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Black-box Optimisation: Model Selection

hyper-
parameter
values

cross validation
accuracy

Neural Network

- Train NN using given hyper-params
- Compute accuracy on validation set

Goal: Find hyperparameters with highest validation accuracy.
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Black-box Optimisation: Astrophysics

Cosmological
 Simulator

Observation Likelihood computation

Space of
Cosmological
Parameters

likelihood
   value

Goal: Estimate cosmological parameters by maximising likelihood.
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Bandits/Black-box Optimisation

f : X → R is an expensive black-box function, accessible only via
noisy evaluations.

Let x? = argmaxx f (x).

x

f(x)

Simple Regret after n evaluations

SR(n) = f (x?) − max
t=1,...,n

f (xt).

5



Bandits/Black-box Optimisation

f : X → R is an expensive black-box function, accessible only via
noisy evaluations.

Let x? = argmaxx f (x).

x

f(x)

Simple Regret after n evaluations

SR(n) = f (x?) − max
t=1,...,n

f (xt).

5



Bandits/Black-box Optimisation

f : X → R is an expensive black-box function, accessible only via
noisy evaluations.
Let x? = argmaxx f (x).

x

f(x)

x∗

f(x∗)

Simple Regret after n evaluations

SR(n) = f (x?) − max
t=1,...,n

f (xt).

5



Bandits/Black-box Optimisation

f : X → R is an expensive black-box function, accessible only via
noisy evaluations.
Let x? = argmaxx f (x).

x

f(x)

x∗

f(x∗)

Simple Regret after n evaluations

SR(n) = f (x?) − max
t=1,...,n

f (xt).

5



Bandits/Black-box Optimisation

f : X → R is an expensive black-box function, accessible only via
noisy evaluations.
Let x? = argmaxx f (x).

x

f(x)

x∗

f(x∗)

Cumulative Regret after n evaluations

CR(n) =
n∑

t=1

(
f (x?) − f (xt)

)
5



Bandits/Black-box Optimisation

f : X → R is an expensive black-box function, accessible only via
noisy evaluations.
Let x? = argmaxx f (x).

x

f(x)

x∗

f(x∗)

Simple Regret after n evaluations

SR(n) = f (x?) − max
t=1,...,n

f (xt).

5



Gaussian Processes (GP)

GP(µ, κ): A distribution over functions from X to R.

Observations

x

f(x)
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Gaussian Processes (GP)

GP(µ, κ): A distribution over functions from X to R.

Posterior GP given observations

x

f(x)
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Algorithm 1: Upper Confidence Bounds

Model f ∼ GP(0, κ).

Gaussian Process Upper Confidence Bound (GP-UCB)
(Auer el al. 2003, Srinivas et al. 2010)

x

f(x)

1) Compute posterior GP. 2) Construct UCB ϕt .

3) Choose xt = argmaxx ϕt(x). 4) Evaluate f at xt .
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GP-UCB (Auer el al. 2003, Srinivas et al. 2010)

x

f(x)
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GP-UCB (Auer el al. 2003, Srinivas et al. 2010)
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GP-UCB (Auer el al. 2003, Srinivas et al. 2010)

t = 25
x

f(x)
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Algorithm 2: Thompson (Posterior) Sampling

Model f ∼ GP(0, κ). (Thompson, 1933)

x

f(x)

1) Construct posterior GP. 2) Draw sample g from posterior.
3) Choose xt = argmaxx g(x). 4) Evaluate f at xt .
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Bayesian Optimisation

Other criteria for selecting xt :

I Expected improvement (Jones et al. 1998)

I Probability of improvement (Kushner et al. 1964)

I Entropy search (Hernández-Lobato et al. 2014, Wang et al. 2017)

I . . . and a few more.

Other Bayesian models for f :

I Neural networks (Snoek et al. 2015)

I Random Forests (Hutter 2009)

I Customised models
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Multi-fidelity Bandits

Motivating question:
What if we have cheap approximations to f ?

1. Hyperparameter tuning: Train & validate with a subset of the
data, and/or early stopping before convergence.

2. Simulation based studies: perform simulations and numerical
computations with less granularity.

Example: Tune hyperparameters for an ML model with N• data
and T• iterations.

- Can we use N < N• data and T < T• iterations to
approximate cross validation performance at (N•,T•)?

Approximations from a continuous 2D “fidelity space” (N,T ).
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Multi-fidelity Bandits (Kandasamy et al. ICML 2017)

X
Z

A fidelity space Z and domain X
Z ← all (N,T ) values.

