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Outline

1 A Brief Introduction to Query Performance Prediction (QPP)

2 A Pairwise Interaction-based Supervised QPP Model (WSDM’22)

3 A Pointwise-Query:Listwise-Document based QPP Approach (SIGIR’22)

4 Analyzing the Sensitivity of QPP Evaluation (ECIR’22)

5 Ongoing work (Submitted to WSDM’23)

6 Concluding Remarks
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A Brief Introduction to Query Performance Prediction (QPP)

What is Query Performance Prediction (QPP)?

“If we could determine in advance which retrieval approach would work well for a
given query, then hopefully, selecting the appropriate retrieval method on a [per]
query basis could improve the retrieval effectiveness significantly.”

– Carmel, D., Yom-Tov, E.: Estimating the query difficulty for information retrieval. Synthesis Lectures on Information Concepts, Retrieval,
and Services 2(1), 1–89 (2010)
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Debasis Ganguly (UofG) QPP 5 / 54



.
.
.

.

.
.
.

.

.
.
.

.

.
.
.

.

.
.
.

.

.
.
.

.

.
.
.

.

.
.
.

.

.
.
.

.

.
.
.

.

A Brief Introduction to Query Performance Prediction (QPP)

What is Query Performance Prediction (QPP)?
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A Brief Introduction to Query Performance Prediction (QPP)

Why do we need QPP?

There are always a number of difficult queries that cannot be
effectively addressed.

Detecting hard/poor-performing queries is useful -
Query Reformulation
Feedback to system
Query Routing

QPP - Predicting the quality of retrieved documents to satisfy the
information needs behind the query.
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A Brief Introduction to Query Performance Prediction (QPP)

Types of QPP estimators

Pre-retrieval
Predicts the performance of
each query based on the
content and the context of
the query.
Predictors are often derived
from linguistic or statistical
information.
AvgIDF, MaxIDF.

Post-retrieval
Estimates the query performance by
analyzing the result list returned by
the retrieval engine.
Clarity-based approaches - Clarity.
Score-based approaches - WIG, NQC.
Robustness-based approaches - UEF.
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A Brief Introduction to Query Performance Prediction (QPP)

Evaluating QPP Estimators
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A Pairwise Interaction-based Supervised QPP Model (WSDM’22)

Deep-QPP: A data-driven Supervised QPP Model

A purely data-driven supervised QPP approach that leverages information
from the semantic interactions between the terms of the query and those of
the top-retrieved documents.

– Datta, S., Ganguly, D., Greene, D., and Mitra, M. Deep-QPP: A pairwise
interaction-based deep learning model for supervised query performance
prediction. In proceedings of WSDM (2022), ACM, pp. 201–209.
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A Pairwise Interaction-based Supervised QPP Model (WSDM’22)

NeuralQPP - SIGIR’18

Hamed Zamani, W. Bruce Croft, and J. Shane Culpepper. 2018. Neural Query
Performance Prediction Using Weak Supervision from Multiple Signals. In

proceedings of SIGIR’18. Association for Computing Machinery, 105–114.
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A Pairwise Interaction-based Supervised QPP Model (WSDM’22)

NeuralQPP - SIGIR’18

A weakly supervised model.
Uses a combination of features (e.g. retrieval scores) and word embedded
vectors to learn an optimal combination.
A major limitation - training procedure involves weak supervision over a
number of estimators.
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A Pairwise Interaction-based Supervised QPP Model (WSDM’22)

Advantages of our Proposed Method

An end-to-end strictly supervised QPP model.
Solely data-driven because it does not rely on other estimators.
Early interactions between query-document pairs.
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A Pairwise Interaction-based Supervised QPP Model (WSDM’22)

Types of Interactions in Pairwise Models

Representation-based models rely on late interaction involving
shared parameters (left).
Interaction-based models make use of early interactions
transforming paired instances into a single input (right).
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A Pairwise Interaction-based Supervised QPP Model (WSDM’22)

Interaction between Queries and Top-Docs

Combines the benefits of
both early and late
interactions.
Includes interaction of the
terms in the top-retrieved
documents of a query
with the constituent
terms of the query.
Incorporates the
characteristic pattern of
these interactions to
estimate the comparison
function y(Qa, Qb)
between a pair of queries.
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A Pairwise Interaction-based Supervised QPP Model (WSDM’22)

End-to-end Architecture of Deep-QPP

Pairwise: L(Qa, Qb) = (y(Qa, Qb)− ŷ(Qa, Qb; Θ))2

Pointwise: L(Qa, Qb) = max(0, 1− sgn(y(Qa, Qb) · (ŷ(Qa; Θ)− ŷ(Qb; Θ))))

Available at: https://github.com/suchanadatta/DeepQPP.git
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A Pairwise Interaction-based Supervised QPP Model (WSDM’22)

