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Hey Siri...

What’s my name?

Off‐network

What’s 100 divided by 2?

What is Apple?
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 Deep Learning (DL) models are now used in every modern computing system

 Hardware constraints are a key limiting factor for DL on mobile platforms
 Energy constraints: object detection drains smartphone battery in 1 hour! [Yang et al., CVPR’17]
 Edge‐cloud communication constraints
 On‐device inference (response) time constraints

Machine Learning Applications Push Hardware to its Limits
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Challenge: Designing DL Models under Hardware Constraints is Hard

 Hyper‐parameter optimization: Find DL model with optimal learning performance

 Hardware constraints lead to an ever more challenging design space
 12k models, 800 GPUs, 28 days ≈ 62 GPU‐years! [Zoph et al., arXiv:1707.07012, 2017]

Classification 
error (%)

DL model 
hyper‐parameters

#layers
#units

learning
rate

…
Classification 
error (%)

DL models with different 
hyper‐parameters

Energy 
consumption

40x
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We Can’t Optimize What We Can’t Measure: DL‐HW Models

DL practitioner

HW designer

Our Framework① Design space

② Hardware 
constraints

③ DL objectives

Hardware metrics 
modeling NeuralPower

 90% accurate models for power, energy, and latency for DL running on HW 
platforms; can be used as an objective or constraint

Machine learners

Target software/ 
hardware platform

Layer‐level models

Network‐level models

CNN architectureSelect/Build

Detailed power, 
runtime & energy, with 
breakdowns

Analysis 
& guidance
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NeuralPower: A Layer‐wise Predictive Framework

Machine learners

Target software/ 
hardware platform

Layer‐level models

Network‐level models

CNN architectureSelect/Build

Detailed power, 
runtime & energy, 
with breakdowns

Analysis 
& guidance

Lin, et al. (2014) arXiv:1312.4400

[E. Cai, D. Stamoulis, D.‐C. Juan, D. Marculescu, ACML’17]



Joint Workshop on Efficient Deep Learning in Computer Vision@ CVPR 2020 – June 15, 2020 7Diana Marculescu © 2020

NeuralPower: Network‐Level Models

 Energy:

 Runtime:

 Power:

9.5ms / 215W

6.9ms / 187W

5.2ms / 188W

13.1ms / 224W

Lin, et al. (2014) arXiv:1312.4400
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NeuralPower: Layer‐Level Models

 Runtime model:

 Power model:

Additional terms

Degree KT polynomial terms

Additional terms

Degree KP polynomial terms

e.g., Feature space for Conv. = {kernel size, stride size, padding size, #filters, …}

Feature space

e.g., Feature space for Conv. = {kernel size, log(kernel size), stride size, log(stride size), …}

Feature space
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Layer‐level Results

 Runtime:
 Baseline: Paleo [Qi et al., ICLR’17]: uses analytical methods to calculate the response time 

for CNNs

 Power:
 No prior work with respect to power prediction

[E. Cai, D. Stamoulis, D.‐C. Juan, D. Marculescu, ACML’17]
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Network‐level Results: Breakdown

Runtime Power

Paleo error: ‐96%
NeuralPower error:  ‐ 3%

*

* Comparison against prior art: “[H.Qi, E.R. Sparks, and A. Talwalkar., ICLR’17]

[E. Cai, D. Stamoulis, D.‐C. Juan, D. Marculescu, ACML’17]
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Network‐level Results: Runtime & Power

 Runtime

 Power

[E. Cai, D. Stamoulis, D.‐C. Juan, D. Marculescu, ACML’17]
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Network‐level Results: Energy

 Energy

[E. Cai, D. Stamoulis, D.‐C. Juan, D. Marculescu, ACML’17]
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If We Can Measure It, Can We Optimize It Efficiently?

Hardware‐aware NN search 
SinglePath HNAS

DL practitioner

HW designer

Our Framework① Design space

② Hardware 
constraints

③ DL objectives

 Neural architecture search can bring 5‐10x improvement in energy or latency 
with minimal loss in accuracy; or can satisfy real‐time constraints for inference

Hardware metrics 
modeling NeuralPower
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 Can we automatically design ConvNets with highest image classification accuracy 
under smartphone latency constraints?

 Can we reduce the search cost of Neural Architecture Search (NAS) 
from days down to a few hours?

