
1HXUDO�$UFKLWHFWXUH�6HDUFK��
)RXQGDWLRQV�DQG�7UHQGV

&ROLQ�:KLWH
$EDFXV�$,

FROLQ#DEDFXV�DL

'HEDGHHSWD�'H\
0LFURVRIW�5HVHDUFK

GHGH\#PLFURVRIW�FRP

6OLGHV��ZLWK�K\SHUOLQNV���KWWSV���FUZKLWH�PO�

https://crwhite.ml/


0DFKLQH�OHDUQLQJ��D�VWRU\�RI�DXWRPDWLRQ



1HXUDO�DUFKLWHFWXUH�VHDUFK
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$UFKLWHFWXUHV�DUH�JHWWLQJ�LQFUHDVLQJO\�PRUH�VSHFLDOL]HG�DQG�FRPSOH[
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https://arxiv.org/abs/1409.4842
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6RXUFH��'HQVH1HW��������

$UFKLWHFWXUHV�DUH�JHWWLQJ�LQFUHDVLQJO\�PRUH�VSHFLDOL]HG�DQG�FRPSOH[

https://towardsdatascience.com/understanding-and-visualizing-densenets-7f688092391a


6HDUFKHG�PRGHOV�DUH�UHSODFLQJ�KXPDQ�GHVLJQHG�PRGHOV
6RXUFH��KWWSV���WZLWWHU�FRP�TXRFOHL[�VWDWXV���������������������

1HXUDO�DUFKLWHFWXUH�VHDUFK

https://twitter.com/quocleix/status/1349443438698143744/photo/1


6RXUFH��(IILFLHQW1HW���������(IILFLHQW1HW9��������

+XPDQ���1HXUDO�DUFKLWHFWXUH�VHDUFK

https://arxiv.org/abs/1905.11946
https://arxiv.org/abs/2104.00298
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6RXUFH��1$6�%HQFK����������� &KHQ�HW�DO������

1HZ�'DWDVHWV

https://nb360.ml.cmu.edu/
https://proceedings.neurips.cc/paper/2018/file/c90070e1f03e982448983975a0f52d57-Paper.pdf
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https://arxiv.org/abs/1611.01578
https://arxiv.org/abs/1806.09055
https://arxiv.org/abs/1902.09635
https://openreview.net/forum?id=PKubaeJkw3
https://www.semanticscholar.org/paper/Self-Organizing-Neural-Networks-for-the-Problem-Tenorio-Lee/fb0e7ef91ccb6242a8f70214d18668b34ef40dfd
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https://arxiv.org/abs/2003.03384
https://arxiv.org/abs/1912.12522
https://arxiv.org/abs/1806.09055


0DFUR�6HDUFK�6SDFHV

�1$6%27������

Ɣ 'HΈQH�D�VHW�RI�RSHUDWLRQV
Ɣ ,WHUDWLYHO\�DGG�PRUH�QRGHV

https://arxiv.org/abs/1802.07191
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https://arxiv.org/abs/1806.09055
https://arxiv.org/abs/1707.07012
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https://arxiv.org/abs/1711.00436
https://proceedings.neurips.cc/paper/2020/file/8c53d30ad023ce50140181f713059ddf-Paper.pdf
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https://arxiv.org/abs/2111.03602
https://arxiv.org/abs/2008.09777
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1$6�%HQFK�6XLWH���������� KWWSV���JLWKXE�FRP�DXWRPO�QDVOLE

https://arxiv.org/abs/2201.13396
https://github.com/automl/naslib
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https://arxiv.org/abs/1902.07638
https://arxiv.org/abs/1912.12522
https://arxiv.org/abs/1912.12522
https://openreview.net/forum?id=H1loF2NFwr
https://arxiv.org/abs/1912.12522
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https://arxiv.org/abs/1802.07191
https://dl.acm.org/doi/10.1145/3292500.3330648
https://arxiv.org/abs/2006.07556
http://keyonvafa.com/gp-tutorial/
https://katbailey.github.io/post/gaussian-processes-for-dummies/


