still primitive
● EMG sensors
● Personalized sensor response
● BSC model
● Atomic hypervectors are channels and a seed for signal strength

○ (D/2)/(q-1)
● Record Hypervectors permuted to give temporal context
● Incoming gesture signals funneled through hamming distance for gesture 
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In-Memory HDC

● Time/Energy Consumption of data transfer
● Memristor

○ Capacitor
○ Inductor
○ Resistor
○ Memristor 

● Crossbar Arrays
● Conductance can be changed to high/low
● Extremely energy efficient on top of negating bottleneck
● HDC can be done in memory
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Conclusion



Questions?
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