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University College London 
(伦敦⼤大学学院) 

•  Regularly rank top-5 in UK
•  UK REF2014

– UCL Rank 2
– Computer Science Rank 

1
•  32 Nobel Laureates

– e.g., Kuen Kao (高锟)
•  Deepmind, acquired by 

Google $400m 
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Who	
  we	
  are	
  

•  UCL	
  ComputaTonal	
  AdverTsing	
  Lab	
  
–  5	
  PhDs	
  and	
  1	
  Postdoc	
  
–  InformaTon	
  retrieval	
  and	
  search	
  	
  
–  PersonalisaTon,	
  recommender	
  systems	
  and	
  
behavior	
  targe[ng	
  

–  Financial	
  methods	
  of	
  display	
  adverTsing	
  
•  MSc/Res	
  Web	
  Science	
  and	
  Big	
  Data	
  AnalyTcs	
  
•  Start-­‐up:	
  MediaGamma	
  Ltd	
  

–  building	
  the	
  first	
  automated	
  Futures/OpTons	
  
exchange	
  for	
  display	
  adverTsing	
  

–  Combining	
  AI/machine	
  learning	
  and	
  financial	
  
methods	
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Big	
  Data	
  

•  IBM	
  data	
  shows	
  that	
  consumers	
  create	
  about	
  
2.5	
  quinTllion	
  bytes	
  (十的十八次方)of	
  data	
  
each	
  day	
  	
  

•  90%	
  of	
  the	
  data	
  in	
  the	
  world	
  today	
  has	
  been	
  
created	
  in	
  the	
  last	
  two	
  years	
  alone.	
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Big	
  Data	
  Revolu1on	
  

•  The	
  revoluTon	
  is	
  	
  
– not	
  about	
  the	
  quanTty	
  of	
  data,	
  	
  
– but	
  about	
  how	
  we	
  can	
  now	
  extract	
  knowledge,	
  
insights,	
  and	
  make	
  predicTons	
  with	
  scalable	
  
computaTonal	
  and	
  staTsTcal	
  methods.	
  	
  

•  ComputaTonal	
  power:	
  Mapreduce/Spark/GPUs	
  
•  Data	
  Science,	
  ArTficial	
  Intelligence	
  (AI)	
  and	
  
Machine	
  Learning	
  have	
  become	
  a	
  key	
  basis	
  of	
  
innovaTon	
  

27/12/15	
   Talk	
  at	
  Nanjing	
  Big	
  Data	
  Meetup	
  



Break-­‐through:	
  Speech	
  Transla1on	
  

hcp://www.nyTmes.com/2012/11/24/science/scienTsts-­‐see-­‐advances-­‐in-­‐deep-­‐learning-­‐a-­‐part-­‐of-­‐arTficial-­‐intelligence.html	
  
hcp://research.microsod.com/en-­‐us/about/speech-­‐to-­‐speech-­‐milestones.aspx	
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Break-­‐through:	
  Computer	
  Vision	
  

hcp://blogs.technet.com/b/inside_microsod_research/archive/2015/02/10/microsod-­‐
researchers-­‐algorithm-­‐sets-­‐imagenet-­‐challenge-­‐milestone.aspx	
  
	
  

27/12/15	
   Talk	
  at	
  Nanjing	
  Big	
  Data	
  Meetup	
  



Break-­‐through:	
  Natural	
  Language	
  Processing	
  

hcps://code.google.com/p/word2vec/	
  
	
  

Visualization of Regularities in Word Vector Space
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From	
  bag	
  of	
  words	
  to	
  distributed	
  representa1on	
  of	
  words	
  

Compositionality by Vector Addition

Expression Nearest tokens

Czech + currency koruna, Czech crown, Polish zloty, CTK

Vietnam + capital Hanoi, Ho Chi Minh City, Viet Nam, Vietnamese

German + airlines airline Lufthansa, carrier Lufthansa, flag carrier Lufthansa

Russian + river Moscow, Volga River, upriver, Russia

French + actress Juliette Binoche, Vanessa Paradis, Charlotte Gainsbourg

21 / 31
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Break-­‐through:	
  Human-­‐level	
  Control	
  

hcp://www.nature.com/nature/journal/v518/n7540/full/nature14236.html#videos	
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Web	
  Big	
  Data	
  (BAT)	
  
•  Baidu:	
  

–  531	
  million	
  users	
  	
  
–  500	
  million	
  month	
  acTve	
  mobile	
  search	
  users	
  （70	
  million	
  daily）	
  

•  Alibaba	
  
–  	
  have	
  300million	
  acTve	
  users	
  (mobile	
  monthly	
  acTve	
  users	
  163	
  
million)	
  

–  12.7	
  billion	
  annual	
  orders	
  	
  (Buyers	
  279	
  million	
  and	
  Sellers	
  8.5	
  
million)	
  

–  Alipay	
  registered	
  users:	
  300	
  million	
  
•  Tencent	
  

–  Wechat	
  has	
  438	
  million	
  monthly	
  acTve	
  users	
  	
  
–  Qzone	
  has	
  645	
  million	
  monthly	
  acTve	
  users	
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Technologies	
  behind	
  content	
  
providers	
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Product search Search results 
- Maximize users’ 
satisfactions? 

