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Image and Product Search

Usually sorted by decreasing score in row-major order



Users do not see
row-major

• Variety of evidence that users’ eye scans do 
not go row-major (i.e., eye-tracking)

• Visual cues not well-understood

• Diversity



Eye-Gaze Patterns



New Approach
• Analyze click logs (where do users click, and 

in what order), and

• infer users’ scan patterns

A 

Analyze 100’s of millions of users 



User Model
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Clicks as a Proxy

• We have no direct access to

• users’ eye positions

• transition probabilities

• But we can obtain

• clicked positions

• clicks sequence



Markovian Click Traces
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Users move and click according to unknown probabilities, 
and random choices are Markovian



Markovian Click Traces
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A sequence of clicks can been generated by (exponentially) 
many different scan patterns



Two Problems

Hidden Markov Model Problem 
How to infer the Markov chain probabilities?  

Placement Problem
How to place objects in the Markov chain?



Two Problems

Hidden Markov Model Problem 
How to infer the Markov chain probabilities?  

Placement Problem
How to place objects in the Markov chain?



HMM problem

• Can we infer the Maximum-Likelihood 
probabilities from click traces?

• Known to be hard for general graphs

• We show hardness for the grid

• non-trivial because of the very few 
constraints involved



HMM problem

• Can we infer the Maximum-Likelihood 
probabilities from click traces?

• We give efficient heuristics (bootstrap-like 
methods)
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Figure 2: Inferred Markov chain; the self-loop probabilities are not shown. Note that many of the transition
probabilities are very di�erent in the two cases, even though the corresponding errors in Table 1 are not
dramatically di�erent.

Method Error
Naive 0.447

Uniform walk 0.214
MLE 0.197

Table 1: Variational distance between the stationary
distributions of the inferred chain and the empirical
click fractions.

the empirical fraction of clicks at each slot on the grid and
the stationary distribution for the inferred Markov chain
using the naive method and the MLE method. Clearly, the
golden triangle is prominent on the top-left corner in all
three heat maps, reconfirming folklore. Less prominent yet
noticeable is a silver triangle — a region of slightly higher
click probabilities in the bottom-right corner. The silver tri-
angle exists in the empirical data and the inferred Markov
chain using the MLE method exhibits it as well. We believe
this is caused by user’s “last-ditch” attention, hoping to find
something on the current page of results, before proceeding
to the next page of results.

5.4 Robustness of choices
E�ect of �. First, we discuss the e�ect of choosing � to be
concentrated at the top-left slot (0, 0). We consider other
obvious choices: bottom-left, top-right, bottom-right cor-
ners of the grid or the center of the grid. Notice that the
choice of � impacts both the inference process of the Markov
chain and the computation of the stationary probabilities
(since the restart step uses �). Table 2 shows the variational

distance between the stationary distribution using � con-
centrated in di�erent slots and the empirical click fractions.
Clearly we can see that the empirical click fractions are best
matched by the top-left choice, justifying our assumption.

� Error
top-left 0.197

top-right 0.381
bottom-left 0.289

bottom-right 0.381
center 0.347

Table 2: Variational error for di�erent choices of the
concentration of �.

E�ect of choosing the results page. Next we study
the di�erence in user behavior on pages 1, 2, and 3 of the
image search results. To do this, we once again resort to the
variational distance for all three methods. Table 3 shows
the results. We see that pages 2 and 3 exhibit a great deal
of similarity according to all the methods. Page 1, on the
other hand, is markedly di�erent, due to the artifacts on
page 1 mentioned earlier (news images, etc). This justifies
our choices of using page 2 as the basis of our experimental
study in the next section. This is also confirmed by the
di�erence in empirical click probability distributions, also
shown in Table 3.
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click fractions.

the empirical fraction of clicks at each slot on the grid and
the stationary distribution for the inferred Markov chain
using the naive method and the MLE method. Clearly, the
golden triangle is prominent on the top-left corner in all
three heat maps, reconfirming folklore. Less prominent yet
noticeable is a silver triangle — a region of slightly higher
click probabilities in the bottom-right corner. The silver tri-
angle exists in the empirical data and the inferred Markov
chain using the MLE method exhibits it as well. We believe
this is caused by user’s “last-ditch” attention, hoping to find
something on the current page of results, before proceeding
to the next page of results.

