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- QPP — definition and motivation
- Existing evaluation in QPP

- Research questions

- Related work

- Limitations in current evaluation
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Query Performance Prediction

Estimating the effectiveness of a search performed in response to a query
without relevance information.

Pre-retrieval predictors:

Analyze the query and corpus statistics prior to retrieval.

Post-retrieval predictors:
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Analyze information induced from top retrieved documents.




Motivation — Potential Applications

- Feedback to the user
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Motivation — Potential Applications

Feedback to the user

’ what is the best evaluation framework for query performance prediction? X !,; Q.

¢ Q Al [*] Videos Q Maps ] Images =) News : More Settings Tools

About 3 results (0.52 seconds)

It looks like there aren't many great matches for your search

Tip Try using words that might appear on the page that you're looking for. For example, 'cake
recipes' instead of 'how to make a cake'.
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Need help? Take a look at other tips for searching on Google.




Motivation — Potential Applications

- Feedback to the user

- Feedback to the system
* Selective Query Expansion (SQE)
- Federated search

- Fusion
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Motivation — Potential Applications

- Feedback to the user

- Feedback to the system
* Selective Query Expansion (SQE)
- Federated search

- Fusion

- Conversational search
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Motivation — Potential Applications

- Feedback to the user
- Feedback to the system

Voice query ) Textquery
* Selective Query Expansion (SQE) ‘ ))) :>
(&,

Voice answer

- Federated search

Text answer

- Fusion
Intelligent

Assistant Search engine

. User « Z
- Conversational search o answer
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(Image credit: Roitman, H. et al., 19
“A Study of Query Performance Prediction for Answer Quality Determination”)




Motivation — Potential Applications

- Feedback to the user

- Feedback to the system
* Selective Query Expansion (SQE)
- Federated search

- Fusion
- Conversational search

- Query suggestions
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Motivation — Potential Applications

- Feedback to the user

- Feedback to the system
* Selective Query Expansion (SQE)

- Federated search

* Fusion | n
will the

o Conversational SearCh will the circle be unbroken

will the world end
. will the sun explode
- Query suggestions will the sun die
will the eu survive

° will the wise
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will the circle be unbroken lyrics

will the stock market crash




Motivation — Potential Applications

- Feedback to the user

- Feedback to the system
* Selective Query Expansion (SQE)
- Federated search

- Fusion
- Conversational search
- Query suggestions

- Identifying missing content in the corpus
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Evaluation of Query Performance

Prediction

Goal specific task

General task Suitable evaluation measures

Identifying search failures / hard
queries

Classification Accuracy, AUC, AUCPR, F1-score

Predicting a retrieval
effectiveness measure

Regression RZ2, MAE, MSE, RMSE

Ranking queries based on
effectiveness / difficulty

Pearson’s r, Spearman’s p,
Ranking Kendall’s T, Kendall’s dist.,
Spearman's footrule dist.

March 29, 2021
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Existing Evaluation of QPP

- Ex1sting evaluation relies on correlation measures.
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Existing Evaluation of QPP

- Ex1sting evaluation relies on correlation measures.

- The most common are:
- Pearson’s r — linear correlation coefficient (parametric);
* Spearman’s p — monotonic rank correlation coefficient (non-parametric); and

- Kendall’s Tt — monotonic rank correlation coefficient (non-parametric).
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Existing Evaluation of QPP

- Ex1sting evaluation relies on correlation measures.

- The most common are:
- Pearson’s r — linear correlation coefficient (parametric);
* Spearman’s p — monotonic rank correlation coefficient (non-parametric); and

- Kendall’s Tt — monotonic rank correlation coefficient (non-parametric).

- Straightforward statistical significance testing for a single QPP method.
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Existing Evaluation of QPP

4 5 6
Clarity-Predictor

- The correlation 1s measured between the predicted values and the
effectiveness measure.
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- The most used effectiveness measure 1s AP.

(Image: scatter plot with regression line, ROBUST Title queries)



Existing Evaluation of QPP (cont.)

- The correlation based evaluation method first mentioned in 1998.
(E. M. Voorhees and D. K. Harman, ‘98)
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Existing Evaluation of QPP (cont.)