Device‐aware ConvNet design: Key questions for practitioners 

Conv
3×3

1. Search 
Space

5×5

7×7

NAS

3. Latency Model2. NAS optimization
formulation

Learning 
Task

… …

Device‐Aware 
ConvNet

Mobile AutoML

>100 GPU hours
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Background: Multi‐Path Differentiable NAS

Input

Output

 Supernet: each candidate operation 
as a separate path per layer

 NAS problem viewed as an 
expensive path‐level selection

 Number of parameters per layer: 
all weights across all paths

Existing Multi‐Path Differentiable NAS approaches [1,2,3]

Conv 
5×5

Conv 
7×7

Conv 
3×3

0             1               0
Trainable 

NAS choices

[1] Cai et al. ProxylessNAS, ICLR’19, [2] Wu et al. FBNet, CVPR’19, [3] Liu et al. DARTS, ICLR’18 

 Multi‐path Differentiable NAS interchangeably updates NAS choices and model weights
 The combinatorially large design space leads to high search cost time (>100 GPU‐hours)
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Proposed Single‐Path NAS: Key contributions

Input

Output

Proposed methodology: incorporate all candidate ops over one single‐path  

 Supernet: all candidate operations 
in a single superkernel per layer

 NAS problem viewed as an 
efficient kernel‐level selection

 Number of parameters per layer: 
weights of largest candidate op only

 Novel differentiable “encoding” of NAS design choices over single‐path design space
 State‐of‐the‐art AutoML: up to 5,000× reduced search cost, ImageNet top1 75.62%

Conv 7×7
Conv 5×5
Conv 3×3 0

1
0

[D. Stamoulis, R. Ding, D. Wang, D. Lymberopoulos, B. Priyantha, J. Liu, D. Marculescu, ECML‐PKDD’19]
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 NAS kernel choice is formulated via a differentiable decision function [1,2]

Making kernel architectural decisions differentiable

Trainable kernel‐
threshold variable

Group lasso

Conv 5×5
Conv 3×3

3x
3 
co
nv
 

= + 0・superkernel

3x3 kernel weights “outer” shell weights

[1] Ding et al. FlightNNs, DAC’19
[2] Choi et al., PACT, 2018

5x
5 
co
nv
 

= + 1・
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 Similarly

Making channel architectural decisions differentiable

ex
p.
 ra

tio
 3

= 1・(superkernel

1st ½ of channels 2nd ½ of channels

+ 0・ )

ex
p.
 ra

tio
 6

= 1・( + 1・ )
dr
op

 la
ye
r

= 0・( + ?・ )

Trainable channels‐
threshold variables
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 Flexibly extendable to various NAS choices
 MobileNet space: [Tan et al.,’19]

model as large as largest candidate op

Single‐Path NAS: as costly as training a compact model
NAS Objective: Cross‐

entropy loss
Mobile runtime

loss term

Trade‐off 
parameter
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 Total ConvNet runtime is the sum 
of per‐layer runtimes [1,2]

 We profile on Pixel 1 phone
 Populate Look‐up‐Table model per layer i

 Express per‐layer runtime as a 
function of the Single‐Path NAS 
architectural choices

Hardware‐Aware NAS: Making Runtime Term Differentiable

Layer i –
Conv 3×3

Layer i –
Conv 5×5

Operation Runtime

5ms

7ms

…

[1] Cai et al. ProxylessNAS, ICLR’19, [2] Wu et al. FBNet, CVPR’19
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 Single‐Path ConvNet:
75.62% top‐1 ImageNet
accuracy (~80ms runtime)

 Single‐Path NAS: the 
reduced NAS search cost 
by up to 5,000×

Single‐Path NAS achieves state‐of‐the‐art AutoML results

[1] Tan et al.MnasNet, CVPR’19
[2] Wu et al. FBNet, CVPR’19

[3] Cai et al. ProxylessNAS, ICLR’19

Single‐Path NAS pushes state‐of‐the‐art w.r.t
both accuracy & NAS search cost

Single‐Path NAS 
improves upon 
manual designs

75.62% (top‐1)

5,000x search cost reduction

Multi‐Path NAS Standalone NAS
Manual Designs
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Can We Do Better?