A comparative evaluation of Deep-QPP

Weakly Supervised Method outperforms Unsupervised Baselines.
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A Pairwise Interaction-based Supervised QPP Model (WSDM’22)

Performance of Deep-QPP

Strictly supervised QPP model Deep-QPP outperforms the Weakly
Supervised QPP Model.
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A Pairwise Interaction-based Supervised QPP Model (WSDM’22)

Performance of Deep-QPP

Purely representation-based or purely interaction-based approaches
perform worse than Deep-QPP.
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A Pointwise-Query:Listwise-Document based QPP Approach (SIGIR’22)

A Pointwise-Query:Listwise-Document based QPP Approach
(SIGIR’22)
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A Pointwise-Query:Listwise-Document based QPP Approach (SIGIR’22)

A BERT-based End-to-end Model

An end-to-end neural cross-encoder-based approach - trained pointwise on
individual queries, but listwise over the top ranked documents (split into
chunks).

– Datta, S., MacAvaney, S., Ganguly, D., Greene, D. A ‘Pointwise-Query,
Listwise-Document’based Query Performance Prediction Approach (to appear in
the proceedings of SIGIR’22).
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A Pointwise-Query:Listwise-Document based QPP Approach (SIGIR’22)

A BERT-based End-to-end Model

A novel architecture and objective function for a pointwise neural QPP.
Transformed the pointwise QPP objective into a classification task, not a
regression model.
Models the top-ranked documents as a sequence of chunks (Listwise), not
as a whole set.
Incorporates the relative Positions (or ranks) of the top documents.
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A Pointwise-Query:Listwise-Document based QPP Approach (SIGIR’22)

End-to-end Architecture of qppBERT-PL

Popular unsupervised
QPP methods (e.g.
NQC, WIG) work well
when information used
from the top-100
documents.
Encoding long
sequences of 100
documents is likely to
be noisy.
Top-ranked set is
segmented into equal
sized partitions
(chunks).

Debasis Ganguly (UofG) QPP 23 / 54



.
.
.

.

.
.
.

.

.
.
.

.

.
.
.

.

.
.
.

.

.
.
.

.

.
.
.

.

.
.
.

.

.
.
.

.

.
.
.

.

A Pointwise-Query:Listwise-Document based QPP Approach (SIGIR’22)

End-to-end Architecture of qppBERT-PL

BERT-based
cross-encoder is used to
model the interactions
between the query and
the document terms of
each chunk.
LSTM-encoded
representation of this
interaction sequence.
Ranks are encoded via
BERT positional
embeddings.
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A Pointwise-Query:Listwise-Document based QPP Approach (SIGIR’22)

End-to-end Architecture of qppBERT-PL

Passed through a fully
connected layer (FC).
Terminates at a p+ 1
dimensional Softmax
representing the
probability of finding r
relevant documents
within this p-sized
chunk
(r ∈ {0, 1, . . . , p}).
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A Pointwise-Query:Listwise-Document based QPP Approach (SIGIR’22)

End-to-end Architecture of qppBERT-PL

Compute a weighted
average from the
outputs of the network,
predicted for each
p-sized partition of the
top documents.
Aggregated scores are
used to sort the queries
in descending order.

Available at: https://github.com/suchanadatta/qppBERT-PL.git
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A Pointwise-Query:Listwise-Document based QPP Approach (SIGIR’22)

End-to-end Architecture of qppBERT-PL

Compute a weighted
average from the
outputs of the network,
predicted for each
p-sized partition of the
top documents.
Aggregated scores are
used to sort the queries
in descending order.

Available at: https://github.com/suchanadatta/qppBERT-PL.git
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A Pointwise-Query:Listwise-Document based QPP Approach (SIGIR’22)

Performance of qppBERT-PL

qppBERT-PL is more effective at predicting query performance than
other supervised and unsupervised methods.
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A Pointwise-Query:Listwise-Document based QPP Approach (SIGIR’22)

Performance of qppBERT-PL

Sequence modeling, chunking and Rank Embeddings are critical
components of qppBERT-PL.
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Analyzing the Sensitivity of QPP Evaluation (ECIR’22)

Analyzing the Sensitivity of QPP Evaluation (ECIR’22)
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Analyzing the Sensitivity of QPP Evaluation (ECIR’22)

How Do We Evaluate QPP Estimators?
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Analyzing the Sensitivity of QPP Evaluation (ECIR’22)

There are too many combinations!
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Analyzing the Sensitivity of QPP Evaluation (ECIR’22)

There are too many combinations!
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Analyzing the Sensitivity of QPP Evaluation (ECIR’22)

There are too many combinations!
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Analyzing the Sensitivity of QPP Evaluation (ECIR’22)

Research Question

RQ1: Do variations in the QPP context, in terms of the IR metric, the IR
model, and the rank cut-off used to construct the QPP evaluation
ground-truth, lead to significant differences in outcome of a QPP method?

