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Convolutional Networks

LeNet AlexNet

VGG Inception

ResNet

DenseNet

HRNet
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Why architecture matters?

Representation 
power

Optimization 
Characteristics

Generalization Efficiency
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Advances in CNN Architecture Design

2012-2015

Fast developing 
stage

Aim for high 
accuracy

2015-2017

Mature stage

Aim for simple 
design principles

2017-Present

Prosperous stage

Aim for better accuracy-
speed tradeoff

• AlexNet
• ZF-Net
• DSN
• NIN
• VGG
• GoogleNet
• …

• Highway Networks
• FractalNet
• ResNet
• DenseNet
• ResNeXt
• Dual Path Network
• …

Neural Arch. Search
• NASNet
• DARTS
• …

Light-weighted models
• MobileNet (V1, V2, V3)
• CondenseNet
• ShuffleNet (V1, V2)
• …

Dynamic models
• MSDNet
• Block-Drop
• Glance and Focus
• …

Transformers?!
• ViT and its variants
• …
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CNNs for Mobile Applications

Goal:

➢ Low compute

➢ Low latency

➢ Low memory cost
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Main Idea:
✓ Split convolution into multiple groups

Standard Convolution Group Convolution 

𝑂
𝐶 × 𝐶

𝐺
𝑂 𝐶 × 𝐶

CNNs using Group Convolution:

✓ AlexNet (Krizhevsky et al, NIPS’12)

✓ ResNeXt (Xie et al, CVPR’17)

✓ CondenseNet (Huang et al, 

CVPR’18)

✓ ShuffleNet (Zhang et al, CVPR’18)

✓ …

Group Convolution
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Main Idea:
✓ Split convolution into multiple groups, each group has one channel

Networks using DSC:

✓ Xception (Chollet, CVPR’17)

✓ MobileNet (Howard et al, CVPR’18)

✓ MobileNet V2 (Sandler et al, 2018)

✓ ShuffleNet V2 (Ma et al, CVPR’19)

✓ NasNet (Zoph, CVPR’18)

✓ …

Depth-wise Separable Convolution (DSC)
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MobileNet v1 [Howard et al, CVPR’18]

✓ Depth-wise separable convolution 

MobileNet v2 [Sandler et al, CVPR’19]

✓ Inverted Residuals and Linear Bottlenecks

MobileNet v3 [Howard et al, CVPR’19]

✓ Introducing neural architecture search

MoblieNets

Inverted Residuals in MoblieNet v2

Comparison of MoblieNet v3 and other models
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ShuffleNet v1 [Zhang et al, CVPR’18]

✓ Consecutive group convolution with channel shuffling

ShuffleNet v2 [Ma et al, ECCV’18]

✓ Feature reuse with dense connection 

✓ Special design for hardware efficiency

ShuffleNets

Residual unit 
with DWC

ShuffleNet v1 : Group 
Conv with channel shuffle

ShuffleNet v2 : Channel 
split and dense connection
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CondenseNets v1 [Huang et al, CVPR’18]

✓ Sparsified dense connections

✓ Learned group convolution

CondenseNets v2 [Yang et al, CVPR’21]

✓ Feature reactivation

CondenseNets
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Why do we need dynamic neural networks?
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Accuracy-Time Tradeoff



18*Photo Courtesy of Pixel Addict (CC BY-ND 2.0)

Bigger is better

Bigger models are needed for 
those noncanonical images.



19*Photo Courtesy of Willian Doyle(CC BY-ND 2.0)

Bigger is better
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Why do we use the same expensive model for all 

images?
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The model architecture (depth, width, etc) should be 

conditioned on the input!

