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ABSTRACT
Existing work on search result diversification typically falls into
the “next document” paradigm, that is, selecting the next document
based on the ones already chosen. A sequential process of select-
ing documents one-by-one is naturally modeled in learning-based
approaches. However, such a process makes the learning difficult
because there are an exponential number of ranking lists to consider.
Sampling is usually used to reduce the computational complexity
but this makes the learning less effective. In this paper, we pro-
pose a soft version of the “next document” paradigm in which we
associate each document with an approximate rank, and thus the
subtopics covered prior to a document can also be estimated. We
show that we can derive differentiable diversification-aware losses,
which are smooth approximation of diversity metrics like 𝛼-NDCG,
based on these estimates. We further propose to optimize the losses
in the learning-to-rank setting using neural distributed representa-
tions of queries and documents. Experiments are conducted on the
public benchmark TREC datasets. By comparing with an extensive
list of baseline methods, we show that our Diversification-Aware
LEarning-TO-Rank (DALETOR) approaches outperform them by
a large margin, while being much simpler during learning and
inference.
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1 INTRODUCTION
Search result diversification is critical for the utility of search en-
gines due to the diverse information needs of users and the ambi-
guity of short queries. For example, a query about “Eiffel Tower”
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may seek for its history information or its visiting address. A list
of results covering different subtopics is more desired in this case.
Indeed, diversification has been a long-standing research topic in
the Information Retrieval community, with the seminal work of
Maximal Marginal Relevance (MMR) dating back to year 1998 [10].

Since users often do not examine all the returned results thor-
oughly but only look at a few top ones, the goal of search result
diversification is to present relevant but diverse results at the top
of a ranked list. These notions are taken into account by commonly
used diversity evaluation metrics, including 𝛼-NDCG [13], ERR-
IA [11] (Intent-Aware metrics [1]), and S-recall [45]. All of them
consider both the ranks of relevant documents and how well the
subtopics of a given query are covered by the top ranked docu-
ments. The contribution of a subtopic in a lower-ranked document
is down-weighted if it has been covered well by top-ranked ones.

While traditional methods for diversification are mainly manu-
ally crafted [10, 14, 34], recent research in this area shifts to super-
vised learningmethods [18, 26, 35, 40, 42, 44, 46] and shows superior
performance with respect to the diversity evaluation metrics. How-
ever, different from the standard learning-to-rank setting [27], the
design of learning approaches for diversification is non-trivial due
to the inter-dependency among documents. Almost all of them fall
into the so-called “next document” paradigm, that is, selecting the
next document among the remaining ones to maximize an objective
with respect to the ones already chosen. Such a paradigm is intu-
itively appealing and fits the diversification task naturally. However,
the main challenge is that learning is inherently less effective be-
cause there is an exponentially large number of ranking lists to
consider. Different methods are proposed to alleviate this problem.
For example, R-LTR [46] and SVM-DIV [44] mainly focus on the
ideal diversified ranking lists. Reinforcement learning (RL) based
approaches [18, 42] try to maximize the expected rewards over sam-
pled lists from a distribution. Recently proposed PAMM [40] and
DVGAN [26] maximize the margin between sampled positive and
negative lists for training and show better performance. However,
the huge number of candidates poses challenges for high-quality
sampling [26].

The main difficulty of the existing learning-based approaches
lies in the hard setting in the “next document” paradigm – the
next document is evaluated based on the materialized previously
selected documents. The key idea of this paper is to use a soft version
where we do not need to materialize ranking lists. Specifically, we
compute a differentiable approximate rank and associate it with
each document. Given such approximate ranks, we can estimate the
subtopic coverage of the documents prior to each document, and
then use these estimates for diversification. In particular, we show
that we can translate a diversity evaluation metric (e.g., 𝛼-NDCG)
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Table 1: An example illustrating how distributed represen-
tation helps optimize diversification-aware ranking losses.
𝑑1 𝑑2 and 𝑑3 are relevant to subtopic #1 in 𝑓1. 𝑑4 is relevant to
subtopic #2 in 𝑓2. The third dimension 𝑓3 is a diversity-useful
dimension and the last, 𝑓4, is an independent dimension.

subtopics #1 #2 -
distributed dims 𝑓1 𝑓2 𝑓3 𝑓4

𝑞 1 1 0 0
𝑑1 1 0 1 1
𝑑2 1 0 0 1
𝑑3 1 0 0 1
𝑑4 0 1 0 1

into a differentiable loss function based on these estimates. Such a
loss function can be trained effectively by gradient descent in an
end-to-end fashion.

With such a diversification-aware loss function, we formulate
our problem in a learning-to-rank setting where a ranking func-
tion is learned to score and sort documents. To make the learning
more effective, instead of using aggregated score features like BM25
or TF-IDF (commonly used in the traditional learning-to-rank set-
ting [27]), we resort to the distributed representations of queries
and documents, where subtopic-relevant dimensions and diversity-
useful dimensions can be learned.

A simple example in Table 1 illustrates this. Suppose there are
2 subtopics encoded in a 4-dimension latent space. Without loss
of generality, we define the coordinate with the first two axes 𝑓1
and 𝑓2 aligning with the 2 subtopic vectors. It is then easy to pick
out the query and subtopic-relevant documents by looking at the
alignments in these dimensions. Suppose we find 4 relevant docu-
ments: 𝑑1, 𝑑2, and 𝑑3 match subtopic #1; 𝑑4 matches subtopic #2. An
ideal diversified ranking must have 𝑑4 ranked at either the first or
the second position, which can be achieved by assigning different
scores to 𝑑1, 𝑑2, and 𝑑3 in the “score-and-sort” setting. However, it
is not feasible to distinguish 𝑑1, 𝑑2, and 𝑑3 by just looking at the
alignments with the subtopics. In such case, the remaining dimen-
sions of distributed representations become useful in generating the
diversified ranking. In this example, suppose the four documents
distributed non-trivially along axis 𝑓3, a diversification-aware loss
function can facilitate learning such distributed representations
and output a list [𝑑1, 𝑑4, 𝑑2, 𝑑3] by favoring a ranking function such
as 𝑓1 + 1.5𝑓2 + 𝑓3, while a standard loss function may not be able to
pick up 𝑓3, as it has no effect on document relevance.

Note that once the ranking function has been learned, ourmethod
does not require the subtopics of a query to be given during infer-
ence and thus belongs to the implicit category. This is different from
the explicit approaches (e.g., DVGAN [26] or DSSA [23]), which as-
sume the subtopics to be available at inference time – not a realistic
assumption for most search engines.