Query	
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Recommender	
  Systems	
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Recommender	
  systems	
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Kruschwitz,	
  Udo	
  <udo@essex.ac.uk>	
  



Online advertising Advertising 
- Maximize 
revenues 
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Real-­‐1me	
  Services	
  under	
  Big	
  Data	
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How	
  big	
  the	
  search	
  is?	
  

Real-­‐Tme	
  mulT-­‐page	
  
personalised	
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Google	
  now	
  processes	
  over	
  40,000	
  search	
  queries	
  every	
  second	
  on	
  average,	
  which	
  
translates	
  to	
  over	
  3.5	
  billion	
  searches	
  per	
  day	
  and	
  1.2	
  trillion	
  searches	
  per	
  year	
  
worldwide.	
  



Queries	
  can	
  have	
  ambiguous	
  intents	
  

[Courtesy	
  of	
  F.	
  Radlinski,	
  	
  
MSR	
  Cambridge]	
  

Columbia	
  
clothing/sportswear	
  

Colombia	
  
(Country:	
  misspelling)	
  

Columbia	
  University	
  

Columbia	
  Records	
  
music/video	
   columbia	
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Evolving	
  IR 
•  Paradigm	
  shids	
  in	
  IR	
  as	
  new	
  models	
  emerge	
  
•  e.g.	
  VSM	
  →	
  BM25	
  →	
  Language	
  Model	
  

– Different	
  ways	
  of	
  defining	
  relaTonship	
  
between	
  query	
  and	
  document	
  

•  StaTc	
  →	
  InteracTve	
  →	
  Dynamic	
  
– EvoluTon	
  in	
  modeling	
  user	
  interacTon	
  with	
  
search	
  engine 
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Dynamic	
  Informa1on	
  Retrieval 

Documents	
  
to	
  explore Informa1on	
  

need 

Observed	
  
documents 

User 

Devise	
  a	
  strategy	
  
for	
  helping	
  the	
  user	
  
explore	
  the	
  
informaTon	
  space	
  
in	
  order	
  to	
  learn	
  
which	
  documents	
  
are	
  relevant	
  and	
  
which	
  aren’t,	
  and	
  
saTsfy	
  their	
  
informaTon	
  need.	
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Marc	
  Sloan,	
  Grace	
  Yang,	
  Jun	
  Wang,	
  Forthcoming	
  book	
  on	
  Dynamic	
  InformaTon	
  Retrieval,	
  
2016	
  



Real-­‐1me	
  Mul1	
  Page	
  Search:	
  
relevance	
  feedback	
  revisit	
  

•  www13	
  paper	
  

Figure 1: Example application, where Page 1 contains the diversified, exploratory relevance ranking, and

Page 2 contains a refined, personalised re-ranking of the next set of remaining documents, triggered by

the “Next” button and depending on the documents viewed on Page 1 (the left Page 2 ranking contains

documents about animals, the right ranking documents about cars). The same search process can continue

in the remaining results pages until the user leaves.

ing the search experience. Interaction can be split into two
categories, system driven and user driven. In system driven
interaction, the system directly involves the user in the in-
teractive process; for instance, a user can narrow down an
e-commerce search by filtering based on item attributes the
system has intentionally specified [42]. Somewhat related is
the field of adaptive filtering, where a user refines an infor-
mation stream over time by giving feedback [23].

User driven interactions can allow the user to opt-in, or
remain unaware of the interaction due to the use of implicit
feedback, which can come from a number of sources, in-
cluding scrolling behaviour, time spent on search page and
clickthroughs, the latter two of which correspond well with
explicit user satisfaction [13]. Due to their abundance and
the low cost of recording them, clickthroughs have emerged
as a common measure of implicit feedback, with much re-
search into using search click logs for learning ranking algo-
rithms [15].