Small Network

Big Network
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Outline

1. Overview of CNN backbones

2. Architecture design for mobile CNNs

3. Dynamic CNNs for mobile applications

A. Sample-wise Dynamic Networks

B. Spatial-wise Dynamic Networks

C. Temporal-wise Dynamic Networks
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Sample-wise Dynamic Neural Networks

Dynamic 
Networks

Sample-wise 
Dynamic 

Networks

Dynamic 
Architecture

Dynamic Depth

Early Exiting

Layer Skipping

Dynamic Width

Skip Neurons

Skip Channels

Skip Branches
Dynamic 
Routing

Dynamic 
Parameter

Parameter 
Adjustment

Attention on 
Weights

Kernel Shape 
Adaptation

Parameter 
Prediction

Dynamic 
Features

Channel-wise

Spatial-wise

Dynamic 
Activation

Spatial-wise 
Dynamic 

Networks

Temporal-wise 
Dynamic 

Networks
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Sample-wise Dynamic Neural Networks

Sample-wise 
Dynamic 

Networks

Dynamic 
Architecture

Dynamic Depth
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Dynamic Width
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Sample-wise Dynamic Neural Networks

Sample-wise 
Dynamic 

Networks

Dynamic 
Architecture

Dynamic Depth

Early Exiting

Layer Skipping

Dynamic Width

Skip Neurons

Skip Channels

Skip Branches
Dynamic 
Routing
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Dynamic Depth: Early Exiting
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Early Exiting: Two Implementations
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Dynamic Depth: Early Exiting

A challenge: Intermediate classifiers may interfere with each other

Classifiers only work well on coarse-scale feature maps

Nearly all computation has been done before getting a coarse feature

D
o

w
n

-s
a

m
p

lin
g

L
in

e
a

r

Output

Fine-level features Mid-level features Coarse-level features
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Input
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Dynamic Depth: Early Exiting

Solution: Multi-scale Architecture

Fine-level features

Mid-level features

Coarse-level features
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Dynamic Depth: Early Exiting

Solution: Multi-scale Architecture

Fine-level features

Mid-level features

Coarse-level features
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Dynamic Depth: Early Exiting

Solution: Multi-scale Architecture

Classifier 4Classifier 2 Classifier 3Classifier 1

…

…

…

Test 

Input

…

Classifiers only operate on high level features!

Fine-level features

Mid-level features

Coarse-level features
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Classifier 4Classifier 2 Classifier 3Classifier 1

…

…

…

Test 
Input

…

Multi-scale densenet
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Classifier 4Classifier 2 Classifier 3Classifier 1

…

…

…

…Classifier 2 Classifier 3Classifier 1

cat: 0.2

0.2 ≱ threshold

cat: 0.4

0.4 ≱ threshold

cat: 0.6

0.6 > threshold

Multi-scale densenet
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Multi-Scale DenseNet
Results

2x-5x speedup over DenseNet
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Classifier 4Classifier 2 Classifier 3Classifier 1

…

…

…

Test 
Input

…

Visualization
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Class: 

red wine

Class: 

volcano

"easy" "hard"

Visualization

(exit at first classifier) (exit at last classifier)
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Dynamic Depth: Layer Skipping

Conv +

A regular residual block
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Dynamic Depth: Layer Skipping

Conv +

Gating

Module

1
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Dynamic Depth: Layer Skipping

+

Gating

Module

0



41

Layer Skipping Based on Policy Networks
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Sample-wise Dynamic Neural Networks

Sample-wise 
Dynamic 

Networks

Dynamic 
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Dynamic Depth
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Sample-wise Dynamic Neural Networks

Sample-wise 
Dynamic 
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Architecture

Dynamic Depth
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Skip Channels
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Dynamic Width
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Skip Channels

Input Output
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Skip Channels

Input Output
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Skip Channels based on Gating Function

Gating
Module

1,0,1,0

Conv
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Multi-stage Structure

Horse: 0.2
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Multi-stage Structure

Horse: 0.6
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Multi-stage Structure

Horse: 0.8
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Skip Branches

Mixture of Experts (MoE)

Soft MoE Hard MoE
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Sample-wise Dynamic Neural Networks

