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Course	  Outline	  

•  Intro	  to	  evalua0on	  
– Evalua0on	  methods,	  test	  collec0ons,	  measures,	  
comparable	  evalua0on	  

•  Low	  cost	  evalua0on	  
•  Advanced	  user	  models	  
– Web	  search	  models,	  novelty	  &	  diversity,	  sessions	  

•  Reliability	  
– Significance	  tests,	  reusability	  

•  Other	  evalua0on	  setups	  



Tradi0onal	  Experiment	  
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Today’s	  Outline	  

•  Evalua0on	  based	  on	  user	  models	  
– Gain/Discount	  Framework	  

– Modeling	  browsing	  behavior	  
•  RBP,	  AP,	  DCG,	  ERR,	  EBU	  

– Modeling	  u0lity	  
•  NDCG,	  GAP	  

•  Novelty	  and	  diversity	  
•  Query	  sessions	  



Measures	  of	  Effec0veness	  

•  Determine	  how	  good	  the	  system	  is	  at	  finding	  
and	  ranking	  relevant	  documents	  

•  An	  effec0veness	  measure	  should	  be	  correlated	  
to	  the	  user’s	  experience	  

•  Thus	  interest	  in	  effec0veness	  measures	  based	  
on	  explicit	  models	  of	  user	  interac0on	  



Discounted	  Gain	  Model	  

•  Simple	  model	  of	  user	  interac0on:	  
– User	  steps	  down	  ranked	  results	  one-‐by-‐one	  
– Gains	  something	  from	  relevant	  documents	  
–  Increasingly	  less	  likely	  to	  see	  documents	  deeper	  in	  
the	  ranking	  



Discounted	  Gain	  Model	  

1.  What	  is	  the	  chance	  a	  user	  will	  read	  a	  document?	  

2.  What	  does	  the	  user	  gain	  by	  reading	  a	  document?	  



Model	  Browsing	  Behavior	  

Posi0on-‐based	  models	  

The	  chance	  of	  observing	  a	  
document	  depends	  on	  the	  posi0on	  
of	  the	  document	  in	  the	  ranked	  list.	  
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Rank	  Biased	  Precision	  	  
[Moffat	  and	  Zobel,	  TOIS08]	  
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Rank	  Biased	  Precision	  
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Rank	  Biased	  Precision	  
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Discounted	  Cumula0ve	  Gain	  
[Järvelin	  and	  Kekäläinen	  SIGIR00]	  
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Discounted	  Cumula0ve	  Gain	  
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Discounted	  Cumula0ve	  Gain	  
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Discounted	  Cumula0ve	  Gain	  

•  DCG	  can	  be	  wri6en	  as:	  

•  Discount	  func0on	  models	  the	  probability	  that	  the	  
user	  visits	  (clicks	  on)	  the	  document	  at	  rank	  r	  
–  Currently,	  P(user	  clicks	  on	  doc	  r)	  =	  log2(r+1)	  



Discounted	  Cumula0ve	  Gain	  

•  Instead	  of	  stopping	  probability,	  think	  about	  
viewing	  probability	  

•  This	  fits	  in	  discounted	  gain	  model	  framework:	  

P (view doc at k) =
∞�

i=k

P (k) = F (k)

M =
∞�

k=1

relkF (k)



Model	  Browsing	  Behavior	  

Posi0on-‐based	  models	  

The	  chance	  of	  observing	  a	  
document	  depends	  on	  the	  posi0on	  
of	  the	  document	  in	  the	  ranked	  list.	  
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Model	  Browsing	  Behavior	  

Cascade-‐based	  models	  
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Ranking 1 Ranking 2
URL CTR URL CTR

uk.myspace.com 0.97 www.myspace.com 0.97
www.myspace.com 0.11

Figure 2: Illustration of the problem with position-
based models. The query is myspace in the UK mar-
ket. See text for discussion.

dency among URLs on a search results page. In its generic
form, the cascade model assumes that the user views search
results from top to bottom and at each position, the user
has a certain probability of being satisfied. Let Ri be this
probability at position i.2 Once the user is satisfied with
a document, he/she terminates the search and documents
below this result are not examined regardless of their posi-
tion. It is of course natural to expect Ri to be an increasing
function of the relevance grade, and indeed in what follows
we will assimilate it to the often loosely-defined notion of
“relevance”. This generic version of the cascade model is
summarized in Algorithm 1.