- The correlation based evaluation method first mentioned in 1998.
(E. M. Voorhees and D. K. Harman, ‘98)

- The correlation was adopted as the main measure in practice.
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Existing Evaluation of QPP (cont.)

- The correlation based evaluation method first mentioned in 1998.
(E. M. Voorhees and D. K. Harman, ‘98)

- The correlation was adopted as the main measure in practice.

- It 1s suitable for a single predictor.
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Existing Evaluation Comparing Multiple
Methods

- The QPP method with higher correlation considered superior.
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Existing Evaluation Comparing Multiple
Methods

- The QPP method with higher correlation considered superior.

- For each predictor a distribution of values is achieved by resampling.
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Existing Evaluation Comparing Multiple
Methods

March 29, 2021

- The QPP method with higher correlation considered superior.
- For each predictor a distribution of values is achieved by resampling.

- Student’s paired t-test is used for statistical testing.
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Research Questions

- What limitations exist in the current evaluation practices
of query performance prediction?
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Research Questions

- What limitations exist in the current evaluation practices
of query performance prediction?

- How can detailed statistical analysis and testing be
applied to QPP evaluation exercises?
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Research Questions

- What limitations exist in the current evaluation practices
of query performance prediction?

- How can detailed statistical analysis and testing be
applied to QPP evaluation exercises?

- What factors contribute to improving or reducing the
performance of a QPP model?
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Related Work

- The comparison of linear correlation coefficients should be based
on Fisher’s Z transformation (Meng, X.L. et al. , ‘92)

E
Z
=
>
=
ca
Z
]
Z
@)
<<
©)
)
-
&
<
©)
(@)
-
=
=
N
=
AN
=
Q
=




Related Work

- The comparison of linear correlation coefficients should be based
on Fisher’s Z transformation (Meng, X.L. et al. , ‘92)

- The current correlation based evaluation can’t be generalized for a
predictor (Scholer, F. and Garcia, S., ’09)
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Related Work

- The comparison of linear correlation coefficients should be based
on Fisher’s Z transformation (Meng, X.L. et al. , ‘92)

- The current correlation based evaluation can’t be generalized for a
predictor (Scholer, F. and Garcia, S., ’09)

- Higher correlation does not necessarily attest to better prediction
(Hauff, C. et al. ’09)
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Related Work (Cont.)

- Testing the difference of QPP methods with Fisher’s Z transformation

yields non significant results for many of the existing methods
(Hauff, C. et al. ’09)
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Related Work (Cont.)

- Testing the difference of QPP methods with Fisher’s Z transformation

yields non significant results for many of the existing methods
(Hauff, C. et al. ’09)

- Relative QPPs prediction quality varies with respect to the effectiveness

of queries used to represent the topics
(Thomas, P. et al., ‘17, Zendel, O. et al., ‘19)
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Lamitations 1n Current Evaluation

- Single aggregated value — hard to interpret
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Lamitations 1n Current Evaluation

March 29, 2021

- Single aggregated value — hard to interpret

- Unable to 1dentify hard queries — where did 1t fail
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Lamitations 1n Current Evaluation

March 29, 2021

- Single aggregated value — hard to interpret
- Unable to 1dentify hard queries — where did 1t fail

- Limited ability to analyse affect of different components
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Lamitations 1n Current Evaluation

- Single aggregated value — hard to interpret
- Unable to 1dentify hard queries — where did 1t fail
- Limited ability to analyse affect of different components

- Hard to generalize — very specific
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Lamitations 1n Current Evaluation

- Single aggregated value — hard to interpret

- Unable to 1dentify hard queries — where did 1t fail

- Limited ability to analyse affect of different components
- Hard to generalize — very specific

- Unsound statistical testing
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Proposed Solution

- Use a non-parametric association measure
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Proposed Solution

- Use a non-parametric association measure

- Model the prediction errors as a distribution over the queries
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Proposed Solution

- Use a non-parametric association measure
- Model the prediction errors as a distribution over the queries

- Use well grounded statistical analyses
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Scaled Absolute Rank Error (sARE,, )

Q]

" = ]