5.4 Robustness of choices
E�ect of �. First, we discuss the e�ect of choosing � to be
concentrated at the top-left slot (0, 0). We consider other
obvious choices: bottom-left, top-right, bottom-right cor-
ners of the grid or the center of the grid. Notice that the
choice of � impacts both the inference process of the Markov
chain and the computation of the stationary probabilities
(since the restart step uses �). Table 2 shows the variational

distance between the stationary distribution using � con-
centrated in di�erent slots and the empirical click fractions.
Clearly we can see that the empirical click fractions are best
matched by the top-left choice, justifying our assumption.

� Error
top-left 0.197

top-right 0.381
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bottom-right 0.381
center 0.347

Table 2: Variational error for di�erent choices of the
concentration of �.

E�ect of choosing the results page. Next we study
the di�erence in user behavior on pages 1, 2, and 3 of the
image search results. To do this, we once again resort to the
variational distance for all three methods. Table 3 shows
the results. We see that pages 2 and 3 exhibit a great deal
of similarity according to all the methods. Page 1, on the
other hand, is markedly di�erent, due to the artifacts on
page 1 mentioned earlier (news images, etc). This justifies
our choices of using page 2 as the basis of our experimental
study in the next section. This is also confirmed by the
di�erence in empirical click probability distributions, also
shown in Table 3.

The variational distance between the stationary distribution of the MLE 
markov chain and the empirical click fraction of each state is 0.197
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Figure 4: Heat map of the empirical fraction of clicks
at each slot on the 6 � 3 grid and the stationary
distribution for the inferred Markov chain obtained
from the naive and the MLE methods, with ps = 0.20.

6. PLACEMENT PROBLEM
In this section we develop and compare various heuristics

for the placement problem. Recall that in the placement
problem, we are given a grid Markov chain M and a universe
U of objects and we wish to assign an object from U to each
slot inM to maximize the expected accumulated utility. Our
approach to this problem is to first obtain a static ordering
of the nodes in M and then assign the objects in U in this
order, after sorting the objects according to the better of a
decreasing order of their utilities or an increasing order of
their stopping probabilities.

Since our universe U of objects is large (every image in the
index has a non-zero utility), we first introduce a “kerneliza-
tion” trick that enables us to prune the number of objects
considered for placement. An object u is said to be prefer-
able to an object u� if ⇤u ⇥ ⇤u0 and �u ⇤ �u0 ; we write this
as u ⇤ u�. If either of these inequalities is strict, we write
u > u�.

Lemma 5. Suppose there exists u, u1, . . . , uN ⌅ O such
that ui ⇤ u, for each i = 1, . . . , N . Then any optimal place-
ment for U \ {u} is also optimal for U .

page 1 page 2
Method vs vs

page 2 page 3
Naive 0.173 0.024

Uniform walk 0.129 0.019
MLE 0.277 0.024

Empirical 0.192 0.042

Table 3: Variational error of the stationary distri-
bution of the Markov chain, across pages.

Proof. We show that any placement that is optimal for
U does not contain u. Suppose to the contrary there exists
some ui ⌅ {u1, . . . , uN} that is not in the putative optimal
placement (since the placement contains N objects one of
which is u). Replace u with ui. Then (i) each path in M
has a traversal probability after the replacement no smaller
than before (since ⇤ui ⇥ ⇤u), and (ii) each such path has
also utility that is no smaller than before (since �ui ⇤ �u).
Thus the new placement, containing ui, is at least as good
as the original one containing u. Thus we have an optimal
placement for U that does not contain u.

