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FPGA Targeted DNN Accelerator Design Flow

HLS Model 
Description

FPGA 
Architecture 

Design

Dataflow 
Design Space 
Exploration

Synthesis 
&

Deployment 
DNN Model

I Design power efficient dataflow with limited latency loss
I Enabled by proposed power modeling and a hierarchical strategy

2 / 22



Dataflow Optimization

Basic Techniques for Loop Nest Optimization

for WR�in range(0, M):

for row in range(0, H):

for col in range(0, W):

for ti in range(0, N):

for k1 in range(0, K):

for k2 in range(0, K):
OUTto,row,col+=WTto,ti,k1,k2 

           ⇥<latexit sha1_base64="S8fEYyO32q/PyIaGQOLFJBshd6s=">AAAB7XicbVDLSgNBEOz1GeMr6tHLYBA8hV0R9Bjw4jGCeUCyhNnJbDJmdmaZ6RXCkn/w4kERr/6PN//GSbIHTSxoKKq66e6KUiks+v63t7a+sbm1Xdop7+7tHxxWjo5bVmeG8SbTUptORC2XQvEmCpS8kxpOk0jydjS+nfntJ26s0OoBJykPEzpUIhaMopNaPRQJt/1K1a/5c5BVEhSkCgUa/cpXb6BZlnCFTFJru4GfYphTg4JJPi33MstTysZ0yLuOKuqWhPn82ik5d8qAxNq4Ukjm6u+JnCbWTpLIdSYUR3bZm4n/ed0M45swFyrNkCu2WBRnkqAms9fJQBjOUE4cocwIdythI2ooQxdQ2YUQLL+8SlqXtcCvBfdX1bpfxFGCUziDCwjgGupwBw1oAoNHeIZXePO09+K9ex+L1jWvmDmBP/A+fwCwwY8i</latexit><latexit sha1_base64="S8fEYyO32q/PyIaGQOLFJBshd6s=">AAAB7XicbVDLSgNBEOz1GeMr6tHLYBA8hV0R9Bjw4jGCeUCyhNnJbDJmdmaZ6RXCkn/w4kERr/6PN//GSbIHTSxoKKq66e6KUiks+v63t7a+sbm1Xdop7+7tHxxWjo5bVmeG8SbTUptORC2XQvEmCpS8kxpOk0jydjS+nfntJ26s0OoBJykPEzpUIhaMopNaPRQJt/1K1a/5c5BVEhSkCgUa/cpXb6BZlnCFTFJru4GfYphTg4JJPi33MstTysZ0yLuOKuqWhPn82ik5d8qAxNq4Ukjm6u+JnCbWTpLIdSYUR3bZm4n/ed0M45swFyrNkCu2WBRnkqAms9fJQBjOUE4cocwIdythI2ooQxdQ2YUQLL+8SlqXtcCvBfdX1bpfxFGCUziDCwjgGupwBw1oAoNHeIZXePO09+K9ex+L1jWvmDmBP/A+fwCwwY8i</latexit><latexit sha1_base64="S8fEYyO32q/PyIaGQOLFJBshd6s=">AAAB7XicbVDLSgNBEOz1GeMr6tHLYBA8hV0R9Bjw4jGCeUCyhNnJbDJmdmaZ6RXCkn/w4kERr/6PN//GSbIHTSxoKKq66e6KUiks+v63t7a+sbm1Xdop7+7tHxxWjo5bVmeG8SbTUptORC2XQvEmCpS8kxpOk0jydjS+nfntJ26s0OoBJykPEzpUIhaMopNaPRQJt/1K1a/5c5BVEhSkCgUa/cpXb6BZlnCFTFJru4GfYphTg4JJPi33MstTysZ0yLuOKuqWhPn82ik5d8qAxNq4Ukjm6u+JnCbWTpLIdSYUR3bZm4n/ed0M45swFyrNkCu2WBRnkqAms9fJQBjOUE4cocwIdythI2ooQxdQ2YUQLL+8SlqXtcCvBfdX1bpfxFGCUziDCwjgGupwBw1oAoNHeIZXePO09+K9ex+L1jWvmDmBP/A+fwCwwY8i</latexit><latexit sha1_base64="S8fEYyO32q/PyIaGQOLFJBshd6s=">AAAB7XicbVDLSgNBEOz1GeMr6tHLYBA8hV0R9Bjw4jGCeUCyhNnJbDJmdmaZ6RXCkn/w4kERr/6PN//GSbIHTSxoKKq66e6KUiks+v63t7a+sbm1Xdop7+7tHxxWjo5bVmeG8SbTUptORC2XQvEmCpS8kxpOk0jydjS+nfntJ26s0OoBJykPEzpUIhaMopNaPRQJt/1K1a/5c5BVEhSkCgUa/cpXb6BZlnCFTFJru4GfYphTg4JJPi33MstTysZ0yLuOKuqWhPn82ik5d8qAxNq4Ukjm6u+JnCbWTpLIdSYUR3bZm4n/ed0M45swFyrNkCu2WBRnkqAms9fJQBjOUE4cocwIdythI2ooQxdQ2YUQLL+8SlqXtcCvBfdX1bpfxFGCUziDCwjgGupwBw1oAoNHeIZXePO09+K9ex+L1jWvmDmBP/A+fwCwwY8i</latexit>

⇥
<latexit sha1_base64="S8fEYyO32q/PyIaGQOLFJBshd6s=">AAAB7XicbVDLSgNBEOz1GeMr6tHLYBA8hV0R9Bjw4jGCeUCyhNnJbDJmdmaZ6RXCkn/w4kERr/6PN//GSbIHTSxoKKq66e6KUiks+v63t7a+sbm1Xdop7+7tHxxWjo5bVmeG8SbTUptORC2XQvEmCpS8kxpOk0jydjS+nfntJ26s0OoBJykPEzpUIhaMopNaPRQJt/1K1a/5c5BVEhSkCgUa/cpXb6BZlnCFTFJru4GfYphTg4JJPi33MstTysZ0yLuOKuqWhPn82ik5d8qAxNq4Ukjm6u+JnCbWTpLIdSYUR3bZm4n/ed0M45swFyrNkCu2WBRnkqAms9fJQBjOUE4cocwIdythI2ooQxdQ2YUQLL+8SlqXtcCvBfdX1bpfxFGCUziDCwjgGupwBw1oAoNHeIZXePO09+K9ex+L1jWvmDmBP/A+fwCwwY8i</latexit><latexit sha1_base64="S8fEYyO32q/PyIaGQOLFJBshd6s=">AAAB7XicbVDLSgNBEOz1GeMr6tHLYBA8hV0R9Bjw4jGCeUCyhNnJbDJmdmaZ6RXCkn/w4kERr/6PN//GSbIHTSxoKKq66e6KUiks+v63t7a+sbm1Xdop7+7tHxxWjo5bVmeG8SbTUptORC2XQvEmCpS8kxpOk0jydjS+nfntJ26s0OoBJykPEzpUIhaMopNaPRQJt/1K1a/5c5BVEhSkCgUa/cpXb6BZlnCFTFJru4GfYphTg4JJPi33MstTysZ0yLuOKuqWhPn82ik5d8qAxNq4Ukjm6u+JnCbWTpLIdSYUR3bZm4n/ed0M45swFyrNkCu2WBRnkqAms9fJQBjOUE4cocwIdythI2ooQxdQ2YUQLL+8SlqXtcCvBfdX1bpfxFGCUziDCwjgGupwBw1oAoNHeIZXePO09+K9ex+L1jWvmDmBP/A+fwCwwY8i</latexit><latexit sha1_base64="S8fEYyO32q/PyIaGQOLFJBshd6s=">AAAB7XicbVDLSgNBEOz1GeMr6tHLYBA8hV0R9Bjw4jGCeUCyhNnJbDJmdmaZ6RXCkn/w4kERr/6PN//GSbIHTSxoKKq66e6KUiks+v63t7a+sbm1Xdop7+7tHxxWjo5bVmeG8SbTUptORC2XQvEmCpS8kxpOk0jydjS+nfntJ26s0OoBJykPEzpUIhaMopNaPRQJt/1K1a/5c5BVEhSkCgUa/cpXb6BZlnCFTFJru4GfYphTg4JJPi33MstTysZ0yLuOKuqWhPn82ik5d8qAxNq4Ukjm6u+JnCbWTpLIdSYUR3bZm4n/ed0M45swFyrNkCu2WBRnkqAms9fJQBjOUE4cocwIdythI2ooQxdQ2YUQLL+8SlqXtcCvBfdX1bpfxFGCUziDCwjgGupwBw1oAoNHeIZXePO09+K9ex+L1jWvmDmBP/A+fwCwwY8i</latexit><latexit sha1_base64="S8fEYyO32q/PyIaGQOLFJBshd6s=">AAAB7XicbVDLSgNBEOz1GeMr6tHLYBA8hV0R9Bjw4jGCeUCyhNnJbDJmdmaZ6RXCkn/w4kERr/6PN//GSbIHTSxoKKq66e6KUiks+v63t7a+sbm1Xdop7+7tHxxWjo5bVmeG8SbTUptORC2XQvEmCpS8kxpOk0jydjS+nfntJ26s0OoBJykPEzpUIhaMopNaPRQJt/1K1a/5c5BVEhSkCgUa/cpXb6BZlnCFTFJru4GfYphTg4JJPi33MstTysZ0yLuOKuqWhPn82ik5d8qAxNq4Ukjm6u+JnCbWTpLIdSYUR3bZm4n/ed0M45swFyrNkCu2WBRnkqAms9fJQBjOUE4cocwIdythI2ooQxdQ2YUQLL+8SlqXtcCvBfdX1bpfxFGCUziDCwjgGupwBw1oAoNHeIZXePO09+K9ex+L1jWvmDmBP/A+fwCwwY8i</latexit>  INti,row+k1,col+k2

A 6-level loop
convolutional layer

I Notations:
N: # input channel
M: # output channel
K: kernel size
H: height of feature
W: width of feature
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Dataflow Optimization

