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Abstract. The queries in search engine that issued by users are often
ambiguous. By returning diverse ranking results we can satisfy diﬀerent
information needs as far as possible. Recently, a hierarchical structure
are proposed to represent user intents instead of a flat list of subtopics.
Although the hierarchical diversification model performs better than previous models, it utilizes a predefined function to calculate the diversity
score, which may not reach the optimal result. The model’s parameters need to be tuned manually and repeatedly without intention, which
cause a time-consuming problem. In this paper, we introduce a learning based hierarchical diversification model. Benefit from the learning
model, the parameter values are determined automatically and more optimal. Experiments show that our approach outperform several existing
diversification models significantly.

1

Introduction

Search result diversification [2, 1, 11, 10] is an eﬀective way to solve the query
ambiguation problem. The diversification model regards the problem as a combination of relevance score and diversity score. Diversity score are often calculated
based on the user intents. Previous models regard the user intents as a flat list
of subtopics. However, the flat list of subtopics cannot match the actual intents
in evaluation tasks [4, 8] good enough. The hierarchical structure of subtopics
are proposed to solve this problem.
The hierarchical diversification methods perform better than previous diversification methods, but it just utilizes a predefined function to calculate the
diversity score. There exists some parameters to tune. Usually researchers have
to set a series of repeatedly experiments to find the suitable parameter. It is
hard to reach optimal value by manual tuning, and it causes a time-consuming
problem.
In this paper, we introduce a learning approach to hierarchical search result
diversification called L-HSRD. Firstly, we redefine the loss function as the generation probability of sequential selection for a ground truth list. Then Stochastic
⋆
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gradient descent are employed to optimize the value of weight. Finally we derive
our ranking function to generate the diverse list sequentially.
We demonstrate L-HSRD is more excellent than other diversification models
in terms of oﬃcial evaluation metrics including α-NDCG [6], ERR-IA [3] and
NRBP [7]. Additionally, we conduct a series of experiments to illustrate the
robustness of our method, which get a outstanding performance.
The main contributions of our work are listed as follows:
1. L-HSRD is the first method introducing the learning mechanism for the
hierarchical search result diversification. We conduct inference for the loss
function based on its sequential selection model, which solves the parameter
tuning problem at the same time.
2. We put forward a series of instructive diﬀerent features based on the hierarchical structure of subtopics.
3. We conduct extensive experiments to verify that L-HSRD achieves excellent
performance comparing with the existing diversification models.

2

Related Work

Search result diversification model can be categorized as implicit approaches and
explicit approaches. The implicit approaches includes MMR [2]. MMR selecs the
document iteratively, and meanwhile, both content-based relevance and diversity
should be considered. It is considered as a low eﬀective model [14, 11].
Explicit approaches extract the aspects explicitly and make use of them to
calculate the diversity score. The algorithms such as IA-select [1], xQuAD [14]
and RxQuAD [15] are proposed to reduce redundancy. These methods select the
document that covering more novel aspects. The PM-1 and PM-2 [9] models
mainly consider the proportionality of aspects and produce the diverse result by
virtue of the proportionality of aspects.
In addition, as for learning model, Zhu et al. [17] proposed a learning model
without considering the aspects underlying the query. Yue et al. [16] proposed
Structural SVMs to model the diversity but discarded the relevance.

3
3.1

Learning approach to hierarchical search result
diversification
Definition of ranking function

At first, We generate the subtopics like Hu[12] and get the relevance score P (qi |d)
between the subtopic qi and each document d. In our model, the ranking function
we select the “local-best” document in the round i is given as follows:
fi (d, D\Si−1 ) = λr P (d|q) + λTd F (Si−1 ∪ d),