Algorithm 1 The cascade user model

Require: R1, . . . , R10 the relevance of the 10 URLs on the
result page.

1: i = 1
2: User examines position i.
3: if random(0,1) ≤ Ri then
4: User is satisfied with the document in position i and

stops.
5: else
6: i ← i + 1; go to 2
7: end if

Two instantiations of this model have been presented in
[12, 8]. In the former, Ri is the same as the attractiveness
defined above for position-based models: it measures a prob-
ability of click which can be interpreted as the relevance of
the snippet. In that model, it is assumed that the user is al-
ways satisfied after clicking. It can however be the case that
the snippet looks attractive, but that the user does not find
any relevant information on the corresponding landing page.
This is the reason why an extended cascade model has been
proposed in [8, Section 5], in which the user might not be
satisfied after clicking. More precisely, there is a probability,
depending on the landing page, that the user will go back
to the search result list after clicking. The Ri in Algorithm
1 have now to be understood as the relevance probability of
the landing page.

In both models a document satisfies the user with prob-
ability Ri. The values Ri can be estimated by maximum
likelihood on the click logs. Alternatively, as we will do in
the next section, the Ri values can be set as a function of the
editorial grade of the URL. For a given set of Ri, the likeli-
hood of a session for which the user is satisfied and stops at
position r is:

r−1
Y

i=1

(1 − Ri)Rr, (2)

2The probability is in fact a function of the i-th document
d(i). However, for simplicity we shorten Rd(i) to Ri.

which is simply the probability the the user is not satisfied
with the first r− 1 results and is satisfied with the r-th one.

4. PROPOSED METRIC
We now introduce our proposed metric based on the cas-

cade model described in the previous section. A key step
is the definition of the probability that a user finds a doc-
ument relevant as a function of the editorial grade of that
document. Let gi be the grade of the i-th document, then:

Ri := R(gi), (3)

where R is a mapping from relevance grades to probability of
relevance. R can be chosen in different ways; in accordance
with the gain function for DCG used in [4], we might take
it to be:

R(g) :=
2g − 1
2gmax

, g ∈ {0, . . . , gmax}. (4)

When the document is non-relevant (g = 0), the probability
that the user finds it relevant is 0, while when the document
is extremely relevant (g = 4 if a 5 point scale is used), then
the probability of relevance is near 1.

We first define the metric in a more general way by con-
sidering a utility function ϕ of the position. This function
typically satisfies ϕ(1) = 1 and ϕ(r) → 0 as r goes to +∞.

Definition 1 (Cascade based metric). Given a util-
ity function ϕ, a cascade based metric is the expectation of
ϕ(r), where r is the rank where the user finds the document
he was looking for. The underlying user model is the cascade
model (2), where the Ri are given by (3).

In the rest of this paper we will be considering the special
case ϕ(r) = 1/r, but there is nothing particular about that
choice and, for instance, we could have instead picked ϕ(r) =

1
log2(r+1) as in the discount function of DCG.

Definition 2 (Expected Reciprocal Rank).
The Expected Reciprocal Rank is a cascade based metric with
ϕ(r) = 1/r.

It may not seem straightforward to compute ERR from
the previous definition because there is an expectation. How-
ever it can easily be computed as follows:

ERR :=
n

X

r=1

1
r

P (user stops at position r),

where n is the number of documents in the ranking. The
probability that the user stops at position r is given by the
definition of the cascade model (2). Plugging that value into
the above equation, we finally obtain:

ERR :=
n

X

r=1

1
r

r−1
Y

i=1

(1 − Ri)Rr. (5)

A näıve computation using the above requires O(n2) oper-
ations. But as shown in Algorithm 2, ERR can easily be
computed in O(n) time.

