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Overview

Ø Introduction
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Why architecture matters?

Representation power Optimization 
Characteristics

Generalization Efficiency
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Advances in Neural Architecture Design

2012-2015

Fast developing stage
High diversity

2015-2017
Mature stage

Starting to converge

2017-Present
Prosperous stage
Very high diversity

• 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 （V1, V2）
• ShuffleNet (V1, V2)
• …

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

Transformer?!
• …
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Dynamic Neural Networks
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Development of Deep Learning
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Accuracy-Time Tradeoff
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Most conventional neural networks recognize all 
instances with the same architecture.

Canonical (“easy”)

Noncanonical (“hard”)

Big Network

Big Network
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A naïve idea of adaptive inference

Canonical (“easy”)

Noncanonical (“hard”)

Big Network

Small Network
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Dynamic networks can
adapt their architectures to each sample.
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Most conventional neural networks recognize all 
instances with the same parameters.

Input

Conv Kernel

∗
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Most conventional neural networks recognize all 
instances with the same parameters.

Input

Conv Kernel

∗
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Dynamic networks can
adapt their parameters to each sample.
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Overview

Ø Sample-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 BranchesDynamic 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



17

Early Exiting
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Early Exiting: Two Implementations
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Early Exiting

A challenge: Intermediate classifiers may interfere with each other
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Classifier Classifier Classifier

Fine-level features Mid-level features Coarse-level features

Classifiers only work well on coarse-scale feature maps

Nearly all computation has been done before getting a coarse feature
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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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Class: 
red wine

Class: 
volcano

"easy" "hard"

Dynamic Depth: Early Exiting

(exit at first classifier) (exit at last classifier)
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Dynamic Vision Transformers

The ViT structure
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Dynamic Vision Transformers

Not All Images are Worth 16x16 Words!
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Dynamic Vision Transformers

Dynamic inference with a cascade of ViTs
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Dynamic Vision Transformers

Component (1) Feature Reuse Component (2) Relationship Reuse

Two key components in dynamic ViTs
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Dynamic Vision Transformers
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Sample-wise Dynamic Neural Networks
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Layer Skipping

Conv +

A regular residual block
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Layer Skipping

Conv +

Gating
Module

1



35

Layer Skipping

+

Gating
Module

0
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Sample-wise Dynamic Neural Networks
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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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Sample-wise Dynamic Neural Networks
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Skip Branches

Mixture of Experts (MoE)

Soft MoE Hard MoE
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Routing in SuperNets with 
various inference paths

Sample-wise Dynamic Neural Networks
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modules in classic architectures
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Dynamic Routing in SuperNets

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

∗

Original Parameter

Regular convolution

Input Feature

Output Feature
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Parameter Adjustment

∗

Original Parameter

Input Feature
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Parameter
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Dynamic Parameter
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Parameter Adjustment

∗
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Parameter Adjustment
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Parameter Adjustment
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Parameter Prediction

∗
Input Feature

Output Feature

Parameter
Prediction

Dynamic Parameter
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Kernel Shape Adaptation
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Vision Transformer with Deformable Attention

• Hand crafted attention pattern 
V.S. data-dependent pattern.

• Deformable attention with shared 
keys to all queries.

• More flexibility with acceptable 
memory consumption.
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1. Compute offsets from queries.
2. Sample features according to deformed locations.
3. Compute deformed attention.

Vision Transformer with Deformable Attention
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Visualizations of higher attention keys w.r.t. given query (top: ours, bottom: Swin Transformer).

Vision Transformer with Deformable Attention
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Sample-wise Dynamic Neural Networks
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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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From Sample Adaptive to Spatial Adaptive
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Most conventional networks perform the same computation 
across different spatial locations of an image.

Less Informative More Informative
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Overview

Ø Spatial-wise Dynamic Networks
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Spatial-wise Dynamic Neural Networks
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Pixel-level Dynamic Network

Mask 
Generation

Sparse 
Convolution
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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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Spatial-wise Dynamic Neural Networks
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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.
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Visualization

77
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Spatial-wise Dynamic Neural Networks
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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 < e1 )

Confusing
(Prediction Confidence > e2 )

Exit
Predict label: Owl

Inference Stop

• Threshold (ei) controlling 
exiting of a sample.



Resolution Adaptive Network

(Prediction Confidence < e )

Confusing
(Prediction Confidence < e2 )

Confusing

(Prediction Confidence < e )

Confusing
(Prediction Confidence < e4 )

Confusing

(Prediction Confidence > e5 )

Exit

Predict label: Owl
Inference Stop



Visualization

n Images with multiple 
objects can be hard 
samples.

n Images with tiny 
objects can be hard 
samples.

n Images with objects w/o 
representative characteristics
can be hard samples.

Easy           hard                 Easy             Hard                Easy            Hard  
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Overview

Ø Temporal-wise Dynamic Networks
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Dynamic Architecture

Dynamic 
Networks

Sample-wise 
Dynamic 
networks

Spatial-wise 
Dynamic 

Networks

Temporal-wise 
Dynamic 

Networks

Text

Dynamic Update 
of Hidden States

Temporally 
Early Exiting

Dynamic 
Jumping

Video

Frame Sampling

Dynamic Update 
of Hidden States

Dynamic 
Jumping

Early Exiting
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RNN-based Approaches



(a) Input Video (label: diving) 

(b) Temporal-based Methods (existing works) 

(c) AdaFocus (ours)

(d) AdaFocus+  

Adaptive Focus for Efficient Video
Recognition

Patch-level spatial-wise + 
Temporal-wise (frame skipping) 
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Offline Video Recognition on ActivityNet



AdaFocus-v2: end-to-end training



AdaFocus-v2: end-to-end training
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Overview

Ø Inference & Training
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Decision Making: Based on Confidence

(Prediction Confidence < e1 )

Confusing
(Prediction Confidence > e2 )

Exit
Predict label: Owl

Inference Stop

• Threshold (ei) controlling 
exiting of a sample.
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Decision Making: Based on Policy Networks



95

Decision Making: Based on Gating Functions

Layer Skipping Branch skipping

Spatial-wise dynamic convolutionChannel skipping
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Optimization for Discrete Decisions

Gradient Estimation
• Gumbel SoftMax, for training plug-in modules

• Layer skipping
• Channel skipping
• Pixel selection
• …

Reinforcement Learning
• For training policy networks

• Layer skipping
• Patch selection
• Frame selection
• ...
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Training Objectives for Encouraging Sparsity

• Activation rate of layers/channels/selected locations

• FLOPs

𝐿 = 𝐿!"#$ + 𝐿%&'()(%*)+
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Overview

Ø Applications
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Application of Dynamic Networks 
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Overview

Ø Discussion
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Advantages

Efficiency

Representation Power

Adaptiveness

Compatibility

Generality

Interpretability
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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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A (relatively) 
comprehensive survey

on dynamic neural 
networks

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

arXiv Paper
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Thank you!