(1)

where d means current document to be considered in the sequential selection
process, D denotes the candidate document set, Si−1 denotes the documents
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already selected in previous i − 1 round, q denotes the query, F (Si−1 ∪ d) stands
for the feature function, represented by the feature vector of (f1 , f2 , ..., fT ), T
stands for the number of features.
Feature definition We define our features on the document set Si−1 ∪d. In our
work, we provide several representative features for the learning process, which
are shown as follow:
– Features defined between the query and first-level subtopics. Average, minimum, maximum, standard deviation of relevance score P (qi |d) for
a document d to a subtopic qi from level 1.
– Features defined between the first-level subtopics and second-level
subtopics. Average, minimum, maximum, standard deviation of relevance
score P (qi |d) for a document d to a subtopic qi from level 2.
– Features defined only on the first-level subtopics. Firstly we define
the set of documents which possess a highest score of relevance for first-level
subtopics as St1 . (all the documents possess a relevance score for all the
subtopics in level 1 and level 2). The features are defined as the entropy
∑
def
of all the documents d in St1 : Pentropy (d) = − w∈d P (w|d) log P (w|d),
where w is a term and p(w|d) is the probability that w appears in d (given
by the language model).
– Features defined only on the second-level subtopics. The features are
defined as the entropy of all the documents d in St2 like above.

3.2

Definition of loss function

The ranking process is a sequential selection, we define the loss function as the
likelihood loss of the generation probability:
L(f (X, C), Y ) = − log P (Y |D) = − log[P (y(1)|D)P (y(2)|D\S1 )...P (y(n)|D\Sn−1 )],
(2)
where X stands for the feature, C represents the weight, the Y is the final result, y(1), ..., y(n) is the ground truth, n represents the top n result, the index
i denotes its ranking position, D is the initial retrieved documents Dinit , Si−1
denotes the result set we had iteratively selected in the last i − 1 round, the
probability P (y(i)|D\Si−1 ) represents the probability that selecting the document y(i) under the condition of D\Si−1 .
The above sequential definition approach can be well captured by the PlackettLuce Model [13]. We can derive every step in our generation process, which is
shown as:
P (Y |D) =

n
∏
i=1

P (y(i)|D\Si−1 ) =

n
∏

exp(fi (y(i), D\Si−1 ))
∑n
,
k=i exp(fi (y(k), D\Si−1 ))
i=1

(3)
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Given the training data {(X, C, Y )(T r) } (T r denotes for the number of training samples), the total loss function is formulized as follows:
L(f (X, C), Y ) = −

Tr ∑
n
∑

exp(λr P (y(j)|q) + λTd F (Sj−1 ∪ y(j)))
log( ∑n
)
T
k=j exp(λr P (y(k)|q) + λd F (Sj−1 ∪ y(k)))
i=1 j=1
(4)

3.3

Learning and prediction

As for the training, we generate the training data and optimize the loss function.
Then, we use the trained ranking function to re-rank and predict the result.
To generate the ground truth training data, we construct a list y(i) which
maximize the ERR-IA metrics. In the algorithm, at the i-th step in loop structure, we select the document d from D\Si−1 to maximize ERR-IA score and
update the D\Si−1 by adding the document d. We get the final training data
by recording the best document int every step.
Nextly, stochastic gradient descent method are applied to optimize the loss
function. At every step, we calculate the gradient and update the value. The
gradient for step i in loop structure at training set Dinit is computed as follows:
n ∑n
T
∑
k=j P (y(k)|q)exp(λr P (y(k)|q) + λd F (Si−1 ∪ y(k)))
(i)
∑n
∆λr =
(
T
k=j exp(λr P (y(k)|q) + λd F (Sj−1 ∪ y(k)))
j=1
−

(i)
∆λd

=

n
∑

P (y(j)|q)exp(λr P (y(j)|q) + λTd F (Sj−1 ∪ y(j)))
)
exp(λr P (y(j)|q) + λTd F (Sj−1 ∪ y(j))

∑n
(

k=j

j=1

−

(5)

F (Sj−1 ∪ y(k))exp(λr P (y(k)|q) + λTd F (Sj−1 ∪ y(k)))
∑n
T
k=j exp(λr P (y(k)|q) + λd F (Sj−1 ∪ y(k)))

F (Sj−1 ∪ y(j))exp(λr P (y(j)|q) + λTd F (Sj−1 ∪ y(j)))
)
exp(λr P (y(j)|q) + λTd F (Sj−1 ∪ y(j)))

(6)

Finally, the sequential prediction method is used to predict the result. In
algorithm, at the i-th step in loop structure, we select the best document d
from D\Si−1 to maximize our ranking function and update the candidate set
D\Si−1 by adding document d. Then we predict the final diverse ranking list by
recording the best document in every step.