Compared to position-based metrics such as DCG and
RBP for which the discount depends only the position, the
discount in ERR depends on the relevance of documents

NonRel	  :	  R=0.2	   Rel	  :	  R=0.8	  
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Expected	  Reciprocal	  Rank	  
[Chapelle	  et	  al	  CIKM09]	  
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In	  reality…	  

•  The	  probability	  that	  a	  user	  visits	  a	  document	  is	  
affected	  by	  
– Relevance	  of	  the	  documents	  already	  visited	  
– The	  snippet	  quality	  
– Query	  type	  
– …	  



Query	  Log	  Reality	  

•  Users	  tend	  to	  stop	  search	  if	  they	  are	  sa0sfied	  or	  
frustrated	  

•  P(click)	  highly	  affected	  by	  the	  snippet	  quality	  
Relevance	   P(C|R)	  

Bad	   0.50	  

Fair	   0.49	  

Good	   0.45	  

Excellent	   0.59	  

Perfect	   0.79	  

Relevance	   P(Stop|R)	  

Bad	   0.49	  

Fair	   0.41	  

Good	   0.37	  

Excellent	   0.53	  

Perfect	   0.76	  



Query	  Log	  Reality	  

•  Users	  behave	  differently	  for	  different	  queries	  
–  Informa0onal	  queries	  

– Naviga0onal	  queries	  
Naviga6onal	   Informa6onal	  

P(C|R)	   P(Stop|R)	   P(C|R)	   P(Stop|R)	  

Bad	   0.632	   0.587	   0.516	   0.431	  

Fair	   0.569	   0.523	   0.455	   0.357	  

Good	   0.526	   0.483	   0.442	   0.349	  

Excellent	   0.700	   0.669	   0.533	   0.458	  

Perfect	   0.809	   0.786	   0.557	   0.502	  



€ 

DEBU(r ) = P(Er )⋅ P(C | Rr )

EBU = DEBU(r )
r =1

n

∑ ⋅ Rr

Expected	  Browsing	  U0lity	  
[Yilmaz	  et	  al	  CIKM10]	  



Comparison:	  NDCG	  vs	  EBU:	  
Session	  Likelihood	  

•  Discount	  func0on	  models	  P(click)	  

•  How	  well	  does	  the	  discount	  func0on	  predict	  
actual	  clicks?	  :	  	  

Session	  likelihood	  

NDCG,	  log	  discount	   -‐2.204	  

NDCG,	  1/r	  discount	   -‐1.939	  

EBU	   -‐1.582	  

€ 

log(P(Click Sequence | Metric))



Comparison:	  NDCG	  vs	  EBU:	  
Session	  Likelihood	  

•  Discount	  func0on	  models	  P(click)	  

•  How	  well	  does	  the	  discount	  func0on	  predict	  
actual	  clicks?	  :	  	  

Session	  likelihood	  

Naviga0onal	   Informa0onal	  

NDCG,	  log	  discount	   -‐2.204	   -‐2.382	  

NDCG,	  1/r	  discount	   -‐1.939	   -‐2.065	  

EBU	   -‐1.582	   -‐2.270	  

€ 

log(P(Click Sequence | Metric))



Discounted	  Gain	  Model	  

1.  What	  is	  the	  chance	  a	  user	  will	  read	  a	  document?	  

2.  What	  does	  the	  user	  gain	  by	  reading	  a	  document?	  
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Discounted	  Cumula0ve	  Gain	  
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Graded	  Average	  Precision	  
[Robertson	  et	  al.	  SIGIR10]	  

One	  document	  is	  more	  useful	  than	  another	  
One	  possible	  meaning:	  

one	  document	  is	  useful	  to	  more	  users	  than	  another	  

Hence	  the	  following:	  
assume	  grades	  of	  relevance...	  
...	  but	  that	  user	  has	  a	  threshold	  relevance	  grade	  

which	  defines	  a	  binary	  view	  

different	  users	  have	  different	  thresholds	  
described	  by	  a	  probability	  distribu?on	  over	  users	  



Graded	  Average	  Precision	  
[Robertson	  et	  al.	  SIGIR10]	  