Basic Techniques for Loop Nest Optimization

for WR�in range(0, M, OC):

for row in range(0, H):

for col in range(0, W):

for ti in range(0, N):

for k1 in range(0, K):

for k2 in range(0, K):
OUTto1+to,row,col+=WTto1+to,ti,k1,k2 
           ⇥<latexit sha1_base64="S8fEYyO32q/PyIaGQOLFJBshd6s=">AAAB7XicbVDLSgNBEOz1GeMr6tHLYBA8hV0R9Bjw4jGCeUCyhNnJbDJmdmaZ6RXCkn/w4kERr/6PN//GSbIHTSxoKKq66e6KUiks+v63t7a+sbm1Xdop7+7tHxxWjo5bVmeG8SbTUptORC2XQvEmCpS8kxpOk0jydjS+nfntJ26s0OoBJykPEzpUIhaMopNaPRQJt/1K1a/5c5BVEhSkCgUa/cpXb6BZlnCFTFJru4GfYphTg4JJPi33MstTysZ0yLuOKuqWhPn82ik5d8qAxNq4Ukjm6u+JnCbWTpLIdSYUR3bZm4n/ed0M45swFyrNkCu2WBRnkqAms9fJQBjOUE4cocwIdythI2ooQxdQ2YUQLL+8SlqXtcCvBfdX1bpfxFGCUziDCwjgGupwBw1oAoNHeIZXePO09+K9ex+L1jWvmDmBP/A+fwCwwY8i</latexit><latexit sha1_base64="S8fEYyO32q/PyIaGQOLFJBshd6s=">AAAB7XicbVDLSgNBEOz1GeMr6tHLYBA8hV0R9Bjw4jGCeUCyhNnJbDJmdmaZ6RXCkn/w4kERr/6PN//GSbIHTSxoKKq66e6KUiks+v63t7a+sbm1Xdop7+7tHxxWjo5bVmeG8SbTUptORC2XQvEmCpS8kxpOk0jydjS+nfntJ26s0OoBJykPEzpUIhaMopNaPRQJt/1K1a/5c5BVEhSkCgUa/cpXb6BZlnCFTFJru4GfYphTg4JJPi33MstTysZ0yLuOKuqWhPn82ik5d8qAxNq4Ukjm6u+JnCbWTpLIdSYUR3bZm4n/ed0M45swFyrNkCu2WBRnkqAms9fJQBjOUE4cocwIdythI2ooQxdQ2YUQLL+8SlqXtcCvBfdX1bpfxFGCUziDCwjgGupwBw1oAoNHeIZXePO09+K9ex+L1jWvmDmBP/A+fwCwwY8i</latexit><latexit sha1_base64="S8fEYyO32q/PyIaGQOLFJBshd6s=">AAAB7XicbVDLSgNBEOz1GeMr6tHLYBA8hV0R9Bjw4jGCeUCyhNnJbDJmdmaZ6RXCkn/w4kERr/6PN//GSbIHTSxoKKq66e6KUiks+v63t7a+sbm1Xdop7+7tHxxWjo5bVmeG8SbTUptORC2XQvEmCpS8kxpOk0jydjS+nfntJ26s0OoBJykPEzpUIhaMopNaPRQJt/1K1a/5c5BVEhSkCgUa/cpXb6BZlnCFTFJru4GfYphTg4JJPi33MstTysZ0yLuOKuqWhPn82ik5d8qAxNq4Ukjm6u+JnCbWTpLIdSYUR3bZm4n/ed0M45swFyrNkCu2WBRnkqAms9fJQBjOUE4cocwIdythI2ooQxdQ2YUQLL+8SlqXtcCvBfdX1bpfxFGCUziDCwjgGupwBw1oAoNHeIZXePO09+K9ex+L1jWvmDmBP/A+fwCwwY8i</latexit><latexit sha1_base64="S8fEYyO32q/PyIaGQOLFJBshd6s=">AAAB7XicbVDLSgNBEOz1GeMr6tHLYBA8hV0R9Bjw4jGCeUCyhNnJbDJmdmaZ6RXCkn/w4kERr/6PN//GSbIHTSxoKKq66e6KUiks+v63t7a+sbm1Xdop7+7tHxxWjo5bVmeG8SbTUptORC2XQvEmCpS8kxpOk0jydjS+nfntJ26s0OoBJykPEzpUIhaMopNaPRQJt/1K1a/5c5BVEhSkCgUa/cpXb6BZlnCFTFJru4GfYphTg4JJPi33MstTysZ0yLuOKuqWhPn82ik5d8qAxNq4Ukjm6u+JnCbWTpLIdSYUR3bZm4n/ed0M45swFyrNkCu2WBRnkqAms9fJQBjOUE4cocwIdythI2ooQxdQ2YUQLL+8SlqXtcCvBfdX1bpfxFGCUziDCwjgGupwBw1oAoNHeIZXePO09+K9ex+L1jWvmDmBP/A+fwCwwY8i</latexit>

⇥
<latexit sha1_base64="S8fEYyO32q/PyIaGQOLFJBshd6s=">AAAB7XicbVDLSgNBEOz1GeMr6tHLYBA8hV0R9Bjw4jGCeUCyhNnJbDJmdmaZ6RXCkn/w4kERr/6PN//GSbIHTSxoKKq66e6KUiks+v63t7a+sbm1Xdop7+7tHxxWjo5bVmeG8SbTUptORC2XQvEmCpS8kxpOk0jydjS+nfntJ26s0OoBJykPEzpUIhaMopNaPRQJt/1K1a/5c5BVEhSkCgUa/cpXb6BZlnCFTFJru4GfYphTg4JJPi33MstTysZ0yLuOKuqWhPn82ik5d8qAxNq4Ukjm6u+JnCbWTpLIdSYUR3bZm4n/ed0M45swFyrNkCu2WBRnkqAms9fJQBjOUE4cocwIdythI2ooQxdQ2YUQLL+8SlqXtcCvBfdX1bpfxFGCUziDCwjgGupwBw1oAoNHeIZXePO09+K9ex+L1jWvmDmBP/A+fwCwwY8i</latexit><latexit sha1_base64="S8fEYyO32q/PyIaGQOLFJBshd6s=">AAAB7XicbVDLSgNBEOz1GeMr6tHLYBA8hV0R9Bjw4jGCeUCyhNnJbDJmdmaZ6RXCkn/w4kERr/6PN//GSbIHTSxoKKq66e6KUiks+v63t7a+sbm1Xdop7+7tHxxWjo5bVmeG8SbTUptORC2XQvEmCpS8kxpOk0jydjS+nfntJ26s0OoBJykPEzpUIhaMopNaPRQJt/1K1a/5c5BVEhSkCgUa/cpXb6BZlnCFTFJru4GfYphTg4JJPi33MstTysZ0yLuOKuqWhPn82ik5d8qAxNq4Ukjm6u+JnCbWTpLIdSYUR3bZm4n/ed0M45swFyrNkCu2WBRnkqAms9fJQBjOUE4cocwIdythI2ooQxdQ2YUQLL+8SlqXtcCvBfdX1bpfxFGCUziDCwjgGupwBw1oAoNHeIZXePO09+K9ex+L1jWvmDmBP/A+fwCwwY8i</latexit><latexit sha1_base64="S8fEYyO32q/PyIaGQOLFJBshd6s=">AAAB7XicbVDLSgNBEOz1GeMr6tHLYBA8hV0R9Bjw4jGCeUCyhNnJbDJmdmaZ6RXCkn/w4kERr/6PN//GSbIHTSxoKKq66e6KUiks+v63t7a+sbm1Xdop7+7tHxxWjo5bVmeG8SbTUptORC2XQvEmCpS8kxpOk0jydjS+nfntJ26s0OoBJykPEzpUIhaMopNaPRQJt/1K1a/5c5BVEhSkCgUa/cpXb6BZlnCFTFJru4GfYphTg4JJPi33MstTysZ0yLuOKuqWhPn82ik5d8qAxNq4Ukjm6u+JnCbWTpLIdSYUR3bZm4n/ed0M45swFyrNkCu2WBRnkqAms9fJQBjOUE4cocwIdythI2ooQxdQ2YUQLL+8SlqXtcCvBfdX1bpfxFGCUziDCwjgGupwBw1oAoNHeIZXePO09+K9ex+L1jWvmDmBP/A+fwCwwY8i</latexit><latexit sha1_base64="S8fEYyO32q/PyIaGQOLFJBshd6s=">AAAB7XicbVDLSgNBEOz1GeMr6tHLYBA8hV0R9Bjw4jGCeUCyhNnJbDJmdmaZ6RXCkn/w4kERr/6PN//GSbIHTSxoKKq66e6KUiks+v63t7a+sbm1Xdop7+7tHxxWjo5bVmeG8SbTUptORC2XQvEmCpS8kxpOk0jydjS+nfntJ26s0OoBJykPEzpUIhaMopNaPRQJt/1K1a/5c5BVEhSkCgUa/cpXb6BZlnCFTFJru4GfYphTg4JJPi33MstTysZ0yLuOKuqWhPn82ik5d8qAxNq4Ukjm6u+JnCbWTpLIdSYUR3bZm4n/ed0M45swFyrNkCu2WBRnkqAms9fJQBjOUE4cocwIdythI2ooQxdQ2YUQLL+8SlqXtcCvBfdX1bpfxFGCUziDCwjgGupwBw1oAoNHeIZXePO09+K9ex+L1jWvmDmBP/A+fwCwwY8i</latexit>  INti,row+k1,col+k2

for WR��in range(0, OC):

Loop Tiling

conv_group(BIN[IC],BWT[OC][IC],BOUT[OC]):

for L2 in range(0, IC): 

for L1 in range(0, OC): 

convolution(BINL2,BWTL1,L2,BOUTL1)

conv_group(BIN[IC],BWT[OC][IC],BOUT[OC]):

for L1 in range(0, OC):

convolution(BIN0,BWTL1,0,BOUTL1)

convolution(BIN1,BWTL1,1,BOUTL1)

convolution(BINIC-1,BWTL1,IC-1,BOUTL1)
…

Loop Unrolling

for to in range(0, M, OC):

for row in range(0, H, PH):

for col in range(0, W, PW):

for ti in range(0, N, IC):

load_output(BOUT[OC][PH][PW],DOUT)

load_input(BIN[IC][PH][PW],DIN)

load_weight(BWT[OC][IC][K][K],DWT)
conv_group(BIN[IC],BWT[OC][IC],

BOUT[OC])
store_output(BOUT[OC][PH][PW],DOUT)

Output Data Reuse
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Typical FPGA Architecture for DNN

DRAM BRAM

PU
…

…

FPGA

PE Array

PE ArrayPE Array

Architecture Design

In
pu

t B
R

A
M

X + …

Weight Output

Input

PE PE PE

PE PE PE

PE PE PE

Weight BRAM

Output BRAM

Systolic Array
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To Combine: Layer Fusion
Reduce Data Transfer

Input 
BRAM 1

Weight 
BRAM 1

D
R

A
M

Systolic

PU 1

Input 
BRAM 2

Weight 
BRAM 2

PU 2

Output 
BRAM 2

Extra
BRAM

Systolic

Pooling

ReLU

Systolic

Systolic

Pooling

ReLU

Hardware arch. of fusing 2 layers. Outputs of the first
layer are the inputs of the second layer.

for to1 in range(0, M1, OC1):

for row1 in range(0, H1, PH1):

for col1 in range(0, W1, PW1): 

for ti1 in range(0, N1, IC1):

load_input(BIN1[IC1][PH1][PW1],DIN1)

load_weight(BWT1[OC1][IC1][K1][K1],DWT1)

systolic_group_1(BIN1[IC1],BWT1[OC1][IC1],
BOUT1[OC1],U1)

prepare_for_layer2(BOUT1[OC1][PH1][PW1],
extra_buffer)

for to2 in range(0, M2, OC2):

load_weight(BWT2[OC2][OC1][K2][K2],DWT2)

load_output(BOUT2[OC2][PH2][PW2],DOUT2)

systolic_group_2(BOUT1[OC1],BWT2[OC2][OC1],
BOUT2[OC2],U2)

store_output(BOUT2[OC2][PH2][PW2],DOUT2)

Pseudocode of fusing 2 layers.
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How To Configure The Variables?
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Power Minimization

for WR�in range(0, M):

for row in range(0, H):

for col in range(0, W):

for ti in range(0, N):

for k1 in range(0, K):

for k2 in range(0, K):
OUTto,row,col+=WTto,ti,k1,k2 
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(a)

for WR�in range(0, M, OC):

for row in range(0, H):

for col in range(0, W):

for ti in range(0, N):

for k1 in range(0, K):

for k2 in range(0, K):
OUTto1+to,row,col+=WTto1+to,ti,k1,k2 
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for WR��in range(0, OC):