Thanks to kernelization, we can remove all the objects
u ⌅ U that have at least N preferable objects (recall that
we cannot simply consider only the N objects of highest
utility). This allows us to drastically reduce the number
of objects. After this step, given a static ordering of the
states ofM , we assign the objects either by decreasing utility
or by increasing stopping probability and select the object
ordering that yields a better value.
We next describe our two new placement methods, which

use the Markov chain inferred from one of the three methods
outlined in Section 4.

1. eigen placement. This method computes the station-
ary distribution [15] of the Markov chain, with the random
walk resetting to ⇥ (in our case, jumps to (0, 0)) with proba-
bility ps at each step (this ensures ergodicity). The slots are
then ordered by decreasing values of the stationary proba-
bilities of this process and the objects (sorted by decreasing
utility or increasing stopping probability) are assigned to the
slots in this order. The intuition behind this method is that
slots with large stationary probabilities should get objects
of high utility.

2. hit placement. This method computes the hitting time
of the random walk starting according to ⇥ (in our case, from
(0, 0)) and proceeds according the inferred Markov chain.
Recall that the hitting time from i to j of a random walk is
the expected time taken for the walk to go from i to j. It is
given by the linear recurrence

hj
i = 1 +

�

(i,k)

pikh
j
k, if j ⇧= i,

and 0 otherwise. The slots are then ordered by increasing
values of the hitting times and the objects (sorted by either
decreasing utility or increasing stopping probability) are as-
signed to the slots in this order. The intuition behind this
method is that slots likely to be visited first get objects of
high utility.

Note that the performance of the above two methods can
be compared against two natural baselines given by row-



Two Problems

Hidden Markov Model Problem 
How to infer the Markov chain probabilities?  

Placement Problem
How to place objects in the Markov chain?



Defining the Placement 
Problem

• We aim to place pictures, ads, or news on 
the screen in such a way that users will be 
likely to click on the best ones
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distribution for the inferred Markov chain obtained
from the naive and the MLE methods, with ps = 0.20.
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In this section we develop and compare various heuristics

for the placement problem. Recall that in the placement
problem, we are given a grid Markov chain M and a universe
U of objects and we wish to assign an object from U to each
slot inM to maximize the expected accumulated utility. Our
approach to this problem is to first obtain a static ordering
of the nodes in M and then assign the objects in U in this
order, after sorting the objects according to the better of a
decreasing order of their utilities or an increasing order of
their stopping probabilities.

Since our universe U of objects is large (every image in the
index has a non-zero utility), we first introduce a “kerneliza-
tion” trick that enables us to prune the number of objects
considered for placement. An object u is said to be prefer-
able to an object u� if ⇤u ⇥ ⇤u0 and �u ⇤ �u0 ; we write this
as u ⇤ u�. If either of these inequalities is strict, we write
u > u�.

Lemma 5. Suppose there exists u, u1, . . . , uN ⌅ O such
that ui ⇤ u, for each i = 1, . . . , N . Then any optimal place-
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bution of the Markov chain, across pages.

Proof. We show that any placement that is optimal for
U does not contain u. Suppose to the contrary there exists
some ui ⌅ {u1, . . . , uN} that is not in the putative optimal
placement (since the placement contains N objects one of
which is u). Replace u with ui. Then (i) each path in M
has a traversal probability after the replacement no smaller
than before (since ⇤ui ⇥ ⇤u), and (ii) each such path has
also utility that is no smaller than before (since �ui ⇤ �u).
Thus the new placement, containing ui, is at least as good
as the original one containing u. Thus we have an optimal
placement for U that does not contain u.

Thanks to kernelization, we can remove all the objects
u ⌅ U that have at least N preferable objects (recall that
we cannot simply consider only the N objects of highest
utility). This allows us to drastically reduce the number
of objects. After this step, given a static ordering of the
states ofM , we assign the objects either by decreasing utility
or by increasing stopping probability and select the object
ordering that yields a better value.
We next describe our two new placement methods, which

use the Markov chain inferred from one of the three methods
outlined in Section 4.