4

Experiments

4.1

Experimental setup

Dataset We use TREC web track (WT2009 for short), WT2010, WT2011 as
our dataset. We do our evaluation on the ClueWeb09 Category B retrieval collection1 . Our query set contains of 150 queries, from TREC web track 2009
1

http://www.lemurproject.org/clueweb09.php/
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(WT2009) [5], TREC web track 2010 (WT2010), TREC web track 2011 (WT2011)
(50 for each).
Evaluation metrics Three mainly evaluation metrics are used to evaluate the
performance of our method: α-NDCG, ERR-IA, NRBP (computed at cutoﬀ
50). To measure the robustness, we use Win/Loss ratio metrics. The evaluation
metrics reported at diﬀerent cutoﬀs. We use {5, 10, 20} as our cutoﬀs to set up
our experiments. The α are set to 0.5 in our experiments.
Baseline methods We use the Indri2 to conduct our retrieval run with its default parameter configuration. The krovetz stemmer and stopword removal are
applied both in the index and retrieval time. All of the search result diversification methods are applied based on the top-50 retrieved documents.
We compare L-HSRD with some baseline models as follows:
– QL. The Query-likelihood language model is used for indri search engine
as an initial retrieval method. We use it to provide the initial top 1000
documents for our diversification method.
– MMR. A classical implicit diversification model.
– xQuAD. xQuAD is a popular explicit diversification model which focus on
the redundancy of aspects.
– PM2. PM2 is a popular explicit diversification model. PM2 generates the
result set according to the aspects proportionality.
– HxQuAD. HxQuAD is a hierarchical diversification model based on xQuAD
[12].
– SVMDIV. SVMDIV is a learning model for search result diversification
[16]. We get the source code from the svmdiv homepage3 provided by the
author.
There exists a single parameter λ to tune in baselines 2-5 (corresponding to
MMR, xQuAD, PM2, HxQuAD), we divide the data into 5 parts randomly and
perform a 5-fold cross validation to train λ through optimizing ERR-IA. In our
model, we also perform a 5-cross validation with a ratio of 3:1:1 for training,
validation and prediction for the test query on each year. The final result are
calculated over all the folds.
4.2

Experimental results

Diversification analysis Table 1 shows the result of the diversification evaluation in terms of α-nDCG, ERR-IA, and NRBP. The best result per baseline is
highlighted in bold.
It is noted that L-HSRD always performs best in α-nDCG and ERR-IA. It
improves the initial retrieval ranking method with gains up to 34.34%, 48.43%,
2
3

http://www.lemurproject.org/indri.php
http://projects.yisongyue.com/svmdiv/
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Year experiment ERR-IA@20 α-nDCG@20 NRBP
QL
0.1376
0.2548
0.1008
MMR
0.1405
0.2526
0.1070
xQuAD
0.1411
0.2444
0.1113
2009
PM2
0.1482
0.2750
0.1101
SVMDIV
0.1531
0.2849
0.1219
HxQuAD
0.1653
0.3025
0.1372
L-HSRD
0.2084
0.3423
0.1894
QL
0.1484
0.2445
0.1092
MMR
0.1494
0.2450
0.1129
xQuAD
0.1732
0.2746
0.1326
2010
PM2
0.1599
0.2605
0.1175
SVMDIV
0.1698
0.2796
0.1158
HxQuAD
0.1807
0.2924
0.1303
L-HSRD
0.2248
0.3629
0.2011
QL
0.3288
0.4454
0.2802
MMR
0.3253
0.4337
0.2834
xQuAD
0.3235
0.4462
0.2812
2011
PM2
0.3316
0.4472
0.2831
SVMDIV
0.3429
0.4615
0.2923
HxQuAD
0.3606
0.4860
0.3107
L-HSRD
0.4216
0.5374
0.3501
Table 1. Diversification performance using the oﬃcial evaluation metrics for WT2009,
WT2010, WT2011