We measure the sensitivity of QPP results with variations in the IR
evaluation metric and the IR model for the QPP methods.
We compute the standard deviations in the observed values for different
QPP experiment setup.
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Analyzing the Sensitivity of QPP Evaluation (ECIR’22)

What Do We Observe?
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Analyzing the Sensitivity of QPP Evaluation (ECIR’22)

Variations due to IR Evaluation Metrics

Substantial absolute
differences in the QPP
outcomes.
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Analyzing the Sensitivity of QPP Evaluation (ECIR’22)

Variations due to IR Evaluation Metrics

Substantial absolute
differences in the QPP
outcomes.
Lower variations with
Kendall’s τ .
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Analyzing the Sensitivity of QPP Evaluation (ECIR’22)

Variations due to IR Evaluation Metrics

Substantial absolute
differences in the QPP
outcomes.
Lower variations with
Kendall’s τ .
Lower variances with
LMJM.
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Analyzing the Sensitivity of QPP Evaluation (ECIR’22)

Variations due to IR Models

Lower variations with
Kendall’s τ .
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Analyzing the Sensitivity of QPP Evaluation (ECIR’22)

Variations due to IR Models

Lower variations with
Kendall’s τ .
Lower variations across IR
models than IR metrics.
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Analyzing the Sensitivity of QPP Evaluation (ECIR’22)

Variations due to IR Models

Lower variations with
Kendall’s τ .
Lower variations across IR
models than IR metrics.
Lack of consistency on
which combination of QPP
method with IR evaluation
context yields the least
variance.
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Analyzing the Sensitivity of QPP Evaluation (ECIR’22)

Research Question

RQ2: Do these variations lead to significant differences in the relative
ranks of different QPP methods?
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Analyzing the Sensitivity of QPP Evaluation (ECIR’22)

Each cell indicates the correlation (Kendall’s τ) between QPP systems ranked in order by their evaluated effectiveness.

A total of 7 QPP systems were used in these experiments - AvgIDF, Clarity, WIG, NQC, UEF(Clarity), UEF(WIG) and UEF(NQC).

The lowest correlation for each group is in red and the lowest correlations, overall, are bold-faced.
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Analyzing the Sensitivity of QPP Evaluation (ECIR’22)

Variations due to IR Evaluation Metrics

LMJM leads to the most
instability in the relative
ranks.
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Analyzing the Sensitivity of QPP Evaluation (ECIR’22)

Variations due to IR Evaluation Metrics

LMJM leads to the most
instability in the relative
ranks.
Some evaluation metrics
are more sensitive to rank
cut-off values.
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Analyzing the Sensitivity of QPP Evaluation (ECIR’22)

Each cell in the table indicates the correlation (Kendall’s τ) between QPP systems ranked in order by their evaluated
effectiveness.
7 QPP systems were used in these experiments.
The lowest correlation for each group is in red and the lowest correlations, overall, are bold-faced.
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Analyzing the Sensitivity of QPP Evaluation (ECIR’22)

Variations due to IR Models

Relative ranks of QPP
systems are quite stable
across IR models.
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Analyzing the Sensitivity of QPP Evaluation (ECIR’22)

Variations due to IR Models

Relative ranks of QPP
systems are quite stable
across IR models.
LMJM leads to more
instability in the QPP
outcomes.
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Analyzing the Sensitivity of QPP Evaluation (ECIR’22)

Variations due to IR Models

Relative ranks of QPP
systems are quite stable
across IR models.
LMJM leads to more
instability in the QPP
outcomes.
Relative ranks of QPP
systems are more stable
with Kendall’s τ .
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Ongoing work (Submitted to WSDM’23)

Ongoing work (Submitted to WSDM’23)
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Ongoing work (Submitted to WSDM’23)

Adaptive Pseudo-relevance Feedback

A supervised approach to QPP works quite well!
QPP prediction can let us decide whether to apply PRF or not.
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Concluding Remarks

Concluding Remarks

Summary:
QPP experiments are very sensitive to the metric used for evaluation, and the
IR model which derives a ranked list.
A purely data-driven early interaction-based model improves QPP.
Transformer-based approach further improves results; however, training and
inference slower compared to 2DCNN.
Supervised QPP also useful for adaptive relevance feedback.

Future Directions:
QPP provides an estimate about the quality of a model’s prediction.
Can be used for recommender systems - because the output is a ranked list of
top-k items; Query 7→ Context of a user.
Can also be used for other prediction systems; θ : x⃗ 7→ Z could be transformed
to ϕ : x⃗, z⃗ 7→ R.
QPP can be extended to sessions of queries.
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Concluding Remarks

Thank you!

For any questions you may have, please e-mail me at:

Debasis.Ganguly@glasgow.ac.uk
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