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Motivation

• Speech is a natural mode for humans to 
interact with intelligent Edge devices

• Edge devices are often constrained in terms of 
storage, power, and compute resources

• Keyword spotting (KWS) systems are used to 
detect specific wake-up words 
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Goal: An end-to-end energy efficient and low latency solution for keyword spotting



Typical KWS Pipeline
• Feature extraction: Mel-frequency 

Cepstral Coefficient (MFCC)

• What is a good classifier?
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Vanilla RNN for KWS
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• Sequential processing: must process the entire MFCC input features

subset of features to be processed



Vanilla RNN for KWS (t=1)
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RNN
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ℎ0: prev. 
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hidden vector



Vanilla RNN for KWS (t=2)
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RNN

𝑥2: input vector

ℎ1: prev. 
hidden vector

ℎ2: new 
hidden vector



Vanilla RNN for KWS (t=3)
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RNN

𝑥3: input vector

ℎ2: prev. 
hidden vector

ℎ3: new 
hidden vector



Vanilla RNN for KWS (t=N)
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RNN

𝑥𝑁: input 
vector

ℎ𝑁−1: prev. 
hidden vector

𝑦: output vector (decision)



Vanilla RNN for KWS (t=N)
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RNN

𝑥𝑁: input 
vector

ℎ𝑁−1: prev. 
hidden vector

𝑦: output vector (decision)

Can we design a better classifier?
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glimpse 𝑡

• Originally proposed for image classification [Mnih, NIPS’14]
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glimpse 𝑡 glimpse 𝑡 + 1

• RAM: processes the input via glimpses, learns what glimpses to process
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glimpse 𝑡 glimpse 𝑡 + 1

• More glimpses processed → more confident decisions 

• Inherent accuracy-complexity (energy & latency) tradeoff

glimpse 𝑡 + 2



Efficiency of RAM for KWS

• KWS for 12 keywords using 
the Google Speech dataset
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Efficiency of RAM for KWS

• KWS for 12 keywords using 
the Google Speech dataset

• RAM achieves a 4.6 ×
reduction in computational 
complexity at iso-accuracy
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Efficiency of RAM for KWS

• KWS for 12 keywords using 
the Google Speech dataset

• RAM achieves a 4.6 ×
reduction in computational 
complexity at iso-accuracy

18

# of Ops
te

st
 a

cc
u

ra
cy

 [
%

]

this work

4.6×

We have an efficient classifier, next: architectural choices



Architectural Choices
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Digital In-Memory Compute (IMC)

Pros
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high energy – limited 
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Architectural Choices
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Digital In-Memory Compute (IMC)
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precision
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energy efficient – massive 
parallelism

non reconfigurable – low 
precision  

SRAM 
Bank

Memory

PE Array

Memory
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Hybrid design: choose both



Mapping of RAM

• 6 fully connected layers (fc1 to fc6)

• All weights on-chip
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Chip Architecture

• Main controller

• Two IMC blocks

• Four single-slope ADCs

• Digital processor
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Chip Architecture

• Main controller

• Synchronizes all chip 
operations

• 6 main modes of operation

• Runs on a 1GHz external 
clock
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Chip Architecture

• Main controller

• Two IMC blocks

• 512 × 256 standard 6T 
SRAM banks

• Execute fc3 and fc4
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Chip Architecture

• Main controller

• Two IMC blocks

• Four single-slope ADCs

• Operate at 10 M Sample/s

• Two 6-b ADCs required per 
IMC dot product (differential 
design)
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Chip Architecture

• Main controller

• Two IMC blocks

• Four single-slope ADCs

• Digital processor

• 6kB of SRAM + 64 8b MAC 
units

• Executes fc1, fc2, fc5, & fc6
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In-Memory Compute Block

• Standard 6T SRAM bank

• Multi-bit dot products via four stages
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In-Memory Compute Block

• Standard 6T SRAM bank

• Multi-bit dot products via four stages
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In-Memory Compute Block

• Standard 6T SRAM bank

• Multi-bit dot products via four stages
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In-Memory Compute Block

• Standard 6T SRAM bank

• Multi-bit dot products via four stages
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In-Memory Compute Block

• Standard 6T SRAM bank

• Multi-bit dot products via four stages
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Input Sparsity Challenge

• ReLU activation functions cause sparse 
inputs (∼ 5 %− 7 %)

• Output voltage spread shrinks due to 
charge sharing
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Sparsity-Aware Summation
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DM2VM: Digital Processor

• Array of 64 8b MAC PEs

• 6kB of SRAM for weight storage

• Flexible support (fc1, fc2, fc5, fc6)

• Designed to minimize idle cycles 
when inputs/outputs are 
streamed in/out 

• Completes an 𝑁 ×𝑀MVM in a 
fixed number 𝑁 +𝑀 of cycles
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System Performance
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System Performance
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varying  WL and number of 
glimpses

• Measured results per glimpse:

Energy/glimpse Latency/glimpse

 .11𝜇J 18.2𝜇s 

1000× faster than a typical human reaction time 



Energy Measurements

IMC: consumes 68% of the total energy, 
and implements 89% of computations
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Measured Classification on Google Speech

correct classification of one keyword 
after three glimpses
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Chip Micrograph
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Comparison with State-of-the-art
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• Lowest reported decision latency

• More than   × reduction in EDP



Comparison with State-of-the-art
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• Lowest reported decision latency

• More than   × reduction in EDP
 × −   × reduction in energy/decision 
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Summary

• Energy efficient and low latency KWS systems are of utmost importance

• We adopt an algorithm-hardware co-design approach by proposing:
- Novel classification algorithm for KWS using RAM

- Sparsity-aware IMC-based computations for energy efficient dot product operations

• KeyRAM: a classifier IC in 65nm for KWS achieving state-of-the-art 
decision latency of 5 𝜇s with <  .5𝜇J/decision 
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