(b)
conv_group(BIN[IC],BWT[OC][IC],BOUT[OC]):

for L2 in range(0, IC): 

for L1 in range(0, OC): 

convolution(BINL2,BWTL1,L2,BOUTL1)

conv_group(BIN[IC],BWT[OC][IC],BOUT[OC]):

for L1 in range(0, OC):

convolution(BIN0,BWTL1,0,BOUTL1)

convolution(BIN1,BWTL1,1,BOUTL1)

convolution(BINIC-1,BWTL1,IC-1,BOUTL1)
…

(c)

for to in range(0, M, OC):

for row in range(0, H, PH):

for col in range(0, W, PW):

for ti in range(0, N, IC):

load_output(BOUT[OC][PH][PW],DOUT)

load_input(BIN[IC][PH][PW],DIN)

load_weight(BWT[OC][IC][K][K],DWT)
conv_group(BIN[IC],BWT[OC][IC],

BOUT[OC])
store_output(BOUT[OC][PH][PW],DOUT)

(d)

Fig. 3 Pseudo-code of dataflow optimization. (a) A 6-loops convolutional layer. (b) Loop
Tiling. (c) Loop Unrolling. (d) Output Data Reuse.
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(a)
for to1 in range(0, M1, OC1):

for row1 in range(0, H1, PH1):

for col1 in range(0, W1, PW1): 

for ti1 in range(0, N1, IC1):

load_input(BIN1[IC1][PH1][PW1],DIN1)

load_weight(BWT1[OC1][IC1][K1][K1],DWT1)

systolic_group_1(BIN1[IC1],BWT1[OC1][IC1],
BOUT1[OC1],U1)

prepare_for_layer2(BOUT1[OC1][PH1][PW1],
extra_buffer)

for to2 in range(0, M2, OC2):

load_weight(BWT2[OC2][OC1][K2][K2],DWT2)

load_output(BOUT2[OC2][PH2][PW2],DOUT2)

systolic_group_2(BOUT1[OC1],BWT2[OC2][OC1],
BOUT2[OC2],U2)

store_output(BOUT2[OC2][PH2][PW2],DOUT2)

(b)

Fig. 4 Fusing two convolutional layers: (a) hard-
ware architecture using systolic array; (b) pseudo-
codes.

TABLE I List of Parameters

Name Definition

OCi # of output channels per feature block in fused layer i
ICi # of input channels per feature block in fused layer i
PHi Feature height of feature block in fused layer i
PWi Feature width of feature block in fused layer i
Thi row # of PEs in one systolic array in fused layer i
Twi column # of PEs in one systolic array in fused layer i
Ui # of instantiated systolic arrays in fused layer i

each has OCi output channels. Features in each channel are also
decomposed into smaller blocks, with height PHi and width PWi.
The corresponding block stride is PSi, which can be determined
according to the block size and kernel stride. The pseudo-code of
fusing two convolutional layers using systolic array is in Fig. 4(b).
The output channels of the first layer are the input channels of the
second layer. Therefore, we have M1 = N2 and OC1 = IC2.
Also, the number of input blocks of the second layer is equal to
the number of blocks in the first layer.

Data used in systolic array should be in the matrix format while
they are often stored as tensors in DRAM. The process of trans-
forming data from the tensors to matrices is conducted on board to
avoid unnecessarily repeated DRAM access and extra power load.
Denote the height and width of systolic array for fused layer i as
Thi and width Twi, the number of instantiated systolic arrays in
a processing unit as Ui. For any feature tensors, they should be
flattened as matrices, with height (PHi−Ki

PSi
+1)× (PWi−Ki

PSi
+1).

For weights, they are flattened as matrices with width OCi. The
depth of the transformed matrix is Di, as shown in Equation (1)
[24].

Di = K2
i × ICi. (1)

B. Modeling the Energy

Without loss of generality, the total energy can be composed of
two parts, data transfer and computation.

As mentioned before, there are three-levels of hierarchical mem-
ory in DNN accelerator system. We measure the data transfer energy
by calculating the data size transferring between all these levels.
The energy of accessing one unit data at each level is regarded
as a constant. Compared with on-chip buffers, accessing data from
DRAM consumes much more energy. In Fig. 4(b), the load and
store functions read and store data between DRAM and FPGA.
As shown in Fig. 4(a), both two layers need to load weights from
off-chip memory to on-chip buffer. The first layer needs to load
input features from DRAM. Meanwhile, we transfer output features,
or partial sums of the second layer between off-chip memory and
on-chip buffer several times since we reuse input features here.
Other sources of energy consumptions include extra buffers used to
prepare data and handle data overlaps for the second fused layer, as
well as passing data between global buffer and systolic array, etc.

For simplicity, we group the data transfer energy in systolic
array as part of the computation energy due to the computations
within systolic array. The data transfer energy of layer i can be
simplified as in Equation (2). Here {α1, α2, . . . , α7} are model-
specific constants that can be predetermined once the DNN model
is given. For example, if reusing outputs, α1 is the multiplication
of feature size and channel number, and (α1 / OCi) refers to the
input data size we load. Similarly, (α7 / ICi) refers to how many
output data we load, if we reuse inputs. (α2 / PHi×PWi) stands
for weights energy. In addition, we have four terms (α5 / PHi),
(α6 / PWi), α3PHi and α4PWi for fused data preparations.

EDi =
α1

OCi
+

α2

PHi × PWi
+ α3PHi + α4PWi

+
α5

PHi
+

α6

PWi
+

α7

ICi
.

(2)

I Notations:
Ni: # of input channels in layer i
Mi: # of output channels in layer i
Hi: height of features in layer i
Wi: width of features in layer i
Ki: kernel size in layer i
PSi: block stride in layer i

PHi
<latexit sha1_base64="BV1kYlPQ4bROy6V5vP9qW8ZhQFM=">AAAB63icbVBNSwMxEJ3Ur1q/qh69BIvgqewWQY8FLz1WsB/QLiWbZtvQJLskWaEs/QtePCji1T/kzX9jtt2Dtj4YeLw3w8y8MBHcWM/7RqWt7Z3dvfJ+5eDw6PikenrWNXGqKevQWMS6HxLDBFesY7kVrJ9oRmQoWC+c3ed+74lpw2P1aOcJCySZKB5xSmwutVsjPqrWvLq3BN4kfkFqUKA9qn4NxzFNJVOWCmLMwPcSG2REW04FW1SGqWEJoTMyYQNHFZHMBNny1gW+csoYR7F2pSxeqr8nMiKNmcvQdUpip2bdy8X/vEFqo7sg4ypJLVN0tShKBbYxzh/HY64ZtWLuCKGau1sxnRJNqHXxVFwI/vrLm6TbqPte3X+4qTUbRRxluIBLuAYfbqEJLWhDByhM4Rle4Q1J9ILe0ceqtYSKmXP4A/T5A7G4jfI=</latexit><latexit sha1_base64="BV1kYlPQ4bROy6V5vP9qW8ZhQFM=">AAAB63icbVBNSwMxEJ3Ur1q/qh69BIvgqewWQY8FLz1WsB/QLiWbZtvQJLskWaEs/QtePCji1T/kzX9jtt2Dtj4YeLw3w8y8MBHcWM/7RqWt7Z3dvfJ+5eDw6PikenrWNXGqKevQWMS6HxLDBFesY7kVrJ9oRmQoWC+c3ed+74lpw2P1aOcJCySZKB5xSmwutVsjPqrWvLq3BN4kfkFqUKA9qn4NxzFNJVOWCmLMwPcSG2REW04FW1SGqWEJoTMyYQNHFZHMBNny1gW+csoYR7F2pSxeqr8nMiKNmcvQdUpip2bdy8X/vEFqo7sg4ypJLVN0tShKBbYxzh/HY64ZtWLuCKGau1sxnRJNqHXxVFwI/vrLm6TbqPte3X+4qTUbRRxluIBLuAYfbqEJLWhDByhM4Rle4Q1J9ILe0ceqtYSKmXP4A/T5A7G4jfI=</latexit><latexit sha1_base64="BV1kYlPQ4bROy6V5vP9qW8ZhQFM=">AAAB63icbVBNSwMxEJ3Ur1q/qh69BIvgqewWQY8FLz1WsB/QLiWbZtvQJLskWaEs/QtePCji1T/kzX9jtt2Dtj4YeLw3w8y8MBHcWM/7RqWt7Z3dvfJ+5eDw6PikenrWNXGqKevQWMS6HxLDBFesY7kVrJ9oRmQoWC+c3ed+74lpw2P1aOcJCySZKB5xSmwutVsjPqrWvLq3BN4kfkFqUKA9qn4NxzFNJVOWCmLMwPcSG2REW04FW1SGqWEJoTMyYQNHFZHMBNny1gW+csoYR7F2pSxeqr8nMiKNmcvQdUpip2bdy8X/vEFqo7sg4ypJLVN0tShKBbYxzh/HY64ZtWLuCKGau1sxnRJNqHXxVFwI/vrLm6TbqPte3X+4qTUbRRxluIBLuAYfbqEJLWhDByhM4Rle4Q1J9ILe0ceqtYSKmXP4A/T5A7G4jfI=</latexit><latexit sha1_base64="BV1kYlPQ4bROy6V5vP9qW8ZhQFM=">AAAB63icbVBNSwMxEJ3Ur1q/qh69BIvgqewWQY8FLz1WsB/QLiWbZtvQJLskWaEs/QtePCji1T/kzX9jtt2Dtj4YeLw3w8y8MBHcWM/7RqWt7Z3dvfJ+5eDw6PikenrWNXGqKevQWMS6HxLDBFesY7kVrJ9oRmQoWC+c3ed+74lpw2P1aOcJCySZKB5xSmwutVsjPqrWvLq3BN4kfkFqUKA9qn4NxzFNJVOWCmLMwPcSG2REW04FW1SGqWEJoTMyYQNHFZHMBNny1gW+csoYR7F2pSxeqr8nMiKNmcvQdUpip2bdy8X/vEFqo7sg4ypJLVN0tShKBbYxzh/HY64ZtWLuCKGau1sxnRJNqHXxVFwI/vrLm6TbqPte3X+4qTUbRRxluIBLuAYfbqEJLWhDByhM4Rle4Q1J9ILe0ceqtYSKmXP4A/T5A7G4jfI=</latexit>