20.66%, in terms of α-nDCG on WT2009, WT2010, WT2011 respectively. The
improvement of L-HSRD over the MMR in terms of α-nDCG is up to 35.51%,
48.12%, 23.91% on WT2009, WT2010, WT2011 respectively. The improvement
of L-HSRD over the xQuAD in terms of α-nDCG is up to 40.06%, 32.16%,
20.44% on WT2009, WT2010, WT2011 respectively, and the improvement of
L-HSRD over the PM2 is up to 24.47%, 39.31%, 20.17% on WT2009, WT2010,
WT2011 respectively. It indicates that our learning approach tackles the diversity measurement problem more eﬀectively with the consideration of integrate
diﬀerent level of diversity features based on the hierarchical subtopics. Besides
the non-learning model, the improvement of L-HSRD over the SVMDIV in terms
of α-nDCG is up to 20.15%, 29.79%, 16.45% on WT2009, WT2010, WT2011 respectively. It shows that considering relevance and diﬀerent type of features in
diversity measurement is helpful in diversification. As for the traditional hierarchical diversification method, the improvement of L-HSRD over the HxQuAD
in terms of α-nDCG is up to 13.16%, 24.11%, 10.58% on WT2009, WT2010,
WT2011, respectively. HxQuAD only use a predefined function to measure the
diversity score, and the parameter may not be optimal because it needs to be
tuned manually. Our learning model tackles the parameter tuning problem in an
automatic fasion and reach optimal result.
Robustness analysis An eﬀective search result diversification method should
not only outperforms other models in terms of diversity metrics, but also main-
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tains a high level of robustness. We set up series of experiments on robustness
research to study the Win/Loss behaviour.
The Win/Loss ratio are proposed by Yue et al. [16] and Dang et al. [9] for
entirety robustness measurement. It denotes whether the model improve or hurt
the result when comparing with the basic relevant baseline QL [16, 9] in terms of
evaluation metrics. In our experiment, ERR-IA is used to calculate the Win/Loss
ratio.
experiment WT2009 WT2010 WT2011
MMR
20/18
24/17
23/16
xQuAD
23/18
23/16
24/14
PM2
22/20
26/14
25/14
HxQuAD 27/15
30/10
31/10
L-HSRD 28/14
30/9
32/9
Table 2. Win/Loss ratio

Total
67/51
70/48
73/48
88/35
90/32

It can be inferred that L-HSRD model performs best with its ratio of 2.65
from the table 2. It reflects the remarkable robustness of L-HSRD model comparing with other diversification models. This confirms the overall performance
of our model is not restricted to a small subset, it still work in the whole dataset
for three years data.

5

Conclusion and future work

In this paper, we propose a learning based approach to hierarchical search result
diversification. We pay our attention to the hierarchical diversification models
and introduce the learning approach to address this as a learning problem. We
have demonstrated the eﬀectiveness of L-HSRD comparing with other diversification models. We find our model achieve considerable results in terms of oﬃcial
diversity metrics on three years in TREC web track dataset. To prove its robustness, we set the experiment about Win/Loss ratio. We believe L-HSRD will
play an important role to improve the search result diversification method.
There exists a number of directions to be explored in the future. We are
looking forward to take some considerable steps to make L-HSRD achieve convergency as quick as possible. Meanwhile, we are looking forward to make use
of the deep learning technology to improve the hierarchical search result diversification.
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