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Neural Architecture
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The Blooming of CNNs
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Bypass Connection
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x`+1 = F`(x`) + x`

= F`(x`) + F`�1(x`�1) + x`�1

= F`(x`) + F`�1(x`�1) + ...+ F1(x1)

= y`�1 + y`�2 + ...+ y1.

Direct gradient flow between any two layer, makes 
optimizer easy to optimize. 



Cons of Residual Connection
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• Information loss during summation (especially in deep case)

Cifar-10 param error

Res-32 0.46M 7.51

Res-44 0.66M 7.17

Res-56 0.85M 6.97

Res-110 1.7M 6.43

Res-1202 19.4M 7.93

3 + 10 + 15 = 28 (easy)

28 = ? + ? + ? (difficult)



Improves of Residual Connection
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• Avoid information loss via replacing sum with concat

3 + 10 + 15 = 28 (easy)

28 = ? + ? + ? (difficult)

concat(3, 10, 15) = [3, 10, 15]

[3, 10, 15] = concat(3, 10, 15)

# ResNet pre-activation
def ResidualBlock(x):
    x1 = BN_ReLU_Conv(x)
    x2 = BN_ReLU_Conv(x1)
    return x + x2

for i in range(N):
    model.add(ResidualBlock)

# DenseNet BC structure 
def DenseBlock(x):
    x1 = BN_ReLU_Conv(x)
    x2 = BN_ReLU_Conv(x1)
    return Concat([x, x2])

for i in range(N):
    model.add(DenseBlock)

Huang, G., Liu, Z., Van Der Maaten, L., & Weinberger, K. Q. (2017). Densely connected convolutional networks. In 
Proceedings of the IEEE conference on computer vision and pattern recognition (pp. 4700-4708).



DenseNet
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Huang, G., Liu, Z., Van Der Maaten, L., & Weinberger, K. Q. (2017). Densely connected convolutional networks. In 
Proceedings of the IEEE conference on computer vision and pattern recognition (pp. 4700-4708).

• Concat is more parameter-efficient than sum.



Cons of Concatenation
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• Disadvantage : 

• Exploding parameters in deep networks-> O(n^2) 

• Redundant inputs in deeper layers

Dense-40-12 1.0M

Dense-100-12 7.0M

Dense-100-24 27.2M

Dense-200-12 OOM



Rethink about ResNet and DenseNet
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• Features are densely aggregated in both ResNet and DenseNet.

x`+1 = F`(x`) + x`

= F`(x`) + F`�1(x`�1) + x`�1

= F`(x`) + F`�1(x`�1) + ...+ F1(x1)

= y`�1 + y`�2 + ...+ y1.

x`+1 = F`(x`)� x`

= F`(x`)� F`�1(x`�1)� x`�1

= F`(x`)� F`�1(x`�1)� ...� F1(x1)

= y`�1 � y`�2 � ...� y1.



Variations of dense aggregation (how to aggregate)
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ResNet DenseNet Mixed Link Dual Path



Sum and Concat
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• ResNet and DenseNet are both dense aggregation structure. 

• Summation appears to be powerful on gradients, BUT 

• Information loss leads to parameter deficiency  

• Concat is a better way of aggregations, BUT 

• Blowing params and redundancy 

• Any way to utilize both advantages without bringing new troubles? 



Sparsely Aggregated Convolutional Networks
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Zhu, L., Deng, R., Maire, M., Deng, Z., Mori, G., & Tan, P. (2018). Sparsely aggregated convolutional 
networks. In Proceedings of the European Conference on Computer Vision (ECCV) (pp. 186-201).

• Instead of “how to aggregate”, consider “what to aggregate” 

• Only gather layers with exponential offsets



Params and Gradient Flow Analysis
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Zhu, L., Deng, R., Maire, M., Deng, Z., Mori, G., & Tan, P. (2018). Sparsely aggregated convolutional 
networks. In Proceedings of the European Conference on Computer Vision (ECCV) (pp. 186-201).