When implicit feedback is used in interactive retrieval, the
research can be split into long term and short term objec-
tives. Long term interactive retrieval methods are usually
concerned with search personalisation or learning to rank
over time, for instance, incorporating user behavior from
search logs into a learning to rank algorithm [1], re-ranking
search results for specific users by accumulating user data
over time [33] and using clickthroughs to learn diverse rank-
ings dynamically over time [20]. Such techniques are useful
for improving a search system over time for popular queries,
but are less able to deal with ad hoc web search and tail
queries. On the other hand, short term methods aim to
improve the immediate search session by incorporating user
context such as clickthroughs and search history [28], but
may have issues with user privacy concerning using user
data.

In this paper, we propose a technical scheme for short
term, interactive ranking that is able to use user feedback
from the top-ranked documents in order to generate con-
textual re-rankings for the remaining documents in ad hoc
retrieval. The feedback could be collected either implicitly,
such as from clickthroughs and search page navigation, or
explicitly, such as from user ratings. The proposed feedback
scheme naturally makes use of the fact that in many com-

mon retrieval scenarios, the search results are split into mul-
tiple pages that the user traverses across by clicking a “next
page” botton. A typical use case would be a user examin-
ing a Search Engine Results Page (SERP) by going through
the list, clicking on documents (e.g., to explore them) and
returning to the SERP in the same session. Then, when
the user indicates that they’d like to view more results (i.e.
the ‘Next Page’ button), the feedback elicited thus far is
used in a Bayesian model update to unobtrusively re-rank
the remaining documents (which are not seen as yet), on
the client-side, into a list that is more likely to satisfy the
information need of the user, which are shown in the next
SERP, as illustrated in Figure 1.
We mathematically formulate the problem by considering

a Bayesian sequential model; we specify the user’s overall
satisfaction over the Interactive Exploratory Search process
and optimise it as a whole. The expected relevance of doc-
uments is sequentially updated taking into account the user
feedback thus far and the expected document dependency.
A dynamic programming approach is used to optimise the
balance between exploration (learning the remaining docu-
ments’ relevancy) and exploitation (presenting the most rel-
evant documents thus far). Due to the optimisation calcu-
lation being intractable, the solution is approximated using
a range of techniques such as monte carlo sampling and a
sequential ranking decision rule. Our formulation requires
no changes to the search User Interface (UI) and the update
stage can be performed on the client side in order to respect
user privacy and deal with computational e�ciency. We test
the method on TREC datasets, and the results show that
the method outperforms other strong baselines, indicating
that the proposed interactive scheme has significant poten-
tials for exploratory search tasks.
The remainder of the paper is organised as follows: in Sec-

tion 2 we continue our discussion about the related work; in
Section 3 we present the proposed dynamical model. Its
insights and its approximate solutions are presented in Sec-
tions 4 and 5 respectively. The experiments are given in
Section 6 and conclusions are presented in Section 7.
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  InteracTve	
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  Search	
  for	
  MulT	
  Page	
  Search	
  Results,	
  
www13	
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Figure 1: Example application, where Page 1 contains the diversified, exploratory relevance ranking, and

Page 2 contains a refined, personalised re-ranking of the next set of remaining documents, triggered by

the “Next” button and depending on the documents viewed on Page 1 (the left Page 2 ranking contains

documents about animals, the right ranking documents about cars). The same search process can continue

in the remaining results pages until the user leaves.

ing the search experience. Interaction can be split into two
categories, system driven and user driven. In system driven
interaction, the system directly involves the user in the in-
teractive process; for instance, a user can narrow down an
e-commerce search by filtering based on item attributes the
system has intentionally specified [42]. Somewhat related is
the field of adaptive filtering, where a user refines an infor-
mation stream over time by giving feedback [23].

User driven interactions can allow the user to opt-in, or
remain unaware of the interaction due to the use of implicit
feedback, which can come from a number of sources, in-
cluding scrolling behaviour, time spent on search page and
clickthroughs, the latter two of which correspond well with
explicit user satisfaction [13]. Due to their abundance and
the low cost of recording them, clickthroughs have emerged
as a common measure of implicit feedback, with much re-
search into using search click logs for learning ranking algo-
rithms [15].

When implicit feedback is used in interactive retrieval, the
research can be split into long term and short term objec-
tives. Long term interactive retrieval methods are usually
concerned with search personalisation or learning to rank
over time, for instance, incorporating user behavior from
search logs into a learning to rank algorithm [1], re-ranking
search results for specific users by accumulating user data
over time [33] and using clickthroughs to learn diverse rank-
ings dynamically over time [20]. Such techniques are useful
for improving a search system over time for popular queries,
but are less able to deal with ad hoc web search and tail
queries. On the other hand, short term methods aim to
improve the immediate search session by incorporating user
context such as clickthroughs and search history [28], but
may have issues with user privacy concerning using user
data.