X ← all hyperparameter values.

g : Z × X → R.
g([N,T ], x) ← cv accuracy when

training with N data for T iterations

at hyperparameter x .

Denote f (x) = g(z•, x) where z• ∈ Z. z• = [N•,T•].

End Goal: Find x? = argmaxx f (x).

A cost function, λ : Z → R+.
λ(z) = λ(N,T ) = O(N2T ) (say).

Z z•

λ(z)
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Algorithm: BOCA (Kandasamy et al. ICML 2017)

Model g ∼ GP(0, κ) and com-
pute posterior GP:

mean µt−1 : Z × X → R
std-dev σt−1 : Z × X → R+

(1) xt ← maximise upper confidence bound for f (x) = g(z•, x).

xt = argmax
x∈X

µt−1(z•, x) + β
1/2
t σt−1(z•, x)

(2) Zt ≈ {z•} ∪
{
z : σt−1(z , xt) ≥ γ(z)

=

(
λ(z)

λ(z•)

)q

ξ(z)

}
(3) zt = argmin

z∈Zt

λ(z) (cheapest z in Zt)
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Theoretical Results for BOCA

x⋆
X

g(z, x)

f(x)

z•
Z

“good”

x⋆

g(z, x)

X

f(x)

z•
Z

“bad”

Theorem: (Informal)
BOCA does better, i.e. achieves better Simple regret, than GP-
UCB. The improvements are better in the “good” setting when
compared to the “bad” setting.
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Experiment: Cosmological inference on Type-1a supernovae data

Estimate Hubble constant, dark matter fraction & dark energy
fraction using data from N• = 192 supernovae.
Requires numerical integration on a grid of size G• = 106.
Approximate with N ∈ [50, 192] or G ∈ [102, 106] (2D fidelity space).

1000 1500 2000 2500 3000 3500
0.02

0.03

0.04

0.05

0.06
0.07
0.08
0.09

0.1
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Bandits on Graph Structured Domains
Neural Architecture Search

0: ip
(57735)

1: conv7, 64
(64)

2: max-pool, 1
(64)

3: res3 /2, 64
(4096)

4: res3, 64
(4096)

5: res3 /2, 128
(8192)

6: res3, 128
(16384)

7: res3 /2, 256
(32768)

8: res3, 256
(65536)

9: res3 /2, 512
(131072)

10: res3, 512
(262144)

11: avg-pool, 1
(512)

12: fc, 1024
(52428)

13: softmax
(57735)

14: op
(57735)

Feedforward
network

GoogLeNet
(Szegedy et

al. 2015)

ResNet
(He et al.

2016)

DenseNet
(Huang et

al. 2017)
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Tuning Neural Network Architectures

At each time step

x

f(x)

x

f(x) ϕt = µt−1 + β
1/2
t σt−1

xt

0: ip
(100)

1: conv3, 16
(16)

2: conv3, 8
(128)

3: conv3, 8
(128)

4: conv3, 32
(512)

5: max-pool, 1
(32)

6: fc, 16
(51)

7: softmax
(100)
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Gaussian Processes (GP)

GP(µ, κ): A distribution over functions from X to R.

x

f(x)

Statistical properties determined by the kernel κ : X × X → R.
- intuitively, κ(x , x ′) is a measure of similarity between x and x ′.

For many kernels, κ(x , x ′) = e−βd(x ,x ′), e−βd
2(x ,x ′),

- e.g. In Euclidean spaces, e−β‖x−x
′‖1 , e−β‖x−x

′‖2
2 .
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OTMANN: An optimal transport based distance for neural
architectures. (Kandasamy et al. NeurIPS 2018)

Given this distance d , we can use use e−βd or e−βd
2

as the kernel.

Penalty function:
- type of operation.
- structural position.

Can be computed via an
optimal transport scheme.

