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Figure 9: Sliding normalized CTR for Image.
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Figure 10: Normalized CTR and sliding normalized CTR for
Image as a function of clickthrough.

Image classifier returns the probability that the query has image
intent. We also have classifiers for some of the most important
verticals. In Figure 11 we report the impact of dropping all the
vertical classifier scores from the training process on the Image
vertical when the model was trained on click data. In the case of
Image, the vertical confidence happens to be the same as the Image
classifier (and hence we dropped the vertical confidence too when
we dropped the classifier scores) and is the most important feature
when used. The plot shows that dropping these features results in a
statistically significant drop in the performance of the model.

6.4 Impact of Head versus Tail Weights
When training rankers for vertical search results using clicks as

labels, one needs to make sure that there is a fair representation
of head, body and tail queries in the training data. The frequency
distribution of queries that trigger results from each vertical varies
considerably across verticals and hence it is important to character-
ize this distribution of queries in the training data for each vertical
individually. Furthermore, it is important to find the relative repre-
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Figure 11: Dropping vertical classifier features degrades the
clickthrough vs. normalized CTR trade-off.

sentativeness (or weighting) of head and tail queries in the training
data that would optimize some user engagement metric such as the
normalized CTR at TOP across specific query segments as well
as across all queries. The model operating curves described ear-
lier gives us a straight forward methodology to choose an optimal
weighting combination for head and tail queries.

We typically collect query impressions from over a two week
time-frame on the auditioning flight (referred to in Section 5.2) to
be able to train a ranker for a vertical. We assign each impression in
this training data the normalized logarithmic query frequency over
the 2 weeks as the base weight. In order to perform a sweep of
possible weighting combinations across head and tail queries, we
assign the head queries (with greater than 10 query impressions in 2
weeks) a weight of α and the tail queries (the remaining queries) a
weight of (1−α). For each α value, we pick an optimal model after
comprehensive parameter sweeps during the training process. We
then plot the model operating curves for the models corresponding
to each α value between 0 and 1. These curves use query impres-
sions from an evaluation set collected from a two week time-frame
in the future on the same flight from which the training impressions
were obtained. Furthermore, we could also filter these impressions
into head and tail and plot separate model operating curves for the
two segments of the evaluation set to see how the weighting im-
pacts performance in each segment.

We performed the head versus tail weighting experiments for
three verticals — News, Commerce and Image. Figure 12 shows
the model operating curves of a Non-Navigational News ranker for
head weights of α = (0.0, 0.2, 0.4, 0.6, 0.8, 1.0) on all query im-
pressions in the evaluation set. Figures 13 and 14 show the oper-
ating curves on the head and tail evaluation segments respectively.
As can be seen, the value of α for which we get the optimal model
operating curve over most of the clickthrough ranges is 0.2 overall.
At α = 0.2, the base weights (logarithmic query frequency) for
head queries are assigned a weight of 0.2 and the tail queries are
assigned a weight of 0.8, which happens to make the tail impres-
sions 4X as representative as it was originally relative to the head
impressions. Interestingly, this is optimal even on the head segment
beating a model trained only on head queries (which is represented
by the operative curve for the head weight of α = 1.0) indicating
the incremental value of having tail impressions to train a model
for ranking head queries. As for the tail segment, the operating
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Figure 12: Normalized CTR for Non-nav News for head
weights between 0 and 1.

curve for α = 0.2 runs neck and neck with the curve for α = 0.0
(training only on tail impressions) and does better at certain oper-
ating points on the curve, indicating the incremental value of using
head query impressions when training a ranker for tail queries if
one wishes to operate at these points on the curve. The operating
curves for the other two answers, Commerce and Image (not shown
in the paper), also showed "sweet-spots" over distinct α values giv-
ing the modeler a choice of head and tail weights he or she could
use depending on what segment of queries he or she wants to cater
to or what user engagement metric he or she is shooting for.

6.5 Impact of Modeling Loss Function
Candidate models (or the predictions they make) can only be

compared once a loss function is decided upon. But what evidence
is used to select the best loss function for the problem domain?
One can conduct time consuming online experiments, but here we
show a characterization curve can be used to compare the different
options offline without experimenting on real users.

To demonstrate this, we trained two models models using dif-
ferent loss functions and used a characterization curve to compare
them. One model used the L2 loss function and the other used a
logistic loss function. The training process used was described in
Section 5.2 including a parameter sweep. The click labels were
generated from the process described in Section 5.2.

Operating curves were generated for both models using impres-
sions from a different 2 week time-frame of the auditioning flight.
These curves are shown in Figure 15 and we can see that although
the model trained with L2 appears to be marginally better than that
trained with logistic loss, the difference is not statistically signifi-
cant. Thus, the methodology allows us to weed out such hypotheses
without conducting an online experiment.

6.6 Offline Predictions Vs. True Metrics for
Flights

To validate that the assumptions we made in Proposition 1 can
be used to make meaningful predictions, we compared some of the
predictions to true flight metrics. We used the click-based model for
Commerce, and set up two flights with two different TOP thresh-
olds. We used Proposition 1 to predict the clickthrough and normal-
ized CTR for Commerce at TOP. The relative differences between
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Figure 13: Normalized CTR for Non-nav News on head queries
for head weights between 0 and 1.

the predicted and observed values of clickthrough on the two flights
were −8.6% and −3.6%. The negative values indicate that the ob-
served values were lower than the predicted values. The relative
differences between the predicted and observed values of normal-
ized CTR on the two flights were −3.2% and −6.8%.

7. CONCLUSIONS
We showed how we can use impressions from an auditioning

flight to perform many offline experiments to study the impact of
system operating point changes on click metrics. The characteri-
zation curves give an comprehensive picture of the federated web
search system over the entire range of operating points and on at
one specific operating point like online experiments typically do.
In addition the characterization curves can be generated offline and
so are not time-consuming like the online experiments. The results
in Section 6.6 show that the offline predictions we make are rea-
sonably accurate.

We demonstrated the methodology by applying it to answer vari-
ous questions about our federated web search system. We used it to
understand the trade-off of clickthrough and quality, impact of spe-
cific features on clickthrough, impact of various query sampling
strategies on user engagement metrics, and, finally, the impact of
modeling loss functions on engagement metrics.

One improvement we can do to our auditioning flight is that we
can reduce the amount of auditioning needed for head queries. For
some of the most common queries, we can stop auditioning verti-
cals once we hit a certain number of impressions.

Although our approach works for a large number of natural met-
rics that we look at, it can not be used to predict session based met-
rics. It works well only for any SERP level vertical metrics. Also
we won’t be able to accurately predict metrics for low-coverage
verticals since they have very few impressions.
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