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A sample from a Gaussian process is a function as

fO)~N(ulx), k(x,x"))

1 1
k(x,x") = eXp(—E ] — x'|]%) k(x,x") = eXp(—§ ] — x'|]%)

Let us denote y;., = f(x1,,)as the function values corresponding to the data points x, .,

k(x1,x1) k(x1, xp)

k
k(Xp+1, Xp+1)

yl:p

K
3’P+1] ~N(, [kT

k(xp, x1) k(xp, xp)

k = [k(xq, xpi1), k(X2 Xpy1), e, k(xp' xP+1)]
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01 Review

P(YP+1 |x1:p: Y1:p)~N(ﬂp (xp+1); 0}? (xp+1))

Algorithm 1 The Generic Bayesian Optimisation Algorithm

1: Input: The initial observation D = {X1.,,¥1:p}-

2: Output: {x*,y*}1_,

J:forn=1,2,.T

4: Find x* = arg maxy E(I(x)|GP(D)) of (11).
5: Evaluate the objective function: y* = f(x*).
6

7

Augment the observation set D = D U (x*,y>").
. end for
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Enforces the ranking gaps (difference
between ranking scores) on ordered pairs.
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Precompute hash table -

1
. : : Update ranking model || earn a linear Output a ranking model .
The overall aim is to find pairs of ranking model v :
|

data points that are relevant to the S e e
. . . Irwi asl searcn o
query but the ranking function is most constraints e e

uncertain about.

Human

Provide ordered pairs Ask for pairwise ordering

The first part involves using a point-to-point
hash function to skip data points that are
clearly irrelevant to the query.

Fig. 2. The cycle of fast active learning to rank.

We propose an efficient point-to-hyperplane

hash algorithm, which will be used to find the most uncertain pairs of points. <
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02 LTR
xSt be{01}d

b, = argmax b X
x [1D1] 11x]|

Point-to-Point  x = {X1,%2, ..., x,} x; € R?

||b||y = m, b'that lies at a Hamming radius rfrom L/ — — +r]

Point-to-Hyperplane
looking for a b that is most perpendicular to w - is equivalent

The hyperplane hashing problem -
to minimizing the cosine of the angle between wand b

_ b'w d
b,, = argmax .- o s.t. b € {0,1}

b = ()

- w=wt—w"




02 LTR

nnmfe
O

Z

-
\
W

hs
///////

27

[N

£ %

&b

QW

N

Through optimizing a particular gain/loss measure, we learn a linear ranking function
w, which can be interpreted as a hyperplane normal vector passing through the origin.

S={N}
The retrieval results are represented in a descending order with respect to the ranking scores,
which are calculated for each data point separately using a hyperplane w, as show in the

equation: 7(x) = wlx
Step 1 - Relevance Hashing

As to construct the first layer hash lookup table, we map each database point x € R? to
its angle-wise nearest binary code (€ B%4)

pTx*

argmax
Hyer(x) = P e (0,13

bTx—
argmax

111X~
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Step 2 - Uncertainty Hashing

For each of the first layer hash buckets, we construct a second layer hash table by
mapping the vector of each pair (x; — x;)(V(i,)) € {(i,)) € |Hye;(x;) = Hye1(x)}) to its
angle-wise nearest binary approximation (€ B,,) using the same hash function of
relevance hashing H,.;

I "

T +
argmax b (6 — 1) bTw* bTw™
_ BTG = x)* | B TTATTIal N P
Hyne = bT (x; — x;)" Hyei(x) = bTw— or pTw+
l ] aregmax — aremax ———
argmax T N TTTTIA

bIIT1Ce; = x) 7]

Given a ranking hyperplane w, the uncertain pairs are those whose vectors are close to
perpendicular to the hyperplane normal vector w.
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02 DNGO Adaptive Basis Regression with Deep Neural Networks

A key limitation of GP-based Bayesian optimization is that the computational cost of the
technique scales cubically in the number of observations. We show that performing
adaptive basis function regression with a neural network as the parametric form performs
competitively with state-of-the-art GP-based approaches, but scales linearly with the number
of data rather than cubically.

We take a pragmatic approach and add a Bayesian linear regressor to the last hidden layer
of a deep neural network, marginalizing only the output weights of the net while using a
point estimate for the remaining parameters. This results in adaptive basis regression.

First of all, without loss of generality and assuming compact support for each input
dimension, we scale the input space to the unit hypercube.

d(-) = [4’1(')» ¢2(')» ey ¢n(')]

denotes the vector of outputs from the last hidden layer of the network, We take these to be our
set of basis functions. In addition, define ® to be the design matrix arising from the data and this
basis, where @,,; = ¢,(x;,) is the output design matrix, and y the stacked target vector.
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These basis functions are parameterized via the weights and biases of the deep neural
network, and these parameters are trained via backpropagation and stochastic gradient
descent with momentum. In this training phase, a linear output layer is also fit. This
procedure can be viewed as a maximum a posteriori (MAP) estimate of all parameters in the
network. Once this “basis function neural network” has been trained, we replace the MAP-

parameterized output layer with a Bayesian linear regressor that captures uncertainty in the
weights.