Sample-wise 
Dynamic 

Networks

Dynamic 
Architecture

Dynamic Depth

Early Exiting

Layer Skipping

Dynamic Width

Skip Neurons

Skip Channels

Skip Branches
Dynamic 
Routing

Attention on 

Dynamically Activate 
network modules in 
classic architectures
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Sample-wise Dynamic Neural Networks

Sample-wise 
Dynamic 

Networks

Dynamic 
Architecture

Dynamic Depth

Early Exiting

Layer Skipping

Dynamic Width

Skip Neurons

Skip Channels

Skip Branches
Dynamic 
Routing

Attention on 

Routing in a SuperNet with 
various inference paths
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Dynamic Routing in SuperNets

Tree structure Multi-scale structure
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Sample-wise Dynamic Neural Networks

Dynamic 
Networks

Sample-wise 
Dynamic 

Networks

Dynamic 
Architecture

Dynamic Depth

Early Exiting

Layer Skipping

Dynamic Width

Skip Neurons

Skip Channels

Skip Branches
Dynamic 
Routing

Dynamic 
Parameter

Parameter 
Adjustment

Attention on 
Weights

Kernel Shape 
Adaptation

Parameter 
Prediction

Dynamic 
Features

Channel-wise

Spatial-wise

Dynamic 
Activation

Spatial-wise 
Dynamic 

Networks

Temporal-wise 
Dynamic 
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Sample-wise Dynamic Neural Networks

Sample-wise 
Dynamic 

Networks

Dynamic 
Architecture

Dynamic 
Parameter

Parameter 
Adjustment

Attention on 
Weights

Kernel Shape 
Adaptation

Parameter 
Prediction

Dynamic 
Features

Channel-wise

Spatial-wise

Dynamic 
Activation
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Dynamic Parameter: Weight Adjustment

∗

Original Parameter

Regular convolution

Input Feature

Output Feature
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Dynamic Parameter: Weight Adjustment

∗

Original Parameter

Input Feature

Output Feature

Parameter
Adjustment

Dynamic Parameter
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Dynamic Parameter: Weight Ensemble

∗

Original Parameters

Input Feature

Output Feature

Dynamic Parameter

×

𝛼1
𝛼2
𝛼3

𝚺
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Dynamic Parameter: Weight Prediction

∗
Input Feature

Output Feature

Parameter
Prediction

Dynamic Parameter
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Kernel Shape Adaptation
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Dynamic Parameter: Weight Adjustment

+

× 𝛼1 × 𝛼2 × 𝛼3

∗

∗ ∗ ∗

+

෍

𝑛

𝛼𝑛𝐖𝑛 ∗ 𝐱 =෍

𝑛

𝛼𝑛 𝐖𝑛 ∗ 𝐱

× 𝛼1 × 𝛼2 × 𝛼3
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Channel-wise Attention

Attention
Module

×

Original Output Feature Dynamic Feature

𝐱 ∗𝐖 ⊗𝜶 = 𝐱 ∗ 𝐖⊗𝜶
Dynamic Features Dynamic Weights
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Outline

1. Overview of CNN backbones

2. Architecture design for mobile CNNs

3. Dynamic CNNs for mobile applications

A. Sample-wise Dynamic Networks

B. Spatial-wise Dynamic Networks

C. Temporal-wise Dynamic Networks
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From Sample Adaptive to Spatial Adaptive
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Pixel-level Dynamic Network

Sampling module: generate a sampling indicator mask

Sparse Convolution: compute features at sampled points 

Interpolation module: reconstruct entire feature map
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Region-level Dynamic Network

Patch
Selection

Crop

(x,y,h,w)

Network
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Region-level Dynamic Network

Human visual system processes 
information progressively.