Theorem: OTMANN is
a pseudo-distance.
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OTMANN: Illustration with tSNE Embeddings
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(13107) [x]

#20 softmax,
(63764) [x]

#21 op,
(63764) [x]

#0 ip,
(264) [1]

#1 conv3, 16,
(16) [1]

#2 conv3, 18,
(18) [1]

#3 conv3, 16,
(256) [1]

#4 conv3, 36,
(576) [1]

#5 max-pool,
(16) [1]

#6 conv3, 36,
(648) [1]

#7 max-pool,
(16) [1]

#8 avg-pool,
(16) [1]

#9 max-pool,
(36) [1]

#10 max-pool,
(36) [1]

#11 fc, 28,
(44) [2]

#13 fc, 28,
(134) [2]

#12 max-pool,
(36) [1]

#14 fc, 28,
(100) [2]

#15 fc, 28,
(100) [2]

#21 fc, 28,
(168) [x]

#16 fc, 28,
(100) [2]

#17 fc, 32,
(89) [x]

#18 fc, 32,
(89) [x]

#19 fc, 28,
(78) [x]

#22 softmax,
(66) [x]

#20 fc, 25,
(70) [x]

#23 softmax,
(66) [x]

#24 softmax,
(66) [x]

#25 softmax,
(66) [x]

#26 op,
(264) [x]

#0 ip,
(459) [1]

#1 conv3, 16,
(16) [1]

#2 conv3, 16,
(16) [1]

#3 res5, 16,
(256) [1]

#4 conv3, 16,
(256) [1]

#5 avg-pool,
(16) [1]

#6 conv3, 16,
(256) [1]

#7 conv5, 32,
(512) [1]

#8 res3, 32,
(512) [1]

#9 conv3, 32,
(512) [1]

#18 fc, 36,
(288) [2]

#10 avg-pool,
(16) [1]

#11 conv3, 32,
(1024) [1]

#12 avg-pool,
(32) [1]

#13 avg-pool,
(32) [1]

#16 fc, 32,
(153) [2]

#14 avg-pool,
(32) [1]

#15 avg-pool,
(32) [1]

#17 fc, 36,
(115) [2]

#22 softmax,
(459) [x]

#19 fc, 36,
(129) [x]

#20 fc, 36,
(259) [x]

#21 fc, 36,
(129) [x]

#23 op,
(459) [x]

#0 ip,
(76459) [1]

#1 conv3, 56,
(56) [1]

#2 conv3, 63,
(3528) [1]

#3 avg-pool,
(56) [1]

#4 max-pool,
(63) [1]

#5 conv3, 112,
(6272) [2]

#6 conv3, 112,
(7056) [2]

#7 conv3, 128,
(14336) [2]

#8 conv3, 128,
(14336) [2]

#9 max-pool,
(128) [2]

#10 max-pool,
(128) [2]

#13 conv3, 112,
(28672) [4]

#11 conv3, 128,
(16384) [4]

#12 conv3, 128,
(16384) [4]

#14 conv3, 112,
(12544) [4]

#15 avg-pool,
(112) [4]

#16 conv3, 256,
(28672) [8]

#17 conv3, 288,
(73728) [8]

#18 max-pool,
(288) [8]

#19 conv3, 648,
(186624) [16]

#20 conv3, 512,
(331776) [16]

#21 max-pool,
(512) [16]

#22 fc, 128,
(6553) [32]

#23 fc, 256,
(3276) [x]

#24 fc, 512,
(13107) [x]

#25 softmax,
(76459) [x]

#26 op,
(76459) [x]

#0 ip,
(20613) [1]

#1 conv3, 56,
(56) [1]

#2 max-pool,
(56) [1]

#3 max-pool,
(56) [1]

#4 conv5, 63,
(3528) [2, /2]

#5 avg-pool,
(56) [2]

#6 max-pool,
(56) [2]

#7 res5, 62,
(3906) [4]

#8 conv5, 56,
(6272) [4]

#9 conv5, 56,
(3136) [4]

#10 res7, 92,
(5704) [4]

#11 max-pool,
(56) [4]

#12 avg-pool,
(56) [4]

#13 res3, 128,
(11776) [4, /2]

#14 avg-pool,
(56) [8]

#15 avg-pool,
(56) [8]

#16 res3, 128,
(16384) [8]

#17 conv3, 128,
(16384) [8]

#26 avg-pool,
(280) [16]

#18 avg-pool,
(56) [16]

#19 avg-pool,
(128) [8]

#20 res3, 224,
(28672) [8, /2]

#21 fc, 392,
(2195) [32]

#22 res3, 256,
(32768) [16]

#23 conv3, 224,
(50176) [16]

#24 softmax,
(6871) [x]

#25 max-pool,
(256) [16]

#31 op,
(20613) [x]

#27 fc, 448,
(11468) [32]

#28 fc, 448,
(12544) [32]

#29 softmax,
(6871) [x]

#30 softmax,
(6871) [x]

#0 ip,
(28787) [1]