•  User	  has	  binary	  view	  of	  relevance	  
– by	  thresholding	  the	  relevance	  scale	  

Considered	  
relevant	  with	  
probability	  g1	  

Irrelevant	  

Relevant	  

Highly	  
Relevant	  

Relevance	  
Scale	  



Graded	  Average	  Precision	  
[Robertson	  et	  al.	  SIGIR10]	  

•  User	  has	  binary	  view	  of	  relevance	  
– by	  thresholding	  the	  relevance	  scale	  
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Relevant	  

Relevance	  
Scale	  

Considered	  
relevant	  with	  
probability	  g2	  



Graded	  Average	  Precision	  (GAP)	  

1	   HR	  

2	   R	  

3	   N	  

4	   N	  

5	   R	  

6	   HR	  

7	   R	  

Relevance	  



1	   HR	  

2	   R	  

3	   N	  

4	   N	  

5	   R	  

6	   HR	  

7	   R	  

Relevance	  

1	   Rel	  

2	   Rel	  

3	   N	  

4	   N	  

5	   Rel	  

6	   Rel	  

7	   Rel	  

with	  	  
prob.	  	  
g1	  

Graded	  Average	  Precision	  (GAP)	  



1	   HR	  

2	   R	  

3	   N	  

4	   N	  

5	   R	  

6	   HR	  

7	   R	  

Relevance	  

1	   Rel	  

2	   N	  

3	   N	  

4	   N	  

5	   N	  

6	   Rel	  

7	   N	  

with	  	  
prob.	  	  
g2	  

Graded	  Average	  Precision	  (GAP)	  



1	   HR	  

2	   R	  

3	   NR	  

4	   NR	  

5	   R	  

6	   HR	  

7	   R	  

Relevance	  

€ 

wprec6 =
4
6
⋅ g1 +

2
6
⋅ g2

Graded	  Average	  Precision	  (GAP)	  



1	   HR	  

2	   R	  

3	   N	  

4	   N	  

5	   R	  

6	   HR	  

7	   R	  

Relevance	  

1	   Rel	  

2	   Rel	  

3	   N	  

4	   N	  

5	   Rel	  

6	   Rel	  

7	   Rel	  

with	  	  
prob.	  	  
g1	  

Graded	  Average	  Precision	  (GAP)	  



1	   HR	  

2	   R	  

3	   N	  

4	   N	  

5	   R	  

6	   HR	  

7	   R	  

Relevance	  

1	   Rel	  

2	   N	  

3	   N	  

4	   N	  

5	   N	  

6	   Rel	  

7	   N	  

with	  	  
prob.	  	  
g2	  

Graded	  Average	  Precision	  (GAP)	  



1	   HR	  

2	   R	  

3	   N	  

4	   N	  

5	   R	  

6	   HR	  

7	   R	  

Relevance	  

€ 

wprec5 =
3
5
⋅ g1

Graded	  Average	  Precision	  (GAP)	  



1	   HR	  

2	   R	  

3	   N	  

4	   N	  

5	   R	  

6	   HR	  

7	   R	  

Relevance	  

€ 

wprecn =
1
n
dm :m ≤ n,im ≥ in

⎛ 

⎝ 
⎜ 

⎞ 

⎠ 
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j=1

in

∑ ⋅ g j

•  Weighted	  Precision	  at	  rank	  n:	  

	  in	  :	  relevance	  grade	  of	  doc	  at	  rank	  n	  

Graded	  Average	  Precision	  (GAP)	  

Binary	  Precision	  when	  grade	  j	  	  
is	  considered	  the	  threshold	  



1	   HR	  

2	   R	  

3	   N	  

4	   N	  

5	   R	  

6	   HR	  

7	   R	  

Relevance	  

€ 

cwprec = wprecn
n=1

N

∑

•  Cumula0ve	  Weighted	  Precision	  of	  list	  of	  
size	  N:	  

Graded	  Average	  Precision	  (GAP)	  