PWi
<latexit sha1_base64="Ndarp4TlnuohPM+kyumzrY9Tm8s=">AAAB63icbVDLSgNBEOz1GeMr6tHLYBA8hd0g6DHgxWME84BkCbOT2WTIzOwy0yuEkF/w4kERr/6QN//G2WQPmljQUFR1090VpVJY9P1vb2Nza3tnt7RX3j84PDqunJy2bZIZxlsskYnpRtRyKTRvoUDJu6nhVEWSd6LJXe53nrixItGPOE15qOhIi1gwirnU7AzEoFL1a/4CZJ0EBalCgeag8tUfJixTXCOT1Npe4KcYzqhBwSSfl/uZ5SllEzriPUc1VdyGs8Wtc3LplCGJE+NKI1movydmVFk7VZHrVBTHdtXLxf+8XobxbTgTOs2Qa7ZcFGeSYELyx8lQGM5QTh2hzAh3K2FjaihDF0/ZhRCsvrxO2vVa4NeCh+tqo17EUYJzuIArCOAGGnAPTWgBgzE8wyu8ecp78d69j2XrhlfMnMEfeJ8/yJKOAQ==</latexit><latexit sha1_base64="Ndarp4TlnuohPM+kyumzrY9Tm8s=">AAAB63icbVDLSgNBEOz1GeMr6tHLYBA8hd0g6DHgxWME84BkCbOT2WTIzOwy0yuEkF/w4kERr/6QN//G2WQPmljQUFR1090VpVJY9P1vb2Nza3tnt7RX3j84PDqunJy2bZIZxlsskYnpRtRyKTRvoUDJu6nhVEWSd6LJXe53nrixItGPOE15qOhIi1gwirnU7AzEoFL1a/4CZJ0EBalCgeag8tUfJixTXCOT1Npe4KcYzqhBwSSfl/uZ5SllEzriPUc1VdyGs8Wtc3LplCGJE+NKI1movydmVFk7VZHrVBTHdtXLxf+8XobxbTgTOs2Qa7ZcFGeSYELyx8lQGM5QTh2hzAh3K2FjaihDF0/ZhRCsvrxO2vVa4NeCh+tqo17EUYJzuIArCOAGGnAPTWgBgzE8wyu8ecp78d69j2XrhlfMnMEfeJ8/yJKOAQ==</latexit><latexit sha1_base64="Ndarp4TlnuohPM+kyumzrY9Tm8s=">AAAB63icbVDLSgNBEOz1GeMr6tHLYBA8hd0g6DHgxWME84BkCbOT2WTIzOwy0yuEkF/w4kERr/6QN//G2WQPmljQUFR1090VpVJY9P1vb2Nza3tnt7RX3j84PDqunJy2bZIZxlsskYnpRtRyKTRvoUDJu6nhVEWSd6LJXe53nrixItGPOE15qOhIi1gwirnU7AzEoFL1a/4CZJ0EBalCgeag8tUfJixTXCOT1Npe4KcYzqhBwSSfl/uZ5SllEzriPUc1VdyGs8Wtc3LplCGJE+NKI1movydmVFk7VZHrVBTHdtXLxf+8XobxbTgTOs2Qa7ZcFGeSYELyx8lQGM5QTh2hzAh3K2FjaihDF0/ZhRCsvrxO2vVa4NeCh+tqo17EUYJzuIArCOAGGnAPTWgBgzE8wyu8ecp78d69j2XrhlfMnMEfeJ8/yJKOAQ==</latexit><latexit sha1_base64="Ndarp4TlnuohPM+kyumzrY9Tm8s=">AAAB63icbVDLSgNBEOz1GeMr6tHLYBA8hd0g6DHgxWME84BkCbOT2WTIzOwy0yuEkF/w4kERr/6QN//G2WQPmljQUFR1090VpVJY9P1vb2Nza3tnt7RX3j84PDqunJy2bZIZxlsskYnpRtRyKTRvoUDJu6nhVEWSd6LJXe53nrixItGPOE15qOhIi1gwirnU7AzEoFL1a/4CZJ0EBalCgeag8tUfJixTXCOT1Npe4KcYzqhBwSSfl/uZ5SllEzriPUc1VdyGs8Wtc3LplCGJE+NKI1movydmVFk7VZHrVBTHdtXLxf+8XobxbTgTOs2Qa7ZcFGeSYELyx8lQGM5QTh2hzAh3K2FjaihDF0/ZhRCsvrxO2vVa4NeCh+tqo17EUYJzuIArCOAGGnAPTWgBgzE8wyu8ecp78d69j2XrhlfMnMEfeJ8/yJKOAQ==</latexit>

ICi
<latexit sha1_base64="UIsYf2mAP8tlkWHzcr2G9RjFQEA=">AAAB63icbVBNSwMxEJ34WetX1aOXYBE8ld0i6LHQi94q2A9ol5JNs21okl2SrFCW/gUvHhTx6h/y5r8x2+5BWx8MPN6bYWZemAhurOd9o43Nre2d3dJeef/g8Oi4cnLaMXGqKWvTWMS6FxLDBFesbbkVrJdoRmQoWDecNnO/+8S04bF6tLOEBZKMFY84JTaX7ptDPqxUvZq3AF4nfkGqUKA1rHwNRjFNJVOWCmJM3/cSG2REW04Fm5cHqWEJoVMyZn1HFZHMBNni1jm+dMoIR7F2pSxeqL8nMiKNmcnQdUpiJ2bVy8X/vH5qo9sg4ypJLVN0uShKBbYxzh/HI64ZtWLmCKGau1sxnRBNqHXxlF0I/urL66RTr/lezX+4rjbqRRwlOIcLuAIfbqABd9CCNlCYwDO8whuS6AW9o49l6wYqZs7gD9DnD59pjeY=</latexit><latexit sha1_base64="UIsYf2mAP8tlkWHzcr2G9RjFQEA=">AAAB63icbVBNSwMxEJ34WetX1aOXYBE8ld0i6LHQi94q2A9ol5JNs21okl2SrFCW/gUvHhTx6h/y5r8x2+5BWx8MPN6bYWZemAhurOd9o43Nre2d3dJeef/g8Oi4cnLaMXGqKWvTWMS6FxLDBFesbbkVrJdoRmQoWDecNnO/+8S04bF6tLOEBZKMFY84JTaX7ptDPqxUvZq3AF4nfkGqUKA1rHwNRjFNJVOWCmJM3/cSG2REW04Fm5cHqWEJoVMyZn1HFZHMBNni1jm+dMoIR7F2pSxeqL8nMiKNmcnQdUpiJ2bVy8X/vH5qo9sg4ypJLVN0uShKBbYxzh/HI64ZtWLmCKGau1sxnRBNqHXxlF0I/urL66RTr/lezX+4rjbqRRwlOIcLuAIfbqABd9CCNlCYwDO8whuS6AW9o49l6wYqZs7gD9DnD59pjeY=</latexit><latexit sha1_base64="UIsYf2mAP8tlkWHzcr2G9RjFQEA=">AAAB63icbVBNSwMxEJ34WetX1aOXYBE8ld0i6LHQi94q2A9ol5JNs21okl2SrFCW/gUvHhTx6h/y5r8x2+5BWx8MPN6bYWZemAhurOd9o43Nre2d3dJeef/g8Oi4cnLaMXGqKWvTWMS6FxLDBFesbbkVrJdoRmQoWDecNnO/+8S04bF6tLOEBZKMFY84JTaX7ptDPqxUvZq3AF4nfkGqUKA1rHwNRjFNJVOWCmJM3/cSG2REW04Fm5cHqWEJoVMyZn1HFZHMBNni1jm+dMoIR7F2pSxeqL8nMiKNmcnQdUpiJ2bVy8X/vH5qo9sg4ypJLVN0uShKBbYxzh/HI64ZtWLmCKGau1sxnRBNqHXxlF0I/urL66RTr/lezX+4rjbqRRwlOIcLuAIfbqABd9CCNlCYwDO8whuS6AW9o49l6wYqZs7gD9DnD59pjeY=</latexit><latexit sha1_base64="UIsYf2mAP8tlkWHzcr2G9RjFQEA=">AAAB63icbVBNSwMxEJ34WetX1aOXYBE8ld0i6LHQi94q2A9ol5JNs21okl2SrFCW/gUvHhTx6h/y5r8x2+5BWx8MPN6bYWZemAhurOd9o43Nre2d3dJeef/g8Oi4cnLaMXGqKWvTWMS6FxLDBFesbbkVrJdoRmQoWDecNnO/+8S04bF6tLOEBZKMFY84JTaX7ptDPqxUvZq3AF4nfkGqUKA1rHwNRjFNJVOWCmJM3/cSG2REW04Fm5cHqWEJoVMyZn1HFZHMBNni1jm+dMoIR7F2pSxeqL8nMiKNmcnQdUpiJ2bVy8X/vH5qo9sg4ypJLVN0uShKBbYxzh/HI64ZtWLmCKGau1sxnRBNqHXxlF0I/urL66RTr/lezX+4rjbqRRwlOIcLuAIfbqABd9CCNlCYwDO8whuS6AW9o49l6wYqZs7gD9DnD59pjeY=</latexit>

(
PHi � Ki

PSi
+ 1) ⇥ (

PWi � Ki

PSi
+ 1)

<latexit sha1_base64="16i8Ve4wlWY41djygtZqt+0eQgo=">AAACJ3icbVDLSsNAFJ3UV62vqEs3g0WoiCUpgq6k4KbgJqJ9QBPCZDpph04mYWYilNC/ceOvuBFURJf+idM2grZemOFwzrnce0+QMCqVZX0ahaXlldW14nppY3Nre8fc3WvJOBWYNHHMYtEJkCSMctJUVDHSSQRBUcBIOxheTfT2PRGSxvxOjRLiRajPaUgxUpryzcuKGwqEM6fh09Nrn44z51b/8ATax9BVNCIS/ljaixbfLFtVa1pwEdg5KIO8HN98cXsxTiPCFWZIyq5tJcrLkFAUMzIuuakkCcJD1CddDTnSC3jZ9M4xPNJMD4ax0I8rOGV/d2QoknIUBdoZITWQ89qE/E/rpiq88DLKk1QRjmeDwpRBFcNJaLBHBcGKjTRAWFC9K8QDpENROtqSDsGeP3kRtGpV26raN2flei2PowgOwCGoABucgzpoAAc0AQYP4Am8gjfj0Xg23o2PmbVg5D374E8ZX98sjqOU</latexit><latexit sha1_base64="16i8Ve4wlWY41djygtZqt+0eQgo=">AAACJ3icbVDLSsNAFJ3UV62vqEs3g0WoiCUpgq6k4KbgJqJ9QBPCZDpph04mYWYilNC/ceOvuBFURJf+idM2grZemOFwzrnce0+QMCqVZX0ahaXlldW14nppY3Nre8fc3WvJOBWYNHHMYtEJkCSMctJUVDHSSQRBUcBIOxheTfT2PRGSxvxOjRLiRajPaUgxUpryzcuKGwqEM6fh09Nrn44z51b/8ATax9BVNCIS/ljaixbfLFtVa1pwEdg5KIO8HN98cXsxTiPCFWZIyq5tJcrLkFAUMzIuuakkCcJD1CddDTnSC3jZ9M4xPNJMD4ax0I8rOGV/d2QoknIUBdoZITWQ89qE/E/rpiq88DLKk1QRjmeDwpRBFcNJaLBHBcGKjTRAWFC9K8QDpENROtqSDsGeP3kRtGpV26raN2flei2PowgOwCGoABucgzpoAAc0AQYP4Am8gjfj0Xg23o2PmbVg5D374E8ZX98sjqOU</latexit><latexit sha1_base64="16i8Ve4wlWY41djygtZqt+0eQgo=">AAACJ3icbVDLSsNAFJ3UV62vqEs3g0WoiCUpgq6k4KbgJqJ9QBPCZDpph04mYWYilNC/ceOvuBFURJf+idM2grZemOFwzrnce0+QMCqVZX0ahaXlldW14nppY3Nre8fc3WvJOBWYNHHMYtEJkCSMctJUVDHSSQRBUcBIOxheTfT2PRGSxvxOjRLiRajPaUgxUpryzcuKGwqEM6fh09Nrn44z51b/8ATax9BVNCIS/ljaixbfLFtVa1pwEdg5KIO8HN98cXsxTiPCFWZIyq5tJcrLkFAUMzIuuakkCcJD1CddDTnSC3jZ9M4xPNJMD4ax0I8rOGV/d2QoknIUBdoZITWQ89qE/E/rpiq88DLKk1QRjmeDwpRBFcNJaLBHBcGKjTRAWFC9K8QDpENROtqSDsGeP3kRtGpV26raN2flei2PowgOwCGoABucgzpoAAc0AQYP4Am8gjfj0Xg23o2PmbVg5D374E8ZX98sjqOU</latexit><latexit sha1_base64="16i8Ve4wlWY41djygtZqt+0eQgo=">AAACJ3icbVDLSsNAFJ3UV62vqEs3g0WoiCUpgq6k4KbgJqJ9QBPCZDpph04mYWYilNC/ceOvuBFURJf+idM2grZemOFwzrnce0+QMCqVZX0ahaXlldW14nppY3Nre8fc3WvJOBWYNHHMYtEJkCSMctJUVDHSSQRBUcBIOxheTfT2PRGSxvxOjRLiRajPaUgxUpryzcuKGwqEM6fh09Nrn44z51b/8ATax9BVNCIS/ljaixbfLFtVa1pwEdg5KIO8HN98cXsxTiPCFWZIyq5tJcrLkFAUMzIuuakkCcJD1CddDTnSC3jZ9M4xPNJMD4ax0I8rOGV/d2QoknIUBdoZITWQ89qE/E/rpiq88DLKk1QRjmeDwpRBFcNJaLBHBcGKjTRAWFC9K8QDpENROtqSDsGeP3kRtGpV26raN2flei2PowgOwCGoABucgzpoAAc0AQYP4Am8gjfj0Xg23o2PmbVg5D374E8ZX98sjqOU</latexit>