#1 conv3, 56,
(56) [1]

#2 max-pool,
(56) [1]

#3 max-pool,
(56) [1]

#4 conv5, 63,
(3528) [2, /2]

#5 avg-pool,
(56) [2]

#6 res5, 62,
(3906) [4]

#7 conv5, 56,
(3136) [4]

#8 conv5, 56,
(3136) [4]

#9 res7, 92,
(5704) [4]

#10 avg-pool,
(56) [4]

#11 avg-pool,
(56) [4]

#12 avg-pool,
(56) [4]

#13 res3, 128,
(11776) [4, /2]

#14 avg-pool,
(56) [8]

#20 res3, 224,
(41216) [8, /2]

#15 avg-pool,
(56) [8]

#16 res3, 128,
(16384) [8]

#17 conv3, 128,
(16384) [8]

#24 avg-pool,
(280) [16]

#18 avg-pool,
(56) [16]

#19 res3, 224,
(28672) [8, /2]

#21 fc, 448,
(2508) [32]

#22 res3, 256,
(57344) [16]

#23 res3, 256,
(57344) [16]

#25 softmax,
(9595) [x]

#26 max-pool,
(256) [16]

#27 max-pool,
(256) [16]

#28 fc, 448,
(12544) [32]

#32 op,
(28787) [x]

#29 fc, 448,
(22937) [32]

#30 softmax,
(9595) [x]

#31 softmax,
(9595) [x]

#0 ip,
(8179) [1]

#1 conv7, 72,
(72) [1]

#2 conv5, 144,
(10368) [1, /2]

#3 conv3, 63,
(4536) [1, /2]

#4 conv3, 81,
(5832) [1]

#5 conv3, 71,
(5112) [1]

#6 avg-pool,
(72) [1]

#7 avg-pool,
(144) [2]

#8 fc, 79,
(1137) [2]

#9 max-pool,
(63) [2]

#10 max-pool,
(81) [1]

#11 max-pool,
(71) [1]

#12 avg-pool,
(72) [2]

#18 fc, 48,
(1036) [4]

#13 softmax,
(2726) [x]

#25 softmax,
(2726) [x]

#22 fc, 63,
(1839) [4]

#14 conv3, 110,
(8910) [2, /2]

#15 avg-pool,
(81) [2]

#16 conv3, 142,
(21584) [2]

#17 conv3, 126,
(8946) [2]

#27 op,
(8179) [x]

#19 conv3, 87,
(9570) [4]

#23 fc, 63,
(1304) [4]

#20 max-pool,
(142) [2]

#21 max-pool,
(126) [2]

#24 fc, 55,
(693) [4]

#26 softmax,
(2726) [x]

#0 ip,
(5427) [1]

#1 conv7, 64,
(64) [1]

#2 conv7, 128,
(8192) [1, /2]

#3 conv3, 56,
(3584) [1, /2]

#4 conv3, 64,
(4096) [1]

#5 conv3, 64,
(4096) [1]

#6 avg-pool,
(64) [1]

#7 avg-pool,
(64) [1]

#8 max-pool,
(128) [2]

#9 fc, 63,
(806) [2]

#10 max-pool,
(56) [2]

#11 avg-pool,
(64) [1]

#12 avg-pool,
(64) [1]

#13 max-pool,
(64) [1]

#14 avg-pool,
(64) [2]

#15 avg-pool,
(64) [2]

#24 fc, 56,
(1030) [4]

#16 softmax,
(1809) [x]

#27 softmax,
(1809) [x]

#26 fc, 64,
(2816) [4]

#17 conv3, 128,
(8192) [2]

#19 conv3, 128,
(16384) [2]

#18 max-pool,
(64) [2]

#21 max-pool,
(192) [2]

#20 res3, 56,
(3584) [4]

#28 op,
(5427) [x]

#22 fc, 64,
(409) [4]

#23 max-pool,
(128) [2]

#25 softmax,
(1809) [x]
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OTMANN correlates with cross validation performance

On the Naval propulsion Dataset:

Log OTMANN Distance

Difference in
Validation Error
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Optimising the acquisition (UCB, TS, GP-EI etc.)

Modifiers to navigate search space:
inc single, dec single, inc en masse, dec en masse, remove layer,
wedge layer, swap layer, dup path, skip path.

Apply an evolutionary algorithm using these modifiers.