1	   HR	  

2	   HR	  

3	   R	  

4	   R	  

5	   R	  

6	   N	  

7	   N	  

Op0mal	  Ranking	  

•  Cumula0ve	  Weighted	  Precision	  
of	  the	  op0mal	  ranking	  

Graded	  Average	  Precision	  (GAP)	  



1	   HR	  

2	   HR	  

3	   R	  

4	   R	  

5	   R	  

6	   N	  

7	   N	  

Op0mal	  Ranking	  

Graded	  Average	  Precision	  (GAP)	  
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⋅ g2 = g1 + g2
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4	   R	  

5	   R	  

6	   N	  

7	   N	  
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4	   R	  
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6	   N	  

7	   N	  

Op0mal	  Ranking	  
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1	   HR	  

2	   HR	  

3	   R	  

4	   R	  

5	   R	  

6	   N	  

7	   N	  

Op0mal	  Ranking	  
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2
2
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2
⋅ g2 = g1 + g2
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3
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Graded	  Average	  Precision	  (GAP)	  

€ 

4
4
⋅ g1 = g1



1	   HR	  

2	   HR	  

3	   R	  

4	   R	  

5	   R	  

6	   N	  

7	   N	  

Op0mal	  Ranking	  
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2
2
⋅ g1 +

2
2
⋅ g2 = g1 + g2
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3
3
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1
1
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Graded	  Average	  Precision	  (GAP)	  
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1	   HR	  

2	   HR	  

3	   R	  

4	   R	  

5	   R	  

6	   N	  

7	   N	  

Op0mal	  Ranking	  

€ 

R j
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∑ gi
i=1
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•  Cumula0ve	  Weighted	  Precision	  of	  the	  
op0mal	  ranking:	  

	  where	  Rj	  is	  the	  total	  umber	  of	  
documents	  in	  grade	  j	  

Graded	  Average	  Precision	  (GAP)	  



1	   HR	  

2	   R	  

3	   N	  

4	   N	  

5	   R	  

6	   HR	  

7	   R	  

Relevance	  
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GAP =

1
n
dm :m ≤ n,im ≥ in
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•  Graded	  Average	  Precision	  

Graded	  Average	  Precision	  (GAP)	  

Cumula0ve	  Weighted	  
Precision	  



1	   HR	  

2	   R	  

3	   N	  

4	   N	  

5	   R	  

6	   HR	  

7	   R	  
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•  Graded	  Average	  Precision	  

Graded	  Average	  Precision	  (GAP)	  

Cumula0ve	  Weighted	  
Precision	  of	  Op0mal	  List	  



1	   HR	  

2	   R	  

3	   N	  

4	   N	  

5	   R	  

6	   HR	  

7	   R	  

Relevance	  
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∑

•  Graded	  Average	  Precision	  

•  In	  the	  binary	  case,	  GAP	  reduces	  to	  
average	  precision	  

Graded	  Average	  Precision	  (GAP)	  



Probabilis0c	  Interpreta0on	  of	  GAP	  

•  Average	  Precision	  
– Pr(dm	  is	  relevant	  |	  dn	  is	  relevant)	  
	  rank	  n	  ≤	  rank	  m	  

•  GAP	  
– Pr(dm	  is	  considered	  rel.	  |	  dn	  is	  considered	  rel.)	  
	  rank	  n	  ≤	  rank	  m	  



Today’s	  Outline	  

•  Evalua0on	  based	  on	  user	  models	  
– Gain/Discount	  Framework	  

– Modeling	  browsing	  behavior	  
•  RBP,	  AP,	  DCG,	  ERR,	  EBU	  

– Modeling	  u0lity	  
•  NDCG,	  GAP	  

•  Novelty	  and	  diversity	  
•  Query	  sessions	  



Novelty	  

•  The	  redundancy	  problem:	  
–  the	  first	  relevant	  document	  contains	  some	  
informa0on	  

– every	  document	  awer	  that	  with	  the	  same	  
informa0on	  is	  worth	  less	  to	  the	  user	  

•  Novelty	  retrieval	  a6empts	  to	  ensure	  that	  
ranked	  results	  do	  not	  have	  much	  redundancy	  



Example	  

•  oil-‐producing	  na0ons	  
– members	  of	  OPEC	  
– North	  Atlan0c	  na0ons	  
– South	  American	  na0ons	  

•  10	  relevant	  ar0cles	  about	  OPEC	  probably	  not	  
as	  useful	  as	  one	  relevant	  ar0cle	  about	  each	  
group	  
– And	  one	  relevant	  ar0cle	  about	  all	  oil-‐producing	  
na0ons	  might	  be	  even	  be6er	  



How	  to	  Evaluate?	  