• The total skip connections (params) 

• The gradient flow between any two layers 

• For example, when base is 2

logc1 + logc2 + ...+ logcN = logcN ! ⇡ logcN
N = O(NlgN)

N o↵sets => logcN ⇥ (c� 1) steps

14 o↵sets => 11102 => 3 steps

23 o↵sets => 101112 => 4 steps



Dense Concatenation and Sparse Aggregation

�13

(a) Dense Aggregation: Equivalent Exploded View of (a)

F0 × F1 × F2 × F3 × F4 × F5 × F6 × F7 × F8

(b) Sparse Aggregation (Our Proposed Topology)

F0 × F1 × F2 × F3 × F4 × F5 × F6 × F7 × F8

ResNet & DenseNet: each layer takes all previous outputs.

SparseNet: each layer takes all outputs with exponential offset (e.g., i-1, i - 2, i - 4, i - 8 …)

Zhu, L., Deng, R., Maire, M., Deng, Z., Mori, G., & Tan, P. (2018). Sparsely aggregated convolutional 
networks. In Proceedings of the European Conference on Computer Vision (ECCV) (pp. 186-201).



Better parameter utilization
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Zhu, L., Deng, R., Maire, M., Deng, Z., Mori, G., & Tan, P. (2018). Sparsely aggregated convolutional 
networks. In Proceedings of the European Conference on Computer Vision (ECCV) (pp. 186-201).



Better Param-Perform Curve
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Zhu, L., Deng, R., Maire, M., Deng, Z., Mori, G., & Tan, P. (2018). Sparsely aggregated convolutional 
networks. In Proceedings of the European Conference on Computer Vision (ECCV) (pp. 186-201).



Remaining Question
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• What if, let the network self-choose what to aggregate?



From Manual Design to Architecture Search
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Manual 
Architecture 

Design

VGGNets 
Inception Models 

ResNets 
DenseNets 

….

Automatic 
Architecture 

Search

Human Expertise Machine Learning

Reinforcement Learning 
Neuro-evolution 

Bayesian Optimization 
Monte Carlo Tree Search 

…

Computational  
Resources



NASNet 
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Everything is good, except the cost
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Learning Transferable Architectures for Scalable Image Recognition

4 days * 24 hours * 500 GPUs = 48,000 GPU hours



Common Way: Proxy
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• Search on a small dataset, then transfer to large one(s). 

• e.g., CIFAR -> ImageNet  

• Search a subset(a single or few blocks), then repeats 

• Train only a few epochs instead fully train the model.

Proxy leads to sub-optimal!



Exploration on Efficient NAS
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Efficient Architecture Search by Network Transformation
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Net2Wider

Net2Deeper



Efficient Architecture Search by Network Transformation
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• Instead of sample a random layer, sample a equivalent transformation



Exploration on Efficient NAS
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Understanding and Simplifying One-Shot 
Architecture Search 
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1. Train a larger network (with all candidates) 

2. Sample a path, validate the performance.  

3. Repeat step 2. 

4. Choose the one with highest performance.
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Massachusetts Institute of Technology

Han Cai, Ligeng Zhu, Song Han

ProxylessNAS: Direct Neural Architecture Search 
on Target Task and Hardware
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From General Design to Specialized CNN

ResNet

Inception

DenseNet

MobileNet

ShuffleNet

Previous Paradigm: 
One CNN for all datasets.

Our Work: 
Customize CNN for each dataset.

Proxyless 
NAS
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From General Design to Specialized CNN

Previous Paradigm: 
One CNN for all platforms.

ResNet 

Inception 

DenseNet 

MobileNet 

ShuffleNet

Our Work: 
Customize CNN for each platform.

Proxyless 
NAS
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Conventional NAS: Computation Expensive

Current neural architecture search (NAS) is VERY EXPENSIVE. 
• NASNet: 48,000 GPU hours ≈ 5 years on single GPU
• DARTS: 100Gb GPU memory* ≈ 9 times of modern GPU 

Therefore, previous work have to utilize proxy tasks:
• CIFAR-10 -> ImageNet
• Small architecture space (e.g. low depth) -> large architecture space
• Fewer epochs training -> full training

…….
*if directly search on ImageNet, like us

Proxy 
Task

Transfer
Architecture

Updates

Target Task & 
HardwareLearner
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Conventional NAS: proxy-based

Proxies:
• CIFAR-10 -> ImageNet
• Small architecture space (e.g. low depth) -> large architecture space
• Fewer epochs training -> full training
Limitations of Proxy
• Suboptimal for the target task
• Blocks are forced to share the same structure.
• Cannot optimize for specific hardware.