³%2���1HXUDO�3UHGLFWRU´�)UDPHZRUN

7UDLQ����DUFK�¶V�HDFK�LWHUDWLRQ

>1$6*%2������@��>%21$6������@��>%$1$1$6������@

https://arxiv.org/abs/1905.06159
https://arxiv.org/abs/1911.09336
https://arxiv.org/abs/1910.11858
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https://arxiv.org/abs/1802.01548
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https://arxiv.org/abs/1802.07191
https://arxiv.org/abs/1802.07191
https://arxiv.org/abs/1806.10282
https://arxiv.org/abs/2007.04785
https://arxiv.org/abs/2008.09777
https://arxiv.org/abs/1911.09336
https://arxiv.org/abs/1912.00848
https://arxiv.org/abs/1912.00848
https://arxiv.org/abs/1910.11858
https://arxiv.org/abs/1910.11858
https://arxiv.org/abs/2004.01899
https://arxiv.org/abs/1910.11858
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Ɣ 7UDLQLQJ�VWDWLVWLFV

ż (DUO\�VWRSSLQJ��YDO�DFF��>(OVNHQ�HW�
DO������@
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>(OVNHQ�HW�DO������@

https://ml.informatik.uni-freiburg.de/papers/15-IJCAI-Extrapolation_of_Learning_Curves.pdf
https://ml.informatik.uni-freiburg.de/papers/15-IJCAI-Extrapolation_of_Learning_Curves.pdf
http://ml.informatik.uni-freiburg.de/papers/17-ICLR-LCNet.pdf
https://arxiv.org/abs/1808.05377
https://arxiv.org/abs/1808.05377
https://arxiv.org/abs/2006.04492
https://arxiv.org/abs/2006.04492
https://arxiv.org/abs/1808.05377
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Ɣ )XOO�/&�DV�IHDWXUHV��%D\HVLDQ�11�
>.OHLQ�HW�DO������@
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ILQDO�DFFXUDF\

+LJK�LQLW�WLPH��KLJK�TXHU\�WLPH

https://arxiv.org/abs/1705.10823
http://ml.informatik.uni-freiburg.de/papers/17-ICLR-LCNet.pdf
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³=HUR�FRVW´�SUR[LHV

/RZ�LQLW�WLPH��ORZ�TXHU\�WLPH
>$EGHOIDWWDK�HW�DO������@

https://arxiv.org/abs/2006.04647
https://arxiv.org/abs/2006.04647
https://arxiv.org/abs/2101.08134
https://arxiv.org/abs/2101.08134
https://arxiv.org/abs/1810.02340
https://arxiv.org/abs/2101.08134


201,��7KH�2PQLSRWHQW�3UHGLFWRU

>:KLWH�HW�DO��������

https://arxiv.org/abs/2104.01177
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ż %D\HVLDQ�RSWLPL]DWLRQ
ż (YROXWLRQ

Ɣ 3HUIRUPDQFH�SUHGLFWLRQ

FROLQ#DEDFXV�DL
6OLGHV��ZLWK�K\SHUOLQNV���KWWSV���FUZKLWH�PO�

https://crwhite.ml/


Neural Architecture Search : Part 2
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Roadmap

x The Power of Pareto-Frontiers
x Weight-sharing Methods
x ENAS
x OFA

x Recent Transformer-based Search Spaces
x Petridish
x Reproducibility, Fair Comparison, Best Practices
x Open Problems



The Power of Pareto-Frontiers



The Power of Pareto-Frontier: Varying compute ability

4
IoT Edge Laptop Server



The Power of Pareto-Frontier: Dynamic device load

5



Pareto-frontiers are generalization 
of model compression!



Search Once, Deploy Everywhere! 

7Train models on the frontier!



Pareto-Frontier Search Methods

x The vast majority of methods in current NAS literature do *NOT* 
output pareto-frontiers!

x Combining multiple objectives via scalarization does *NOT* output 
pareto-frontiers!

x Can we leverage single-objective search methods and turn them into 
pareto-frontier output methods?