1. eigen placement. This method computes the station-
ary distribution [15] of the Markov chain, with the random
walk resetting to ⇥ (in our case, jumps to (0, 0)) with proba-
bility ps at each step (this ensures ergodicity). The slots are
then ordered by decreasing values of the stationary proba-
bilities of this process and the objects (sorted by decreasing
utility or increasing stopping probability) are assigned to the
slots in this order. The intuition behind this method is that
slots with large stationary probabilities should get objects
of high utility.

2. hit placement. This method computes the hitting time
of the random walk starting according to ⇥ (in our case, from
(0, 0)) and proceeds according the inferred Markov chain.
Recall that the hitting time from i to j of a random walk is
the expected time taken for the walk to go from i to j. It is
given by the linear recurrence

hj
i = 1 +

�

(i,k)

pikh
j
k, if j ⇧= i,

and 0 otherwise. The slots are then ordered by increasing
values of the hitting times and the objects (sorted by either
decreasing utility or increasing stopping probability) are as-
signed to the slots in this order. The intuition behind this
method is that slots likely to be visited first get objects of
high utility.

Note that the performance of the above two methods can
be compared against two natural baselines given by row-
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Figure 4: Heat map of the empirical fraction of clicks
at each slot on the 6 � 3 grid and the stationary
distribution for the inferred Markov chain obtained
from the naive and the MLE methods, with ps = 0.20.

6. PLACEMENT PROBLEM
In this section we develop and compare various heuristics

for the placement problem. Recall that in the placement
problem, we are given a grid Markov chain M and a universe
U of objects and we wish to assign an object from U to each
slot inM to maximize the expected accumulated utility. Our
approach to this problem is to first obtain a static ordering
of the nodes in M and then assign the objects in U in this
order, after sorting the objects according to the better of a
decreasing order of their utilities or an increasing order of
their stopping probabilities.

Since our universe U of objects is large (every image in the
index has a non-zero utility), we first introduce a “kerneliza-
tion” trick that enables us to prune the number of objects
considered for placement. An object u is said to be prefer-
able to an object u� if ⇤u ⇥ ⇤u0 and �u ⇤ �u0 ; we write this
as u ⇤ u�. If either of these inequalities is strict, we write
u > u�.

Lemma 5. Suppose there exists u, u1, . . . , uN ⌅ O such
that ui ⇤ u, for each i = 1, . . . , N . Then any optimal place-
ment for U \ {u} is also optimal for U .
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Table 3: Variational error of the stationary distri-
bution of the Markov chain, across pages.

Proof. We show that any placement that is optimal for
U does not contain u. Suppose to the contrary there exists
some ui ⌅ {u1, . . . , uN} that is not in the putative optimal
placement (since the placement contains N objects one of
which is u). Replace u with ui. Then (i) each path in M
has a traversal probability after the replacement no smaller
than before (since ⇤ui ⇥ ⇤u), and (ii) each such path has
also utility that is no smaller than before (since �ui ⇤ �u).
Thus the new placement, containing ui, is at least as good
as the original one containing u. Thus we have an optimal
placement for U that does not contain u.

Thanks to kernelization, we can remove all the objects
u ⌅ U that have at least N preferable objects (recall that
we cannot simply consider only the N objects of highest
utility). This allows us to drastically reduce the number
of objects. After this step, given a static ordering of the
states ofM , we assign the objects either by decreasing utility
or by increasing stopping probability and select the object
ordering that yields a better value.
We next describe our two new placement methods, which

use the Markov chain inferred from one of the three methods
outlined in Section 4.

1. eigen placement. This method computes the station-
ary distribution [15] of the Markov chain, with the random
walk resetting to ⇥ (in our case, jumps to (0, 0)) with proba-
bility ps at each step (this ensures ergodicity). The slots are
then ordered by decreasing values of the stationary proba-
bilities of this process and the objects (sorted by decreasing
utility or increasing stopping probability) are assigned to the
slots in this order. The intuition behind this method is that
slots with large stationary probabilities should get objects
of high utility.