SAREp(q;) =

qi - query i
rip- rank assigned by the predictor

r- rank assigned by the effectiveness measure

Q - set of queries

n—1
SAREAP(qi) € [O; T] = [011)
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Scaled Mean Absolute Rank Error
(sMARE ;)

1
SMAREp(P) = = > SAREp(q)
Q]
q;€Q
q; - query 1

Q - set of queries

SMARE,,(P) € [0,0.5 ]
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Analysis Of Variance (ANOVA)

- Used to asses statistically significant differences among means.
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Analysis Of Variance (ANOVA)

- Used to asses statistically significant differences among means
- Model the observations in the form:

Data = Model + Error
Data — explained variable (dependent variable)

Model — the experimental factors (contains a coefficient for each factor)
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Error — the variance in the Data that not explained by the Model




ANOVA Models

- Model without interactions between the factors (MD0)

Yigrs = U+ T +Yq + 0, + &5 + €igrs
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ANOVA Models

- Model without interactions between the factors (MD0)

Yigrs = U+ T +Yq + 0, + &5 + €igrs

- Model with interactions between the factors (MD1)

Yigrs = U+ Ty +Viiy T Vg + -+ (@) ig + (@8 + - + €jgrs
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March 29, 2021

Post-Hoc Analysis

- Applied after the ANOVA to find pairwise statistical differences
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Post-Hoc Analysis

- Applied after the ANOVA to find pairwise statistical differences

- Adjusts for multiple comparisons (family-wise error rate)
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March 29, 2021

Post-Hoc Analysis

- Applied after the ANOVA to find pairwise statistical differences
- Adjusts for multiple comparisons (family-wise error rate)

- We apply Tukey’s Honestly Significant Difference (HSD) test
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March 29, 2021

Post-Hoc Analysis

- Applied after the ANOVA to find pairwise statistical differences
- Adjusts for multiple comparisons (family-wise error rate)
- We apply Tukey’s Honestly Significant Difference (HSD) test

- Tukey’s HSD test 1s based on the studentized range distribution

&
Z,
=
>
=
ca
=
=
Z
o
<
®)
n
-
E
<
©)
@)
-)
=
—
N
©
(A
=
Q
=




Post-Hoc Analysis

- Applied after the ANOVA to find pairwise statistical differences
- Adjusts for multiple comparisons (family-wise error rate)

- We apply Tukey’s Honestly Significant Difference (HSD) test

- Tukey’s HSD test 1s based on the studentized range distribution

- Defines confidence intervals for the differences

&
Z,
=
>
=
ca
=
=
Z
o
<
®)
n
-
E
<
©)
@)
-)
=
—
N
©
(A
=
Q
=




March 29, 2021

Experimental Setup

- Documents corpus:
TREC ROBUST-04, ~528K documents, 249 TREC title queries

- Query variants:

TREC Core 2017 - ROBUST-2004 corpus
(Benham, R. and Culpepper, J.S., ‘17)

- Retrieval method:

Query likelihood
(Ponte, J M. and Croft, W.B., ‘98)

- IR effectiveness measure:
Average Precision (AP)
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Experimental Setup (Cont.)

- In total 16 different QPP methods

Clarity (Cronen-Townsend, S. et al., ‘02) SCQ, AvgSCQ, MaxSCQ (Zhao, Y. et al., ‘08)
)
Z
NQC (Shtok, A. et al., ‘12) Var, AvgVar, MaxVar (Zhao, Y. et al., ‘08) =
=
WIG (Zhou, Y. and Croft, W.B., ‘07) AngDF (Cronen-Townsend, S. et al., ‘04.) é
Z
SMV (Tao, Y. and Wu, S., ‘14) MaxIDF (Scholer, F. et al., ‘04) ;
<
UEF (Shtok, A. et al., 10) z
<
S
=
g
=




Experimental Setup (Cont.)

- 3 different stemmer configurations :
Lovins, Porter and no stemming
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Experimental Setup (Cont.)

- 3 different stemmer configurations :
Lovins, Porter and no stemming

- 5 different stoplist configurations:
attire, zettair, indri, lingpipe and no stoplist
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Experimental Setup (Cont.)