In this paper, we propose a technical scheme for short
term, interactive ranking that is able to use user feedback
from the top-ranked documents in order to generate con-
textual re-rankings for the remaining documents in ad hoc
retrieval. The feedback could be collected either implicitly,
such as from clickthroughs and search page navigation, or
explicitly, such as from user ratings. The proposed feedback
scheme naturally makes use of the fact that in many com-

mon retrieval scenarios, the search results are split into mul-
tiple pages that the user traverses across by clicking a “next
page” botton. A typical use case would be a user examin-
ing a Search Engine Results Page (SERP) by going through
the list, clicking on documents (e.g., to explore them) and
returning to the SERP in the same session. Then, when
the user indicates that they’d like to view more results (i.e.
the ‘Next Page’ button), the feedback elicited thus far is
used in a Bayesian model update to unobtrusively re-rank
the remaining documents (which are not seen as yet), on
the client-side, into a list that is more likely to satisfy the
information need of the user, which are shown in the next
SERP, as illustrated in Figure 1.
We mathematically formulate the problem by considering

a Bayesian sequential model; we specify the user’s overall
satisfaction over the Interactive Exploratory Search process
and optimise it as a whole. The expected relevance of doc-
uments is sequentially updated taking into account the user
feedback thus far and the expected document dependency.
A dynamic programming approach is used to optimise the
balance between exploration (learning the remaining docu-
ments’ relevancy) and exploitation (presenting the most rel-
evant documents thus far). Due to the optimisation calcu-
lation being intractable, the solution is approximated using
a range of techniques such as monte carlo sampling and a
sequential ranking decision rule. Our formulation requires
no changes to the search User Interface (UI) and the update
stage can be performed on the client side in order to respect
user privacy and deal with computational e�ciency. We test
the method on TREC datasets, and the results show that
the method outperforms other strong baselines, indicating
that the proposed interactive scheme has significant poten-
tials for exploratory search tasks.
The remainder of the paper is organised as follows: in Sec-

tion 2 we continue our discussion about the related work; in
Section 3 we present the proposed dynamical model. Its
insights and its approximate solutions are presented in Sec-
tions 4 and 5 respectively. The experiments are given in
Section 6 and conclusions are presented in Section 7.
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Real-­‐1me	
  Mul1	
  Page	
  Search	
  Example	
  -­‐	
  
States	
  &	
  Ac1ons 

State:	
  
Relevance	
  

of	
  
document	
  

Ac1on:	
  
Ranking	
  of	
  
documents	
  

Observa1on:	
  
Clicks	
  

Belief:	
  Mul1variate	
  
Guassian	
  

Reward:	
  DCG	
  over	
  2	
  
pages	
  

X	
  Jin,	
  M.	
  Sloan	
  and	
  J.	
  Wang	
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Real-­‐1me	
  Mul1	
  Page	
  Search	
  Example	
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Real-­‐1me	
  Services	
  under	
  Big	
  Data	
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Cold-­‐start	
  problem	
  in	
  recommmender	
  systems	
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Interac1ve	
  Recommender	
  Systems 
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Possible	
  Solu1ons 

Zhao,	
  Xiaoxue,	
  Weinan	
  Zhang,	
  and	
  Jun	
  Wang.	
  
"InteracTve	
  collaboraTve	
  filtering."	
  CIKM,	
  
2013.	
  

27/12/15	
   Talk	
  at	
  Nanjing	
  Big	
  Data	
  Meetup	
  



Real-­‐1me	
  Services	
  under	
  Big	
  Data	
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How	
  big	
  Display	
  Adver1sing	
  is?	
  

•  Each	
  day,	
  around	
  400	
  billion	
  RTB	
  impressions	
  
are	
  bought	
  globally:	
  	
  
– about	
  100x	
  the	
  number	
  of	
  shares	
  traded	
  daily	
  on	
  
the	
  The	
  New	
  York	
  Stock	
  Exchange.	
  

•  The	
  Global	
  Real-­‐Time	
  Bidding	
  (RTB)	
  market	
  is	
  
forecast	
  to	
  GROW	
  at	
  41.18%	
  CAGR	
  (Compound	
  
annual	
  growth	
  rate)	
  during	
  2014-­‐2019	
  

•  ProgrammaTc	
  adverTsing	
  spending:	
  esTmated	
  
$61	
  bn	
  in	
  2017	
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Contextual	
  ads:	
  relevant	
  to	
  the	
  webpage	
  
content	
  	
  

Content: iPad 

Ads:  
Tablet PCs, 
mobile phone 
etc. 
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Real-­‐1me	
  Adver1sing:	
  	
  Selling	
  ad	
  slot	
  per	
  
impression	
  targeted	
  to	
  the	
  user	
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Real-­‐1me	
  Adver1sing:	
  	