•  One	  approach:	  
– List	  subtopics	  or	  aspects	  of	  the	  topic	  
–  Judge	  each	  document	  relevant	  or	  not	  to	  each	  
possible	  subtopic	  

•  For	  oil-‐producing	  na0ons,	  subtopics	  could	  be	  
names	  of	  na0ons	  
– Saudi	  Arabia,	  Russia,	  Canada,	  …	  



Subtopic	  Relevance	  Example	  



Evalua0on	  Measures	  

•  Subtopic	  recall	  and	  precision	  (Zhai	  et	  al.,	  2003)	  
–  Subtopic	  recall	  at	  rank	  k:	  

•  Count	  unique	  subtopics	  in	  top	  k	  documents	  
•  Divide	  by	  total	  number	  of	  known	  unique	  subtopics	  

–  Subtopic	  precision	  at	  recall	  r:	  
•  Find	  least	  k	  at	  which	  subtopic	  recall	  r	  is	  achieved	  
•  Find	  least	  k	  at	  which	  subtopic	  recall	  r	  could	  possibly	  be	  
achieved	  (by	  a	  perfect	  system)	  

•  Divide	  la6er	  by	  former	  
– Models	  a	  user	  that	  wants	  all	  subtopics	  

•  and	  doesn’t	  care	  about	  redundancy	  as	  long	  as	  they	  are	  
seeing	  new	  informa0on	  



Subtopic	  Relevance	  Evalua0on	  

Copyright	  ©	  Ben	  Cartere6e	  



Diversity	  

•  Short	  keyword	  queries	  are	  inherently	  
ambiguous	  
– An	  automa0c	  system	  can	  never	  know	  the	  user’s	  
intent	  
•  (Another	  person	  can’t	  even	  really	  know	  the	  original	  
user’s	  intent!)	  

•  Diversifica0on	  a6empts	  to	  retrieve	  results	  that	  
may	  be	  relevant	  to	  a	  space	  of	  possible	  intents	  



Evalua0on	  Measures	  

•  Subtopic	  recall	  and	  precision	  can	  be	  used	  
– This	  0me	  with	  judgments	  to	  intents	  rather	  than	  
subtopics	  

•  Measures	  that	  know	  about	  intents:	  
– “Intent-‐aware”	  family	  of	  measures	  (Agrawal	  et	  al.)	  

– α-‐nDCG	  (Clarke	  et	  al.)	  
– ERR-‐IA	  (Chapelle	  et	  al.)	  



Intent-‐Aware	  Measures	  

•  Assume	  there	  is	  a	  probability	  distribu0on	  P(i	  |	  
Q)	  over	  intents	  for	  a	  query	  Q	  
– Probability	  that	  a	  randomly-‐sampled	  user	  means	  
intent	  i	  when	  submi}ng	  query	  Q	  

•  The	  intent-‐aware	  version	  of	  a	  measure	  is	  its	  
weighted	  average	  over	  this	  distribu0on	  



P@10-‐IA	  =	  0.35*0.3	  +	  0.35*0.3	  +	  0.2*0.2	  	  
	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  +	  0.08*0.1	  +	  0.02*0.1	  =	  0.23	  



α-‐nDCG	  

•  α-‐nDCG	  is	  a	  generaliza0on	  of	  nDCG	  that	  
accounts	  for	  both	  novelty	  and	  diversity	  

•  α	  is	  a	  geometric	  penaliza0on	  for	  redundancy	  
– Redefine	  the	  gain	  of	  a	  document:	  
•  +1	  for	  each	  subtopic	  it	  is	  relevant	  to	  
•  ×(1-‐α)	  for	  each	  document	  higher	  in	  the	  ranking	  that	  
subtopic	  already	  appeared	  in	  