- 3 different stemmer configurations :
Lovins, Porter and no stemming

- 5 different stoplist configurations:
attire, zettair, indri, lingpipe and no stoplist

- Total of 15 retrieval pipelines
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- Total of 240 QPP-system combinations




Comparison to Traditional QPP
Evaluation

March 29, 2021

UEF(Clarity) —{_ [ H UEF(Clarity) H_[&__

UEF(WIG) — d H UEFWIG)  +HF }H—
UEF(NQC) — o[ 1+ UEF(NQC) | e .
UEF(SMV) e I UEF(SMV) 1=+ Z
Clarity —E— Clarity —E_1— =
NQC — e NQC HEE— %
SMV — =L SMV T 1+ =
WIG ——— e WIG — F_— S
MaxVAR =1 MaxVAR o[ 2
AvgVAR AvgVAR 3
MaxSCQ MaxSCQ =
MaxIDF MaxIDF —
SumVAR SumVAR §
AvgIDF AvgIDF B
AvgSCQ AvgSCQ =
SCQ ScQ S
0.10 0.15 0.20 025 0.30 0.35 0.40 0.45 0.18  0.20 %

Correlation




Evaluation with Query Variations

- 5
;% —Multiple Queries Per Topic
E 4 ---Title Queries Only
=
Z
> =
23 -
- - >
S0 0 KLD: 0.039 =
2, Z
ey >
B1 S
2 :
~ 0 l l | | 5
0 0.2 0.4 0.6 0.8 1 2
AP x
5
=

Title queries MAP = 0.25
All queries MAP = 0.21




Correlation Based Comparison

0.6 -
—— Multiple Queries Per Topic
---- Title Queries Only ..
g O N S S B YA 1 L S 2
ks . boporp ot =
- I S O T OE S S -
: SRR =
Co2- | pogb ? Z
P 2
0.1 ¢ S
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E
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Ko 4%0 §§; L ,,;;‘3"0 @V& f& d @ e\ o\é@ :
P PN Y pY 4§) éz) qﬁiéc’ 5
Title queries: §

- 57/120 pairs of predictors were found to be statistically significantly different, 47.5%




ANOVA — MDO Result

Source SS DF MS F p-value aj?fact}
Topic 876.524 248 3.534 168.136 <0.001 0.410
Stoplist 1.185 4 0.296 14.095 <0.001 0.001
Stemmer 5.218 2 2.609 124.108 <0.001 0.004
QPP model 46.569 15 3.105 147.691 <0.001 0.036
Error 1250.538 59490 0.021

Total 2180.034 59759

- ®% - Strength of Association (SOA), effect size
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- Topic has the largest effect on prediction




ANOVA — MDO Result

Source SS DF MS F p-value
Topic 876.524 248 3.534 168.136 <0.001
Stoplist 1.185 4 0.296 14.095 <0.001
Stemmer 5.218 2 2.609 124.108 <0.001
QPP model 46.569 15 3.105 147.691 <0.001
Error 1250.538 59490 0.021

Total 2180.034 59759

- ®% - Strength of Association (SOA), effect size
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- Topic has the largest effect on prediction




Tukey's HSD Post-Hoc Analysis

0.32
0.3 %
0.28 - % >
=
<0.26 - } =
= >
% 0.24 } % E
= } S
“0.22) % 2
] é
0.2 % % % 5
E
0.18 - <
| | | | | | | | | ()
> O R $ & Q D O S Q@ =
L &L LFFF S \@@@'\‘\‘ ,»@9 & s
SRCAI G & 8K S
v 3 ¥y W S S 3
: S QY QY QY & -
Title queries: © 3

- 96/120 pairs of predictors were found to be statistically significantly different, 80%




Summary

Defined per topic error
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Summary

- Defined per topic error

- A distribution of prediction errors
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Summary

- Defined per topic error
- A distribution of prediction errors

- Enables sound statistical analyses
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Summary

- Defined per topic error
- A distribution of prediction errors
- Enables sound statistical analyses

- Enables factor analysis
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Summary

- Defined per topic error

- A distribution of prediction errors
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