One obvious problem of the score-and-sort approach is the dupli-
cate documents where two documents have the exact same feature
representation and thus would always have the same scores. The
benchmark dataset used in our experiments does have many doc-
uments covering the same subtopics but they are not duplicates.
Without any pre-processing, our methods perform very well on this

dataset, confirming that the diversification-aware loss can effec-
tively leverage the difference among documents that are relevant to
the same subtopics and yield a diversification-aware ranking func-
tion. In reality, this problem can be easily fixed by a pre-processing
step where we make sure that all documents for a query have a
minimum difference (e.g., using a near-deduplication technique [6]).

In summary, we make the following contributions in this paper:

• We propose a novel method that can translate a diversity
evaluation metric to a differentiable diversification-aware
loss.

• We show that such a loss function can be effective in learn-
ing with the distributed representation using deep neural
networks that are efficient and easily extendable.

• We conduct experiments on a public benchmark dataset and
show that our proposedmethod can significantly outperform
strong recent baselines.

The rest of the paper is organized as follows. We review related
work in Section 2. Our diversification-aware loss is described in
Section 3 and a neural network based learning approach is described
in Section 4. In Section 5, we give a theoretical analysis about
our diversification-aware loss and distributed representation. We
present our experiments in Section 6, our discussion in Section 7
and conclude this paper in Section 8.

2 RELATEDWORK
2.1 Search Result Diversification
Diversification approaches can be broadly classified into two ap-
proaches: implicit and explicit. Implicit approaches promote novel
documents compared to other documents based on inter-document
similarity and do not require subtopics given during the evalua-
tion time. Explicit approaches promote documents that improve
coverage over specified subtopics.

Most implicit approaches are inspired by the seminal work of
Maximal Marginal Relevance (MMR) method [10], which iteratively
picks relevant documents that are novel to the document set so
far, based on user defined functions for inter-document similar-
ity. Supervised machine learning methods for implicit diversifica-
tion [40, 41, 44, 46] learn a scoring function that optimize diversifi-
cation using remote proxies of evaluation metrics. SVM-DIV [44]
utilizes structural SVMs for scoring, whereas R-LTR [46] proposes
a relational learning to rank framework, to model document rela-
tions of an ideally diversified ranking. Based on R-LTR, PAMM [40]
improves the scoring function by considering difference between
positive and negative rankings. NTN-DIV [41] uses a neural ten-
sor network to learn document similarity automatically instead
of using handcrafted features or functions. Reinforcement learn-
ing methods have been proposed to improve the greedy nature of
sequential document selection: MDP-DIV [42] uses Markov Deci-
sion Processed (MDP) to optimize expected reward over sampled
lists; M2DIV improves over MDP using Recurrent Neural Networks
(RNNs) to model the document sequence and Monte Carlo Tree
Search (MCTS). An alternate approach tries to directly optimize
user’s utility instead of any proxies of diversity. Determinantal
Point Processes [39] and Multi-Armed Bandits [36] are used to
generate diverse rankings to optimize click-through rate.
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Explicit diversification approaches, e.g., PM-2 [14] or xQuAD [34]
improve the coverage over subtopics relevant to a query based on
the sub-queries given during evaluation. Most recent methods in
this category employ various neural architectures. Diverse Search
with Subtopic Attention (DSSA) [23] uses RNNs with attention
mechanism for a sequential procedure to greedily select relevant
documents which are diverse to current selected set. As a follow-up
to DSSA, DVGAN [26] uses Generative Adversarial Networks to
frame the diversification problem as a minimax game between a
generator and a discriminator, where the generator models docu-
ment similarity and the discriminator uses subtopic information,
and DESA [32] adds self-attention encoder and decoder to replace
RNNs to model interactions of all documents in the list.

While our proposed method shares some commonalities with
the above methods in terms of neural architecture (e.g., similarly to
DESA [32] we use self-attention), there are two crucial differences.
First, we estimate latent subtopics from the distributed representa-
tion of the query, rather than requiring providing them explicitly.
Second, our end-to-end learning-to-rank framework directly opti-
mizes a smooth approximation of the diversity metrics.

2.2 Learning To Rank
Learning to rank has traditionally focused [27, 33] on relevance. A
scoring function per query-document pair (referred to as univariate
scoring [3]) is learned to minimize the loss using learning algo-
rithms such as Gradient Boosted Decision Trees (GBDT) [24] and
neural networks [20, 29]. For learning the univariate scoring func-
tion, Deep Structured Semantic Matching models (DSSM) [22] learn
a low dimensional embedding for queries and documents and use a
dot-product as the score. In the domain of neural network scoring
functions, multivariate scoring functions which capture cross docu-
ment interactions as listwise context have been proposed in such as
Deep Listwise Context Model [2], Groupwise Scoring Functions [3],
Document Interaction Network [30], and SetRank [28]. We also
leverage deep listwise context via self-attention, but our goal is
diversify results, but not just on improving relevance as in existing
learning to rank work.

2.3 Approximation of Ranking Metrics
Neural networks are amenable for end-to-end learning to directly
optimize ranking metrics [7, 8] by creating a differentiable approx-
imation. ApproxNDCG [8] revisits the idea proposed in [31] of
replacing indicator functions in rank computation with sigmoid
functions for a differentiable surrogate. Sampling scores from Gum-
bel distribution to compute the expectation of the approximated
metric (over induced permutations) is shown to gain additional
robustness [7, 19]. Based on these, we introduce differentiable ap-
proximations of diversity evaluation metrics for the first time.

Another common technique to make differentiable approxima-
tions of ranking metrics is LambdaRank [9, 16, 38], which uses the
metric delta when two documents are swapped in the loss. Com-
pared to the approximation techniques above, it is nontrivial to
apply LambdaRank to non-additive diversification metrics. A re-
cent work by Yigit-Sert et al. [43] treats diversification as a fusion
task of rankings obtained by sorting the documents with respect
to individual subtopics. The LambdaRank is used as the standard

LTR to obtain the ranking for each subtopic, but not to optimize
diversification metrics directly.

3 DIVERSIFICATION-AWARE LOSSES
3.1 Diversity Evaluation Metrics
To introduce our differentiable losses that are close approxima-
tions of the actual diversity evaluation metrics, we first review two
commonly used diversity evaluation metrics: 𝛼-NDCG and ERR-IA.