Bag of Baselines for Multi-objective Joint Neural Architecture 
Search and Hyperparameter Optimization

Guerrero-Viu et al., AutoML Workshop at ICML 2021

https://arxiv.org/abs/2105.01015
https://arxiv.org/abs/2105.01015


Weight-sharing Methods



Efficient Neural Architecture Search 
via 
Parameter Sharing
Pham et al, ICML 2018

https://proceedings.mlr.press/v80/pham18a.html


ENAS



´7KH�PDLQ�FRQWULEXWLRQ�RI�WKLV�ZRUN�
is to improve the efficiency of NAS 
by forcing all child models to share 
weights to eschew training each 
child model from scratch to 
FRQYHUJHQFH�µ

ENAS

x Uses a single Nvidia 1080Ti GPU!
x Search < 16 hours!
x Compared to NAS via RL, 1000x reduction in search time!

Diagram credit: 
ENAS ICML 2018



Please attend NAS 2 for weight-sharing in-depth!



Once-for-All: Train One Network 
and Specialize it for Efficient 
Deployment
Cai et al., ICLR 2020

https://arxiv.org/abs/1908.09791


15Diagram credit: OFA ICLR 2020



Phase 1: Train supergraph

16

� Want to find weights such that every subgraph is competitive wrt the subgraph being independently trained!
� Exponentially many subgraphs! 

� Infeasible to enumerate and train each separately. /
� Can randomly sample a few each step and update shared weights (remember ENAS!)

� Updates interfere with each other leading to reduced performance /
� Solution: Train the biggest and progressively shrink down!     

Diagram credit: OFA ICLR 2020



Phase 1: Train supergraph

17
Kernel Shrinking Depth Shrinking

Diagram credit: OFA ICLR 2020



Phase 1: Train supergraph

18

Width shrinking

� Throughout kernel, depth and width shrinking sample different input resolutions.
� Important detail: Use distillation to guide training of smaller architectures!
� Phase 1 cost: 1200 GPU hours (~3 days with 16 GPUs)    

Diagram credit: OFA ICLR 2020



Phase 2: Train regressors

x Sample 16k different architectures ² input image sizes and measure 
accuracy on validation set to generate (architecture, accuracy) tuples.
x Train small NN to predict accuracy given architecture as input.

x Do same on each target platform to get (architecture, latency) 
tuples.
x Train small NN to predict latency given architecture as input.

x Phase 2 cost: ~40 GPU hours

19



Search

x Simple! Use evolutionary search/RL/random search against the 
simulators (regressors from Phase 2)

x Search cost: a few minutes on a laptop!

20

Diagram credit: OFA ICLR 2020



Recent Transformer-based Search Spaces



HAT: Hardware-Aware Transformers for Efficient 
Natural Language Processing

22https://arxiv.org/abs/2005.14187

https://arxiv.org/abs/2005.14187


LiteTransformerSearch: Training-free On-device Search 
for Efficient Autoregressive Language Models

https://arxiv.org/pdf/2203.02094.pdf

https://arxiv.org/pdf/2203.02094.pdf


Primer: Searching for Efficient Transformers for Language 
Modeling

24https://arxiv.org/abs/2109.08668

https://arxiv.org/abs/2109.08668


NAS-BERT: Task-Agnostic and Adaptive-Size BERT 
Compression with Neural Architecture Search

25
https://arxiv.org/abs/2105.14444

https://arxiv.org/abs/2105.14444


AutoTinyBERT: Automatic Hyper-parameter Optimization for 
Efficient Pre-trained Language Models

26

https://aclanthology.org/2021.acl-
long.400.pdf

https://aclanthology.org/2021.acl-long.400.pdf


AutoFormer: Searching Transformers for Visual Recognition

27https://arxiv.org/abs/2107.00651

https://arxiv.org/abs/2107.00651


GLiT: Neural Architecture Search for Global and Local Image 
Transformer

28https://arxiv.org/abs/2107.02960

https://arxiv.org/abs/2107.02960


UniNet: Unified Architecture Search with Convolution, 
Transformer, and MLP

29https://arxiv.org/abs/2110.04035

https://arxiv.org/abs/2110.04035


Petridish: Efficient Forward Architecture Search
Hu et al, NeuRIPS 2019



Petridish
overview

x Warm start 
x Inspired by gradient boosting.

x Expand the search tree
x Focus on the most cost-effective 

ones.
x Directly search the pareto-frontier.

x Predict performance.
x Utilizing model initialization to select 

children to train.