2. hit placement. This method computes the hitting time
of the random walk starting according to ⇥ (in our case, from
(0, 0)) and proceeds according the inferred Markov chain.
Recall that the hitting time from i to j of a random walk is
the expected time taken for the walk to go from i to j. It is
given by the linear recurrence

hj
i = 1 +

�

(i,k)

pikh
j
k, if j ⇧= i,

and 0 otherwise. The slots are then ordered by increasing
values of the hitting times and the objects (sorted by either
decreasing utility or increasing stopping probability) are as-
signed to the slots in this order. The intuition behind this
method is that slots likely to be visited first get objects of
high utility.

Note that the performance of the above two methods can
be compared against two natural baselines given by row-
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distribution for the inferred Markov chain obtained
from the naive and the MLE methods, with ps = 0.20.

6. PLACEMENT PROBLEM
In this section we develop and compare various heuristics

for the placement problem. Recall that in the placement
problem, we are given a grid Markov chain M and a universe
U of objects and we wish to assign an object from U to each
slot inM to maximize the expected accumulated utility. Our
approach to this problem is to first obtain a static ordering
of the nodes in M and then assign the objects in U in this
order, after sorting the objects according to the better of a
decreasing order of their utilities or an increasing order of
their stopping probabilities.

Since our universe U of objects is large (every image in the
index has a non-zero utility), we first introduce a “kerneliza-
tion” trick that enables us to prune the number of objects
considered for placement. An object u is said to be prefer-
able to an object u� if ⇤u ⇥ ⇤u0 and �u ⇤ �u0 ; we write this
as u ⇤ u�. If either of these inequalities is strict, we write
u > u�.

Lemma 5. Suppose there exists u, u1, . . . , uN ⌅ O such
that ui ⇤ u, for each i = 1, . . . , N . Then any optimal place-
ment for U \ {u} is also optimal for U .

page 1 page 2
Method vs vs

page 2 page 3
Naive 0.173 0.024

Uniform walk 0.129 0.019
MLE 0.277 0.024

Empirical 0.192 0.042

Table 3: Variational error of the stationary distri-
bution of the Markov chain, across pages.

Proof. We show that any placement that is optimal for
U does not contain u. Suppose to the contrary there exists
some ui ⌅ {u1, . . . , uN} that is not in the putative optimal
placement (since the placement contains N objects one of
which is u). Replace u with ui. Then (i) each path in M
has a traversal probability after the replacement no smaller
than before (since ⇤ui ⇥ ⇤u), and (ii) each such path has
also utility that is no smaller than before (since �ui ⇤ �u).
Thus the new placement, containing ui, is at least as good
as the original one containing u. Thus we have an optimal
placement for U that does not contain u.

Thanks to kernelization, we can remove all the objects
u ⌅ U that have at least N preferable objects (recall that
we cannot simply consider only the N objects of highest
utility). This allows us to drastically reduce the number
of objects. After this step, given a static ordering of the
states ofM , we assign the objects either by decreasing utility
or by increasing stopping probability and select the object
ordering that yields a better value.
We next describe our two new placement methods, which

use the Markov chain inferred from one of the three methods
outlined in Section 4.

1. eigen placement. This method computes the station-
ary distribution [15] of the Markov chain, with the random
walk resetting to ⇥ (in our case, jumps to (0, 0)) with proba-
bility ps at each step (this ensures ergodicity). The slots are
then ordered by decreasing values of the stationary proba-
bilities of this process and the objects (sorted by decreasing
utility or increasing stopping probability) are assigned to the
slots in this order. The intuition behind this method is that
slots with large stationary probabilities should get objects
of high utility.

2. hit placement. This method computes the hitting time
of the random walk starting according to ⇥ (in our case, from
(0, 0)) and proceeds according the inferred Markov chain.
Recall that the hitting time from i to j of a random walk is
the expected time taken for the walk to go from i to j. It is
given by the linear recurrence

hj
i = 1 +

�

(i,k)

pikh
j
k, if j ⇧= i,

and 0 otherwise. The slots are then ordered by increasing
values of the hitting times and the objects (sorted by either
decreasing utility or increasing stopping probability) are as-
signed to the slots in this order. The intuition behind this
method is that slots likely to be visited first get objects of
high utility.