  Selling	
  ad	
  slot	
  per	
  
impression	
  targeted	
  to	
  the	
  user	
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RTB	
  auc1on	
  :	
  0.2	
  seconds	
  

Ad 
Exchange 

 
 

Demand-Side 
Platform 

 
 

Advertiser 

Data 
Management 

Platform 

0.	
  Ad	
  Request	
  
1.	
  Bid	
  Request	
  
(user,	
  context)	
  

2.	
  Bid	
  Response	
  
(ad,	
  bid)	
  

3.	
  Ad	
  AucTon	
  4.	
  Win	
  NoTce	
  
(paying	
  price)	
  

5.	
  Ad	
  
(with	
  tracking)	
  

6.	
  User	
  Feedback	
  
(click,	
  conversion,	
  etc.)	
  

User	
  InformaTon	
  

User	
  Demography:	
  	
  
	
  	
  	
  	
  	
  	
  	
  Male,	
  20+,	
  etc.	
  
User	
  SegmentaTons:	
  
	
  	
  	
  	
  	
  	
  	
  Travel,	
  etc.	
  

Webpage	
  

User	
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The	
  new	
  RTB	
  eco-­‐system	
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Demand	
  Side	
  
Pla_orm	
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What	
  is	
  in	
  the	
  bid	
  request	
  
•  {u'geo_country':	
  u'GB',	
  u'raw_spec':	
  u'openrtb_2.1',	
  u'start_Tme':	
  

1440520749356176236,	
  u'raw_request':	
  u'{"id":"6C97E840-­‐134D-­‐4963-­‐
BF8C-­‐1A452B4ED093","imp":[{"id":"1","tagid":"41503","banner":{"w":
300,"h":250,"topframe":1}}],"site":{"id":"34908","domain":"hcp://
www.reklamport.com","page":"ib.adnxs.com","ref":"hcp://ib.adnxs.com/
bounce?/c?id=4943149&size=300x250&cb=11265809432","publisher":
{"id":"33643"}},"device":{"ip":"178.62.36.210","ua":"Mozilla/5.0	
  
(Windows;	
  U;	
  Windows	
  NT	
  5.1;	
  en-­‐US;	
  rv:1.9.2.28)	
  Gecko/20120306	
  
Firefox/3.6.28","carrier":"LLC	
  Sirius","language":"en-­‐us","js":
1,"devicetype":2,"geo":
{"country":"GB","region":"H9","city":"London","lat":
51.5149002,"lon":-­‐0.0951889977,"type":2},"ext":
{"otherdeviceid":"30a1d7750b0bb70779f95a671da0b43bd6125e2","hash
":1,"res":"800x600","freq":0,"pf":1}},"user":{"ext":{"tmz":"-­‐05.00"}},"ext":
{"bidguidefloor":0.12}}',	
  u'end_Tme':	
  1440520749357444228,	
  
u'request_id':	
  u'6C97E840-­‐134D-­‐4963-­‐BF8C-­‐1A452B4ED093',	
  
u'format_key':	
  u'300x250',	
  u'impid':	
  u'1'}	
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Learning	
  to	
  bid:	
  Problem	
  Defini1on	
  

	
  
Bid	
  Engine	
  Bid	
  Request	
   Bid	
  Price	
  

Input:	
  bid	
  request	
  include	
  	
  
Cookie	
  informaTon	
  
(anonymous	
  profile),	
  website	
  
category	
  &	
  page,	
  user	
  terminal,	
  
locaTon	
  etc	
  
Output:	
  bid	
  price	
  
Considera1ons:	
  Historic	
  data,	
  
CRM	
  (first	
  party	
  data),	
  DMP	
  (3rd	
  
party	
  data	
  from	
  Data	
  
Management	
  Pla�orm)	
  	
  	
  	
  
	
  
	
  

What	
  is	
  the	
  op1mal	
  bidder	
  given	
  a	
  
budget	
  constraint?	
  
e.g.,	
  Maximise	
  	
  
	
  
	
  
Subject	
  to	
  the	
  budget	
  constraint	
  
	
  



hcp://contest.ipinyou.com/session-­‐three-­‐online-­‐leaderboard.html 



(RTB)	
  Ads	
  prices	
  and	
  user	
  response	
  are	
  vola1le	
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Figure 1: The instability of CPM (cost per mille), AWR (auction
winning ratio), eCPC (effective cost per click), and CTR (click-
through rate) for two sample campaigns without a controller.
Dataset: iPinYou.

trollers are capable to control eCPC and AWR, where PID further
provides a better control accuracy and robustness than WL. We find
that the farer reference value is away from the initial performance,
the more difficult to control and settle the KPI to the reference.