3.1.1 𝛼-NDCG. Consider 𝑛 documents associated with a query
and each document may cover 0 to𝑚 subtopics, which is indicated
by subtopic labels 𝑦𝑖𝑙 : 𝑦𝑖𝑙 = 1 if document 𝑖 covers subtopic 𝑙 and
𝑦𝑖𝑙 = 0 otherwise. The 𝛼 discounted cumulative gain (𝛼-DCG) [13]
is then defined as,

𝛼-DCG =

𝑛∑
𝑖=1

𝑚∑
𝑙=1

𝑦𝑖𝑙 (1 − 𝛼)𝑐𝑙𝑖
log2 (1 + 𝑟𝑖 )

, (1)

where 𝛼 is a parameter between 0 and 1 quantifying the probability
a reader got the information about a given subtopic from a relevant
document, 𝑟𝑖 is the rank of the document 𝑖 , and 𝑐𝑙𝑖 is the number of
times the subtopic 𝑙 being covered by documents prior to rank 𝑟𝑖 :

𝑐𝑙𝑖 =
∑
𝑗 :𝑟 𝑗 ≤𝑟𝑖

𝑦 𝑗𝑙 . (2)

We can normalize this measure into the range [0, 1] by dividing
the optimal 𝛼-DCG given the document list:

𝛼-NDCG =
𝛼-DCG
𝛼-DCGopt

. (3)

𝛼-NDCG@𝑘 are metrics commonly used, which are obtained by
summing over only the top 𝑘 ranked documents in the list.

3.1.2 ERR-IA. For the same setting as above, the ERR-IA [12] is
defined as

ERR-IA ≡
𝑛∑
𝑖=1

1
𝑟𝑖

𝑚∑
𝑙=1

1
𝑚

©«
∏
𝑗 :𝑟 𝑗<𝑟𝑖

(1 − 2𝑦 𝑗𝑙 − 1
2𝑦

max
𝑙

)ª®¬ 2𝑦𝑖𝑙 − 1
2𝑦

max
𝑙

. (4)

For binary labels 𝑦𝑖𝑙 = 0 or 1 and 𝑦max
𝑙

= 1, this definition can be
easily rewritten in terms of rank 𝑟𝑖 and subtopic coverage 𝑐𝑙𝑖 ,

ERR-IA =

𝑛∑
𝑖=1

1
𝑟𝑖

𝑚∑
𝑙=1

1
𝑚

𝑦𝑖𝑙

2𝑐𝑙𝑖+1 (5)

In practice, ERR-IA is further normalized by a constant
∑𝑛
𝑟=1

1
𝑟 2−𝑟 .

Similar to 𝛼-NDCG@𝑘 , ERR-IA@𝑘 are commonly used metrics
with a summation over the top 𝑘 documents for both ERR-IA and
the normalization factor.

3.2 Differentiable Approximate Losses
In both𝛼-DCG and ERR-IAmetrics, 𝑟𝑖 and 𝑐𝑙𝑖 are ranking-dependent.
These make them non-differentiable. The first contribution of this
paper is a smooth approximation of the diversity metrics through
soft versions of the rank 𝑟𝑖 and subtopic coverage 𝑐𝑙𝑖 . This is achieved
by re-expressing them using the scores assigned to each document.
In the following, we use 𝛼-DCG as an example. All the derivations
can be applied to the ERR-IA metric without any difficulty.
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Let 𝑠𝑖 be the score for document 𝑖 , 𝑟𝑖 and 𝑐𝑙𝑖 can then be formu-
lated as:

𝑟𝑖 = 1 +
∑
𝑗

I𝑠 𝑗>𝑠𝑖 ,

𝑐𝑙𝑖 =
∑
𝑗

𝑦 𝑗𝑙 I𝑠 𝑗>𝑠𝑖 ,
(6)

where I is the indicator function. The indicator function is not
differentiable, but can be approximated by the sigmoid function

sigmoid(𝑥) = 1
1 + exp(−𝑥/𝑇 )

where 𝑇 is a positive smoothness parameter. Applying this approx-
imation, to the explicit formulations of rank and subtopic coverage
in Eq.(6), we get the differentiable smooth approximations to rank
𝑟𝑖 and subtopic coverage 𝑐𝑙𝑖 with a single parameter 𝑇 .

𝑅𝑖 = 1 +
∑
𝑗≠𝑖

sigmoid
( 𝑠 𝑗 − 𝑠𝑖

𝑇

)
=

1
2
+

∑
𝑗

1

1 + exp
(
𝑠𝑖−𝑠 𝑗
𝑇

) ,
𝐶𝑙𝑖 =

∑
𝑗≠𝑖

𝑦 𝑗𝑙 · sigmoid
( 𝑠 𝑗 − 𝑠𝑖

𝑇

)
=

∑
𝑗

𝑦 𝑗𝑙

1 + exp
(
𝑠𝑖−𝑠 𝑗
𝑇

) − 𝑦𝑖𝑙

2

(7)

The approximations are strictly equal but not differentiable as𝑇 →
0, and the larger is the parameter 𝑇 , the more smooth are the
differentiable approximations. These soft versions of ranks and
subtopic coverage become the estimates to capture the soft version
of next document.

By inserting these approximations to the 𝛼-DCG metric defini-
tion in Eq.(1), we then obtain a directly differentiable diversification-
aware 𝛼-DCG loss,

L𝛼-DCG ({𝑠
𝑞

𝑖
}) = − 1

|Q|
∑
𝑞∈Q

𝑛∑
𝑖=1

𝑚∑
𝑙=1

𝑦
𝑞

𝑖𝑙
(1 − 𝛼)𝐶

𝑞

𝑙𝑖

log2 (1 + 𝑅
𝑞

𝑖
)
, (8)

where we add back superscript 𝑞 to define the loss over a set of
queries Q. L𝛼-NDCG can be similarly derived with a constant nor-
malization weight for each query.

Finally, another useful variation to this diversity ranking loss is
to add a stochastic treatment [7].

LGumbel-𝛼-DCG ({𝑠
𝑞

𝑖
}) = Eg [L𝛼-DCG ({𝛽 (𝑠

𝑞

𝑖
+ g𝑖 )})], (9)

where parameter 𝛽 is a noise-level parameter and Gumbel noise g𝑖
is sampled from Gumbel distribution g𝑖 = − log(− log(𝑈𝑖 )) with𝑈𝑖
uniformly distributed in [0, 1].

4 NEURAL LEARNING
Now that we formulated the diversification-aware loss, we next
describe how to leverage the neural networks to optimize this loss
in the learning-to-rank setting.

4.1 Distributed Representation
Instead of the heuristic aggregated ranking features, our approach
relies on distributed representations of the text-based query 𝑞 and
candidate document list {𝑑𝑖 }, which can be generated by a trainable
neural encoder. Popular choices are BERT [15] or doc2vec [25].
Essentially, they encode the text-based queries and documents with
various lengths into dense normalized vectors e𝑞 ∈ R𝐸 and e𝑖 ∈ R𝐸

of a fixed embedding dimension 𝐸, so that one can determine the
similarity of different documents (and queries) in this latent space.