31
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Incremental Training

Mode
l

Mode
l

Mode
l

Phase 0
Original model

Phase 1
Initialize candidates, 

but do not allow 
candidates to affect the 

original model.

Phase 2 
Officially add an 

candidate to model.
Now the candidate 

can affect the original.

33



Incremental Training

C

B

A

input

C

B

A

input

Candidate

Sum

Forward = zero
Backward = identity

Forward = identity
Backward = zero

Regular edge:
Forward = identity
Backward = identity

Original model Initialize candidate

34

Candidate accumulates 
ݏݏܮߘ



Incremental Training

C

B

A

input

Candidate

Sum

Scale the input. 
Initial scale = 1

Scale the input. 
Initial scale = 0

C

B

A

input

Candidate

Sum

Initialize candidate Officially add candidate to 
model

35



Incremental Training (Summary)
36
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Incremental Training (Choice of Candidates)
37
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Incremental Training (Choice of Candidates)
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Incremental training during search
39

Consider a path of models in the 
search tree. 
Want to know their performance.

Mode
l

Id = 0
Mode

l
Id = 1

Mode
l

Id = 2

¬

Mode
l

Option 1 (From-scratch) : 
� Train models independently.
� 300 epochs per model

Option 2 (Incremental) : 
� Start from parent; initialize children
� 40 epochs per model



Search on distributed systems

Mode
l

Mode
l

Mode
l

Phase 0
Parent model

Phase 1
Initialize candidates, 

but do not allow 
candidates to affect the 

parent model.

Phase 2 
Officially add 

candidate to model.
Now the candidate 

can affect the parent.

40

Q_parent:
Pool of parent models 

Q_candidate:
Queue of model with 
candidates to initialize

Q_child:
Queue of models to 

train



Search on distributed systems

x Q_parent: explore-exploit a diverse set of good models to extend.
x Q_candidate: initialize promising candidates
x Q_children: train promising children

x How do we know a model is good?

41



Expanding the Most Cost-efficient Models
42

Cost (flops)

Lo
ss

This figure is for 
illustration only



Expanding the Most Cost-efficient Models
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Cost (flops)

Lo
ss

x Convex hull



Expanding the Most Cost-efficient Models
44

Cost (flops)

Lo
ss

x Epsilon- convex hull

Key advantage:

Method naturally produces a 
¶JDOOHU\·�RI�PRGHOV�ZKLFK�DUH�
nearly-optimal for every serving 
time budget need.

This is critical to production 
serving needs.
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Petridish on 
macro search 
space

Petridish on 
cell search space

Search on 
CIFAR10



Transfer to ImageNet
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No domain-knowledge 
injection in architecture 
design at all!



Search Once, Deploy Everywhere!

47

Train models on the frontier with every orthogonal trick!
�GDWD�DXJPHQWDWLRQ��GLVWLOODWLRQ¬��Example search on 

CIFAR10



Reproducibility, Fair Comparison and 
Best Practices!



Difficult to compare approaches!

x Search spaces and datasets.
x Training routine used.
x Does it have all the tips and tricks?

x Hardware-Software used.
x TPU vs. GPU vs. driver version vs. cuda version vs. framework.

x Stochasticity in training on GPUs.

NAS Evaluation is Frustratingly Hard, Yang et al., ICLR 2020
Random Search and Reproducibility for Neural Architecture Search, Li and Talwalker, UAI 2020

https://arxiv.org/abs/1912.12522
https://arxiv.org/abs/1902.07638


Benchmarks Help!

x NASBench-101
x Cannot evaluate weight-sharing, DARTS-like search spaces.

x NASBench-201
x Uses different search space than 101.

x NASBench-1Shot1
x Leverages 101 to make it amenable for weight-sharing.

x NASBench-301
x 60,000 models sampled from DARTS search space trained on CIFAR10 to train surrogate model. 

x NASBench-NLP
x 14k RNN architectures trained on Penn Tree Bank.

x NASBench-ASR
x 8k architectures trained on TIMIT audio dataset for speech recognition.

