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Bilinear Model: approximate the energy consumption.
Assumption: For each layer 𝑗, the energy estimation
can be modeled by the interaction between 𝑠# and 𝑠#$%:

&ℰ(𝐬) = 𝑎- +/
#0%

𝒰

𝑎#𝑠#𝑠#$%

Estimate the energy model via a data-driven approach:
min

56,58,…,5 𝒰 :-
E𝐬[ &ℰ 𝐬 − ℰ(𝐬) >]

Motivation

ECC: Platform-Independent Energy-Constrained Deep Neural Network Compression
via a Bilinear Regression Model
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• DNNs are increasingly being deployed on
energy-constrained devices;

• Here, we compressed DNN to meet given
energy budgets across different platforms.

• Proposed a bilinear energy consumption model of DNN
inference;

• Leveraged the energy estimation model to formulate
DNN compression as constrained optimization;

• Outperformed state of the arts.

Overview

Energy Estimation Model

Optimization Algorithm

Experiment Results

Conclusion

The overall objective:
min
𝒲

ℓ 𝒲

s. t. 𝜙 𝐰 # ≤ 𝑠#, 𝑗 = 1,2, … 𝒰
ℰ 𝐬 ≤ 𝐸KLMNOP

ADMM reformulation:
min
𝒲,𝐬

max
S:-,𝐲:𝟎

ℓ 𝒲 +ℒ% 𝒲, 𝐬, 𝐲 + ℒ>(𝐬, 𝑧)

ℒ%:=
𝜌%
2
/

#
𝜙 𝑤 # − 𝑠# $

>
+/

#
𝑦#(𝜙 𝑤 # − 𝑠#)

ℒ>:=
𝜌>
2

&ℰ 𝐬 − 𝐸KLMNOP $
>
+ 𝑧( &ℰ 𝐬 − 𝐸KLMNOP)

Update 𝒲:
𝒲 ← argmin

𝒲
ℓ 𝒲 + ℒ% 𝒲, 𝐬, 𝐲

Update 𝐬:
𝐬 ← 𝐬 − 𝛽∇𝐬(ℒ% 𝒲, 𝐬, 𝐲 + ℒ>(𝐬, 𝑧))

Update 𝐲, z:
𝑦# ← 𝑦# + 𝜌%(𝜙 𝑤 # − 𝑠#) $
𝑧 ← 𝑧 + 𝜌>( &ℰ 𝐬 − 𝐸KLMNOP) $

ECC framework overview:

DNN parameters
DNN training Loss

convolution layers
#nonzero channels

energy consumption

𝜙 𝐰 # ≤ 𝑠# &ℰ 𝐬 ≤ 𝐸KLMNOP

Averaged-IoU comparison of compressed ERFNet on the Cityscapes dataset

Prediction error of energy model #Nonzero channels Classification accuracy
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