•  Discount	  is	  the	  same	  as	  usual	  



+1	  

+1	  

+1	  

+1	  

+(1-‐α)	  

+1	  

+(1-‐α)	  

+(1-‐α)	  

+(1-‐α)2	  

+(1-‐α)2	  



ERR-‐IA	  

•  Intent-‐aware	  version	  of	  ERR	  
•  But	  it	  has	  appealing	  proper0es	  other	  IA	  measures	  
do	  not	  have:	  
–  ranges	  between	  0	  and	  1	  
–  submodularity:	  	  diminishing	  returns	  for	  relevance	  to	  a	  
given	  subtopic	  -‐>	  built-‐in	  redundancy	  penaliza0on	  

•  Also	  has	  appealing	  proper0es	  over	  α-‐nDCG:	  
–  Easily	  handles	  graded	  subtopic	  judgments	  

–  Easily	  handles	  intent	  distribu0ons	  



Today’s	  Outline	  

•  Evalua0on	  based	  on	  user	  models	  
– Gain/Discount	  Framework	  

– Modeling	  browsing	  behavior	  
•  RBP,	  AP,	  DCG,	  ERR,	  EBU	  

– Modeling	  u0lity	  
•  NDCG,	  GAP	  

•  Novelty	  and	  diversity	  
•  Query	  sessions	  



Why	  sessions?	  

•  Current	  evalua0on	  framework	  
– Assesses	  the	  effec0veness	  of	  systems	  over	  one-‐
shot	  queries	  

•  Users	  reformulate	  their	  ini0al	  query	  

•  S0ll	  fine	  if	  …	  
– op0mizing	  system	  for	  one-‐shot	  queries	  led	  to	  
op0mal	  performance	  over	  an	  en0re	  session	  	  



When was the DuPont Science Essay Contest created? 

Ini0al	  Query	  : DuPont Science Essay Contest 

Reformula0on	  :	  When was the DSEC created? 

•  e.g.	  retrieval	  systems	  should	  accumulate	  
informa0on	  along	  a	  session	  

Why	  sessions?	  



Paris	  Luxurious	  Hotels	  Paris	  Hilton	  J	  Lo	  Paris	  



Extend	  the	  evalua0on	  framework	  

	  	   	   	  From	  one	  query	  evalua0on	  

	  	   	   	   	   	  To	  mul0-‐query	  sessions	  evalua0on	  



Construct	  appropriate	  test	  collec0ons	  

Rethink	  of	  evalua0on	  measures	  



•  A	  set	  of	  informa0on	  needs	  
What do we know about black powder ammunition? 

– A	  sta0c	  sequence	  of	  m	  queries	  

Basic	  test	  collec0on	  

Ini0al	  Query	  :	  

1st	  Reformula0on	  :	  

2nd	  Reformula0on	  :	  
…	  
(m-‐1)th	  Reformula0on	  :	  

black powder ammunition 

black powder wiki 

gun powder wiki 
… 

history of gunpowder 



Experiment	  

black powder  
wiki 

gun powder  
wiki 

black powder  
ammunition 

1	  

2	  

3	  

4	  

5	  

6	  

7	  

8	  

9	  

10	  

…	  



Experiment	  

black powder  
wiki 

gun powder  
wiki 

black powder  
ammunition 

1	  

2	  

3	  

4	  

5	  

6	  

7	  

8	  

9	  

10	  

…	  



Construct	  appropriate	  test	  collec0ons	  

Rethink	  of	  evalua0on	  measures	  



What	  is	  a	  good	  system?	  



How	  can	  we	  measure	  “goodness”?	  



Measuring	  “goodness”	  

The	  user	  steps	  down	  a	  ranked	  list	  of	  documents	  and	  
observes	  each	  one	  of	  them	  un0l	  a	  decision	  point	  
and	  either	  

a) 	  abandons	  the	  search,	  or	  

b) 	  reformulates	  	  

While	  stepping	  down	  or	  sideways,	  the	  user	  
accumulates	  u0lity	  	  



What	  are	  the	  challenges?	  