The latent space allows us to apply recent neural interaction
methods to better capture the relationship between query-document
pairs. In this work, we use a simple algorithm, latent cross [5],
which can effectively generate high-order interaction features: for
each pair of query and document representations e𝑞 and e𝑖 , we
define a query-document cross feature c𝑖 ∈ R𝐸 by an element-wise
multiplication,

c𝑖 = e𝑖 ◦ e𝑞 . (10)
The representation of each query can be thought as a mix of the
subtopics and the element-wise product between a query and a
document can then be easily de-mixed to compute the matching
between subtopics and the document.

Note that the latent representations for query and document can
be extracted from pre-trained models, or jointly tuned with the
ranker end-to-end in our neural framework.

4.2 Listwise Context Embedding
Intuitively, information from the entire document list is helpful for
the diversification task. Thus, we enrich the distributed representa-
tion of a document by considering representations of the entire list
based on pairwise document similarity. Specifically, we incorpo-
rate into our framework the Document Interaction Network (DIN)
proposed in [30], a similar idea also implemented in [32]. Note that
while we use this to enhance our scoring function, the objective
of this work is to improve diversification of ranking, whereas [30]
focuses on improving ranking measures.

DIN generates an embedding of the candidate list, a𝑖 , for each
document 𝑖 , using the multi-head self-attention (MHSA) mech-
anism, introduced in Transformers [37]. DIN uses pairwise dot-
product attention to capture document similarity between doc-
ument 𝑖 and every document in the list. For the multi-head self-
attentionmechanism, we concatenate the features for all documents
in the list to input 𝐷 ∈ R𝑛×𝑘 , where 𝑘 is the feature dimension
corresponding to one document. We project 𝐷 into a query1 matrix
𝑄 = 𝐷𝑊𝑄 , a key matrix 𝐾 = 𝐷𝑊𝐾 , and a value matrix 𝑉 = 𝐷𝑊𝑉

with trainable projection matrices 𝑊𝑄 , 𝑊𝐾 , and 𝑊𝑉 ∈ R𝑘×𝑧 ,
where 𝑧 is the attention head size. Then a self-attention (SA) head
computes the weighted sum of the transformed values 𝑉 as,

SA(𝐷) = Softmax(𝑆 (𝐷))𝑉 , (11)

where similarity matrix between𝑄 and𝐾 is defined as 𝑆 (𝐷) = 𝑄𝐾𝑇

√
𝑧
.

For each layer, the results from the 𝐻 heads are concatenated to
form the output of multi-head self-attention by

MHSA(𝐷) = concatℎ∈[𝐻 ] [SAℎ (𝐷)]𝑊out + 𝑏out, (12)

where𝑊out ∈ R𝐻𝑧×𝑧 and 𝑏out ∈ R𝑛×𝑧 are trainable parameters. To
compute the listwise context embedding, we apply 𝐿 ≥ 1 layers
of multi-head self-attention over the input documents 𝐷 . Similar
to Transformer [37], we also apply residual connections [21] and
layer normalization [4] to each layer. We augment the features of
the query-document scoring function with the listwise context em-
bedding from the final output of the 𝐿-th self-attention layer. Since
this embedding contains information from the whole candidate
1Please note that this query is different from the search query.
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Figure 1: An illustration of the diversification-aware learning to rank (DALETOR) architecture. The inputs {e𝑞, e𝑖 , c𝑖 , a𝑖 } on the
right are corresponding outputs from the left. FC stands for fully-connected layer, BN stands for batch normalization and
ReLU stands for the nonlinear activation.

list, it serves as complementary features to distinguish documents
covering the same subtopics.

4.3 Architecture
Figure 1 summarizes our end-to-end framework of Diversification-
Aware LEarning TO Rank (DALETOR). From a text-based query
and candidate document list, we first obtain their distributed rep-
resentations, e𝑖 , with a trainable document encoder. In the case
when the latent cross (in the blue box) is applied, we generate the
query-document cross representations c𝑖 by an element-wise mul-
tiplication of query and document representations. If DIN (in the
purple box) is incorporated, we pass all representations from query
e𝑞 , documents e𝑖 , and query-document cross c𝑖 (when applicable)
to a self-attention layer to get the listwise context representation
a𝑖 for each document. Finally, all generated representations, query
e𝑞 , document e𝑖 , latent cross c𝑖 , and listwise context embedding a𝑖 ,
are concatenated and passed through several full connected layers
to compute the final ranking score for each document associated
with the query. The output scores are then fed into a diversification-
aware loss during training and used for sorting during inference.
For a univariate neural scorer 𝑠 (.), the scoring function for the full
DALETOR architecture is as follows:

a𝑖 = DIN𝑖 ({concat(e𝑞, e𝑗 , c𝑗 )})
𝑠DALETOR (𝑞, {𝑑𝑖 }) = {𝑠 (concat(e𝑞, e𝑖 , c𝑖 , a𝑖 ))}.

(13)

5 A THEORETICAL ANALYSIS
In this section, we elaborate in-depth how diversification loss and
distributed representation work to output a diversified ranking list.

5.1 Relevance and Diversity in the Differential
𝛼-DCG Loss

As the 𝛼-DCG loss captures both the relevance through rank dis-
count 1/log2 (1 + 𝑅) and the diversity through coverage discount

(1 − 𝛼)𝐶 , optimizing 𝛼-DCG loss trains the model to capture both
sides of diversified ranking.

To show that, consider two documents 0 and 1 with close but
different initial scores 𝑠0 ≈ 𝑠1, while scores of all other documents
are fairly far from these two. We want to ask how this difference
𝛿𝑠 ≡ 𝑠0 − 𝑠1 changes over the training course, especially, the sign of
𝑑𝛿𝑠 (𝑡 )
𝑑𝑡

and the sign of the coefficient if 𝑑𝛿𝑠 (𝑡 )
𝑑𝑡

is proportional to 𝛿𝑠 .
Scores tend to go downward along the gradient,

𝑠𝑖 (𝑡 + 1) − 𝑠𝑖 (𝑡) ∝ − 𝜕L
𝜕𝑠𝑖

.

As a result, the relative score changes as

𝑑𝛿𝑠 (𝑡)
𝑑𝑡

∝ 𝛿𝑠 (𝑡 + 1) − 𝛿𝑠 (𝑡) ∝ 𝜕L
𝜕𝑠1

− 𝜕L
𝜕𝑠0

.