Proxy 
Task

Transfer
Architecture

Updates

Target Task & 
HardwareLearner
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Our Work: proxyless, save GPU hours by 200x

Goal: Directly learn architectures on the target task and hardware, while allowing all 
blocks to have different structures. We achieved by

1. Reducing the cost of NAS (GPU hours and memory) to the same level of regular training.
2. Cooperating hardware feedback (e.g. latency) into the search process.

Learner
Target 
Task & 

Hardware

Architecture

Update

Proxy 
Task

Transfer
Architecture

Update

Target 
Task & 

Hardware
Learner
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To make NAS 200x more Efficient

poor weapon but smart students
Less GPUs but: 

we have more efficient algorithm

AI research institutes:
Good weapon (GPU cluster)

Many Engineers 

High-end GPU cluster

Many Engineers 

poor equipment, smart algorithmGoogle, Facebook, NVIDIA
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Model Compression           

Pruning  

Binarization
Save GPU hours Save GPU Memory

Neural Architecture Search
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Pruning redundant paths based on architecture parameters
Simplify NAS to be a single training process of a over-parameterized network. 

No meta controller. Stand on the shoulder of giants.
Build the cumbersome network with all candidate paths

Save GPU Hours
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Save GPU Memory

Binarize the architecture parameters and allow only one path of activation to be active 
in memory at run-time.

We propose gradient-based and RL methods to update the binarized parameters.
Thereby, the memory footprint reduces from O(N) to O(1).



Search Cost
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FLOPs != Latency
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10% FLOPs difference

60% latency difference



Hardware-aware Constraints
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Op Lat.

4ms

3ms

7ms

… …

1ms

… …
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Learnable Block i Latency Lookup Table (LUT)

Estimated  
Latency

Arch 
Info

Query the latency from the lookup table.

E[LATi] =P↵ ⇥ F (conv 3x3)+

P� ⇥ F (conv 5x5)+

P� ⇥ F (identity)+

......

P⇣ ⇥ F (pool 3x3)
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Loss = LossCE + �1||w||22 + �2E[LAT]
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E[LAT] =
NX

i

E[LATi]
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Gradient Based

Reinforce Based
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Results: ProxylessNAS on CIFAR-10

• Directly explore a huge space: 54 distinct blocks and  possible architectures
• State-of-the-art test error with 6X fewer params (Compared to AmeobaNet-B)
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When targeting GPU platform, the accuracy is further improved to 75.1%. 
3.1% higher than MobilenetV2. 

Results: Proxyless-NAS on ImageNet, 
GPU Platform
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• With >74.5% top-1 accuracy, ProxylessNAS is 1.8x faster than MobileNet-v2, 
the current industry standard.

Results: ProxylessNAS on ImageNet, 
Mobile Platform
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ProxylessNAS for Hardware Specialization
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Results: ProxylessNAS on ImageNet, 
Mobile Platform

Model Top-1 Latency Hardware 
Aware

No 
Proxy

No 
Repeat

Search 
Cost

Manually 
Designed

MobilenetV1 70.6 113ms - - x -

MobilenetV2 72.0 75ms - - x -

ProxylessNAS achieves state-of-the art accuracy (%) on ImageNet 
(under mobile latency constraint ≤ 80ms) with 200× less search 
cost in GPU hours. “LL” indicates latency regularization loss.

NAS

NASNet-A 74.0 183ms x x x 48000

AmoebaNet-A 74.4 190ms x x x 75600

MNasNet 74.0 76ms yes x x 40000

ProxylessNAS

ProxylessNAS-G 71.8 83ms yes yes yes 200

ProxylessNAS-G + LL 74.2 79ms yes Yes yes 200

ProxylessNAS-R 74.6 78ms yes Yes yes 200
ProxylessNAS-R + 

MIXUP 75.1 78ms yes yes yes 200
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The History of Architectures

(1) The history of finding efficient Mobile model

(2) The history of finding efficient CPU model

(3) The history of finding efficient GPU model

https://hanlab.mit.edu/files/proxylessNAS/visualization.mp4

https://hanlab.mit.edu/files/proxylessNAS/visualization.mp4
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Detailed Architectures

Normal Train NAS  
Need Meta Controller

Need Proxy

DARTS & One-shot
No Meta Controller

Need Proxy

Proxyless (Ours) 
No Meta Controller

No Proxy
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(1) Efficient mobile architecture found by Proxy-less NAS. 