Note that the performance of the above two methods can
be compared against two natural baselines given by row-
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Figure 4: Heat map of the empirical fraction of clicks
at each slot on the 6 � 3 grid and the stationary
distribution for the inferred Markov chain obtained
from the naive and the MLE methods, with ps = 0.20.

6. PLACEMENT PROBLEM
In this section we develop and compare various heuristics

for the placement problem. Recall that in the placement
problem, we are given a grid Markov chain M and a universe
U of objects and we wish to assign an object from U to each
slot inM to maximize the expected accumulated utility. Our
approach to this problem is to first obtain a static ordering
of the nodes in M and then assign the objects in U in this
order, after sorting the objects according to the better of a
decreasing order of their utilities or an increasing order of
their stopping probabilities.

Since our universe U of objects is large (every image in the
index has a non-zero utility), we first introduce a “kerneliza-
tion” trick that enables us to prune the number of objects
considered for placement. An object u is said to be prefer-
able to an object u� if ⇤u ⇥ ⇤u0 and �u ⇤ �u0 ; we write this
as u ⇤ u�. If either of these inequalities is strict, we write
u > u�.

Lemma 5. Suppose there exists u, u1, . . . , uN ⌅ O such
that ui ⇤ u, for each i = 1, . . . , N . Then any optimal place-
ment for U \ {u} is also optimal for U .

page 1 page 2
Method vs vs

page 2 page 3
Naive 0.173 0.024

Uniform walk 0.129 0.019
MLE 0.277 0.024

Empirical 0.192 0.042

Table 3: Variational error of the stationary distri-
bution of the Markov chain, across pages.

Proof. We show that any placement that is optimal for
U does not contain u. Suppose to the contrary there exists
some ui ⌅ {u1, . . . , uN} that is not in the putative optimal
placement (since the placement contains N objects one of
which is u). Replace u with ui. Then (i) each path in M
has a traversal probability after the replacement no smaller
than before (since ⇤ui ⇥ ⇤u), and (ii) each such path has
also utility that is no smaller than before (since �ui ⇤ �u).
Thus the new placement, containing ui, is at least as good
as the original one containing u. Thus we have an optimal
placement for U that does not contain u.

Thanks to kernelization, we can remove all the objects
u ⌅ U that have at least N preferable objects (recall that
we cannot simply consider only the N objects of highest
utility). This allows us to drastically reduce the number
of objects. After this step, given a static ordering of the
states ofM , we assign the objects either by decreasing utility
or by increasing stopping probability and select the object
ordering that yields a better value.
We next describe our two new placement methods, which

use the Markov chain inferred from one of the three methods
outlined in Section 4.

1. eigen placement. This method computes the station-
ary distribution [15] of the Markov chain, with the random
walk resetting to ⇥ (in our case, jumps to (0, 0)) with proba-
bility ps at each step (this ensures ergodicity). The slots are
then ordered by decreasing values of the stationary proba-
bilities of this process and the objects (sorted by decreasing
utility or increasing stopping probability) are assigned to the
slots in this order. The intuition behind this method is that
slots with large stationary probabilities should get objects
of high utility.

2. hit placement. This method computes the hitting time
of the random walk starting according to ⇥ (in our case, from
(0, 0)) and proceeds according the inferred Markov chain.
Recall that the hitting time from i to j of a random walk is
the expected time taken for the walk to go from i to j. It is
given by the linear recurrence

hj
i = 1 +

�

(i,k)

pikh
j
k, if j ⇧= i,

and 0 otherwise. The slots are then ordered by increasing
values of the hitting times and the objects (sorted by either
decreasing utility or increasing stopping probability) are as-
signed to the slots in this order. The intuition behind this
method is that slots likely to be visited first get objects of
high utility.

Note that the performance of the above two methods can
be compared against two natural baselines given by row-
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User Satisfaction

• Different objects have different likelihoods 
of satisfying the user.