Moreover, we also study whether feedback control techniques
can be leveraged for bid optimisation. It is quite common that a
campaign has different performance (e.g. eCPC) on the ad invento-
ries from different channels (e.g. ad exchanges and user geographic
regions). If we can reallocate part of the budget from the less cost-
effective channels to the more cost-effective ones, the campaign-
level performance would get improved. Formally, we propose a
model to calculate the optimal reference eCPC for each channel
and then deploy the feedback control to settle the campaign’s eCPC
performance of each channel to the optimal reference eCPC. As a
result, we discover that the campaign-level click number and eCPC
achieve significant improvement with the same budget.

Furthermore, the feedback control system has been integrated in
a commercial DSP. The live test has demonstrated its effectiveness
to produce the controllable advertising performance during the high
competitive RTB market around the new year.

The rest of this paper is organised as follows. Section 2 provides
preliminaries for RTB and feedback control. Our solution is for-
mally presented in Section 3, followed by the empirical study in
Section 4 and the online deployment and test in Section 5. Section
6 discusses the related work and we conclude this paper in Section
7.

2. PRELIMINARIES
To make the paper self-contained, we now take a brief review on

the RTB eco-system, a common bidding strategy, and some funda-
mental of feedback control theory.

2.1 RTB Flow Steps
Figure 2 illustrates the interaction process among the main com-

ponents of RTB ecosystem: (0) When a user visits an ad-supported
site (e.g., web pages, streaming videos and mobile apps), each ad
placement will trigger a call for ad (ad request) to the ad exchange.
(1) The ad exchange sends the bid requests for this particular ad
impression to each advertiser’s DSP bidding agent, along with the
available information such as the user and context information. (2)

DSP
Bidding
Agent

0. Ad Request

5. Ad

6. User feedback

Page
User

RTB
Ad

Exchange
3. Auction

1. Bid Request
(user, page, context data)

(with tracking)
4. Win Notice
(charged price)

(click, conversion)

(ad, bid price)
2. Bid Response

Figure 2: A brief illustration of the interactions between user,
ad exchange and advertiser’s DSP bidding agent.

Dynamic
System

Monitor

Actuator

System
Input

Control
Signal

System
Output

Measured
Output

Control
Function

Reference KPI

Error
Factor

Controller

Figure 3: Control-feedback loop.

With the information of the bid request and each of its qualified
ad, the bidding agent calculates a bid price. Then the bid response
(ad, bid price) is sent back to the exchange. (3) Having received
the bid responses from the advertisers, the ad exchange hosts an
auction and picks the ad with the highest bid as the auction winner.
(4) Then the winner is notified for the auction winning from the ad
exchange. (5) Finally, the winner’s ad will be shown to the visitor
along with the regular content of the publisher’s site. It is com-
monly known that a long time page-loading would greatly reduce
users’ satisfactory [23]. Thus, advertiser bidding agents are usually
required to return a bid in a very short time frame (e.g. 100 ms). (6)
The user’s feedback (e.g., click and conversion) on the displayed ad
is tracked and sent back to the winner advertiser.

2.2 Bidding Strategies
From Figure 2, it is clear that the core problem for each bidding

agent is to figure out how much to bid for each bid request. From
[37], the bid decision depends on two factors for each ad impres-
sion: the utility (e.g., CTR, expected revenue) and cost (i.e., ex-
pected charged price). As a widely adopted bid strategy introduced
in [27], the utility is evaluated by CTR estimation while the base
bid price is tuned based on the bid landscape [9] for cost evaluation.
The generalised bidding strategy in [27] is

b(t) = b0
✓t

✓0
, (1)

where ✓t is the estimated CTR for the bid request at moment t;
✓0 is the average CTR under a target condition (e.g., a user interest
segment); and b0 is the tuned base bid price for one target condition.
In this work, we adopt this widely used bidding strategy based on
the logistic CTR estimator [30].

2.3 Feedback Control Theory
Feedback control theory deals with the reaction of dynamic sys-

tems with control signals as inputs, and the system feedback as
outputs [2]. Figure 3 briefly shows the interactions between the
controller and the dynamic system. The usual objective of feed-
back control theory is to control a dynamic system so that the sys-
tem output follows a desired control signal, called the reference,
which may be a fixed or changing value. To do this, a controller is
designed which monitors the output and compares it with the refer-
ence. The difference between actual and desired output, called the
error factor, is applied as feedback from the dynamic system to the
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Adver1sing	
  as	
  Commodi1es	
  (⼲⼴广告证
劵化)	
  