Evalua0on	  over	  a	  single	  ranked	  list	  

black powder  
wiki 

gun powder  
wiki 

black powder  
ammunition 

1	  

2	  

3	  

4	  

5	  

6	  

7	  

8	  

9	  

10	  

…	  





Exis0ng	  measures	  

•  Session	  DCG	  [Järvelin	  et	  al	  ECIR	  2008]	  
The	  user	  steps	  down	  the	  ranked	  list	  un0l	  rank	  k	  and	  
reformulates	  [Determinis0c;	  no	  early	  abandonment]	  

•  Expected	  session	  u0lity	  [Yang	  and	  Lad	  ICTIR	  2009]	  
The	  user	  steps	  down	  a	  ranked	  list	  of	  documents	  un0l	  
a	  decision	  point	  and	  reformulates	  [Stochas0c;	  no	  
early	  abandonment]	  



Model-‐based	  measures	  

Probabilis0c	  space	  of	  users	  following	  	  
different	  paths	  

•  Ω	  is	  the	  space	  of	  all	  paths	  
•  P(ω)	  is	  the	  prob	  of	  a	  user	  following	  a	  path	  ω	  in	  Ω	  
•  Mω	  is	  a	  measure	  over	  a	  path	  ω	  

esM =
�

ω∈Ω

P (ω)Mω

[Yang	  and	  Lad	  ICTIR	  2009]	  



Probability	  of	  a	  path	  

Probability	  of	  
abandoning	  at	  reform	  2	  

X	  

Probability	  of	  
reformula0ng	  at	  rank	  3	  

Q1	   Q2	   Q3	  

N	   R	   R	  

N	   R	   R	  

N	   R	   R	  

N	   R	   R	  

N	   R	   R	  

N	   N	   R	  

N	   N	   R	  

N	   N	   R	  

N	   N	   R	  

N	   N	   R	  

…	   …	   …	  

(1)	  

(2)	  
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N	   R	   R	  
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N	   N	   R	  

N	   N	   R	  

N	   N	   R	  

N	   N	   R	  

…	   …	   …	  

Probability	  	  
of	  abandoning	  	  
the	  session	  at	  	  
reformula0on	  i	  

Geometric	  w/	  parameter	  preform	  

(1)	  



Q1	   Q2	   Q3	  

N	   R	   R	  

N	   R	   R	  

N	   R	   R	  

N	   R	   R	  

N	   R	   R	  

N	   N	   R	  

N	   N	   R	  
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N	   N	   R	  

…	   …	   …	  

Truncated	  Geometric	  	  
w/	  parameter	  preform	  

Probability	  	  
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reformula0on	  i	  

(1)	  



Q1	   Q2	   Q3	  

N	   R	   R	  

N	   R	   R	  

N	   R	   R	  

N	   R	   R	  

N	   R	   R	  

N	   N	   R	  

N	   N	   R	  

N	   N	   R	  

N	   N	   R	  

N	   N	   R	  

…	   …	   …	  

Truncated	  Geometric	  	  
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Model-‐based	  measures	  

Probabilis0c	  space	  of	  users	  following	  	  
different	  paths	  

•  Ω	  is	  the	  space	  of	  all	  paths	  
•  P(ω)	  is	  the	  prob	  of	  a	  user	  following	  a	  path	  ω	  in	  Ω	  
•  Mω	  is	  a	  measure	  over	  a	  path	  ω	  

esM =
�

ω∈Ω

P (ω)Mω

[Yang	  and	  Lad	  ICTIR	  2009]	  



Today’s	  Outline	  

•  Evalua0on	  based	  on	  user	  models	  
– Gain/Discount	  Framework	  

– Modeling	  browsing	  behavior	  
•  RBP,	  AP,	  DCG,	  ERR,	  EBU	  

– Modeling	  u0lity	  
•  NDCG,	  GAP	  

•  Novelty	  and	  diversity	  
•  Query	  sessions	  