For small score difference |𝛿𝑠 | ≪ 𝑇 , rewriting 𝑠0 and 𝑠1 in 𝛿𝑠 and
𝑠 ≡ 𝑠0+𝑠1

2 as 𝑠0 = 𝑠 + 𝛿𝑠
2 and 𝑠1 = 𝑠 − 𝛿𝑠

2 , we can expand around 𝑠 ,

𝑑𝛿𝑠 (𝑡)
𝑑𝑡

∝
(
𝜕L
𝜕𝑠1

− 𝜕L
𝜕𝑠0

)����
𝑠0,𝑠1=𝑠

− 𝛿𝑠

2

(
𝜕2L
𝜕𝑠2

0
+ 𝜕2L
𝜕𝑠2

1
− 2

𝜕2L
𝜕𝑠0𝜕𝑠1

)�����
𝑠0,𝑠1=𝑠

+ 𝑜 (𝛿𝑠2). (14)

So the gradients 𝜕L/𝜕𝑠 and the hessians 𝜕2L/𝜕𝑠2 are important for
this analysis. We compute the explicit expressions of gradients and
hessians for 𝛼-DCG loss and softmax loss (not shown in the main
text) and keep the dominant order in analysis below.

To show the 𝛼-DCG loss promotes the relevant documents, we
consider two documents: document 0 is not relevant to any of the
subtopics 𝑦0𝑙 = 0, while document 1 covers some subtopic, ∃𝑙 s.t.
𝑦1𝑙 = 1. Without loss of generality, assume document 1 covers
subtopic 𝑙 = 1. As scores of document 0 and 1 are close to each
other but far from the others |𝑠0 − 𝑠1 | ≪ 𝑇 and |𝑠0,1 − 𝑠 𝑗 | ≫ 𝑇

for ∀𝑗 ≠ 0, 1, we have 𝑅0 ≈ 𝑅1, 𝐶𝑙0 ≈ 𝐶𝑙1, and the derivative of
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the sigmoid function sigmoid′
(
𝑠 𝑗−𝑠0,1
𝑇

)
≈ 0 for ∀𝑗 ≠ 0, 1. So the

relative score change between 0 and 1 will be dominated by the
gradient 𝜕L𝜕𝑠1

term in Eq.(14) as

𝑑𝛿𝑠

𝑑𝑡
∝ − 1

𝑇

𝑦11
1 + 𝑅

(1 − 𝛼)𝐶 ln 2
(ln(1 + 𝑅))2 < 0.

The ranker learns to rank the relevant document 1 higher relative
to document 0.

To demonstrate the loss promotes the diversity through learning
features differentiating documents with the same labels, we now
suppose the two documents cover the same subtopic of the query,
say topic 1, 𝑦01 = 𝑦11 = 1 and 0 for 𝑙 ≠ 1. Then it is easy to show
the gradient terms in Eq.(14) vanish and the rate of relative score
becomes dominated by the hessian terms. Ignoring the higher order
contributions of 1/𝑅 from the derivatives of rank, we have

𝑑𝛿𝑠 (𝑡)
𝑑𝑡

∝


(
ln 1

1−𝛼

)
𝑇 2

(1 − 𝛼)𝐶𝑡

log2 (1 + 𝑅)
+ 𝑜

(
1

1 + 𝑅

) 𝛿𝑠,
where the coefficient of the 𝛿𝑠 term on the right hand side is positive.
So indicated by the 𝛼-DCG loss, the score difference of the two
documents with the same label tends to diverge over the training.
In contrast, in other typical relevance ranking losses, softmax loss
for example, one can show that the same coefficient in front of 𝛿𝑠
is negative so that the scorer trained with the softmax loss always
tends to score the documents with the same label similarly.

5.2 Distributed Representation Facilitates
Diversity

Distributed representation boosts diversity learning through the
following three aspects: (i) Neural networks can learn the represen-
tations of subtopics in the latent space; (ii) The alignment between
a subtopic and a candidate document can be learned from a trans-
formation of the latent cross between the corresponding query and
document; (iii) A score function that discriminates the documents
aligning with the same subtopics can be learned from the query
and subtopic independent dimensions with nontrivial distributions
of candidate documents.

Consider distributed representations in a latent space, the num-
ber of dimensions 𝐸 is much greater than the number of subtopics
𝑚. All subtopics and query can be represented as vectors in the
space: say e𝑞

𝑙
as the vector representation of subtopic 𝑙 of query 𝑞.

It can be decomposed into a component aligning with the query
and a part that is perpendicular, e𝑞

𝑙
= _𝑙e𝑞 + e𝑙 , with the latter

as the additional information in subtopics that clarifies different
modalities of the query. Proposition (i) becomes to show whether
a neural network is able to infer this subtopic component e𝑙 from
the training data query e𝑞 and document representations {e𝑖 }.

In general, the subtopic vector can be further decomposed into
a query-specific component and a general component,

e𝑙 = f𝑙 (e𝑞) + e0
𝑙
. (15)

Apparently, the general modality e0
𝑙
can be learned from the training

documents and encoded as constant biases in the neural network.
While how to encode the query dependent part is less obvious:
linear transform functions will fail to generate features that are

perpendicular to their variable. Fortunately, the neural networks
are nonlinear in nature and are thus capable to learn nonlinear
functions f𝑙 for subtopic representations. A simple example of such
nonlinear functions is the projection operation used in Table 1:
f𝑙 (e𝑞) = P𝑙 · e𝑞 . In the coordinate system with axes aligned with
subtopic vectors as in the example in Table 1, the projection matrix
P𝑙 equals to 1 at diagonal indices 𝑙 and 0 otherwise, and is linearly
transformed from such a diagonal matrix in general.

In addition, such projection operations also allow the neural net-
works to demonstrate (ii): learn to retrieve the alignment between
a document and a subtopic e𝑙 · e𝑖 from the query document latent
cross c𝑖 :

e𝑙 · e𝑖 = (f𝑙 (e𝑞) + e0) · e𝑖 = e𝑞 · P𝑙 · e𝑖 + e0 · e𝑖 =
∑
𝑗

𝑓𝑙, 𝑗 (c𝑖 ) + e0 · e𝑖 ,

which can be used as a feature in determining the relevance be-
tween the document and subtopic. In general, there exist nonlinear
transformations in the representation space for neural networks
to learn to encode implicitly subtopics and alignments between
subtopic and documents – useful features in the diversification task.

Finally, to Proposition (iii), in the latent space, as 𝐸 ≫𝑚, there
aremany query and subtopic independent, in otherwords, relevance-
neutral directions where the candidate documents are spreading
over. The nontrivial distributions of the document lists in these
dimensions are useless for relevance ranking but can be utilized to
diversify the output list. For example, giving higher scores to docu-
ments with less neighbors along these dimensions will end up with
a more diverse subtopic-coverage in top ranks. See the example
in Table 1. Our 𝛼-DCG loss naturally leads the neural network to
learn such a scoring rule by exploiting the nontrivial distributions
in the query-independent dimensions.