•  Need	
  Ad’s	
  Futures	
  Contract	
  and	
  Risk-­‐
reducTon	
  CapabiliTes	
  
– Technologies	
  are	
  constrained	
  mainly	
  to	
  “spots”	
  
markets,	
  i.e.,	
  any	
  transacTon	
  where	
  delivery	
  takes	
  
place	
  right	
  away	
  (in	
  Real-­‐Tme	
  AdverTsing	
  and	
  
Sponsored	
  Search)	
  	
  

– No	
  principled	
  technologies	
  to	
  support	
  efficient	
  
forward	
  pricing	
  &risk	
  management	
  mechanisms	
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Forward/Futures/
Options Exchange 

41	
  

Solution 1: 
Combine RTB with Forward Market, which pre-sell inventories in advance with a fixed price 

Solution 2:  
If  we got Futures Exchange or provide Option Contracts,  advertisers could lock in the campaign 
cost and Publishers could lock in a profit in the future 

27/12/15	
   AI	
  Showcase	
  Talk	
  2015	
  



Ad	
  Futures	
  Illustra1on	
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Suppose	
  an	
  Auto	
  Publisher	
  commits	
  to	
  sell	
  30k	
  imps	
  a	
  month	
  programmaTcally	
  
from	
  Jan	
  –	
  March,	
  and	
  wants	
  to	
  protect	
  its	
  future	
  programmaTc	
  income	
  against	
  a	
  
future	
  price	
  decrease	
  

Date	
   Avg	
  programmaTc	
  
CPM’s	
  

Agree	
  to	
  sell	
  Auto	
  CPM	
  
future	
  	
  

Close	
  off	
  	
  Auto	
  CPM	
  future	
  value	
  @	
  
month	
  end	
   Profit	
   Net	
  CPM	
  

Jan	
   $20.00	
   $20.00	
   $19.50	
   $0.50	
   $20.50	
  

Feb	
   $19.50	
   $19.75	
   $18.75	
   $1.00	
   $20.50	
  

March	
   $19.00	
   $19.50	
   $18.00	
   $1.50	
   $20.50	
  

Avg	
   $19.50	
   $20.50	
  

Cash	
   $19.50	
  x	
  3	
  =	
  $1,755	
   $20.50	
  x	
  3	
  =	
  $1,845	
  

Increased	
  profit	
  using	
  futures	
   $90	
  

•  Auto	
  Publisher	
  sells	
  on	
  RTB,	
  while	
  at	
  the	
  same	
  Tme	
  it	
  takes	
  a	
  short	
  posiTon	
  
(agree	
  to	
  sell)	
  of	
  	
  Auto	
  CPM	
  futures	
  and	
  close	
  it	
  at	
  each	
  month	
  end	
  

•  Even	
  though	
  the	
  Auto	
  futures	
  price	
  decreased	
  each	
  month,	
  because	
  Auto	
  
Publisher	
  sold	
  auto	
  futures,	
  it	
  profited	
  from	
  the	
  price	
  decrease	
  to	
  offset	
  the	
  
decline	
  in	
  prices	
  	
  

•  With	
  no	
  futures,	
  Auto	
  Publisher	
  would	
  have	
  received	
  $1,755	
  via	
  normal	
  
programmaTc	
  channels	
  but	
  $1,845	
  with	
  the	
  auto	
  futures.	
  Not	
  only	
  did	
  Auto	
  
Publisher	
  increase	
  its	
  revenue	
  but	
  its	
  monthly	
  revenue	
  is	
  less	
  volaTle	
  and	
  thus	
  
more	
  predictable	
  ($20.50	
  every	
  month).	
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•  Auto	
  Publisher	
  sells	
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  RTB,	
  while	
  at	
  the	
  same	
  Tme	
  it	
  takes	
  a	
  short	
  posiTon	
  
(agree	
  to	
  sell)	
  of	
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  CPM	
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  and	
  close	
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  at	
  each	
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•  Even	
  though	
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  Auto	
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  month,	
  because	
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Publisher	
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  it	
  profited	
  from	
  the	
  price	
  decrease	
  to	
  offset	
  the	
  
decline	
  in	
  prices	
  	
  

•  With	
  no	
  futures,	
  Auto	
  Publisher	
  would	
  have	
  received	
  $1,755	
  via	
  normal	
  
programmaTc	
  channels	
  but	
  $1,845	
  with	
  the	
  auto	
  futures.	
  Not	
  only	
  did	
  Auto	
  
Publisher	
  increase	
  its	
  revenue	
  but	
  its	
  monthly	
  revenue	
  is	
  less	
  volaTle	
  and	
  thus	
  
more	
  predictable	
  ($20.50	
  every	
  month).	
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Publisher	
  wants	
  to	
  protect	
  against	
  a	
  possible	
  future	
  decline	
  in	
  ad	
  prices	
  in	
  the	
  
programmaTc	
  market	
  (a	
  travel	
  publisher	
  in	
  the	
  out-­‐of	
  season	
  months	
  for	
  example)	
  