Resulting procedure: NASBOT
Neural Architecture Search with Bayesian Optimisation and
Optimal Transport (Kandasamy et al. NeurIPS 2018)
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Modifiers to navigate search space:
inc single, dec single, inc en masse, dec en masse, remove layer,
wedge layer, swap layer, dup path, skip path.

Apply an evolutionary algorithm using these modifiers.

Resulting procedure: NASBOT
Neural Architecture Search with Bayesian Optimisation and
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Test Error on 7 Datasets

EA: (Floreano etl al. 2008, Kitano et al. 1990)

TreeBO: (Jenatton et al. 2017)
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Architectures found on Cifar10
0: ip

(328008)

1: conv3, 64
(64)

2: conv3, 64
(4096)

3: max-pool
(64)

4: conv3, 128
(8192)

5: conv3, 128
(16384)

6: max-pool
(128)

7: conv3, 128
(16384)

8: conv3, 128
(16384)

9: conv3, 128
(16384)

10: conv3, 128
(16384)

11: max-pool
(128)

12: max-pool
(128)

13: conv3, 256
(32768)

14: conv3, 224
(28672)

15: conv3, 224
(57344)

16: conv3, 288
(64512)

17: conv3, 256
(57344)

18: max-pool
(288)

19: conv3, 288
(73728)

20: conv3, 576
(165888)

21: max-pool
(288)

22: conv3, 576
(331776)

23: conv3, 576
(165888)

24: conv3, 576
(165888)

25: max-pool
(576)

26: conv3, 576
(331776)

27: conv3, 576
(331776)

28: fc, 144
(8294)

29: conv3, 576
(331776)

30: conv3, 576
(331776)

31: avg-pool
(576)

32: softmax
(109336)

33: conv3, 576
(331776)

34: max-pool
(576)

36: fc, 144
(16588)

43: op
(328008)

35: conv3, 576
(331776)

37: max-pool
(576)

38: softmax
(109336)

39: fc, 126
(7257)

40: fc, 252
(3175)

41: fc, 504
(12700)

42: softmax
(109336)

0: ip
(159992)

1: conv3, 64
(64)

2: conv3, 64
(4096)

3: max-pool
(64)

4: conv3, 128
(8192)

5: conv3, 128
(16384)

6: max-pool
(128)

7: avg-pool
(128)

8: conv3, 128
(16384)

9: avg-pool
(128)

10: conv3, 128
(16384)

11: avg-pool
(128)

12: conv3, 128
(16384)

24: conv7, 512
(327680)

13: conv3, 128
(16384)

14: max-pool
(128)

15: conv3, 256
(32768)

19: max-pool
(384)

16: conv3, 256
(65536)

17: res3, 256
(65536)

18: conv3, 256
(65536)

20: conv5, 448
(172032)

21: conv3, 512
(229376)

22: conv3, 512
(262144)

23: conv3, 512
(262144)

25: max-pool
(512)

26: fc, 128
(6553)

27: fc, 256
(3276)

28: fc, 448
(11468)

29: softmax
(159992)

30: op
(159992)

0: ip
(198735)

1: conv3, 64
(64)

2: conv3, 64
(4096)

3: max-pool
(64)

4: conv3, 128
(8192)

5: conv3, 128
(16384)

6: max-pool
(128)

7: max-pool
(128)

8: conv3, 128
(16384)

9: conv3, 128
(16384)

10: max-pool
(128)

11: conv3, 128
(16384)

12: max-pool
(128)

13: conv3, 128
(16384)

14: conv3, 512
(65536)

15: max-pool
(128)

16: conv3, 576
(294912)

17: conv3, 256
(32768)

18: conv3, 256
(32768)

19: conv3, 576
(331776)

20: conv3, 256
(65536)

21: conv3, 256
(65536)

22: max-pool
(576)

23: conv3, 256
(65536)

25: max-pool
(512)

24: fc, 128
(7372)

26: fc, 256
(3276)

27: conv3, 512
(262144)

28: fc, 512
(13107)

29: conv3, 576
(294912)

30: softmax
(99367)

31: conv3, 576
(331776)

37: op
(198735)

32: max-pool
(576)

33: fc, 128
(7372)

34: fc, 256
(3276)

35: fc, 512
(13107)

36: softmax
(99367)

0: ip
(329217)

1: conv3, 64
(64)

2: conv3, 64
(4096)

3: avg-pool
(64)

4: max-pool
(64)

5: avg-pool
(64)

6: conv3, 128
(8192)

7: avg-pool
(64)

8: conv3, 128
(16384)