(2) Efficient CPU architecture found by Proxy-less NAS. 

(3) Efficient GPU architecture found by Proxy-less NAS. 
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AMC: AutoML for Model Compression
He et al [ECCV’18]

Proxyless Neural Architecture Search
Cai et al [ICLR’19]

HAQ: Hardware-aware  
Automated Quantization

Wang et al [CVPR’19], oral

Machine learning expert 
Hardware expert

Non expert Hardware-Centric 
AutoML

+
AutoML

4 International Journal of Computer Vision
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Fig. 3: An overview of our Hardware-Aware Automated Quantization (HAQ) framework. We leverage the reinforcement
learning to automatically search over the huge quantization design space with hardware in the loop. The agent propose an
optimal bitwidth allocation policy given the amount of computation resources (i.e., latency, power, and model size). Our RL
agent integrates the hardware accelerator into the exploration loop so that it can obtain the direct feedback from the hardware,
instead of relying on indirect proxy signals.

and one for activations. In this paper, we introduce a ten-
dimensional feature vector Ok as our observation:

If the kth layer is a convolution layer, the state Ok is

Ok = (k,cin,cout,skernel,sstride,sfeat,nparams, idw, iw/a,ak�1),

(1)

where k is the layer index, cin is #input channels, cout is #out-
put channels, skernel is kernel size, sstride is the stride, sfeat is
the input feature map size, nparams is #parameters, idw is a
binary indicator for depthwise convolution, iw/a is a binary
indicator for weight/activation, and ak�1 is the action from
the last time step.

If the kth layer is a fully-connected layer, the state Ok is

Ok = (k,hin,hout,1,0,sfeat,nparams,0, iw/a,ak�1), (2)

where k is the layer index, hin is #input hidden units, hout is
#output hidden units, sfeat is the size of input feature vector,
nparams is #parameters, iw/a is a binary indicator for weight/
activation, and ak�1 is the action from the last step.

For each dimension in the observation vector Ok, we nor-
malize it into [0,1] to make them in the same scale.

3.2 Action Space

We use a continuous action space to determine the bitwidth.
The reason that we do not use a discrete action space is be-
cause it loses the relative order: e.g., 2-bit quantization is
more aggressive than 4-bit and even more than 8-bit. At the

kth time step, we take the continuous action ak (which is in
the range of [0,1]), and round it into the discrete bitwidth
value bk:

bk = round(bmin �0.5+ak ⇥ (bmax �bmin +1)), (3)

where bmin and bmax denote the min and max bitwidth (in
our experiments, we set bmin to 2 and bmax to 8).

Resource Constraints. In real-world applications, we have
limited computation budgets (i.e., latency, energy, and model
size). We would like to find the quantization policy with the
best performance given the constraint.

We encourage our agent to meet the computation budget
by limiting the action space. After our RL agent gives ac-
tions {ak} to all layers, we measure the amount of resources
that will be used by the quantized model. The feedback is
directly obtained from the hardware accelerator, which we
will discuss in Section 3.3. If the current policy exceeds
our resource budget (on latency, energy or model size), we
will sequentially decrease the bitwidth of each layer until
the constraint is finally satisfied.

3.3 Direct Feedback from Hardware Accelerators

An intuitive feedback to our RL agent can be FLOPs or the
model size. However, as these proxy signals are indirect,
they are not equal to the performance (i.e., latency, energy
consumption) on the hardware. Cache locality, number of
kernel calls, memory bandwidth all matters. Proxy feedback
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● Our models are now released on Github with pre-trained weights.

# https://github.com/MIT-HAN-LAB/ProxylessNAS
from proxyless_nas import *
net = proxyless_cpu(pretrained=True) 
net = proxyless_gpu(pretrained=True)
net = proxyless_mobile(pretrained=True)
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