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Retrieval Enhancements for Task-Based Web Search
Contributions
User-oriented

System-oriented
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Retrieval Enhancements for Task-Based Web Search
Contributions
User-oriented

System-oriented

Understanding and Supporting Writing Tasks
[Potthast, Hagen, Völske, Stein; ACL 2013]
[Potthast, Hagen, Völske, Stein; EuroHCIR 2013]
[Hagen, Potthast, Völske, Stein; CHIIR 2016]
[Vakkari, Völske, Hagen, Potthast, Stein; TPDL 2018]
[Vakkari, Völske, Potthast, Hagen, Stein; IP&M 2019]

Categorizing Question Queries
[Völske, Braslavski, Hagen, Lezina, Stein; CIKM 2015]

Axiomatic Result Reranking
[Hagen, Völske, Göring, Stein; CIKM 2016]

Result Presentation for Exploratory Search
[Gollub, Völske, Hagen, Stein; JCDL 2014]
[Völske, Gollub, Hagen, Stein; WOSP 2014]

Query-Task Mapping
[Völske, Fatehifar, Stein, Hagen; SIGIR 2019]

Automatic Summarization
[Völske, Potthast, Syed, Stein; NewSum 2017]
[Syed, Völske, Potthast, Lipka, Stein, Schütze; INLG 2018]
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Contribution 1:
Understanding and Supporting Writing Tasks



Understanding and Supporting Writing Tasks
Motivation

1. How do authors interact with search engines during complex writing tasks?

2. What are implications for search engine design?
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The Webis-TRC-12 Dataset

TREC Topics
(150)

ClueWeb09

Authors (12)

Search Engine

Interaction Log

Editor

Revision Log
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Writing and Search Behavior
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1. Gather Material
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“Boil-down”
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Two working phases: 
1. Gather Material
2. Write text

“Boil-down”

Build-Up Strategy
1. Gather Source
2. Integrate
3. Repeat

“Build-up”
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Writing and Search Behavior
Authors are Quite Consistent!
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Adapting Search to the Author
Towards Predicting Search Result Usefulness

Objective: Search engine should adapt to the author’s strategy.

Can we predict which documents will be useful?

Can we predict authors’ degree of retrieval success?
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What Do I Mean By Retrieval Success
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Essay Writing Visualization
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Contribution 2:
Enhancing Result Rankings with Axioms



Enhancing Result Rankings with Axioms
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Enhancing Result Rankings with Axioms
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Enhancing Result Rankings with Axioms
Retrieval Models
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Strong retrieval models share similar heuristics
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Enhancing Result Rankings with Axioms
Retrieval Axioms

Purpose Axioms Source
Term frequency TFC1–TFC3 [Fang, Tao, Zhai; SIGIR’04]

TDC [Fang, Tao, Zhai; SIGIR’04]

Document length LNC1 + LNC2 [Fang, Tao, Zhai; SIGIR’04]

TF-LNC [Fang, Tao, Zhai; SIGIR’04]

QLNC [Cummins, O’Riordan; CIKM’12]

Lower bound LB1 + LB2 [Lv, Zhai; CIKM’11]

Query aspects REG [Zheng, Fang; ECIR’10]

DIV [Gollapurdi, Sharma; WWW’09]

Semantic similarity STMC1 + STMC2 [Fang, Zhai; SIGIR’06]

STMC3 [Fang, Zhai; SIGIR’06]

TSSC1 + TSSC2 [Fang, Zhai; SIGIR’06]

Term proximity PHC + CCC [Tao, Zhai; SIGIR’07]
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Retrieval Axioms

Purpose Axioms Source
Term frequency TFC1–TFC3 [Fang, Tao, Zhai; SIGIR’04]

TDC [Fang, Tao, Zhai; SIGIR’04]

Document length LNC1 + LNC2 [Fang, Tao, Zhai; SIGIR’04]

TF-LNC [Fang, Tao, Zhai; SIGIR’04]

QLNC [Cummins, O’Riordan; CIKM’12]
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Query aspects REG [Zheng, Fang; ECIR’10]

DIV [Gollapurdi, Sharma; WWW’09]

Semantic similarity STMC1 + STMC2 [Fang, Zhai; SIGIR’06]

STMC3 [Fang, Zhai; SIGIR’06]

TSSC1 + TSSC2 [Fang, Zhai; SIGIR’06]

Term proximity PHC + CCC [Tao, Zhai; SIGIR’07]

Only used in theoretical analysis of retrieval models so far.
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Axiomatic Result Re-ranking
Research Questions

TFC1

Can fixing axiom violations improve
individual rankings?

How to incorporate axioms directly
into the retrieval process?
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Axiomatic Result Re-ranking
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Axiomatic Result Re-ranking
Detail Step 2a
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Re-state existing axioms as binary predicates:

A(q, d1, d2) =

{
1 if d1 >A d2 given q

0 otherwise.

q query
d1, d2 documents
d1 >A d2 d1 should be ranked higher according to axiom A
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Axiomatic Result Re-ranking
Adapting Existing Axioms to Express Re-Ranking Preferences

Purpose Acronyms Adapted

Term frequency TFC1–TFC3 3
TDC 3

Document length LNC1 + LNC2 3
TF-LNC 3
QLNC 7

Lower bound LB1 + LB2 3
Query aspects REG 3

DIV 3
Semantic similarity STMC1 + STMC2 3

STMC3 7
TSSC1 + TSSC2 7

Term proximity PHC + CCC 7
QPHRA New
PROX1–5 New

Other ORIG New
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Axiomatic Result Re-ranking
Detail Step 2b
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42 Retrieval Enhancements for Task-Based Web Search © Völske 2019



Axiomatic Result Re-ranking
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Given a top-k ranking, each axiom produces a k-by-k preference matrix.

Goal: Aggregate the individual preference matrices for a set of axioms.

Hypothesis: Rankings from different retrieval models deviate from the axiomatic
constraints in different ways.

Approach: Learn a preference aggregation function specific to the retrieval
model.
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Axiomatic Result Re-ranking
Detail Step 3

(1) (2) (3)

Corpus

Query

+

Retrieval
model R

1

.

.

.

k

.

.

.

Axiom1 : TFC1 1
2
3
.
.
.
k

1
.

2
0
.

3
1
1
.

k
1
0
1
.
.
.
.

...

M1

Axiom20 : ORIG 1
2
3
.
.
.
k

1
.

2
1.

3
1
1
.

k
1
1
1
.
.
.
.

...

M20

 fR  ( M1, …, M20 )

Meta learning
of axiom impact

KwikSort
algorithm

1'

.

.

.

k'

Aggregated preference matrix may still contain contradictions.

Resolve via minimum feedback arc set approximation.
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Experimental Evaluation
Fixing axiom violations in individual rankings does help.

16 different retrieval models over ClueWeb09
120 training queries + 60 test queries
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Summary

Authors using a search engine. . .

q Tend follow one of two opposite strategies

q Can be supported by search engines that predict retrieval success

Search engine result rankings. . .

q Can be made to conform to theoretically sound retrieval axioms

q Especially if the basis retrieval model is weak
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