9: avg-pool
(64)

10: avg-pool
(64)

11: max-pool
(128)

12: avg-pool
(64)

13: avg-pool
(64)

14: conv3, 144
(18432)

46: fc, 128
(13926)

41: fc, 128
(7372)

15: conv3, 128
(18432)

16: conv3, 128
(16384)

17: conv3, 128
(16384)

18: max-pool
(128)

19: conv3, 256
(32768)

20: conv3, 256
(65536)

21: conv3, 256
(65536)

22: conv3, 288
(73728)

23: conv3, 256
(65536)

24: conv3, 256
(73728)

25: conv3, 256
(73728)

26: max-pool
(256)

27: max-pool
(256)

28: max-pool
(256)

29: max-pool
(256)

30: conv3, 512
(131072)

31: conv3, 512
(131072)

32: conv3, 512
(131072)

33: conv3, 512
(131072)

35: conv3, 512
(524288)

34: conv3, 512
(262144)

36: conv3, 512
(262144)

37: conv3, 512
(262144)

38: max-pool
(512)

39: conv3, 512
(262144)

40: conv3, 512
(262144)

43: max-pool
(1024)

42: res3 /2, 512
(262144)

44: fc, 512
(6553)

45: max-pool
(512)

47: softmax
(109739)

48: conv3, 128
(65536)

49: fc, 512
(6553)

55: op
(329217)

50: fc, 128
(1638)

51: softmax
(109739)

52: fc, 256
(3276)

53: fc, 512
(13107)

54: softmax
(109739)
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Architectures found on Indoor Location

#0 ip, 64, (28891)

#1 crelu, 144, (144)

#2 softplus, 576, (82944)

#6 logistic, 256, (69632)

#9 linear, 256, (14445)

#3 leaky-relu, 72, (41472)

#4 logistic, 128, (73728)#5 elu, 64, (4608)

#7 logistic, 256, (16384)

#8 linear, 256, (14445)

#10 op, 512, (28891)

#0 ip, 64, (542390)

#1 elu, 128, (128)

#2 elu, 256, (32768)

#3 logistic, 512, (131072)

#27 logistic, 512, (393216)

#29 linear, 512, (542390)

#4 crelu, 512, (262144)

#5 logistic, 512, (262144)

#6 logistic, 512, (262144)#7 crelu, 512, (262144)

#8 elu, 512, (262144)#9 crelu, 512, (262144)

#10 tanh, 512, (262144)#11 elu, 512, (262144)

#23 tanh, 324, (259200)

#12 softplus, 64, (32768)#13 tanh, 512, (262144)

#16 logistic, 72, (9216)

#14 softplus, 512, (262144)

#15 softplus, 64, (32768)

#17 relu, 128, (8192) #18 logistic, 128, (9216)

#19 tanh, 576, (73728) #20 relu, 128, (16384)

#21 leaky-relu, 576, (331776) #22 relu, 288, (36864)

#26 leaky-relu, 512, (589824)

#24 tanh, 648, (209952)

#25 leaky-relu, 576, (373248)

#28 logistic, 512, (262144)

#30 op, 512, (542390)

#0 ip, 64, (423488)

#1 elu, 128, (128)

#2 elu, 256, (32768)

#3 linear, 512, (211744)

#25 tanh, 576, (700416)

#4 logistic, 512, (131072)

#21 tanh, 512, (262144)

#27 op, 512, (423488)

#5 logistic, 512, (262144)#6 logistic, 512, (262144)

#7 leaky-relu, 512, (262144)#8 leaky-relu, 512, (262144)

#9 leaky-relu, 576, (294912)

#10 tanh, 64, (32768)

#11 leaky-relu, 512, (262144)

#12 tanh, 512, (294912)

#20 crelu, 256, (81920)

#13 tanh, 512, (262144)

#14 tanh, 64, (32768)#15 relu, 64, (32768)

#16 relu, 64, (4096)

#17 relu, 128, (16384)

#18 logistic, 256, (32768)#19 logistic, 256, (32768)

#22 crelu, 512, (131072)

#23 elu, 504, (258048)

#24 tanh, 576, (290304)

#26 linear, 512, (211744)

#0 ip, 64, (206092)

#1 relu, 112, (112)#2 relu, 112, (112)#3 relu, 112, (112)

#4 relu, 224, (25088)

#20 logistic, 512, (417792)

#5 logistic, 448, (50176)

#8 linear, 512, (103046)