The predictive mean u(x; 8)and variance o%(x; 9) of the model are u(x;D,0) = m"¢p(x) +
n(x) o%(x;D,0) = p(x)TK 1¢p(x) +% wherem = fK'®Ty e RP K= BPdT® + Ia € RP*P

Here, n(x)is a prior mean function, and ¥y = y — n(x)In addition, « pare regression model
hyperparameters. We integrate out a f using slice over the marginal likelihood, which is given

~ 2 1
by logp(y|X, a,B) = %loga + %logﬁ — %log(Zn) — g 1y — &m||” — %me — 5 log|K]|
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It is clear that the computational bottleneck of this procedure is the inversion of K. However,
note that the size of this matrix grows with the output dimensionality D, rather than the
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number of observations N as in the GP case. This allows us to scale to significantly more
observations than with the GP as demonstrated in Figurel. @
6000 . . ; i
F— DNGO (Neural Network) ! TanH
5000t | -4 Spearmint (GP) o Dashed lines correspond to weights f
S that are marginalized. S
© 4000} . 1 TanH
3 Pt I T
§_ 0 ",I TanH
i 'J —
S 2000} R | |
O ’ . . .
& Rt Figure 1. The time per suggested experiment for our method com- «
1000k " . pared to the state-of-the-art GP based approach from Snoek et al.
,.-“' . ¥ (2014) on the six dimensional Hartmann function. We ran each
0_!.....--:—"7' - | algorithm on the same 32 core system with 80GB of RAM five
0 500 1000 1500 2000 times and plot the mean and standard deviation.

Number of Observations
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Cheap data from small chunks running in parallel
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Big data
Performance vs
> I Hyperparameter
Few expensive experiments on Big Data

Divide the big data into chunks and generate hyperparameter configurations for the
chunks using the standard Bayesian optimization. We utilize this information from the
chunks for hyperparameter.tuning.on big data using a transfer learning setting.

Transfer
Learning

b
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m m

2 — 2

Hcombined = 1/mzlli Ocombined = 1/mz 0~
i=1 i=1

The performance of the model as function of hyperparameters on the big data, which is denoted as
fP(),The Bayesian optimization uses the GP.oypined: @S the posterior model for tuning the
hyperparameters on the big data. We model the observations from the chunks as a noisy observations
on the big data, i.e, as a noisy measurement of f2(»), yf = f°(xf)+af, Vi=1,..,N, af~N(0,02) We
estimate a¢ between the response surfaces of the hyperparameters on the big data and chunks in a
Bayesian setting.

The kernel matrix for each of the chunk GPs, K, is computed after combining the observations
from chunks and the big data. The kernel matrix Kc is then updated by adding different noise

. UcZINCxNC 0
variance levels as K, = K, +

T 2
0 O-b INbXb
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Algorithm 2 Proposed Algorithm.

1: Input:

Initial Observations:{x", y"}.

2: Initial Settings:

3: Output:

{Xn yn n 1-
4:for n =1,2,.T
5: Find x* = arg max, E(I(x)|GPmbned) of Eq. (11).
6: Evaluate yi = fo(x*)
8: Compute y¢ =f(x}) for different data chunks.
9: Update al™ b1 and a1.,, using Eq. (18), (19), 20)
10: Compute K. for each G P by augmenting{x},y"}.
11: Update each of the chunk GPs G P¢ using Eq. (15).
11:  Update the combined GP G Pcombined
12: end for

Generate hyperparameter settings for Chunks : GFy.,,
Build the combined GP G Peombed ysing (12) and (13).

m
Hcombined = 1/mz Ui
i=1

m
2 — 2
Ocombined — 1/mz 0~

(a'll’l) i:]_;mz aO + n/z

(b)l lm_b0+

(a8)
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Estimation of Noise Variance (¢?)

We estimate the variance o2 of «a, using a Bayesian framework. We place an inverse gamma
distribution with parameters a, and b, as the prior distribution

o2~InvGamma(ay, by)

We start with a wide prior and then update the posterior from the observation of output
value of the big data (y,) and the data chunks (y.) for the same hyperparameter setting.

Since the inverse gamma is a conjugate prior to the variance, the posterior is also an
inverse gamma distribution with updated parameters a,and b, as

P(a? /(i) — y§}ie1)~InvGamma(ay, by)
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(@h) ;_y.,= Qo +1n/2 (bL) ;i =bo +

n refers to the number of trials and i denotes the particular chunk.

We use the mode of the posterior distribution as the value of noise variance and it is given as

(%)llm

(08)

= 1m (bn) +1

le
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Figure 2. Tuning the hyperparameters of Deep Neural Networks on MNIST
dataset.

Figure 3. Tuning the Hyperparameters of SVM with rbf Kernel on a8a dataset:
The Efficient-BO and Generic-BO did not move from the initial result and
overlapped each other.
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