K2
i ⇥ ICi

<latexit sha1_base64="VzJiVsuIbLc8hsdlJE+3vha+Ixk=">AAAB+XicbVDLSgNBEOyNrxhfqx69DAbBU9gNgh4DuSheIpgHJOsyO5kkQ2YfzPQGwpI/8eJBEa/+iTf/xkmyB00saCiquunuChIpNDrOt1XY2Nza3inulvb2Dw6P7OOTlo5TxXiTxTJWnYBqLkXEmyhQ8k6iOA0DydvBuD732xOutIijR5wm3AvpMBIDwSgaybfte188VXsoQq7JXd0Xvl12Ks4CZJ24OSlDjoZvf/X6MUtDHiGTVOuu6yToZVShYJLPSr1U84SyMR3yrqERNZu8bHH5jFwYpU8GsTIVIVmovycyGmo9DQPTGVIc6VVvLv7ndVMc3HiZiJIUecSWiwapJBiTeQykLxRnKKeGUKaEuZWwEVWUoQmrZEJwV19eJ61qxXUq7sNVuVbN4yjCGZzDJbhwDTW4hQY0gcEEnuEV3qzMerHerY9la8HKZ07hD6zPH25KktA=</latexit><latexit sha1_base64="VzJiVsuIbLc8hsdlJE+3vha+Ixk=">AAAB+XicbVDLSgNBEOyNrxhfqx69DAbBU9gNgh4DuSheIpgHJOsyO5kkQ2YfzPQGwpI/8eJBEa/+iTf/xkmyB00saCiquunuChIpNDrOt1XY2Nza3inulvb2Dw6P7OOTlo5TxXiTxTJWnYBqLkXEmyhQ8k6iOA0DydvBuD732xOutIijR5wm3AvpMBIDwSgaybfte188VXsoQq7JXd0Xvl12Ks4CZJ24OSlDjoZvf/X6MUtDHiGTVOuu6yToZVShYJLPSr1U84SyMR3yrqERNZu8bHH5jFwYpU8GsTIVIVmovycyGmo9DQPTGVIc6VVvLv7ndVMc3HiZiJIUecSWiwapJBiTeQykLxRnKKeGUKaEuZWwEVWUoQmrZEJwV19eJ61qxXUq7sNVuVbN4yjCGZzDJbhwDTW4hQY0gcEEnuEV3qzMerHerY9la8HKZ07hD6zPH25KktA=</latexit><latexit sha1_base64="VzJiVsuIbLc8hsdlJE+3vha+Ixk=">AAAB+XicbVDLSgNBEOyNrxhfqx69DAbBU9gNgh4DuSheIpgHJOsyO5kkQ2YfzPQGwpI/8eJBEa/+iTf/xkmyB00saCiquunuChIpNDrOt1XY2Nza3inulvb2Dw6P7OOTlo5TxXiTxTJWnYBqLkXEmyhQ8k6iOA0DydvBuD732xOutIijR5wm3AvpMBIDwSgaybfte188VXsoQq7JXd0Xvl12Ks4CZJ24OSlDjoZvf/X6MUtDHiGTVOuu6yToZVShYJLPSr1U84SyMR3yrqERNZu8bHH5jFwYpU8GsTIVIVmovycyGmo9DQPTGVIc6VVvLv7ndVMc3HiZiJIUecSWiwapJBiTeQykLxRnKKeGUKaEuZWwEVWUoQmrZEJwV19eJ61qxXUq7sNVuVbN4yjCGZzDJbhwDTW4hQY0gcEEnuEV3qzMerHerY9la8HKZ07hD6zPH25KktA=</latexit><latexit sha1_base64="VzJiVsuIbLc8hsdlJE+3vha+Ixk=">AAAB+XicbVDLSgNBEOyNrxhfqx69DAbBU9gNgh4DuSheIpgHJOsyO5kkQ2YfzPQGwpI/8eJBEa/+iTf/xkmyB00saCiquunuChIpNDrOt1XY2Nza3inulvb2Dw6P7OOTlo5TxXiTxTJWnYBqLkXEmyhQ8k6iOA0DydvBuD732xOutIijR5wm3AvpMBIDwSgaybfte188VXsoQq7JXd0Xvl12Ks4CZJ24OSlDjoZvf/X6MUtDHiGTVOuu6yToZVShYJLPSr1U84SyMR3yrqERNZu8bHH5jFwYpU8GsTIVIVmovycyGmo9DQPTGVIc6VVvLv7ndVMc3HiZiJIUecSWiwapJBiTeQykLxRnKKeGUKaEuZWwEVWUoQmrZEJwV19eJ61qxXUq7sNVuVbN4yjCGZzDJbhwDTW4hQY0gcEEnuEV3qzMerHerY9la8HKZ07hD6zPH25KktA=</latexit>

Ki
<latexit sha1_base64="Eq6doCYsL7ASPdxUZiwJiFd2/Ks=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0mKUI8FL4KXivYD2lA220m7dLMJuxuhhP4ELx4U8eov8ua/cdvmoK0PBh7vzTAzL0gE18Z1v53CxubW9k5xt7S3f3B4VD4+aes4VQxbLBax6gZUo+ASW4Ybgd1EIY0CgZ1gcjP3O0+oNI/lo5km6Ed0JHnIGTVWergb8EG54lbdBcg68XJSgRzNQfmrP4xZGqE0TFCte56bGD+jynAmcFbqpxoTyiZ0hD1LJY1Q+9ni1Bm5sMqQhLGyJQ1ZqL8nMhppPY0C2xlRM9ar3lz8z+ulJrz2My6T1KBky0VhKoiJyfxvMuQKmRFTSyhT3N5K2JgqyoxNp2RD8FZfXiftWtVzq979VaVRy+MowhmcwyV4UIcG3EITWsBgBM/wCm+OcF6cd+dj2Vpw8plT+APn8wcXMo2b</latexit><latexit sha1_base64="Eq6doCYsL7ASPdxUZiwJiFd2/Ks=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0mKUI8FL4KXivYD2lA220m7dLMJuxuhhP4ELx4U8eov8ua/cdvmoK0PBh7vzTAzL0gE18Z1v53CxubW9k5xt7S3f3B4VD4+aes4VQxbLBax6gZUo+ASW4Ybgd1EIY0CgZ1gcjP3O0+oNI/lo5km6Ed0JHnIGTVWergb8EG54lbdBcg68XJSgRzNQfmrP4xZGqE0TFCte56bGD+jynAmcFbqpxoTyiZ0hD1LJY1Q+9ni1Bm5sMqQhLGyJQ1ZqL8nMhppPY0C2xlRM9ar3lz8z+ulJrz2My6T1KBky0VhKoiJyfxvMuQKmRFTSyhT3N5K2JgqyoxNp2RD8FZfXiftWtVzq979VaVRy+MowhmcwyV4UIcG3EITWsBgBM/wCm+OcF6cd+dj2Vpw8plT+APn8wcXMo2b</latexit><latexit sha1_base64="Eq6doCYsL7ASPdxUZiwJiFd2/Ks=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0mKUI8FL4KXivYD2lA220m7dLMJuxuhhP4ELx4U8eov8ua/cdvmoK0PBh7vzTAzL0gE18Z1v53CxubW9k5xt7S3f3B4VD4+aes4VQxbLBax6gZUo+ASW4Ybgd1EIY0CgZ1gcjP3O0+oNI/lo5km6Ed0JHnIGTVWergb8EG54lbdBcg68XJSgRzNQfmrP4xZGqE0TFCte56bGD+jynAmcFbqpxoTyiZ0hD1LJY1Q+9ni1Bm5sMqQhLGyJQ1ZqL8nMhppPY0C2xlRM9ar3lz8z+ulJrz2My6T1KBky0VhKoiJyfxvMuQKmRFTSyhT3N5K2JgqyoxNp2RD8FZfXiftWtVzq979VaVRy+MowhmcwyV4UIcG3EITWsBgBM/wCm+OcF6cd+dj2Vpw8plT+APn8wcXMo2b</latexit><latexit sha1_base64="Eq6doCYsL7ASPdxUZiwJiFd2/Ks=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0mKUI8FL4KXivYD2lA220m7dLMJuxuhhP4ELx4U8eov8ua/cdvmoK0PBh7vzTAzL0gE18Z1v53CxubW9k5xt7S3f3B4VD4+aes4VQxbLBax6gZUo+ASW4Ybgd1EIY0CgZ1gcjP3O0+oNI/lo5km6Ed0JHnIGTVWergb8EG54lbdBcg68XJSgRzNQfmrP4xZGqE0TFCte56bGD+jynAmcFbqpxoTyiZ0hD1LJY1Q+9ni1Bm5sMqQhLGyJQ1ZqL8nMhppPY0C2xlRM9ar3lz8z+ulJrz2My6T1KBky0VhKoiJyfxvMuQKmRFTSyhT3N5K2JgqyoxNp2RD8FZfXiftWtVzq979VaVRy+MowhmcwyV4UIcG3EITWsBgBM/wCm+OcF6cd+dj2Vpw8plT+APn8wcXMo2b</latexit>
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<latexit sha1_base64="piDj00IzQTLnZUL26CKm/kRZNAQ=">AAAB63icbVBNSwMxEJ34WetX1aOXYBE8ld0i6LHQizcr2A9ol5JNs21okl2SrFCW/gUvHhTx6h/y5r8x2+5BWx8MPN6bYWZemAhurOd9o43Nre2d3dJeef/g8Oi4cnLaMXGqKWvTWMS6FxLDBFesbbkVrJdoRmQoWDecNnO/+8S04bF6tLOEBZKMFY84JTaX7ptDPqxUvZq3AF4nfkGqUKA1rHwNRjFNJVOWCmJM3/cSG2REW04Fm5cHqWEJoVMyZn1HFZHMBNni1jm+dMoIR7F2pSxeqL8nMiKNmcnQdUpiJ2bVy8X/vH5qo9sg4ypJLVN0uShKBbYxzh/HI64ZtWLmCKGau1sxnRBNqHXxlF0I/urL66RTr/lezX+4rjbqRRwlOIcLuAIfbqABd9CCNlCYwDO8whuS6AW9o49l6wYqZs7gD9DnD6iTjew=</latexit><latexit sha1_base64="piDj00IzQTLnZUL26CKm/kRZNAQ=">AAAB63icbVBNSwMxEJ34WetX1aOXYBE8ld0i6LHQizcr2A9ol5JNs21okl2SrFCW/gUvHhTx6h/y5r8x2+5BWx8MPN6bYWZemAhurOd9o43Nre2d3dJeef/g8Oi4cnLaMXGqKWvTWMS6FxLDBFesbbkVrJdoRmQoWDecNnO/+8S04bF6tLOEBZKMFY84JTaX7ptDPqxUvZq3AF4nfkGqUKA1rHwNRjFNJVOWCmJM3/cSG2REW04Fm5cHqWEJoVMyZn1HFZHMBNni1jm+dMoIR7F2pSxeqL8nMiKNmcnQdUpiJ2bVy8X/vH5qo9sg4ypJLVN0uShKBbYxzh/HI64ZtWLmCKGau1sxnRBNqHXxlF0I/urL66RTr/lezX+4rjbqRRwlOIcLuAIfbqABd9CCNlCYwDO8whuS6AW9o49l6wYqZs7gD9DnD6iTjew=</latexit><latexit sha1_base64="piDj00IzQTLnZUL26CKm/kRZNAQ=">AAAB63icbVBNSwMxEJ34WetX1aOXYBE8ld0i6LHQizcr2A9ol5JNs21okl2SrFCW/gUvHhTx6h/y5r8x2+5BWx8MPN6bYWZemAhurOd9o43Nre2d3dJeef/g8Oi4cnLaMXGqKWvTWMS6FxLDBFesbbkVrJdoRmQoWDecNnO/+8S04bF6tLOEBZKMFY84JTaX7ptDPqxUvZq3AF4nfkGqUKA1rHwNRjFNJVOWCmJM3/cSG2REW04Fm5cHqWEJoVMyZn1HFZHMBNni1jm+dMoIR7F2pSxeqL8nMiKNmcnQdUpiJ2bVy8X/vH5qo9sg4ypJLVN0uShKBbYxzh/HI64ZtWLmCKGau1sxnRBNqHXxlF0I/urL66RTr/lezX+4rjbqRRwlOIcLuAIfbqABd9CCNlCYwDO8whuS6AW9o49l6wYqZs7gD9DnD6iTjew=</latexit><latexit sha1_base64="piDj00IzQTLnZUL26CKm/kRZNAQ=">AAAB63icbVBNSwMxEJ34WetX1aOXYBE8ld0i6LHQizcr2A9ol5JNs21okl2SrFCW/gUvHhTx6h/y5r8x2+5BWx8MPN6bYWZemAhurOd9o43Nre2d3dJeef/g8Oi4cnLaMXGqKWvTWMS6FxLDBFesbbkVrJdoRmQoWDecNnO/+8S04bF6tLOEBZKMFY84JTaX7ptDPqxUvZq3AF4nfkGqUKA1rHwNRjFNJVOWCmJM3/cSG2REW04Fm5cHqWEJoVMyZn1HFZHMBNni1jm+dMoIR7F2pSxeqL8nMiKNmcnQdUpiJ2bVy8X/vH5qo9sg4ypJLVN0uShKBbYxzh/HI64ZtWLmCKGau1sxnRBNqHXxlF0I/urL66RTr/lezX+4rjbqRRwlOIcLuAIfbqABd9CCNlCYwDO8whuS6AW9o49l6wYqZs7gD9DnD6iTjew=</latexit>

