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%\max_{x_\ast}	
  \;	
  \mathbb{E}\sum\nolimits_{g\in\mathcal{G}_t}\big[r_g(\mathcal{D}_\ast)\mid	
  
x_\ast,	
  \mathcal{D}_t\big]	
  
%	
  
%z_\ast\mid	
  x_\ast,\mathcal{D}_t	
  \,\sim\,	
  \mathcal{N}(\mu_{f\mid\mathcal{D}_t}(x_\ast),	
  \;
\kappa_{f\mid\mathcal{D}_t}(x_\ast,x_\ast)+\sigma^2)	
  
%	
  
%&r(\mathcal{D}_t\cup\{x_\ast,z_\ast\})	
  \\	
  
%&=	
  \sum\nolimits_{g\in\mathcal{G}_t}\mathbbm{1}\big\{\mathbb{E}\big[h_g(f)|\mathcal{D}
_t,x_\ast,z_\ast\big]	
  >	
  \theta	
  	
  \big\}	
  
%	
  
h_g(f)	
  =	
  \Phi\Big(	
  \underbrace{\int_{x\in\mathcal{X}_g}	
  \!	
  w_g(x)f(x)	
  \;\mathrm{d}x}_{:=	
  L_gf}	
  +b	
  
\Big),	
  \mbox{	
  $\Phi$	
  is	
  normal	
  cdf.}	
  
%	
  
%r(\mathcal{D})	
  =	
  \sum_{g\in\mathcal{G}_t}	
  \mathbbm{1}\lej\{	
  \Phi\lej(\frac{	
  L_g\mu_{f\mid
\mathcal{D}}	
  +	
  b}{\sqrt{1	
  +	
  L_g^2	
  \kappa_{f\mid\mathcal{D}}	
  }}\right)	
  >	
  \theta	
  \right\}	
  
%	
  
%\mathbb{E}\big[r(\mathcal{D}_\ast)\mid	
  x_\ast,	
  \mathcal{D}_t\big]	
  =	
  \sum_{g\in\mathcal{G}_t}
\Phi\lej(\frac{	
  L_g\mu_{f\mid\mathcal{D}}	
  +	
  b	
  -­‐	
  \Phi^{-­‐1}(\theta)\sqrt{1+L_g^2\kappa_{f\mid
\mathcal{D}_\ast}}}{\sqrt{V_{\ast\mid\mathcal{D}}^{-­‐1}	
  L_g\kappa_{f\mid\mathcal{D}}(\cdot,x_
\ast)^2}}	
  \right)	
  

\newcommand{\deq}{\triangleq}	
  
\begin{tabular}{p{2.2in}}	
  
	
  
Tail	
  prob.	
  update:	
  	
  
$$	
  
\wide#lde{T}_g	
  \deq	
  (T_g	
  |	
  \#lde{x},\#lde{y}).	
  	
  
$$	
  	
  
	
  
Expected	
  reward	
  to	
  collect	
  $\#lde{x}$:	
  	
  
$$	
  
u(\#lde{x},g)	
  \deq	
  \mathbb{E}
\Big[	
  \mathbbm{1}\Big(	
  \wide#lde{T}_g	
  	
  >	
  \theta	
  \Big)	
  
\Big],	
  	
  
$$	
  
where	
  this	
  is	
  marginalized:	
  	
  
$$	
  
\#lde{y}	
  |	
  \#lde{x}	
  \sim	
  \mathcal{N}
\Big(\mu(\#lde{x}),	
  \kappa(\#lde{x},\#lde{x})+
\sigma_n^2	
  \Big).	
  
$$	
  
	
  
\end{tabular}	
   %r=0	
  	
  

%\quad\Rightarrow\quad	
  
%	
  \dfrac{\par#al	
  u}{\par#al	
  \#lde{\nu}}	
  >	
  
0	
  	
  
%\\	
  
\#lde{\beta}^2	
  =	
  \beta^2	
  -­‐	
  \#lde{\nu}^2	
  

	
  	
  	
  	
  Mo6va6on	
  	
  _	
  

%f	
  \;	
  \sim	
  \;	
  \mathcal{GP}
(\mu(\cdot),\kappa(\cdot,\cdot))	
  
%	
  
%h_g(f)	
  =	
  \mbox{Pr}	
  (f|
_{\mathcal{X}_g}	
  \mbox{	
  matches	
  
pa.ern})	
  
%	
  
%r(\mathcal{D})	
  =	
  \sum\nolimits_g	
  
\mathbbm{1}\big\{\mathbb{E}
\big[	
  h_g(f)\mid	
  \mathcal{D}\big]	
  >	
  
\theta	
  \big\}	
  
%	
  
%f|_{\mathcal{X}_g}	
  

q  Independent	
  Region	
  with	
  Analy#cal	
  Solu#on	
  
•  Then	
  the	
  analy#cal	
  result	
  is	
  monotone	
  in	
  both	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  and	
  
•  Comparing	
  two	
  selec#ons	
  in	
  two	
  regions,	
  if	
  both	
  regions	
  can	
  be	
  equally	
  

explored,	
  with	
  equal	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  ,	
  then	
  select	
  the	
  region	
  with	
  a	
  larger	
  
marginal	
  probability	
  of	
  a	
  posi#ve	
  outcome.	
  

•  If	
  two	
  regions	
  have	
  the	
  same	
  marginal	
  probability,	
  with	
  equal	
  	
  	
  	
  	
  	
  	
  	
  	
  ,	
  then	
  
select	
  the	
  region	
  having	
  a	
  larger	
  variance	
  reduc#on	
  ra#o.	
  

We	
  want	
  to	
  find	
  vor#ces	
  in	
  a	
  2d	
  map	
  of	
  fluid	
  flow.	
  