Suppose 𝑛𝑙 documents equally relevant to subtopic 𝑙 are dis-
tributed over a subtopic independent dimension ediv as 𝜌𝑙 (𝑥) with
𝑥𝑖 ≡ ediv · e𝑖 a measure on how a document 𝑖 aligns with this
dimension. Then the score function training dynamics of a docu-
ment of alignment 𝑥 can be obtained by integrating Eq. 14 over the
distribution 𝜌𝑙 (𝑥),

𝑑𝑠 (𝑥)
𝑑𝑡

− 𝑑𝑠

𝑑𝑡
∝ 1
𝑛𝑙

∫
𝑑b𝜌𝑙 (b)𝑎[𝑠 (𝑥) − 𝑠 (b)],

where 𝑠 = 1
𝑛𝑙

∫
𝑑b𝜌𝑙 (b)𝑠 (b) is the average score of these 𝑛𝑙 docu-

ments, 𝑎 is the positive coefficient computed form the hessian terms
of 𝛼-DCG loss. Knowing that 𝑎 is finite for |𝑠 (b) − 𝑠 (𝑥) | ≪ 𝑇 and
decays rapidly to zero when |𝑠 (𝑧) − 𝑠 (𝑥) | ≳ 𝑇 due to the derivative
of the sigmoid funtion, we can expand functions of b around 𝑥 and
get approximately,

𝑑𝑠 (𝑥)
𝑑𝑡

− 𝑑𝑠

𝑑𝑡
∝ −𝑎𝑇

2

𝑛𝑙

𝜌 ′
𝑙
(𝑥)

𝑠 ′(𝑥) , (16)

where 𝜌 ′
𝑙
(𝑥) and 𝑠 ′(𝑥) are the gradients of distribution and score

function on alignment 𝑥 . At the high score end 𝑠 (𝑥) > 𝑠 , when
distribution decays with 𝑥 , 𝜌 ′

𝑙
(𝑥) < 0, score converges to increase

with 𝑥 , 𝑠 ′(𝑥) > 0, and vice versa when 𝜌 ′
𝑙
(𝑥) > 0. As a result, scorer

learns to give high scores to documents at low document density
𝜌𝑙 along the subtopic independent dimensions.
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6 EXPERIMENTS
To verify the effectiveness of DALETOR, we experiment on the di-
versity task benchmarks of TREC 2009 – 2012 Web Track datasets2,
which are derived from ClueWeb09 and commonly tested by exist-
ing diversification models. The combined dataset of the four TREC
datasets includes 198 queries in total (out of 200, 2 queries with no
subtopic judgment are dropped). Each query covers 3 to 8 subtopics
and the corresponding candidate documents are labeled in binary
at the subtopic level, identified by the TREC assessors. We focus on
the TREC official diversity evaluation metrics of 𝛼-NDCG@𝑘 [13]
and ERR-IA [11]@𝑘 with 𝑘 = 5 and 10, where the parameter 𝛼 is set
to 0.5 as the default settings in official TREC evaluation program.

6.1 Settings
For a fair comparison with recent methods, we specifically work on
a public, pre-processed version of the dataset3 by Feng et al. [18],
which is based on the official TREC judgements on the ClueWeb09
Category B data collection. There are 42,245 (40,537 unique) labeled
candidate documents associated with the 198 queries. Among them,
about one third (13,279) documents contain at least one subtopic.
The query and document representation vectors were generated by
doc2vec and the dimension of vector representations 𝐸 was set to
100. Please refer to [18] for more details of the dataset.

We conduct 5-fold cross-validation experiments on the combined
dataset with the same subset split as in [18]. At each fold, three
subsets were used for training, one was used for hyper-parameter
tuning, and one was used for testing. The results reported are the
average over the five trials on the testing set in each fold.

Through cross-validation, we choose the following optimizer
and model configurations: the optimizer is “Adagrad” [17] with
learning rate [ = 0.01. The univariate neural scorer contains three
hidden layers with dimensions equal to 256, 128, and 64, followed
by a one-dimension dense output layer to compute scores. When
applicable, the listwise context embedding is composed of 𝐿 = 2
self-attention layers with 𝐻 = 2 attention heads in each layer with
head size 𝑧 = 256. Finally, the smoothness parameter of the 𝛼-DCG
loss and its variants is set to 𝑇 = 0.1.

We compare with the following baseline methods, including sev-
eral recent state-of-the-art ones:MMR [10]: a heuristic approach
with the documents selected sequentially according to maximal
marginal relevance; xQuAD [34]: a representative method which
models subtopics of the original query with sub-queries; PM-2 [14]:
a heuristic method of optimizing proportionality for search result
diversification; SVM-DIV [44]: a learning approach which utilizes
structural SVMs to optimize subtopic coverage;R-LTR [46]: a learn-
ing approach developed in the relational learning to rank frame-
work; PAMM [40]: a learning approach that optimizes 𝛼-NDCG
using structured Perceptron;

All methods above are taking classical aggregated features as in-
put, while methods below are taking the distributed representations
as input. NTN-DIV [41]: a learning approach which learns novelty
features based on neural tensor networks, PAMM-NTN in specific
to directly optimize 𝛼-NDCG@10;MDP-DIV [42]: a state-of-the-
art reinforcement learning approach which uses a Markov Decision

2https://plg.uwaterloo.ca/ trecweb/
3https://github.com/sweetalyssum/M2DIV/

Table 2: Performance comparison with baselines. ‘∗’ indi-
cates statistically significant improvement over M2DIV. The
best results are bolded.

Method 𝛼-NDCG@5 𝛼-NDCG@10 ERR-IA@5 ERR-IA@10

MMR 0.2753 0.2979 0.2005 0.2309
xQuAD 0.3165 0.3941 0.2314 0.2890
PM-2 0.3047 0.3730 0.2298 0.2814

SVM-DIV 0.3030 0.3699 0.2268 0.2726
R-LTR 0.3498 0.4132 0.2521 0.3011
PAMM 0.3712 0.4327 0.2619 0.3029

NTN-DIV 0.3962 0.4577 0.2773 0.3285
MDP-DIV 0.4189 0.4762 0.2988 0.3494
M2DIV 0.4429 0.4839 0.3445 0.3658

DNN(softmax) 0.4280 0.4676 0.3293 0.3496
DNN(R-LTR) 0.4149 0.4517 0.3265 0.3454

DNN-LC(𝛼-DCG) 0.4968∗ 0.5322∗ 0.3868∗ 0.4068∗
DIN-LC(𝛼-DCG) 0.5009∗ 0.5294∗ 0.3942∗ 0.4119∗

Table 3: Benefits of the 𝛼-DCG loss, by comparing with R-
LTR loss. ‘∗’ indicates statistically significant improvement
over DNN(R-LTR). ‘†’ indicates statistically significant im-
provement over DNN-LC(R-LTR).