•       will avoid losing the user out of 
dissatisfaction,

• but the user would get more expected 
utility from the others:

• “I want an       store”,

• “I need an hotel in the big            ”.
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Objects

• Each object is defined by a pair stopping 
probability and expected utility

• Whenever a user sees an object, she will 
accrue its expected utility, and will stop 
looking at the page with its stopping 
probability



User Model

User will accrue utility U



User Model

User will flip a coin: with probability P  she will stop
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User will make a move according to the Markov chain



User Model

User will make a move according to the Markov chain



Placement Problem

• How to place objects so to maximize the 
users’ expected utility?

• NP-hard for general graphs

• For the grid graph:

• Efficient heuristics

• A kernelization trick to reduce the solution space



Placement Heuristics

ordering (row) and column-ordering (col) of the slots. In
many scenarios, these baselines are the state-of-the-art.

Figure 5 shows the ordering of slots in the 6⇥ 3 obtained
using eigen and hit placement methods. The ordering pro-
duced by hit seems intuitive and more reasonable than the
ordering produced by eigen.

top-left

eigen
top-left

hit

Figure 5: Slot ordering using eigen and hit methods.

7. PLACEMENT: EXPERIMENTS
In this section, we analyze the performance of the place-

ment methods and compare them with the row and col
baselines. First, we introduce a generalized notion of preci-
sion and recall that will be helpful in our Markovian setting
(Section 7.1). We then discuss the datasets used (Section
7.2) and the performance of the methods (Section 7.3) on
the datasets.

7.1 Generalized precision and recall
We have defined the quality (measured by total utility)

of a complete placement. We now extend standard IR mea-
sures like precision and recall into our Markovian framework.
Intuitively, recall in standard IR is a measure of the user’s
patience — how willing the user is to continue looking for
relevant results. We capture this by introducing a proba-
bilistic parameter in our Markovian model, allowing us to
define generalized notions of recall and precision. Let r be
the probability with which the user at each step continues to
follow M , rather than stop immediately; we call r the gen-
eralized recall (GR). Specifically at each step, the user with
probability 1� r stops immediately at the current slot; with
probability r, the user picks the next step from M (which
might itself result in stopping). Thus at r close to 0 the user
stops quickly, while at r = 1, the user simply follows M .
For a given value of r, we can measure the utility from a run
through the Markov chain; when divided by the number of
objects clicked, we obtain the generalized precision (GP) for
that run. Note that for simplicity, we allow the possibility
of multiple clicks on the same object; for the relatively few
object clicks in the trails in our data, this is not a mate-
rial e�ect. Averaged over a large number of such runs, we
obtain the generalized precision at r, which is analogous to

the standard precision-recall curves. We show these for the
four placement methods we have studied; the experiments
were run as follows. Given M and a placement method A,
we draw the GP-GR curve for A as follows:
(1) Take a query and compute a placement of its results

objects by A.
(2) Run M on this placement for a given value of r ⇤ [0, 1].
(3) For a run, measure the total utility and divide by the

number of objects that got clicked in that run; this is the
GP for that run.
(4) Average over multiple runs and multiple queries, to

get averaged GP values for A, at each of given values of r.

7.2 Data
Our study is averaged over a query log consisting of the

10000 of the most popular queries to Yahoo! image search.
For each query, we have the top 100 images, where each
image has two attributes, namely, its utility and stopping
probability. (We use the search engine’s relevance score of
the image for the query as a proxy for its utility, and com-
pute the stopping probability as described earlier.) From
these 100 candidates we select and place 18 images on a
6⇥ 3 grid.