https://arxiv.org/pdf/1902.09635.pdf
https://arxiv.org/abs/2001.00326
https://arxiv.org/abs/2001.10422
https://arxiv.org/abs/2008.09777
https://arxiv.org/abs/2006.07116
https://openreview.net/forum?id=CU0APx9LMaL


Benchmarks Help!

x NAS-HPO-Bench-II
x 4K cell-based CNNs with different learning rates, batch sizes.

x HW-NAS-Bench
x Evaluate NAS-Bench-201 and FBNet search spaces on 6 devices (edge devices, FPGA, ASIC).

x On Network Design Spaces for Visual Recognition
x Over 100k architectures evaluated on CIFAR-10 from different search spaces.

x NAS-Bench-Suite
x Collection of NAS Benchmarks through unified interface.

x NAS-Bench-360
x 10 diverse tasks which are not just traditional vision tasks.

https://arxiv.org/abs/2110.10165
https://arxiv.org/abs/2103.10584
https://arxiv.org/abs/1905.13214
https://arxiv.org/abs/2201.13396
https://nb360.ml.cmu.edu/


Checklist *Before* Starting Project

https://www.jmlr.org/papers/volume21/20-
056/20-056.pdf

https://www.automl.org/nas_checklist.pdf



NAS Frameworks

https://github.com/microsoft/archaihttps://github.com/automl/NASLib



NAS Frameworks

https://github.com/walkerning/aw_nas https://github.com/google/pyglove



Is NAS solved?



No fully general solution yet but useful successes!

Still, lots of domain knowledge injection into the process.

Tricks and tips needed for vision datasets are completely 
different from language or speech datasets (to be SOTA).

Need diverse benchmarks/tasks and rigorous reporting.

Hyperparameters are set to magic constants.



Open Problem 1: Optimizers and Learning Rate Schedules

x Are we handicapped by current 
optimizers?

x Rank of architectures in NAS-
Bench-101 varies drastically on 
switching optimizer!
x HW: Try this on other benchmarks!

Tweet Dec 2020

https://twitter.com/JohnCLangford/status/1335643875873087491


Open Problem 2: Deep Learning Compilers!

Source: huyenchip

´3DWWHUQ�PDWFKLQJµ�IRU�FRPPRQ�
manually designed architectures! 

Compilers in the inner search loop 
will detect and optimize operator 
combinations that are commonly 
used!

https://huyenchip.com/2021/09/07/a-friendly-introduction-to-machine-learning-compilers-and-optimizers.html


Questions?



Appendix



Benchmarks to the Rescue: Tabular

Arch ID Training 
Error

Validation 
Error

Training 
Duration

Validation 
Duration

Test 
Error

0000001 0.15 0.18 632 10 0.21
0000002 0.33 0.41 515 8 0.46
0000003 0.28 0.22 585 11 0.23
¬ ¬ ¬ ¬ ¬ ¬

Train *every* architecture in the search space.
Save all logs and data in a table.
NAS can be run on a laptop!



NAS-Bench-101

NAS-Bench-101: Towards Reproducible Neural Architecture Search, Ying et al., ICML 2019

Skeleton Example Cell

� Maximum 7 nodes per cell.
� Nodes are one of 3 operators.

� 3x3 conv
� 1x1 conv
� 3x3 max pool

� Edges are tensors.
� Max edges 9 in a cell.
� 423k unique architectures.
� Trained on CIFAR10.

� 4,12,36,108 epochs



NAS-Bench-1Shot1

� Not possible to evaluate one-shot (weight-sharing) methods on NAS-Bench-101.
� Search space does not contain all possible cells (edges restricted <=9).
� NAS-Bench-1Shot1 defines a new search space.

� Reuses 101 to allow for one-shot methods to be evaluated.

NAS-Bench-1Shot1: Benchmarking and Dissecting One-shot Neural Architecture Search, 
Zela et al., ICLR 2020



NATS-Bench (NAS-Bench-201)

NATS-Bench: Benchmarking NAS Algorithms for Architecture Topology and Size, Dong et al., TPAMI 2021

� One-shot compatible.
� Two search spaces:

� Topological space: 6.5k unique
� Size space: 32.8k unique

� 3 datasets:
� CIFAR10
� CIFAR100
� ImageNet16-120

� Trained with 12, 20, 90 epochs.