Mean	
  and	
  standard	
  error	
  of	
  recall	
  for	
  matching	
  
regions,	
  over	
  15	
  runs.	
  True	
  labels	
  are	
  determined	
  
by	
  using	
  the	
  classifier	
  on	
  the	
  full	
  velocity	
  dataset.	
  

Define:	
  

We	
  have:	
  

(equivalent	
  def.)	
  

If	
  linear	
  classifiers	
  and	
  regions	
  are	
  independent:	
  
•  If	
  two	
  regions	
  have	
  the	
  same	
  marginal	
  probability,	
  picks	
  

the	
  one	
  whose	
  variance	
  can	
  be	
  reduced	
  more	
  with	
  one	
  
point.	
  

•  If	
  two	
  regions’	
  variances	
  can	
  be	
  equally	
  well	
  reduced,	
  
picks	
  the	
  one	
  with	
  higher	
  marginal	
  probability.	
  

•  In	
  a	
  given	
  region,	
  picks	
  point	
  most	
  correlated	
  to	
  region’s	
  
label.	
  

max

x⇤
E
X

g2Gt

⇥
r

g

(D⇤) | x⇤,Dt

⇤
Choose	
  point	
  to	
  greedily	
  maximize	
  expected	
  reward	
  

Es#mate	
  expected	
  reward	
  with	
  Monte	
  Carlo:	
  

Sample	
  enough	
  of	
  f	
  to	
  get	
  hg(f)	
  
r(Dt [ {x⇤, z⇤}) =

X
g2Gt

�
E
⇥
hg(f)|Dt, x⇤, z⇤

⇤
> ✓

 

Sample	
  observa#on	
  
z⇤ | x⇤,Dt ⇠ N

⇣
µf |Dt

(x⇤), f |Dt
(x⇤, x⇤) + �

2
⌘

Analy#cal	
  form:	
  	
  

L

g

f =

Z

x2Xg

w(x)Tf(x) dxand	
  Lg	
  is	
  linear,	
  e.g.	
  	
  	
  

hg(f) = �
⇣
Lgf + b

⌘
where	
  𝚽	
  is	
  normal	
  cdf	
  If	
  

then	
  E
⇥
rg(D⇤) | x⇤,D

⇤
has	
  a	
  closed	
  form.	
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Trained	
  a	
  2-­‐layer	
  neural	
  network	
  on	
  a	
  
small	
  training	
  set:	
  

The	
  velocity	
  dataset;	
  each	
  arrow	
  represents	
  the	
  mean	
  of	
  
a	
  2x2	
  square.	
  This	
  run	
  was	
  ini#alized	
  with	
  the	
  points	
  at	
  
the	
  green	
  circles	
  and	
  selected	
  the	
  ones	
  at	
  the	
  red	
  circles.	
  

1	
   Select	
  loca#ons	
  to	
  
observe	
  func#on	
  values	
  

2	
   Collect	
  reward	
  for	
  region	
  matches	
  r(D) =
X

g

�
E
⇥
hg(f) | D

⇤
> ✓
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X1
X2 Xg

f ⇠ GP(µ(·),(·, ·))

hg(f) = Pr(f |Xg matches pattern)

•  Poin#llism:	
  point	
  observa#ons,	
  group	
  pa.erns.	
  

•  Ac#ve	
  search:	
  filter	
  as	
  many	
  posi#ves	
  as	
  possible	
  for	
  
later	
  processing.	
  

•  Flexibility:	
  allow	
  for	
  arbitrary	
  defini#ons	
  of	
  the	
  
desired	
  pa.ern,	
  in	
  the	
  form	
  a	
  func#onal	
  classifier.	
  

	
  	
  	
  	
  Applica6ons	
  	
  _	
  
•  Environmental	
  monitoring:	
  autonomous	
  boats	
  
searching	
  a	
  pond	
  for	
  polluted	
  areas	
  

•  Astronomy:	
  choosing	
  where	
  to	
  point	
  a	
  
telescope	
  to	
  find	
  interes#ng	
  objects	
  

•  Polling:	
  carefully	
  surveying	
  to	
  find	
  electoral	
  
races	
  that	
  need	
  a.en#on.	
  

	
  	
  	
  	
  Related	
  Work	
  	
  _	
  
Most	
  Bayesian	
  op#miza#on:	
  
•  Models	
  func#ons	
  with	
  GPs	
  
•  Usually	
  maximiza#on	
  of	
  observable	
  point	
  values	
  
	
  
Ac#ve	
  search	
  (e.g.	
  Garne.	
  et	
  al.,	
  ICML	
  2012)	
  

•  Usually	
  assumes	
  that	
  labels	
  are	
  directly	
  observable	
  and	
  
correspond	
  to	
  single	
  points.	
  

	
  
Ac#ve	
  Area	
  Search	
  (Ma	
  et	
  al.,	
  AISTATS	
  2014)	
  

•  Similar	
  setup	
  and	
  algorithm,	
  but	
  can	
  only	
  detect	
  
thresholds	
  on	
  mean	
  of	
  a	
  region.	
  

•  APPS	
  generalizes	
  to	
  any	
  pa.ern.	
  
	
  
Level	
  set	
  es#ma#on	
  (Gotovos	
  et	
  al.,	
  IJCAI	
  ‘13;	
  Low	
  et	
  al.,	
  AAMAS	
  ‘12)	
  

•  Ac#vely	
  finds	
  a	
  par#cular	
  level	
  set	
  in	
  a	
  func#on.	
  
•  Related	
  to	
  AAS;	
  can’t	
  model	
  arbitrary	
  pa.erns.	
  

	
  	
  	
  	
  Intui6on	
  	
  _	
  

observa#ons	
  

template	
  

posterior	
  draws	
  
X	
   ✓	
   ✓	
  