7.3 Performance
We study the performance of the two placement methods

eigen and hit against the two baselines row and col for
the Markov chains inferred by the MLE method. Our mea-
sure of performance is the expected utility of placing the
images according to the ordering, where the utility is com-
puted according to our model but with object-specific stop-
ping probabilities. The results are shown in Figure 6, where
curves show the average utility when restricted to the top
k queries. From the figure, we can see that the orderings
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Figure 6: Instantaneous average utility of the place-
ment methods for 10000 of the most popular queries.

given by col and hit produce better utilities than eigen
and significantly better utilities than row.
In Figure 7, we observe the GP-GR curve for di�erent

object placement methods. As in a classical precision-recall
plot, we notice how increasing the recall (x-axis) decreases
the precision of the run. In particular we notice how the dif-
ferent curves (corresponding to di�erent object placement’s
algorithms) look similar to one another. We observe that
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Hit: Order slots according to hitting time (the smaller the better)
Eigen: Order slots according to stationary probability (the higher the better)

Col/Row: Column/Row Ordering

Place items of higher utility in “better” slots

Hit > Col > Eigen > Row



Hit slots ordering

ordering (row) and column-ordering (col) of the slots. In
many scenarios, these baselines are the state-of-the-art.

Figure 5 shows the ordering of slots in the 6⇥ 3 obtained
using eigen and hit placement methods. The ordering pro-
duced by hit seems intuitive and more reasonable than the
ordering produced by eigen.

top-left

eigen
top-left

hit

Figure 5: Slot ordering using eigen and hit methods.

7. PLACEMENT: EXPERIMENTS
In this section, we analyze the performance of the place-

ment methods and compare them with the row and col
baselines. First, we introduce a generalized notion of preci-
sion and recall that will be helpful in our Markovian setting
(Section 7.1). We then discuss the datasets used (Section
7.2) and the performance of the methods (Section 7.3) on
the datasets.

7.1 Generalized precision and recall
We have defined the quality (measured by total utility)

of a complete placement. We now extend standard IR mea-
sures like precision and recall into our Markovian framework.
Intuitively, recall in standard IR is a measure of the user’s
patience — how willing the user is to continue looking for
relevant results. We capture this by introducing a proba-
bilistic parameter in our Markovian model, allowing us to
define generalized notions of recall and precision. Let r be
the probability with which the user at each step continues to
follow M , rather than stop immediately; we call r the gen-
eralized recall (GR). Specifically at each step, the user with
probability 1� r stops immediately at the current slot; with
probability r, the user picks the next step from M (which
might itself result in stopping). Thus at r close to 0 the user
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For a given value of r, we can measure the utility from a run
through the Markov chain; when divided by the number of
objects clicked, we obtain the generalized precision (GP) for
that run. Note that for simplicity, we allow the possibility
of multiple clicks on the same object; for the relatively few
object clicks in the trails in our data, this is not a mate-
rial e�ect. Averaged over a large number of such runs, we
obtain the generalized precision at r, which is analogous to

the standard precision-recall curves. We show these for the
four placement methods we have studied; the experiments
were run as follows. Given M and a placement method A,
we draw the GP-GR curve for A as follows:
(1) Take a query and compute a placement of its results

objects by A.
(2) Run M on this placement for a given value of r ⇤ [0, 1].
(3) For a run, measure the total utility and divide by the

number of objects that got clicked in that run; this is the
GP for that run.
(4) Average over multiple runs and multiple queries, to

get averaged GP values for A, at each of given values of r.
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Our study is averaged over a query log consisting of the
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For each query, we have the top 100 images, where each
image has two attributes, namely, its utility and stopping
probability. (We use the search engine’s relevance score of
the image for the query as a proxy for its utility, and com-
pute the stopping probability as described earlier.) From
these 100 candidates we select and place 18 images on a
6⇥ 3 grid.
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We study the performance of the two placement methods

eigen and hit against the two baselines row and col for
the Markov chains inferred by the MLE method. Our mea-
sure of performance is the expected utility of placing the
images according to the ordering, where the utility is com-
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and significantly better utilities than row.
In Figure 7, we observe the GP-GR curve for di�erent

object placement methods. As in a classical precision-recall
plot, we notice how increasing the recall (x-axis) decreases
the precision of the run. In particular we notice how the dif-
ferent curves (corresponding to di�erent object placement’s
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