Method 𝛼-NDCG@5 𝛼-NDCG@10 ERR-IA@5 ERR-IA@10

DNN(R-LTR) 0.4149 0.4517 0.3265 0.3454
DNN(𝛼-DCG) 0.4614∗ 0.5005∗ 0.3633 0.3838∗

DNN-LC(R-LTR) 0.4451 0.4842 0.3483 0.3690
DNN-LC(𝛼-DCG) 0.4968† 0.5322† 0.3868† 0.4068†

Process (MDP) to model the diverse ranking process; M2DIV [18]:
a state-of-the-art reinforcement learning approach which incor-
porates Monte Carlo Tree Search (MCTS) to enhance the MDP.
M2DIV-LC: The variant of M2DIV, with latent cross features fed
in as an input to the LSTM model4.

We investigate the following models in our DALETOR frame-
work: DNN (softmax): a deep univariate scoring model with no
latent cross or listwise context embedding, trained with the listwise
softmax loss using number of covered subtopics as labels, which
serves as a baseline that is not diversification-aware.DNN (R-LTR):
a deep univariate scoring model with no latent cross or listwise
context embedding, trained with the ListMLE loss using scores
from a greedy solution optimizing 𝛼-NDCG as labels, which serves
as a diversification-aware baseline. DNN (𝛼-DCG) and DNN-LC
(𝛼-DCG): a deep univariate scoring model without listwise context
embedding trained with the 𝛼-DCG loss, without and with latent
cross. DIN (𝛼-DCG) and DIN-LC (𝛼-DCG): a document interac-
tion network model with listwise context trained with the 𝛼-DCG
loss, without and with latent cross. We also test the other option to
incorporate the listwise context with groupwise scoring functions
(GSF) [3] and report the best among group sizes tuned over 4, 16,
and 64. The results of GSF (𝛼-DCG) and GSF-LC (𝛼-DCG) are
without and with latent cross respectively.

4We reproduced M2DIV and M2DIV-LC of the MCTS methods, but recalled their public
results on other baselines in [18].
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Table 4: Performance of the latent cross features and the
groupwise scoring functions. ‘∗’ indicates statistically signif-
icant improvement over DNN(𝛼-DCG). ‘†’ indicates statisti-
cally significant improvement over DIN(𝛼-DCG).

Method 𝛼-NDCG@5 𝛼-NDCG@10 ERR-IA@5 ERR-IA@10

M2DIV 0.4429 0.4839 0.3445 0.3658
M2DIV-LC 0.4551 0.4971 0.3509 0.3735

DNN(𝛼-DCG) 0.4614 0.5005 0.3633 0.3838
DNN-LC(𝛼-DCG) 0.4968∗ 0.5322∗ 0.3868 0.4068
DIN(𝛼-DCG) 0.4615 0.5041 0.3582 0.3808

DIN-LC(𝛼-DCG) 0.5009† 0.5294 0.3942† 0.4119
GSF(𝛼-DCG) 0.4568 0.5023 0.3569 0.3802

GSF-LC(𝛼-DCG) 0.4865 0.5219 0.3786 0.4003

6.2 Experimental results
The performance of different methods is reported in Tables 2, 3,
and 4, where boldface indicates the highest scores among all meth-
ods in each metric. All statistical significance tests are under the
double tailed t-test with p-value< 0.01 indicated by superscripts ‘∗’
and ‘†’. We can make several main observations from the results in
these tables:

• Our complete model, DIN-LC(𝛼-DCG), outperforms all the
baseline models by a large margin, as shown in Table 2. The
improvements are statistically significant in terms of both
𝛼-NDCG and ERR-IA metrics when compared with the state-
of-the-art implicit method M2DIV.

• The benefits of our diversification-aware losses are shown
in Table 3. We compare our 𝛼-DCG loss and the R-LTR loss
under both DNN and DNN-LC in this table. We can see that
DNN(𝛼-DCG) improves upon the baseline DNN(R-LTR) by
more than 10%, so as DNN-LC(𝛼-DCG) against the baseline
DNN-LC(R-LTR).

• Our methods can effectively leverage the distributed repre-
sentation. On one hand, using distributed representations
of query and documents as input features directly improves
the results by comparing DNN(R-LTR) and R-LTR, seen in
Table 2. On the other hand, incorporating the latent cross
features based on the distributed representation adds up an-
other 8% increase in terms of 𝛼-NDCG and ERR-IA metrics
consistently over DNN and DIN as in Table 4.

• Worth noting in Table 4, though the latent cross features
also slightly help M2DIV, they appear to bring much larger
gain within our DALETOR framework.

• While slightly better, DIN-LC(𝛼-DCG) does not show statisti-
cal significance when compared with DNN-LC(𝛼-DCG). On
the TREC dataset, the distributions of the candidate lists are
consistent over the training and testing sets, so DNN itself is
sufficient to encode information needed for the diversifica-
tion task. In Sec. 6.2.3 we will show that the context-aware
DIN models are more robust to the training-testing skew
with perturbed testing sets.

6.2.1 Variants of 𝛼-DCG loss. We investigate different variants of
𝛼-DCG loss to show its extendability and robustness in terms of
hyper-parameters. All experiments in this section are built on the
DNN-LC base. We report 𝛼-DCG loss with different smoothness

Table 5: Performance comparison of variants of 𝛼-DCG loss

Method 𝛼-NDCG@5 𝛼-NDCG@10 ERR-IA@5 ERR-IA@10

𝛼-DCG (T=0.1) 0.4968 0.5322 0.3868 0.4068
𝛼-DCG (T=1.0) 0.4811 0.5184 0.3703 0.3912
𝛼-DCG (T=0.01) 0.4715 0.4978 0.3633 0.3799
Gumbel-𝛼-DCG 0.4970 0.5339 0.3855 0.4066

parameters 𝑇 and Gumbel 𝛼-DCG loss (𝛽 = 10) defined in Eq.(9).
The results are summarized in Table 5.

From variants of approximation smoothness 𝑇 , we find that the
performance is robust in general and still outperforms existing
methods. However, there exists an optimal smoothness with 𝑇
around 0.1. Either too smooth 𝑇 = 1.0 or too sharp 𝑇 = 0.01 of the
approximation makes the learning less efficient. This is intuitive
since very sharp approximation of the metric (i.e., 𝑇 → 0) makes
the gradient of the loss almost zero everywhere so that the learning
becomes impossible. On the other end, very smooth approximation
(i.e. 𝑇 → ∞) makes the loss deviate too far from the metric.

We also find some marginal but statistically insignificant im-
provement with stochastic treatment of the 𝛼-DCG loss. It shows
our framework is easily extendable, and such modifications might
be more significant in other datasets.