ICi
<latexit sha1_base64="UIsYf2mAP8tlkWHzcr2G9RjFQEA=">AAAB63icbVBNSwMxEJ34WetX1aOXYBE8ld0i6LHQi94q2A9ol5JNs21okl2SrFCW/gUvHhTx6h/y5r8x2+5BWx8MPN6bYWZemAhurOd9o43Nre2d3dJeef/g8Oi4cnLaMXGqKWvTWMS6FxLDBFesbbkVrJdoRmQoWDecNnO/+8S04bF6tLOEBZKMFY84JTaX7ptDPqxUvZq3AF4nfkGqUKA1rHwNRjFNJVOWCmJM3/cSG2REW04Fm5cHqWEJoVMyZn1HFZHMBNni1jm+dMoIR7F2pSxeqL8nMiKNmcnQdUpiJ2bVy8X/vH5qo9sg4ypJLVN0uShKBbYxzh/HI64ZtWLmCKGau1sxnRBNqHXxlF0I/urL66RTr/lezX+4rjbqRRwlOIcLuAIfbqABd9CCNlCYwDO8whuS6AW9o49l6wYqZs7gD9DnD59pjeY=</latexit><latexit sha1_base64="UIsYf2mAP8tlkWHzcr2G9RjFQEA=">AAAB63icbVBNSwMxEJ34WetX1aOXYBE8ld0i6LHQi94q2A9ol5JNs21okl2SrFCW/gUvHhTx6h/y5r8x2+5BWx8MPN6bYWZemAhurOd9o43Nre2d3dJeef/g8Oi4cnLaMXGqKWvTWMS6FxLDBFesbbkVrJdoRmQoWDecNnO/+8S04bF6tLOEBZKMFY84JTaX7ptDPqxUvZq3AF4nfkGqUKA1rHwNRjFNJVOWCmJM3/cSG2REW04Fm5cHqWEJoVMyZn1HFZHMBNni1jm+dMoIR7F2pSxeqL8nMiKNmcnQdUpiJ2bVy8X/vH5qo9sg4ypJLVN0uShKBbYxzh/HI64ZtWLmCKGau1sxnRBNqHXxlF0I/urL66RTr/lezX+4rjbqRRwlOIcLuAIfbqABd9CCNlCYwDO8whuS6AW9o49l6wYqZs7gD9DnD59pjeY=</latexit><latexit sha1_base64="UIsYf2mAP8tlkWHzcr2G9RjFQEA=">AAAB63icbVBNSwMxEJ34WetX1aOXYBE8ld0i6LHQi94q2A9ol5JNs21okl2SrFCW/gUvHhTx6h/y5r8x2+5BWx8MPN6bYWZemAhurOd9o43Nre2d3dJeef/g8Oi4cnLaMXGqKWvTWMS6FxLDBFesbbkVrJdoRmQoWDecNnO/+8S04bF6tLOEBZKMFY84JTaX7ptDPqxUvZq3AF4nfkGqUKA1rHwNRjFNJVOWCmJM3/cSG2REW04Fm5cHqWEJoVMyZn1HFZHMBNni1jm+dMoIR7F2pSxeqL8nMiKNmcnQdUpiJ2bVy8X/vH5qo9sg4ypJLVN0uShKBbYxzh/HI64ZtWLmCKGau1sxnRBNqHXxlF0I/urL66RTr/lezX+4rjbqRRwlOIcLuAIfbqABd9CCNlCYwDO8whuS6AW9o49l6wYqZs7gD9DnD59pjeY=</latexit><latexit sha1_base64="UIsYf2mAP8tlkWHzcr2G9RjFQEA=">AAAB63icbVBNSwMxEJ34WetX1aOXYBE8ld0i6LHQi94q2A9ol5JNs21okl2SrFCW/gUvHhTx6h/y5r8x2+5BWx8MPN6bYWZemAhurOd9o43Nre2d3dJeef/g8Oi4cnLaMXGqKWvTWMS6FxLDBFesbbkVrJdoRmQoWDecNnO/+8S04bF6tLOEBZKMFY84JTaX7ptDPqxUvZq3AF4nfkGqUKA1rHwNRjFNJVOWCmJM3/cSG2REW04Fm5cHqWEJoVMyZn1HFZHMBNni1jm+dMoIR7F2pSxeqL8nMiKNmcnQdUpiJ2bVy8X/vH5qo9sg4ypJLVN0uShKBbYxzh/HI64ZtWLmCKGau1sxnRBNqHXxlF0I/urL66RTr/lezX+4rjbqRRwlOIcLuAIfbqABd9CCNlCYwDO8whuS6AW9o49l6wYqZs7gD9DnD59pjeY=</latexit>
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i ⇥ ICi
<latexit sha1_base64="VzJiVsuIbLc8hsdlJE+3vha+Ixk=">AAAB+XicbVDLSgNBEOyNrxhfqx69DAbBU9gNgh4DuSheIpgHJOsyO5kkQ2YfzPQGwpI/8eJBEa/+iTf/xkmyB00saCiquunuChIpNDrOt1XY2Nza3inulvb2Dw6P7OOTlo5TxXiTxTJWnYBqLkXEmyhQ8k6iOA0DydvBuD732xOutIijR5wm3AvpMBIDwSgaybfte188VXsoQq7JXd0Xvl12Ks4CZJ24OSlDjoZvf/X6MUtDHiGTVOuu6yToZVShYJLPSr1U84SyMR3yrqERNZu8bHH5jFwYpU8GsTIVIVmovycyGmo9DQPTGVIc6VVvLv7ndVMc3HiZiJIUecSWiwapJBiTeQykLxRnKKeGUKaEuZWwEVWUoQmrZEJwV19eJ61qxXUq7sNVuVbN4yjCGZzDJbhwDTW4hQY0gcEEnuEV3qzMerHerY9la8HKZ07hD6zPH25KktA=</latexit><latexit sha1_base64="VzJiVsuIbLc8hsdlJE+3vha+Ixk=">AAAB+XicbVDLSgNBEOyNrxhfqx69DAbBU9gNgh4DuSheIpgHJOsyO5kkQ2YfzPQGwpI/8eJBEa/+iTf/xkmyB00saCiquunuChIpNDrOt1XY2Nza3inulvb2Dw6P7OOTlo5TxXiTxTJWnYBqLkXEmyhQ8k6iOA0DydvBuD732xOutIijR5wm3AvpMBIDwSgaybfte188VXsoQq7JXd0Xvl12Ks4CZJ24OSlDjoZvf/X6MUtDHiGTVOuu6yToZVShYJLPSr1U84SyMR3yrqERNZu8bHH5jFwYpU8GsTIVIVmovycyGmo9DQPTGVIc6VVvLv7ndVMc3HiZiJIUecSWiwapJBiTeQykLxRnKKeGUKaEuZWwEVWUoQmrZEJwV19eJ61qxXUq7sNVuVbN4yjCGZzDJbhwDTW4hQY0gcEEnuEV3qzMerHerY9la8HKZ07hD6zPH25KktA=</latexit><latexit sha1_base64="VzJiVsuIbLc8hsdlJE+3vha+Ixk=">AAAB+XicbVDLSgNBEOyNrxhfqx69DAbBU9gNgh4DuSheIpgHJOsyO5kkQ2YfzPQGwpI/8eJBEa/+iTf/xkmyB00saCiquunuChIpNDrOt1XY2Nza3inulvb2Dw6P7OOTlo5TxXiTxTJWnYBqLkXEmyhQ8k6iOA0DydvBuD732xOutIijR5wm3AvpMBIDwSgaybfte188VXsoQq7JXd0Xvl12Ks4CZJ24OSlDjoZvf/X6MUtDHiGTVOuu6yToZVShYJLPSr1U84SyMR3yrqERNZu8bHH5jFwYpU8GsTIVIVmovycyGmo9DQPTGVIc6VVvLv7ndVMc3HiZiJIUecSWiwapJBiTeQykLxRnKKeGUKaEuZWwEVWUoQmrZEJwV19eJ61qxXUq7sNVuVbN4yjCGZzDJbhwDTW4hQY0gcEEnuEV3qzMerHerY9la8HKZ07hD6zPH25KktA=</latexit><latexit sha1_base64="VzJiVsuIbLc8hsdlJE+3vha+Ixk=">AAAB+XicbVDLSgNBEOyNrxhfqx69DAbBU9gNgh4DuSheIpgHJOsyO5kkQ2YfzPQGwpI/8eJBEa/+iTf/xkmyB00saCiquunuChIpNDrOt1XY2Nza3inulvb2Dw6P7OOTlo5TxXiTxTJWnYBqLkXEmyhQ8k6iOA0DydvBuD732xOutIijR5wm3AvpMBIDwSgaybfte188VXsoQq7JXd0Xvl12Ks4CZJ24OSlDjoZvf/X6MUtDHiGTVOuu6yToZVShYJLPSr1U84SyMR3yrqERNZu8bHH5jFwYpU8GsTIVIVmovycyGmo9DQPTGVIc6VVvLv7ndVMc3HiZiJIUecSWiwapJBiTeQykLxRnKKeGUKaEuZWwEVWUoQmrZEJwV19eJ61qxXUq7sNVuVbN4yjCGZzDJbhwDTW4hQY0gcEEnuEV3qzMerHerY9la8HKZ07hD6zPH25KktA=</latexit>
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<latexit sha1_base64="piDj00IzQTLnZUL26CKm/kRZNAQ=">AAAB63icbVBNSwMxEJ34WetX1aOXYBE8ld0i6LHQizcr2A9ol5JNs21okl2SrFCW/gUvHhTx6h/y5r8x2+5BWx8MPN6bYWZemAhurOd9o43Nre2d3dJeef/g8Oi4cnLaMXGqKWvTWMS6FxLDBFesbbkVrJdoRmQoWDecNnO/+8S04bF6tLOEBZKMFY84JTaX7ptDPqxUvZq3AF4nfkGqUKA1rHwNRjFNJVOWCmJM3/cSG2REW04Fm5cHqWEJoVMyZn1HFZHMBNni1jm+dMoIR7F2pSxeqL8nMiKNmcnQdUpiJ2bVy8X/vH5qo9sg4ypJLVN0uShKBbYxzh/HI64ZtWLmCKGau1sxnRBNqHXxlF0I/urL66RTr/lezX+4rjbqRRwlOIcLuAIfbqABd9CCNlCYwDO8whuS6AW9o49l6wYqZs7gD9DnD6iTjew=</latexit><latexit sha1_base64="piDj00IzQTLnZUL26CKm/kRZNAQ=">AAAB63icbVBNSwMxEJ34WetX1aOXYBE8ld0i6LHQizcr2A9ol5JNs21okl2SrFCW/gUvHhTx6h/y5r8x2+5BWx8MPN6bYWZemAhurOd9o43Nre2d3dJeef/g8Oi4cnLaMXGqKWvTWMS6FxLDBFesbbkVrJdoRmQoWDecNnO/+8S04bF6tLOEBZKMFY84JTaX7ptDPqxUvZq3AF4nfkGqUKA1rHwNRjFNJVOWCmJM3/cSG2REW04Fm5cHqWEJoVMyZn1HFZHMBNni1jm+dMoIR7F2pSxeqL8nMiKNmcnQdUpiJ2bVy8X/vH5qo9sg4ypJLVN0uShKBbYxzh/HI64ZtWLmCKGau1sxnRBNqHXxlF0I/urL66RTr/lezX+4rjbqRRwlOIcLuAIfbqABd9CCNlCYwDO8whuS6AW9o49l6wYqZs7gD9DnD6iTjew=</latexit><latexit sha1_base64="piDj00IzQTLnZUL26CKm/kRZNAQ=">AAAB63icbVBNSwMxEJ34WetX1aOXYBE8ld0i6LHQizcr2A9ol5JNs21okl2SrFCW/gUvHhTx6h/y5r8x2+5BWx8MPN6bYWZemAhurOd9o43Nre2d3dJeef/g8Oi4cnLaMXGqKWvTWMS6FxLDBFesbbkVrJdoRmQoWDecNnO/+8S04bF6tLOEBZKMFY84JTaX7ptDPqxUvZq3AF4nfkGqUKA1rHwNRjFNJVOWCmJM3/cSG2REW04Fm5cHqWEJoVMyZn1HFZHMBNni1jm+dMoIR7F2pSxeqL8nMiKNmcnQdUpiJ2bVy8X/vH5qo9sg4ypJLVN0uShKBbYxzh/HI64ZtWLmCKGau1sxnRBNqHXxlF0I/urL66RTr/lezX+4rjbqRRwlOIcLuAIfbqABd9CCNlCYwDO8whuS6AW9o49l6wYqZs7gD9DnD6iTjew=</latexit><latexit sha1_base64="piDj00IzQTLnZUL26CKm/kRZNAQ=">AAAB63icbVBNSwMxEJ34WetX1aOXYBE8ld0i6LHQizcr2A9ol5JNs21okl2SrFCW/gUvHhTx6h/y5r8x2+5BWx8MPN6bYWZemAhurOd9o43Nre2d3dJeef/g8Oi4cnLaMXGqKWvTWMS6FxLDBFesbbkVrJdoRmQoWDecNnO/+8S04bF6tLOEBZKMFY84JTaX7ptDPqxUvZq3AF4nfkGqUKA1rHwNRjFNJVOWCmJM3/cSG2REW04Fm5cHqWEJoVMyZn1HFZHMBNni1jm+dMoIR7F2pSxeqL8nMiKNmcnQdUpiJ2bVy8X/vH5qo9sg4ypJLVN0uShKBbYxzh/HI64ZtWLmCKGau1sxnRBNqHXxlF0I/urL66RTr/lezX+4rjbqRRwlOIcLuAIfbqABd9CCNlCYwDO8whuS6AW9o49l6wYqZs7gD9DnD6iTjew=</latexit>