#6 logistic, 392, (87808)

#7 logistic, 441, (98784)#9 logistic, 496, (416640)

#10 leaky-relu, 62, (27342)

#22 op, 512, (206092)

#11 leaky-relu, 496, (246016)

#12 logistic, 512, (253952)

#19 logistic, 256, (192512)

#13 tanh, 128, (7936)

#14 leaky-relu, 64, (31744)

#18 softplus, 256, (159744)

#21 linear, 512, (103046)

#17 softplus, 128, (32768)

#15 tanh, 64, (4096)

#16 tanh, 128, (8192)
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Architectures found on Slice Localisation

#0 ip, 64, (72512)

#1 crelu, 128, (128)

#2 crelu, 256, (32768)

#11 linear, 512, (72512)

#3 tanh, 512, (131072)

#4 tanh, 512, (262144)

#5 leaky-relu, 64, (32768)

#10 elu, 224, (172032)

#6 leaky-relu, 64, (4096)

#7 logistic, 128, (8192)

#8 logistic, 128, (16384)

#9 elu, 256, (65536)

#12 op, 512, (72512)

#0 ip, 64, (425996)

#1 elu, 128, (128)

#2 elu, 256, (32768)

#3 tanh, 512, (131072)

#4 tanh, 512, (262144)

#21 tanh, 512, (524288)

#23 linear, 512, (425996)

#5 leaky-relu, 512, (262144) #6 leaky-relu, 448, (229376)

#7 leaky-relu, 448, (229376)

#20 relu, 512, (524288)

#8 leaky-relu, 448, (200704)

#9 logistic, 512, (229376) #10 logistic, 512, (229376)

#11 softplus, 512, (524288)

#12 softplus, 64, (32768)

#13 tanh, 64, (4096)

#14 tanh, 128, (8192)

#15 crelu, 128, (16384)

#16 logistic, 256, (32768)

#19 relu, 512, (327680)

#17 logistic, 256, (65536)

#18 leaky-relu, 512, (131072)

#22 tanh, 512, (262144)

#24 op, 512, (425996)

#0 ip, 64, (192791)

#1 elu, 110, (110)

#2 elu, 448, (49280)

#3 tanh, 448, (200704)

#7 relu, 49, (24696)

#18 linear, 512, (192791)

#4 tanh, 448, (200704)

#5 tanh, 56, (25088)

#6 relu, 56, (28224)

#8 relu, 98, (4802)

#9 logistic, 128, (18816)

#17 tanh, 512, (570368)

#10 logistic, 128, (16384)

#11 logistic, 256, (32768)

#12 softplus, 256, (65536)

#13 softplus, 224, (57344)

#14 tanh, 504, (112896)

#15 tanh, 512, (258048)

#16 tanh, 512, (262144)

#19 op, 512, (192791)

#0 ip, 64, (136204)

#1 crelu, 128, (128)

#2 crelu, 288, (36864)

#13 tanh, 512, (458752)

#14 linear, 512, (136204)

#3 tanh, 512, (147456)

#4 tanh, 448, (229376)

#5 softplus, 448, (200704)

#6 tanh, 252, (112896)

#7 softplus, 64, (16128)

#8 logistic, 64, (4096)

#9 logistic, 128, (8192)

#10 elu, 128, (16384)

#11 elu, 256, (65536)

#12 tanh, 256, (65536)

#15 op, 512, (136204)

28



Bandits on Graph-structured Domains — On-going work

Drug Discovery with
Small molecules

Crystal Structures
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Environments
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High Dimensional Bandits

Optimise f : [0, 1]d → R when d is very large.
E.g. Tuning a machine learning model with several hyperparameters

At each time step

x

f(x)

x

f(x) ϕt = µt−1 + β
1/2
t σt−1

xt

1. Statistical Difficulty: estimating a high dimensional GP
requires several samples.

2. Computational Difficulty: maximising a high dimensional
acquisition (e.g. upper confidence bound) ϕt .
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Additive Models for High Dimensional BO
(Kandasamy et al. ICML 2015)

Structural assumption:

f (x) = f (1)(x (1)) + f (2)(x (2)) + . . . + f (M)(x (M)).

x (j)’s are p-dimensional, p � d .

I Theory: Dependence on dimension improves from exponential
to linear for UCB and TS.

I Better bias-variance trade-off even if f is not additive.