Hardware‐aware NN search 
SinglePath HNAS

DL practitioner

HW designer

Our Framework① Design space

② Hardware 
constraints

③ DL objectives
Cut down model size
(F)LightNNs and LeGR

Hardware metrics 
modeling NeuralPower

 Up to 100x lower energy, 5x less area with minimal loss in accuracy

Power/Memory footprint

Test error

FLightNN
LeGR Pruning

Memory

Logic Memory 

FP 
ALU
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A Broad Spectrum of Lightweight NNs
Po

w
er
/M

em
or
y

Test error

Full‐precision

FLightNN

Memory

Logic
functions

FP 
ALU

LightNN‐2

LightNN‐1
BNN

Our BNN

Smaller
memory
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LightNNs: Lightweight quantized DNN model

 Replace multipliers with limited shift and add operators
 𝑤 ⋅ 𝑥 ൌ 𝑠𝑖𝑔𝑛 𝑤 2௡భ ൅ 2௡మ ൅ ⋯൅ 2௡಼ ⋅ 𝑥 ൌ 𝑠𝑖𝑔𝑛 𝑤 𝑥 ≪ 𝑛ଵ ൅⋯൅ 𝑥 ≪ 𝑛௄
 We constrain 𝐾 to be one or two
 When 𝐾 ൌ 1, the equivalent multiplier is just a shift
 When 𝐾 ൌ 2, the equivalent multiplier is two shifts and one add (shown below)
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Training LightNNs

 Backpropagation algorithm is modified to improve the accuracy of trained 
LightNNs

Initialization Forward 
(rounding 
weights)

Backward 
(floating‐point
gradients)

Update weights
(floating‐point

weights)

𝒘𝒄 ൌ 𝑟𝑜𝑢𝑛𝑑 ሺ𝒘𝒕ି𝟏ሻ 𝜕𝑙
𝜕𝒘𝒄

𝒘𝒕 ൌ 𝒘𝒕ି𝟏 െ 𝜂
𝜕𝑙
𝜕𝒘𝒄𝒘𝒕ି𝟏 is also saved 

for weights update

random 𝒘𝟎

𝑙: loss function 𝜂: learning rate

[R. Ding, D. Liu, S. Blanton, D. Marculescu, GLSVLSI’17, ACM TRETS’19]
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Test error results

 In most cases, from good to bad: Conventional > LightNNs > BNNs

MNIST CIFAR‐10

1‐hidden 2‐conv 3‐hidden 3‐conv 6‐conv

Number of parameters 79,510 431,080 36,818,954 82,208 39,191,690

Test error 

Conventional 1.72% 0.86% 0.75% 21.16% 10.94%

LightNN‐2 1.86% 1.29% 0.83% 24.62% 8.84%

LightNN‐1 2.09% 2.31% 0.89% 26.11% 8.79%

BinaryConnect 4.10% 4.63% 1.29% 43.22% 9.90%

LightNN‐2‐bin 2.94% 1.67% 0.89% 32.58% 10.12%

LightNN‐1‐bin 3.10% 1.86% 0.94% 36.56% 9.05%

BinaryNet 6.79% 3.16% 0.96% 73.82% 11.40%
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Energy‐Accuracy results
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MNIST CIFAR‐10

LightNNs
Conventional models

~100x energy reduction 
without accuracy loss

LightNNs achieve more continuous Pareto front compared to conventional DNN models

indicates Pareto‐optimal configs
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FLightNNs = Flexible LightNNs

 With higher flexibility and improved training algorithm, FLightNNs create a 
better Pareto front

Po
w
er
/M

em
or
y

Test error

Full‐precision

FLightNN

Memory

Logic
functions

FP 
ALU

LightNN‐2

LightNN‐1

Reduced
memory
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Flexible‐ LightNNs (FLightNNs)

 FLightNNs use customized 𝑘 for each filter

0.5 0.25

‐0.5 ‐1

0.25 ‐1

1 1

0.25 0.25

0.5 0.5

1 1

‐0.5 0.25

0.5 0.25

‐0.5 ‐1

0.25 ‐1

1 1

‐0.25 1

0.375 0.375

0.375 1

0.625 ‐0.5

0.375 0.125

‐0.5 0.625

0.375 0.625

0.125 ‐0.5

‐0.25 1

0.375 0.375

0.375 1

0.625 ‐0.5

LightNN‐1 filters LightNN‐2 filtersFLightNN filters

[R. Ding, D. Liu, T.‐W. Chin, S. Blanton, D. Marculescu, DAC’19]
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FLightNN vs. LightNNs

 Experiment on CIFAR‐100 shows that FLightNNs create a better Pareto front 
than LightNN‐1 and LightNN‐2 



Joint Workshop on Efficient Deep Learning in Computer Vision@ CVPR 2020 – June 15, 2020 51Diana Marculescu © 2020

Can we recover BNN accuracy loss?
Po

w
er
/M

em
or
y

Test error

Full‐precision

FLightNN

Memory

Logic
functions

FP 
ALU

LightNN‐2

LightNN‐1
BNN

Our BNN

Reduced
memory
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Regularizing activation distribution for increased accuracy