Glance and Focus Network (GFNet)
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No

Crop

Resize

Glance

Focus



Recurrent

Networks
ConvNets

Feature

Maps

Feature

Vectors
Cropping &

Resizing

Network Architecture
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x̃ 1

Resize

…

x̃ 3

x̃ 2

Input: Image x

Crop

Crop



Training - Stage I

Recurrent

Networks
ConvNets

Feature

Maps

Feature

Vectors
Cropping &

Resizing

e 3

x̃ 1

Resize

Global Encoder

e 1 ē 1

Local Encoder

fl

fg

e 2 ē 2

……

Global Pooling

…

x̃ 3

x̃ 2

Input: Image x

ē3

fc

Classifier

fc

fc

…

h c2

h c3

h c1

fl

Crop

Crop

p 2

p 3

p 1

Random 

Location

Random 

Location

Minimize Average

Cross-entropy

Loss
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Minimize Average
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Minimize Average

Cross-entropy

Loss

Recurrent

Networks
ConvNets

Feature

Maps
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Cropping &
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Discounted Rewards
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Results (FLOPs)
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Results (FLOPs)
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Results (FLOPs)

85



Results (iPhone XS Max)
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Results (Visualization)
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Results (Visualization)
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Low-resolution representations are sufficient to 
recognize “easy” samples.



Resolution Adaptation

Inactivated

Correct

• Easy samples (e.g. images 

containing large objects):

• Hard samples (e.g. images 

containing tiny objects) :

Correct

Confusing



Resolution Adaptive Network

(Prediction Confidence < 1 )

Confusing

(Prediction Confidence > 2 )

Exit

Predict label: Owl

Inference Stop

• Threshold (i) controlling 
exiting of a sample.



Resolution Adaptive Network

(Prediction Confidence <  )

Confusing

(Prediction Confidence < 2 )

Confusing

(Prediction Confidence <  )

Confusing

(Prediction Confidence < 4 )

Confusing

(Prediction Confidence > 5 )

Exit

Predict label: Owl
Inference Stop



Results: Budgeted Batch Classification

~1.0%

~1.2%



Visualization

◼ Images with multiple 

objects can be hard 

samples.

◼ Images with tiny 

objects can be hard 

samples.

◼ Images with objects w/o 

representative characteristics

can be hard samples.

Easy           hard                 Easy             Hard                Easy            Hard  
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2. Architecture design for mobile CNNs

3. Dynamic CNNs for mobile applications

A. Sample-wise Dynamic Networks

B. Spatial-wise Dynamic Networks

C. Temporal-wise Dynamic Networks



Dynamic 
Networks

Instance-wise 
Dynamic 

Networks

Spatial-wise 
Dynamic 

Networks

Temporal-wise 
Dynamic 

Networks

Spatially & Temporally Adaptive Inference for Videos
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Sequential Data: Video/Text

A small portion of frames have 
sufficient task-relevant information!



(a) Input Video (label: diving) 

(b) Temporal-based Methods (existing works) 

(c) AdaFocus (ours)

(d) AdaFocus+  

Adaptive Focus for

Efficient Video

Recognition 



⇡

Crop C fc

Global CNN

fg

Local CNNfl
Classifier

Policy 

Network

ṽ tImage Patch

v tVideo Frame

p t

⇡

Crop C fc

Video Frame vt+ 1

Image Patch ṽt+ 1

… …
… …

…
…

Prediction

pt+ 1

Recurrent

Networks

Forward

Identity

Updating

Hidden

State

C

Concatenation



Offline Video Recognition on ActivityNet
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RNN-based Approaches
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Efficiency
Representation 

Power
Adaptiveness

Compatibility Generality Interpretability

Advantages of Dynamic Neural Networks
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Discussion

Theories
Architecture 

Design

Applicability on 
more diverse 

tasks

Gap between 
theoretical & 

practical 
efficiency

Robustness Interpretability

Challenges in Dynamic Neural Networks
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4

Hierarchy of dynamic 

networks

Han & Huang, et al, Dynamic neural networks: A survey, arXiv:2102.04906

arXiv Paper
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Thank you!