Table 6: Performance comparison of variants of self atten-
tion layers

(𝐿, 𝐻 , 𝑧) 𝛼-NDCG@5 𝛼-NDCG@10 ERR-IA@5 ERR-IA@10

(1, 1, 256) 0.4724 0.5182 0.3679 0.3915
(1, 2, 256) 0.4761 0.5139 0.3706 0.3908
(1, 3, 256) 0.4893 0.5224 0.3801 0.3993
(1, 4, 256) 0.4895 0.5252 0.3810 0.4010
(2, 1, 256) 0.4918 0.5299 0.3842 0.4052
(2, 2, 256) 0.5009 0.5294 0.3942 0.4119
(2, 3, 256) 0.4902 0.5224 0.3800 0.3991
(2, 4, 256) 0.5066 0.5344 0.3950 0.4122
(2, 2, 128) 0.4931 0.5295 0.3842 0.4048
(2, 2, 64) 0.4908 0.5245 0.3796 0.3993
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Figure 2: Model performance on perturbed dataset. Left:
𝛼-NDCG@10 metric. Right: Percentage change in 𝛼-
NDCG@10 metric.
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6.2.2 Variants of self-attention layers. We study the variants of
listwise context embedding by tuning the self-attention layer hy-
perparameters in terms of number of attention layers 𝐿, number of
attention heads in each layer 𝐻 , and the size of each attention head
𝑧. In Table 6, we have performances of DIN models with number of
layers 𝐿 = 1, 2 and number of heads 𝐻 = 1, 2, 3, 4 given head size
𝑧 = 256 and DIN models with head size 𝑧 = 64, 128, and 256 given
𝐿 = 𝐻 = 2.

In Table 6, we find that the performance of DIN model with 𝐿 = 2
is consistently better than the DIN model with 𝐿 = 1. However,
when the model gets larger with 𝐿 > 2, it becomes more difficult to
train self-attention layers with the relatively small TREC dataset.
The effect of the number of heads is less obvious. The performance
tends to increase with the number of heads, but is not very consis-
tent. The trend is more consistent with increasing head size: DIN
models with larger head size perform better. But this increase be-
comes marginal when the head size is comparable to the embedding
dimension of the representations.

6.2.3 Effects of listwise context. As we have seen in Table 2, when
comparing DIN-LC with DNN-LC, we do not have statistically sig-
nificant difference in performance by incorporating the listwise
context embedding on the TREC dataset. The GSF results reported
in Table 4 also show similar observations, despite some minor de-
ficiency of GSF in utilizing the latent cross features. This result is
likely due to the fact that DNN is already sufficient to capture the
training distribution, which is consistent with the testing distribu-
tion, for the diversification task. However, if there is a noticeable
difference between training and testing sets, DIN may better model
the distribution change captured by the listwise context. In this
section, we explore the robustness of the listwise context embed-
ding by artificially introducing duplication into the testing set. Note
that the goal of this section is to rigorously show the robustness of
DIN. In practice, it is likely that the training and testing distribu-
tions are similar. Also, document near-deduplication techniques are
recommended when there is a concern of duplicated documents.

We randomly duplicate fraction 𝑝 of positive candidate docu-
ments by 𝑛 times with 𝑛 uniformly distributed in [0, 20]. We then
apply the trained models on these perturbed testing sets.

As shown in Fig. 2, increasing the probability of duplication 𝑝 ,
the testing set deviates from the original distribution of the training
set and both DNN and DIN model performances reduce. But the
reduction of DIN performance is clearly slower than the DNN
model. In terms of percentage change in 𝛼-NDCG@10, DNN model
performance is reduced by 4.7% and DIN model is reduced by 3.0%
when about 20% of the positive documents are duplicated.

7 DISCUSSION
Here we discuss the differences between the traditional “next-
document” diversification methods and the proposed “score-and-
sort” setting with a “soft” version of “next document” to give an
intuition on how it is able to promotes diversification. The key differ-
ence is that in the “score-and-sort” setting, the scores are predicted
simultaneously rather than sequentially as in the “next-document”
setting. We try to answer the following two successive questions:
how can a scorer properly score the documents without knowing
the context? And even if the scorer knows the scoring context, how

Table 7: Candidate documents with the same subtopic label
of Query 78.

Subtopic label Score(softmax) Score(𝛼-DCG)
𝑑1 [0 0 0 0 0 1 0 0] 0.905 21.418
𝑑2 [0 0 0 0 0 1 0 0] 0.906 14.785
𝑑3 [0 0 0 0 0 1 0 0] 0.902 14.292

can it differentiate documents with the same relevance to certain
subtopics?

To the first question, the naive solution is to take the context
information as part of input to the scorer, which is what we did by
incorporating listwise context using DIN. But we found in Table 2,
the performance of DIN models is not significantly better than
that of simple univariate models. This indicates that our models
were able to learn subtopic distributions over the documents and
reasonably diversify the results based on the listise diversification-
aware losses.

The second question is special to the “score-and-sort” setting: in
the “next-document” setting, we can output a diversified ranking
as long as the relevance to each subtopics are inferred, but in the
“score-and-sort” setting, we have to consult to features that are
“perpendicular” to the relevance measure encoded in the distributed
representations as shown in the Section 5. The intuition we got
from the relevance-neutral features is that as long as we can score
the documents with the same subtopic relevance differently, we
will be able to rank the top ones in a diverse way. This is exactly
we found from the scorers trained with diversification-aware loss:
Table 7 shows several candidate document examples that have the
same subtopic label and they are scored by a scorer trained with
softmax loss – Score(softmax) and a scorer trained with 𝛼-DCG loss
– Score(𝛼-DCG).When themodel is trainedwith softmax loss, which
is not diversification-aware, it tends to score documents with the
same label similarly. However, when the model is trained with the
diversification-aware 𝛼-DCG loss, it can capture their differences in
the latent space and score one document much higher than others
to improve diversification.

Another advantage of the "score-and-sort" framework is it al-
lows 𝑂 (𝑛) inference complexity, which can be done in parallel and
significantly reduces serving latency in real-world applications.

8 CONCLUSION
In this work, we introduced a new perspective for learning-based
search result diversification. To enable the diversification-aware
learning, we introduced a differentiable loss from a close approxi-
mation of a commonly used diversity metric, 𝛼-DCG in particular.
With this differentiable loss, we could then train a neural network
end-to-end from distributed representations of queries and doc-
uments. We further leveraged the latent cross of the distributed
representations and the listwise context, resulting in a deep ranker
that performs significantly better than state-of-the-art methods on
the TREC dataset in terms of various diversity evaluation metrics.
We further elaborated that how our model learns subtopics implic-
itly from distributed representations, how the approximate 𝛼-DCG
loss promotes diversity by learning the distribution of the candidate
list from subtopic-independent features.
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