 Identify which of the issues is present
 Degeneration
 Saturation
 Gradient mismatch

 Adjust regularization
 Shift distribution to 25‐75 percentiles

 Enable differentiability

[R. Ding, T.‐W. Chin, D. Liu, D. Marculescu, CVPR’19]
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Accuracy improvement results

 Our proposed regularization loss consistently improves accuracy of prior BNNs
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FLightNNs and our improved BNNs create a better Pareto front
Po
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Logic
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FP 
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Our BNN

Reduced
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What else can we try? Filter (channel) pruning

Cat Dog

Probability

Reduces computation and storage Feature map

Channel

…
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What else can we try? Filter (channel) pruning

Cat Dog

Probability

Reduces computation and storage

Hurts 
accuracy

Needs fine-tuning

Feature map

Channel

…
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What else can we try? Filter (channel) pruning

Cat Dog

Probability

Reduces computation and storage

Needs fine-tuning

Feature map

Channel

…
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Trading off accuracy for computation resources

 Performance of filter pruning
 How good is the trade‐off curve
 How long does it take to obtain 

solutions on the curve

Computation (FLOPs)

A
cc

ur
ac

y
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Pruning efficiently is important

 In some applications, we do not know a priori the target FLOPs and/or 
accuracy that result in the optimal utility of the application

Embodied AI where both time to the 
destination and the closeness to the 
destination matter in non‐trivial ways
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Our solution

[T.‐W. Chin, R. Ding, C. Zhang, D. Marculescu, CVPR’20]

complexities
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Low cost pruning by Learning a Global Ranking (LeGR)

 If we can learn a global ranking of importance for filters in a CNN, 
pruning to a certain computational (FLOPs) budget can be done 
simply with thresholding

Importance
highlow

80%
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Low cost pruning by Learning a Global Ranking (LeGR)

 If we can learn a global ranking of importance for filters in a CNN, 
pruning to a certain computational (FLOPs) budget can be done 
simply with thresholding

Importance
highlow

30%
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Learning the right ranking is hard

 Worst case complexity for the optimal ranking is O(K!) CNN 
evaluations and re‐trainings, where K is the total number of filters 
in the CNN

 Assumption based on empirical results [Li et al., ICLR’17]
 𝑙ଶ norms of filter weights can accurately rank filters in an intra‐layer fashion.

 New ranking metric

𝑆௜ ൌ 𝛼௟ሺ௜ሻ Θ௜ ൅ 𝜅௟ሺ௜ሻ

Layer‐wise affine transformation coefficients

𝑙ଶ norms of the ith filter weights
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How to evaluate the goodness of a global ranking?

 Assume an arbitrary 𝜁ி௅ை௉௦% of original FLOPs

max
ఈ,఑

 Acc Finetune Threshold 𝐒, 𝜁ி௅ை௉௦ 𝑆௜ ൌ 𝛼௟ሺ௜ሻ Θ௜ ൅ 𝜅௟ሺ௜ሻ

Layers

Θ
ଶ

Transform 
w/ a 𝜶‐𝜿

pair

Fine‐tune

Layers

𝛼
Θ

ଶ
൅
𝜅

[T.‐W. Chin, R. Ding, C. Zhang, D. Marculescu, CVPR’20]
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Accuracy/FLOPs trade‐offs

 Note that for our proposed LeGR, the ranking is learned only once for each 
network

[T.‐W. Chin, R. Ding, C. Zhang, D. Marculescu, CVPR’20]
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 Channel pruning introduces an almost linear relationship between FLOPs and 
latency

FLOPs vs. latency

[T.‐W. Chin, R. Ding, C. Zhang, D. Marculescu, CVPR’20]
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We Put the “Machine” Back in ML for True Co‐Design

Impact: This methodology can enable the optimal design of hardware‐constrained DL
applications running onmobile/IoT platforms

Hardware‐aware NN search 
HyperPower  Expected benefits for DL training: 

Speedup hardware‐constrained optimal DL 
model search by 3 orders of magnitude 

 Expected benefits for DL deployment: 
Improve DL model hardware efficiency by 
2 orders of magnitude

DL practitioner

HW designer

Our Framework① Design space

② Hardware 
constraints

③ DL objectives
Cut down model size
(F)LightNNs and LeGR

Hardware metrics 
modeling NeuralPower
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Hey Siri...

What’s my name?

Off‐network



Thank you!
Questions
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