I Add-GP-UCB: algorithm with attractive computational
properties.
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Experiment: Viola & Jones Face Detection

A cascade of 22 weak classifiers.
Image classified negative if the score < threshold at any stage.
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Parallel Evaluations

Sequential evaluations with one worker

jth job has feedback
from all previous j − 1

evaluations.

Parallel evaluations with M workers (Asynchronous)

jth job missing feedback
from exactly M − 1

evaluations.

Parallel evaluations with M workers (Synchronous)

jth job missing feedback
from ≤ M − 1
evaluations.
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Challenges in parallel BO: encouraging diversity

Direct application of UCB in the synchronous setting . . .

x

f(x) ϕt = µt−1 + β
1/2
t σt−1

xt1

- First worker: maximise UCB, xt1 = argmaxϕt(x).

- Second worker: UCB is the same! xt1 = xt2

- xt1 = xt2 = · · · = xtM .

Direct application of popular (deterministic) strategies, e.g. UCB,
EI, etc. do not work. Need to “encourage diversity”.
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Challenges in parallel BO: encouraging diversity

I Add hallucinated observations.
(Ginsbourger et al. 2011, Janusevkis et al. 2012)

I Optimise an acquisition over XM (e.g. M-product UCB).
( Wang et al 2016, Wu & Frazier 2017 )

I Resort to heuristics, typically requires additional
hyperparameters and/or computational routines.

(Contal et al. 2013, Gonzalez et al. 2015, Shah & Ghahramani 2015,

Wang et al. 2017, Wang et al. 2018)

In (Kandasamy et al. AISTATS 2018): Direct application of Thompson
sampling works!

I Conceptually and computationally simple in practice: does not
require explicit diversity strategies.

I Comes with theoretical guarantees.
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Theoretical Results – Simple regret after n evaluations

SR(n) = f (x?) − max
t=1,...,n

f (xt).

seqTS (Russo & van Roy 2014)

E[SR(n)] .

√
Ψn log(n)

n

Theorem: synTS (Kandasamy et al. AISTATS 2018)

E[SR(n)] .
M
√

log(M)

n
+

√
Ψn log(n+M)

n

Theorem: asyTS (Kandasamy et al. AISTATS 2018)

E[SR(n)] .
Mpolylog(M)

n
+

√
CΨn log(n+M))

n
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Theoretical Results – Simple Regret with a Time Budget

Theorem (Informal): TS with M parallel workers
(Kandasamy et al. AISTATS 2018)

I Both synTS and asyTS are better than seqTS.

I If evaluation times are the same, synTS is marginally better
than asyTS.

I When there is high variability in evaluation times, asyTS is
better than synTS.

- Sub-Gaussian:
√

log(M) factor

- Sub-exponential: log(M) factor
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Dragonfly (Kandasamy et al. Arxiv 2019)

dragonfly.github.io
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Dragonfly (Kandasamy et al. Arxiv 2019)
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Decision-Making in Stateless Environments without a Reward Signal

composition
of alloy

Diffraction
 patterns

X-Ray Diffraction
Studies

Goal: Identify phase transitions in crystal structure in an alloy.
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A Framework for Goal Oriented Design of Experiments
(Kandasamy et al. ICML 2019)

I MPS: A myopic algorithm inspired by Thompson sampling.

I Achieve a broad range of application-specific DoE objectives.

I Flexibility to incorporate domain expertise.

I Regret bounds with a globally optimal oracle policy.
- Proof ideas from submodular optimisation and reinforcement
learning.
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Autonomous Decision-making in Computer Systems

I Systematic noise/variations: performance depends on several
extraneous factors (e.g. hardware, resource contention).

I Performance of a configuration varies depending on the
workload, which may be completely or partially unknown.

I Systems in production can only be changed gradually.
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Tuning Spark Configurations in YSB
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Summary

I Multi-fidelity bandits: Use cheap approximations to a an
expensive experiment to speed up optimisation.
(Kandasamy et al. NeurIPS 2016a, Kandasamy et al. NeurIPS 2016b, Kandasamy et al. ICML 2017)

I Bandits on graph-domains Neural Architecture Search.
(Kandasamy et al. NeurIPS 2018)

I High dimensional bandits: Additive models have favourable
statistical and computational properties.

(Kandasamy et al. ICML 2015)

I Parallel bandits: Conduct multiple simultaneous evaluations.
(Kandasamy et al. AISTATS 2018)

I Goal Oriented Design of Experiments: A myopic strategy
inspired by Thompson sampling.

(Kandasamy et al. ICML 2019)
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