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The approach is depicted in Figure 1. On the right side of the

figure, we depict how the training loop of the monoBERT retrieval

model (denoted in red) affects the query-passage representations.

The left side depicts the supervision from a subtopic clustering

module (denoted in green). Our training benchmark provides for

every query a ground truth for passage ranking and a ground truth

for relevant subtopics.

Instead of directly obtaining the relevance scores from the BERT

encoder in the case of monoBERT, in our approach the embedding

parameters (referred to as \ from here on) are shared with both the

retrieval and clustering module. A subsequent MLP layer q obtains

the final relevance score from the embedding model.

Training and model. Our approach trains an embedding model

that receives supervision from a subtopic clustering module in

addition to a retrieval module by optimizing a joint objective LA2 .

LA2 = _ · LA + (1 − _) · L2

where the retrieval loss function LA and clustering loss L2 are

interpolated with scalar calibration parameter _ to adjust the im-

portance of one objective over the other.

For retrieval loss LA we use monoBERT’s loss function. This

allows us to study the benefit of our approach in comparison to

monoBERT as a baseline.

For the clustering loss L2 , we optimize the reconstruction of the

true adjacency matrix T of passages versus the predicted adjacency

matrix A, with

L2 =
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Entries of this matrix )8 9 are set to 1 if passages ?8 and ? 9 are

in the same subtopics, while set to 0 if in different subtopics. We

obtain a ground truth of the adjacency matrix T from our training

benchmark (detailed in the evaluation).

We use the embeddings to predict an adjacency matrix A of

passages. Where the prediction of�8 9 , i.e., whether passages ?8 and

? 9 are in the same subtopic, is based on the normalized similarities

between passage embeddings
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where sim is defined to be the similarity function between em-

bedding pairs; specifically, we use the Euclidean distance between

the vectors, as used in K-means. We use the logistic form to obtain

a matrix entries �8 9 ranging between 0 and 1, obtaining a smooth

and differentiable loss function.

Training benchmark. For training our approach needs to be given

a query @ along with a set of relevant passages %@ (e.g., retrieved

from a BM25 [15], or provided along with the benchmark).

For training, we additionally require information on:

• Relevance: A ground truth of which passages are relevant

for retrieval loss LA .

• Topic clustering: A ground truth adjacency matrix T indicat-

ingwhich passages are in the same subtopic for the clustering

loss L2 .

4 APPLICATION: OVERVIEW RETRIEVER

WITH CLUSTERING AUGMENTATION

We use our Topic-Mono-BERT model to develop a system for the

task of ranking passages based on their suitability of providing an

overview for the query.We refer to this system asORCA (Overview

Retriever with Clustering Augmentation).

In this task, overview passages are defined as relevant and we

also use them as one ground truth topic cluster. Additionally, the

non-overview passages are represented asmultiple additional subtopic

clusters (although these are all not relevant according to the rel-

evance ground truth for our task). This model would encourage

relevant passages to be closer to one another than non-relevant

passages, while maximizing the margin between relevant and non-

relevant passages. It would also encourage each subtopic to form

cohesive clusters.

We are arguing that it is critical to represent multiple subtopics

(even if these are not relevant) to influence the embedding space in

a beneficial way.

To make this point we are further exploring the following varia-

tion, we call binary clustering. Instead of having multiple subtopic

clusters, which all are negatives with respect to our retrieval task,

we only consider two clusters: One cluster of all relevant passages,

and one cluster of all negative passages. The difference is that all

negatives are encouraged to be close to one another.

In contrast, in our proposed multiple topics variation, only pas-

sages within each topic are encouraged to be in close proximity,

where passages from different clusters should be far apart.

Regarding RQ1, we will study whether incorporating subtopic

information will lead to an improvement over a pure ranking model

like monoBERT. ForRQ2we compare the multi-topic version to the

binary cluster version to demonstrate that incorporating multiple

topics is important.

5 EXPERIMENTAL RESULTS

We use our Topic-Mono-BERT model to develop the ORCA

system for the task of retrieving passages that constitute good

overviews for the given query. We will demonstrate that our model

leads to significant improvements over a pure state-of-the-art rank-

ing model (RQ1). We will also show that for obtaining best results,

it is important to include multiple subtopics (RQ2).

5.1 Benchmark for overview retrieval

To study the ideal system suitable for our task, we derive a

Wikipedia-based retrieval benchmark as depicted in Figure 3. We

follow the Wikimarks automatic benchmark creation approach [2],

which uses manually selectedWikipedia pages that represent useful

information needs.

For each Wikipedia article included in our benchmark, we take

the title as the query and construct a candidate set of passages from

the paragraphs appearing on the article. Such a candidate set could

also be retrieved by some high-quality passage retrieval system,

but using this approach allows to compare different re-ranking

systems.

On each Wikipedia article the set of overview passages are iden-

tified as the passages that appear before the first section (also called
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While we use monoBERT as an example of a strong neural ranker

in this work, additional topic objective can be directly incorporated

into any neural ranking system.
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