•  Sell	
  a	
  futures	
  contract	
  that	
  will	
  
work	
  in	
  an	
  equal	
  but	
  opposite	
  
direcTon	
  to	
  the	
  programmatic 
prices	
  

•  Regardless	
  of	
  how	
  much	
  the	
  
programmaTc	
  price	
  declines	
  in	
  
a	
  month,	
  the	
  loss	
  is	
  offset	
  by	
  a	
  
profit	
  made	
  by	
  selling	
  the	
  
futures	
  contract	
  

•  This	
  leaves	
  the	
  publisher	
  in	
  a	
  
neutral	
  price	
  posiTon…	
  

•  …	
  &	
  results	
  in	
  stable	
  &	
  
predictable	
  revenue	
  	
  

-­‐£2.00	
  	
  

-­‐£1.00	
  	
  

	
  £-­‐	
  	
  	
  	
  

	
  £1.00	
  	
  

	
  £2.00	
  	
  

Jan	
   Feb	
   March	
  

Loss	
  in	
  ProgrammaTc	
  Market	
   Profit	
  on	
  futures	
  decrease	
  

Net	
  price	
  posiTon	
  

Monthly	
  ad	
  
price	
  changes	
  

Publisher’s	
  prices	
  are	
  unaffected	
  by	
  
programmaTc	
  market	
  price	
  

fluctuaTons	
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  with	
  Forward	
  Programma1c	
  
Guaranteed/Direct	
  Market	
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DSP	
  as	
  an	
  Intermediary	
  in	
  RTB	
  

•  Different	
  pricing	
  schemes:	
  CPM/CPC/CPA	
  

RTB 
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(Ad agent 
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Publishers 
 

Ad 
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Advertisers 

Sell	
  ad	
  	
  
inventory	
  

Sell	
  ad	
  	
  
inventory	
  

Buy	
  ad	
  	
  
inventory	
  

Buy	
  ad	
  	
  
inventory	
  

CPA	
  	
  
(Cost	
  per	
  acquisiTon)	
  

CPM	
  
(Cost	
  per	
  Mill)	
  	
  

Weinan	
  Zhang	
  and	
  Jun	
  Wang,	
  StaTsTcal	
  Arbitrage	
  Mining	
  for	
  Display	
  AdverTsing,	
  to	
  appear	
  
in	
  KDD’15	
   46	
  



DSP	
  as	
  an	
  intermediary	
  in	
  RTB	
  

•  StaTsTcal	
  arbitrage	
  opportunity	
  occurs	
  when	
  
	
  (CPM)	
  cost	
  per	
  conversion	
  <	
  (CPA)	
  payoff	
  per	
  conversion	
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Audience	
  is	
  king:	
  Lookalike	
  modelling	
  

Implicit	
  Look-­‐alike	
  Modelling	
  in	
  Display	
  Ads:	
  Transfer	
  CollaboraTve	
  Filtering	
  to	
  CTR	
  
EsTmaTon,	
  ECIR	
  2016	
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Fig. 1. Graphic model of transferred factorisation machines.

work together to infer our CF task target yc, i.e., whether the user would visit a
specific publisher or not. I + J here means the number of user features plus the
number of publisher features, K is the dimension of FM latent vectors, |Dc| is
the number of data samples in CF task. The right part illustrates the CTR task.
Corresponding to CF task, xr here includes user features and publisher features’
weights, V r includes user, publish and ad latent vectors. With the global bias
w

r
0, ad feature weight wr,a and latent vector V r,a work together to predict CTR

task target yr, i.e., whether the user would click the ad or not. On top of that,
the CF task feature weights wc and V

c play a prior of ads task feature weights
w

r,u, wr,p, V r,u, and latent vector V r,p while learning the model.
Considering the datasets of the two tasks might be seriously unbalanced, we

choose to focus on the averaged log-likelihood of generating each data instance
from the two tasks. In addition, we add a hyperparameter ↵ for balancing the
task relative importance. As such, the joint (log-)likelihood is written as

P (Dc, Dr|⇥) =
h Y

(x,y)2Dc

P (y|x;⇥)
i ↵

|Dc| ·
h Y

(x,y)2Dr
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i 1�↵

|Dr|
(14)
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c
u,p

)
i

+
1� ↵

|Dr|
X

(x,y)2Dr

h
y log ŷr
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Moreover, from the graphic model, the probability of model parameters can
be specified:

P (⇥) =P (wc)P (V c)P (wr|wc)P (V r|V c)P (wr,a)P (V c,a) (16)
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