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Motivation: Datapath Energy Determined by Hamming Distance of Operand Streaming

c

Hamming Distance Reduction through Post-Training and Training-Aware Techniques

Experimental Results
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Dataflow processing is widely exploited in NN accelerators

• Enable data reuse among processing elements (PE)

• Amortize memory access energy
A common example is systolic array with input/output stationary dataflow
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Datapath energy is important for dataflow accelerators

• Consist of compute energy in process elements (PEs) and data transfer energy among PEs

• Datapath energy is determined by the total bit flips induced by operand streaming

Target: propose both post-training and training aware techniques to reduce bit flips and thus, 

datapath energy
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Total Bit Flips

Bit flips of streaming weight can be captured by hamming distance (HD):

𝐻𝐷 𝑊 = %
&'(

)*(

%
+'(

,

𝐻𝐷 𝑊 𝑗, 𝑖 ,𝑊 𝑗 + 1, 𝑖

• 𝑊,𝐾, 𝐶 denotes the weight matrix, output channel, input channel

• 𝐻𝐷 denotes the hamming distance between two weight elements

To reduce HD, most straightforward method is output channel reordering

• To determine optimal channel order is equivalent to solving the traveling 

salesman problem

To further reduce HD, we segment the weight matrix before reordering

• For many networks, input channel dim is larger than the PE array size

• Each weight sub-matrix can use different output channel orders

• Cluster different input channels before the segment

00
10
01
00

01
10
01
10

11
00
10
10

11
01
11
01

K

C C

00

10

01
00

01

10

01
10

11

00

10
10

11

01

11
01K

Reorder

00111111
11110011
00000011
11001111
01101010
10100110
01011010
10011010

K

C

00111111
00000011
01101010
01011010

00000011
11001111
10100110
10100110

C
 c

lu
st

er
 1

C
 c

lu
st

er
 2

K

00111111
00000011
01101010
01011010

00000011
11001111
10100110
10100110

K

C
 c

lu
st

er
 1

C
 c

lu
st

er
 2C

 C
lu

st
er

in
g

K 
Re

or
de

rin
g

K 
Re

or
de

rin
g

To cluster the input channels, propose an iterative algorithm

Use MobileNetV2 and ResNet26 trained on Cifar10/Cifar100 for evaluation

• Select 1x1 Conv in MobileNetV2 and 3x3 Conv in ResNet26

Evaluation of the post-training optimization algorithm
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Hardware support for cluster-then-reorder 
algorithm
• Only a small LUT is needed à small 

overhead

Combine post-training and training-aware 

optimization
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Training-aware optimization:

• Add HD regularization to the training