Input Features

Kernels

From convolution blocks to matrices (systolic array).
Matrices will be further decomposed to feed into
systolic array.
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Modeling the Energy

Assumptions

I Energy is decomposed as Data Transfer and Computation
I Energy per unit data access is considered as a constant for each memory level
I Data transfer energy inside systolic array is considered as computation energy for

atomic nature
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Modeling the Energy

Data Transfer Energy

I Energy (layer i):

EDi =
α1
OCi

+
α2

PHi × PWi
+ α3PHi + α4PWi

+
α5
PHi

+
α6
PWi

+
α7
ICi

.

I {α1, . . . , α7} are model-specific pre-characterized constants
I (α1/OCi) and (α7/ICi) refers to input and output. (α2/(PHi × PWi)) for weights
I Other items are for data preparation process used in layer fusion
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Modeling the Energy
Computation Energy

I Systolic array has (Thi × Twi) PEs which are all active in computation
I Denote K2

t × ICi as Di. (Di + Thi + Twi − 2) cycles are needed to compute each pair
of inputs and weights sub-matrices.

I A single call of the systolic array consumes energy:

(Thi × Twi)× (Di + Thi + Twi − 2)× ec,

where ec is the energy constant consumed by each PE per cycle
I Denote the energy of computing each pair of inputs and weights blocks as eb
I Total computation energy of layer i is ECi:

ECi =dNi/ICie × dHi/PHie × dWi/PWie × dMi/OCie × eb
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Modeling the Latency

Data Transfer Latency

I Latency (layer i):

LDi =
β1
OCi

+
β2

PHi × PWi
+ β3PHi + β4PWi

+
β5
PHi

+
β6
PWi

+
β7
ICi

.

I {β1, . . . , β7} are model-specific pre-characterized constants
I Other terms are following similar notation convention as used in energy formulation
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Modeling the Latency

Computation Latency

I A single call to the systolic array needs (Di + Thi + Twi − 2) cycles
I Denote the latency of computing each pair of inputs and weights blocks as lc which

includes multiple calls to systolic arrays
I Total computation latency of layer i is LCi:

LCi = ddNi / ICie × dHi / PHie / Uie × dWi / PWie × dMi / OCie × lc
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Constrained Power Minimization
I Constrained by memory and DSP resources, i.e. Buffertotal and DSPtotal

I Constrained by latency upper bound Lupper

I Formulation
min

Etotal

Ltotal
,

s.t. Bufferused ≤ Buffertotal,
DSPused ≤ DSPtotal,

Ltotal ≤ Lupper,

where Etotal =
∑Z

i=1(EDi + ECi), Ltotal =
∑Z

i=1(LDi + LCi), Z is the total number of
layers in model

I The formulation is of non-convex, non-linear, integer constrained
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Solution Exploration
A Two-Step Hierarchical Strategy

DNN Model

Narrow Search Space 

Enumerate Configurations

Estimate Power Performance

Model-based 
Exploration

 Candidates Set 1

Front-end Synthesis & Select

Candidates Set 2

Back-end Synthesis & Select

Final Design

Deployment
-based 

Exploration

Check Constraints

I Model-based exploration
I Deployment-based exploration
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Solution Exploration
Model-based exploration

I Narrow configuration search space with empirical constraints
I Enumerate solutions
I Exclude invalid solutions violating resource and latency constraints
I Estimate power-performance using the proposed power model and prune

suboptimal ones

Deployment-based exploration

I Verify surviving configurations by HLS further excluding FPGA incompatible solutions
I Synthesize further in back-end for real power-performance metrics
I Choose final configuration
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Experiments

DNN Model

Narrow Search Space 

Enumerate Configurations

Estimate Power Performance

Model-based 
Exploration

 Candidates Set 1

Front-end Synthesis & Select

Candidates Set 2

Back-end Synthesis & Select

Final Design

Deployment
-based 

Exploration

Check Constraints

Fig. 5 The proposed exploration flow, where the input is DNN
model, the output is final dataflow configuration.

need buffers with size ICi+1 ×Wi+1 × PSi+1 × CGLB , and the
vertical data have size ICi+1 × PHi+1 × PSi+1 × CGLB .

The local buffers Bufferilocal of fused layer i are needed in
each PE to store the intermediate data. Therefore, local buffer size
is equal to Ui × Thi × Twi × CPE , where CPE is a constant
representing size of local buffers per PE.

The number of DSPs used in each PE in systolic array can be
assumed as a constant, denoted as CDSP , which is also determined
by data precision. The total number of DSPs used by one layer is
equal to Ui × Thi × Twi × CDSP .

For a fused layer group with L layers, we have Bufferused and
DSPused in Equations (11) and (12).

Bufferused =

L∑

i=1

(
Bufferilocal +Bufferiglobal

)
, (11)

DSPused =

L∑

i=1

(Ui × Thi × Twi × CDSP ) . (12)

We use the proposed model as the metric of measuring power
performance of dataflow configurations. Any configurations violat-
ing the constraints will be excluded.

IV. DATAFLOW EXPLORATION

In this section, we discuss how to explore power optimal dataflow
configurations based on our proposed formulation. The Formula
(10) is non-convex and non-linear. Besides, all the parameters
should be integers according to their hardware meanings. It is nearly
impossible to enumerate all configurations in the search space
and run synthesis for them all. We therefore propose hierarchical
exploration which can be decomposed into two steps: model-based
exploration and deployment-based exploration. The overall solu-
tion exploration flow is in Fig. 5.

In model-based exploration, we estimate the power performance
of dataflow configurations using our power model. For a given
DNN model, firstly, we narrow the search space by adding more
practical and empirical constraints. This step is reasonable since
some specific domain knowledge cannot be expressed explicitly
in the objective function. For example, the on-chip buffer size
is usually the power of two. Therefore, the search space for
{OCi, PHi, PWi, ICi} is narrowed at a large scale. Further, to
help solve the latency constraints in Equation (10), we can constrain
the parameters in {Ui, Thi, Twi} to be greater than an acceptable
lower bound. Layer fusion strategy is highly related to the DNN
model structures. The fused layers should share similar structures
due to hardware regularity especially in FPGA. For example, for
VGG16, we split the model into several groups at pooling layers.
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Fig. 6 (a) If the number of BRAMs is not fixed, as the number
increases, more power is consumed. By fixing the BRAM but read
in same amounts of data, the power consumption is stable; (b) An
example of deploying 2 × 2 convolutions on PYNQ-Z1. As the
number of computation engines increases, the power increases. With
more BRAMs used, the power performance also decreases.

