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Notre Dame: CSE - VLSI

Architectures for Compute-in-Memory
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What’s a Deep Network?
Google DeepMind AlphaGo 
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What’s a Deep Network?

Image 
“Volvo 
XC90” 
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Why Should We Care?

From EE Times – September 27, 2016 
 
”Today the job of training machine learning models is 
limited by compute, if we had faster processors we’d 
run bigger models…in practice we train on a reasonable 
subset of data that can finish in a matter of months. We 
could use improvements of several orders of magnitude 
– 100x or greater.” 

– Greg Diamos, Senior Researcher, SVAIL, Baidu 
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A Very Brief Introduction to Neural Nets

Classes 
High-Level 
Features FC 

Layer 
CONV 
Layer 

CONV 
Layer 

NORM 
Layer 

POOL 
Layer 

Convolutions account for more 
than 90% of overall computation, 
dominating runtime and energy 
consumption 

  
  

  
  

  
  

Ignore this for the time being
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What is a Convolution?
Naïve 7-layer for-loop implementation: 

for (n=0; n<N; n++) { 
    for (m=0; m<M; m++) { 
        for (x=0; x<F; x++) { 
            for (y=0; y<E; y++) { 
 
                O[n][m][x][y] = B[m]; 
                for (i=0; i<R; i++) { 
                    for (j=0; j<S; j++) { 
                        for (k=0; k<C; k++) { 
                            O[n][m][x][y] += I[n][k][Ux+i][Uy+j] × W[m][k][i][j]; 
                        } 
                    } 
                } 
 
                O[n][m][x][y] = Activation(O[n][m][x][y]); 
            }                 
        } 
    } 
} 

for each output fmap value 

convolve  
a window 
and apply 
activation 
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What are our computations?
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M filters, C channels
Filters

C
C M
Input Image Output Image

M

R × R × C

R × R pixels
C channels

e.g. 
3×3×128

R

R

C

Central to neural networks is matrix 
multiplication
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Matrix Multiplication

C = AB
cij =      aikbkj



n

k 1

for i=1 to n
for j=1 to n

for k=1 to n
cij

k = cij
k-1 + aikbkj

end k
end j

end i

for i=1 to n
for j=1 to n

for k=1 to n
a( i, j, k ) = a( i, j-1, k )
b( i, j, k ) = b( i-1, j, k ) 
c( i, j, k ) = c( i, j, k-1 ) + a( i, j, k ) b( i, j, k ) 
end k

end j
end i

a( i, j, k ) = aik
j

b( i, j, k ) = bkj
i

c( i, j, k ) = cij
k
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Systolic Matrix Multiplication

• Processors are arranged in a 2-D grid.

• Each processor accumulates one element of 
the product.

• The elements of the matrices to be multiplied 
are “pumped through” the array.
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Systolic Matrix Multiplication
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Processing in Memory
Memory

Computing

CPU
Memory

Computing

Memory

Computing
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Processing in Memory
Memory

Computing

CPU
Memory

Computing

Memory

Computing

Processing in 
memory can bring 
the combined 
energy of memory 
access and 
computation down 
to 50 fJ/Op

Digital/Analog processing in memory
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SRAM
Bank
SRAM
Bank

Memory

ALU / Digital 
processing

digital

• data access energy and 
latency dominating

• data reuse and data 
compression
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SRAM
Bank

near memory

• computation still digital
• eliminates data transfer 

costs
• memory read energy 

dominates

SRAM
Bank

Memory

ALU / Digital 
processing

SRAM
Bank

Memory

Digital processing

digital

• data access energy and 
latency dominating

• data reuse and data 
compression
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SRAM
Bank

near memory

• computation still digital
• eliminates data transfer 

costs
• memory read energy 

dominates

deep in-memory

• memory access and 
computation combined 

• mixed signal computation
• significant energy & 

latency reduction

SRAM
Bank

Memory

ALU / Digital 
processing

SRAM
Bank

Memory

Digital processing

SRAM
Bank

Memory

Mixed signal 
Processing

digital

• data access energy and 
latency dominating

• data reuse and data 
compression
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Standard Memory  Design
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Standard Memory  Design
 2n words of 2m bits each 
 If n >> m, fold by 2k into fewer rows of more columns 

 Good regularity – easy to design 
 Very high density if good cells are used 



19 of 70

Standard Memory  Design
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Standard Memory  Design
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Standard Memory  Design
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Standard Memory  Design
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Standard Memory  Design
  Read     Write 
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Standard Memory  Design
 Cell size is critical: 26 x 45  (even smaller in industry)
 Tile cells sharing VDD, GND, bitline contacts 
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Standard Memory  Design
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Standard Memory  Design
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Compute-in-Memory  Design

BLPBLP BLPBLP BLPBLP BLPBLP BLPBLP BLPBLP

Cross Bitline ProcessorCross Bitline Processor

Residual Digital  UnitResidual Digital  Unit

Precharge/Column Mux/Y‐DECPrecharge/Column Mux/Y‐DEC

X‐
DE

C
X‐
DE

C

X‐
DE

C
X‐
DE

C

inference/decisions
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Compute-in-Memory  Design
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Compute-in-Memory  Design
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Compute-in-Memory  Design
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Compute-in-Memory  Design
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Compute-in-Memory  Design
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Compute-in-Memory  Benefits?



34 of 70

Active Area of Research!

SVM, TM, k-NN, MF;
MIT-CBCL, MNIST, ..;
energy savings = 10X;
EDP reduction = 50X; 

multi‐functional

[ESSCIRC 2017, UIUC]

random forest IC

RF with 64 trees;
KUL traffic sign;

energy savings = 3X
EDP reduction = 7X 

[JSSC 2018, UIUC]

Adaboost

Adaboost;
MNIST;

energy savings= 13X;
EDP reduction= 175X; 

[JSSC 2017, Princeton]