Then all layers in one group are fused, including convolutional
layers, ReLU layers, and pooling layers. For AlexNet, convolutional
layers sharing 3 × 3 kernels are fused. For layers with 11 × 11
and 5 × 5 kernels, they are not fused since the different kernel
sizes may lead to unstructured hardware designs which consume
lots of logic resources to do the logical controls. For the layers
which are not fused, we can follow the empirical ideas as proposed
in [25]. After narrowing the exploration space with such, all
possible legal configurations can be enumerated. Then we check the
constraints and discard the configurations violating any constraint.
A set of candidates with lower power values out of the remaining
configurations will survive.

In deployment-based exploration, we further verify the config-
urations selected in previous step, removing those incompatible to
FPGA hardware platform. Thus an even smaller set of candidates
are generated after front-end synthesis. Eventually, those candidates
passing all above pruning procedures are fed into the next step to
run the back-end synthesis to get the actual power-performance
metrics. The final optimal configurations is the one with the best
back-end power performance.

V. EXPERIMENTAL RESULTS

All experiments are conducted on Xilinx Zynq UltraScale+ MP-
SoC ZCU102 or PYNQ Z1 [26]. The design and deployment flow
are via Xilinx Vivado HLS 2018.2. Some fundamental convolution
examples, together with AlexNet and VGG16 are evaluated. The
Lupper is set as 108% of the baseline latency for AlexNet and
VGG16.

Firstly, the influences of instantiating different numbers of
BRAMs (global buffers) and computation engines are shown in
Fig. 6. As in Fig. 6(a), we only load and store data between
DRAM and FPGA, with different buffer sizes and data sizes.
The x-axis represents the number of BRAMs. If we enlarge the
BRAM capacity, i.e. instantiate more BRAMs, the system power
will increase significantly. If the BRAM size is fixed and we load
in the same data with the non-fixed version, data transfer wouldn’t
have negative impacts on power performance. Another example in
Fig. 6(b) shows the situation of finishing a 2× 2 convolution task
at various parallel levels. The convolution task is decomposed into
several smaller parallel sub-tasks. One parallel sub-task is assigned
with one computation engine. The difficulties of partitioning the

I (a) Non monotonic relation on BRAM size vs power consumption
I (b) Deploying 2× 2 convolutions on PYNQ-Z1. Power increases with the number of

computation engines and BRAMs.
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Fig. 7 Model fidelity analysis: (a) AlexNet; (b) VGG16.
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Fig. 8 The results of a set of configurations on: (a) power; (b)
latency.

TABLE II Power Performance and Utilization

DNN Model Power (W ) DSP BRAM FF LUT

AlexNet 4.042 1195 192 82255 126326
VGG16 5.333 1179 618 61034 134706

origin problem into sub-tasks lead to some fluctuations. It is remark-
able that the power consumption trend increases as the number of
computation engines increases. Considering the situations of using
same number of computation engines with different BRAM sizes,
obviously, more BRAMs consume more power. Inspired by this
experiment, it is reasonable to instantiate less BRAMs to save power
without loss of parallelism.

Secondly, two well known DNN models, AlexNet [1] and VGG16
[18] are applied to evaluate the power fidelity of our design flow.
We use the 16-bit fixed-point for feature maps and 8-bit fixed-point
for weights. A set of initial designs are selected randomly to show
the model fidelity, shown in Fig. 7(a) and Fig. 7(b). The x-axis
represents the index. To show the order fidelity, all the results are
normalized to 1. The power performance estimated by our model
have similar orders compared with the back-end synthesis power
results. This experiment has shown a clear proof on high fidelity of
our power model.

Crucially, a reasonable trade-off between power and latency is
also often desired, i.e. improvements on power should come with
only minimal or acceptable latency degradation. The initial designs
in Fig. 7(a) and Fig. 7(b) are used here as the baselines. Some
parameters of these designs are fixed and others are free to vary
in the search space, to get the corresponding model-optimized
configurations. As shown in Fig. 8(a) and Fig. 8(b), the baseline
designs are represented as 1 and the optimized configurations are
represented with ratios to the baselines. Most designs can achieve
more than 10% power benefits with the best even up to 31%. As
to the latency loss, most are less than 2% while only one is about
6.5%. It therefore, with the help of the proposed model, becomes
intriguing and effective to trade small latency for much better power
efficiency.

(a) (b)

Fig. 9 The schematics of our designs: (a) AlexNet; (b) VGG16.

Finally, we show the placement and routing results of VGG16 and
AlexNet in Fig. 8 on ZCU102 to further consolidate our designs.
As shown in Fig. 9, not all hardware resources are used in our
optimized design and routed wires are not very congested. As
a result, power consumption can be reduced. The corresponding
performance and utilization reports are in TABLE II. We consume
similar number of DSPs for computations in two models. The model
structure of VGG16 is more friendly to layer fusion, since the model
can be divided directly at pooling layers. Each group has two or
three convolutional layers and more BRAMs are consumed here.
Compared with VGG16, the model structure of AlexNet is more
complex therefore the layer fusion is limited. That explains why
less BRAMs are consumed for AlexNet.

VI. CONCLUSION AND DISCUSSIONS

In this paper, we have proposed a power-driven dataflow opti-
mization flow, which can estimate the dataflow configuration power
and guide the design efficiently. The results show that better power
performance can be obtained at a low cost of latency. There are still
several critical challenges existing in dataflow optimization of DNN
accelerator, and we expand a little bit in the rest of the section.

Design Space Exploration. In Fig. 5, likes most existing ef-
forts [6], [8], [11], [13], although the tremendously large design
space can be effectively reduced by domain knowledge, resource
constraints and empirical rules, and hence combinations of design
parameters can be almost exhaustively enumerated to determine
the optimal solution with the help of simulations [8], [11], the
quality of design space exploration still heavily depends on the
configuration performance measurement model and the time of
simulation. Recently, machine-learning-based design space explo-
ration methodologies have been proposed to achieve good design
parameters of circuits without much more simulations [27]–[29],
where a set of representative design configurations are selected for
simulation so that the predicted performance curve can be accurately
fitted with less simulations. The optimal design configuration can
be therefore well determined by the trained model. We believe the
machine-learning-based design space exploration will be a good
option to fast and effectively design DNN accelerators.

Timing Closure. Some low-power DNN FPGA accelerators
often result in high device utilization, which potentially imposes
difficulty on timing closure [30]. even though systolic array with
the local communication and regular layout have been used as the
computation core for the best performance. Recently, many arts
were proposed to generate better quality of result by tuning design
parameters in logic synthesis and physical synthesis [31]–[33]. In
addition, FPGA placement and routing methods were customized
for different scenarios [34]–[36]. However, performance benefits

I Model fidelity analysis on AlexNet and VGG16
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TABLE II Power Performance and Utilization

DNN Model Power (W ) DSP BRAM FF LUT

AlexNet 4.042 1195 192 82255 126326
VGG16 5.333 1179 618 61034 134706

origin problem into sub-tasks lead to some fluctuations. It is remark-
able that the power consumption trend increases as the number of
computation engines increases. Considering the situations of using
same number of computation engines with different BRAM sizes,
obviously, more BRAMs consume more power. Inspired by this
experiment, it is reasonable to instantiate less BRAMs to save power
without loss of parallelism.

Secondly, two well known DNN models, AlexNet [1] and VGG16
[18] are applied to evaluate the power fidelity of our design flow.
We use the 16-bit fixed-point for feature maps and 8-bit fixed-point
for weights. A set of initial designs are selected randomly to show
the model fidelity, shown in Fig. 7(a) and Fig. 7(b). The x-axis
represents the index. To show the order fidelity, all the results are
normalized to 1. The power performance estimated by our model
have similar orders compared with the back-end synthesis power
results. This experiment has shown a clear proof on high fidelity of
our power model.

Crucially, a reasonable trade-off between power and latency is
also often desired, i.e. improvements on power should come with
only minimal or acceptable latency degradation. The initial designs
in Fig. 7(a) and Fig. 7(b) are used here as the baselines. Some
parameters of these designs are fixed and others are free to vary
in the search space, to get the corresponding model-optimized
configurations. As shown in Fig. 8(a) and Fig. 8(b), the baseline
designs are represented as 1 and the optimized configurations are
represented with ratios to the baselines. Most designs can achieve
more than 10% power benefits with the best even up to 31%. As
to the latency loss, most are less than 2% while only one is about
6.5%. It therefore, with the help of the proposed model, becomes
intriguing and effective to trade small latency for much better power
efficiency.

(a) (b)

Fig. 9 The schematics of our designs: (a) AlexNet; (b) VGG16.

Finally, we show the placement and routing results of VGG16 and
AlexNet in Fig. 8 on ZCU102 to further consolidate our designs.
As shown in Fig. 9, not all hardware resources are used in our
optimized design and routed wires are not very congested. As
a result, power consumption can be reduced. The corresponding
performance and utilization reports are in TABLE II. We consume
similar number of DSPs for computations in two models. The model
structure of VGG16 is more friendly to layer fusion, since the model
can be divided directly at pooling layers. Each group has two or
three convolutional layers and more BRAMs are consumed here.
Compared with VGG16, the model structure of AlexNet is more
complex therefore the layer fusion is limited. That explains why
less BRAMs are consumed for AlexNet.

VI. CONCLUSION AND DISCUSSIONS

In this paper, we have proposed a power-driven dataflow opti-
mization flow, which can estimate the dataflow configuration power
and guide the design efficiently. The results show that better power
performance can be obtained at a low cost of latency. There are still
several critical challenges existing in dataflow optimization of DNN
accelerator, and we expand a little bit in the rest of the section.

Design Space Exploration. In Fig. 5, likes most existing ef-
forts [6], [8], [11], [13], although the tremendously large design
space can be effectively reduced by domain knowledge, resource
constraints and empirical rules, and hence combinations of design
parameters can be almost exhaustively enumerated to determine
the optimal solution with the help of simulations [8], [11], the
quality of design space exploration still heavily depends on the
configuration performance measurement model and the time of
simulation. Recently, machine-learning-based design space explo-
ration methodologies have been proposed to achieve good design
parameters of circuits without much more simulations [27]–[29],
where a set of representative design configurations are selected for
simulation so that the predicted performance curve can be accurately
fitted with less simulations. The optimal design configuration can
be therefore well determined by the trained model. We believe the
machine-learning-based design space exploration will be a good
option to fast and effectively design DNN accelerators.

Timing Closure. Some low-power DNN FPGA accelerators
often result in high device utilization, which potentially imposes
difficulty on timing closure [30]. even though systolic array with
the local communication and regular layout have been used as the
computation core for the best performance. Recently, many arts
were proposed to generate better quality of result by tuning design
parameters in logic synthesis and physical synthesis [31]–[33]. In
addition, FPGA placement and routing methods were customized
for different scenarios [34]–[36]. However, performance benefits

I Corresponding performance analysis.
I By sacrificing little latency performance, at most 6.5%, we can achieve more than 10%

power benefits, with best up to 31%.
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Further Discussions – Design Space Exploration
Current Solutions

I Most existing efforts explore the design space by defining white-box models to
approximate HLS results

I Still need lots of time to verify the results
I May lose good designs because of low model accuracy

Possible Directions

I Some machine learning models can be used, e.g. Bayesian Optimization in analog
circuit design

I Multi-fidelity algorithms, use cheap but inaccurate HLS results to help build the more
accurate back-end implementation models
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Further Discussions – Timing Closure

Current Solutions

I More and more complicated designs would impose difficulties on timing closure
I Some arts were proposed by tuning parameters in logical and physical synthesis
I Performance benefits are limited, by only considering back-end parameters tuning or

P&R methods selection

Possible Directions

I Take HLS code revision into consideration
I Revising HLS code, tuning back-end parameters and customizing FPGA

placement/routing methods can be considered in a uniform framework
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Thank You
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