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Abstract

Machine learning has revolutionized recommendation systems by employing ranking models
for personalized item suggestions. Despite their effectiveness, learning-to-rank (LTR) models
often operate as complex systems, making it difficult to discern the factors influencing their
ranking decisions. This lack of transparency raises concerns about potential errors, biases,
and ethical implications. As a result, interpretable LTR models have emerged as a solution to
enhance transparency and mitigate these challenges.
Currently, the state-of-the-art intrinsically interpretable ranking model is led by generalized
additive models. However, ranking GAMs have some limitations that affect their successful
application in experiment environments, such as being computationally intensive and strug-
gling to handle high-dimensional data. In contrast to these drawbacks, post-hoc methods can
potentially provide more scalable and efficient solutions for real-time ranking.
In this study, we propose a post-hoc method for learning-to-rank tasks combined with the in-
terpretable GAMs. The evaluation results tested with Kendall’s 𝜏 value indicate that our model
can effectively explain different types of black-box rankers.

Keyword:Learning to rank, Interpretability in Ranking, Generalized Additive Models, Post-hoc
Method, Kendall’s 𝜏 value
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1
Introduction

Chapter 1 presents an introduction to learning to rank and the significance of building the
interpretable ranking models. Based on this research background, the chapter then proposes
a research objective and research questions. An outline of the whole thesis is also provided.

1.1. Background
Machine learning models are increasingly used in many areas that are capable of autonomous
learning and improvement over time, without human intervention. One common application
of machine learning is in recommendation systems by employing ranking models for person-
alized item suggestions in a relevant order(Nawrocka et al., 2018). Unlike the traditional ma-
chine learning models that focus on tasks such as classification, regression, etc, the primary
objective of ranking models is to order a set of items (e.g., documents, products, web pages)
based on their relevance or utility to a particular query or user(Guo et al., 2019).
Learning to Rank (LTR) models are usually trained by many parameters to achieve high accu-
racy, so they tend to be complex. The complexity of ranking models can sometimes undermine
their effectiveness because it is difficult for humans to understand the reasons behind a partic-
ular order. So-called “black boxes” are often problematic because it is difficult to understand
the factors that influence the model’s output. This lack of transparency can lead to potential
errors, biases, and even unethical behavior. Therefore, there is an urgent need to develop
interpretable LTR models (Zytek et al., 2022).
Interpretability refers to the degree to which humans can understand the reasoning behind
a model’s decisions or outputs (Miller, 2018). According to this definition, models that hu-
mans more easily understand are considered more interpretable. Typically, explanations for
the ranking models can be categorized into the development of intrinsically interpretable mod-
els and model-agnostic explanations. The former refers to either interpretability by design or
access to all the model parameters, such as decision trees, additive models, and attention-
based networks. On the other hand, model-agnostic explanations aim to generate post-hoc
explanations for an existing black-box model without accessing its internal structure. Although
different approaches in these two categories have been proposed within the context of ranking
tasks, limited research has been conducted on the combination of an intrinsically interpretable
model with model-agnostic explanations.

1.2. Problem Definition
Currently, the state-of-the-art intrinsically interpretable ranking model is led by generalized ad-
ditive models (GAMs).In Zhuang et al. (2020), their research introduced how to extend GAMs
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2 1. Introduction

to ranking models and proposed a new framework for this problem. This study presented a
neural network-based notation for neural ranking GAMs by effectively utilizing list-level contex-
tual features. The conducted experiments show that the ranking GAMs outperform traditional
GAMs while maintaining interpretability. These findings make the ranking GAMs a standard
approach for applications in LTR tasks, as they are interpretable models with inherently trans-
parent and explainable structures.
However, ranking GAMs have some limitations that affect their successful application in ex-
periment environments. First, they can be computationally intensive, limiting their scalability
in experiment environments that require real-time ranking. Second, as the number of predic-
tor variables increases, GAMs may struggle to handle high-dimensional data because of the
consequent increase in the number of parameters. This may lead to overfitting and poor gen-
eralization of unseen data. These are also common drawbacks of intrinsically interpretable
models. In contrast to these drawbacks, post-hoc methods can potentially provide more scal-
able and efficient solutions for real-time ranking.
Present studies make a definition of these two types of methods, especially for their merits
and weaknesses. However, no study is dedicated to the integration of these two methods and
provides a quantitative evaluation.

1.3. Research questions
Main research question:

This dissertation proposes a post-hoc method for learning-to-rank tasks combined with the
interpretable GAMs. Specifically, the research question that will be addressed is:

“How are post-hoc methods designed to generate ranking explanations locally combined with
GAMs?”

Research questions:
This main research question is divided into the following two sub-questions:
1. How to construct the neural ranking GAMs within the framework of post-hoc methods?
2. What metrics or criteria can be employed to evaluate the efficacy and interpretability of

the expected approach in generating ranking explanations?

1.4. Outline
The remainder of this document is organized as follows.

In Chapter 2, the key concepts and previous studies related to the interpretability in ma-
chine learning are described, especially in the context of ranking tasks. We provide a clear
classification of these interpretability methods.

In Chapter 3, the core of this research is discussed, that is, constructing neural ranking
GAMs to explain the prediction of several black-box rankers. This section outlines the design
and implementation of our research method.

Chapter 4 provides a comprehensive analysis of the experimental results, while Chapter
5 discusses the conclusions drawn from this study and future work directions.



2
Related Work

2.1. Interpretability methods
Interpretability in machine learning refers to the ability to understand and explain the deci-
sions or predictions made by a model in a human-understandable manner. The original idea
for model interpretability research arises from incompleteness in problem formalization (Doshi-
Velez and Kim, 2017). It means that for certain tasks it needs to not only get the prediction
result but also know how it comes to the result.
With the development of model interpretability methods, a variety of studies have created a
taxonomy to classify them. However, most interpretability methods contain a variety of prop-
erties, which means the classification of these methods is not a simple binary categorization
problem. Recently, Molnar (2022) proposed a taxonomy that is widely recognized to classify
the existing model interpretability methods, as shown in Figure 2.1.

• Intrinsic Interpretability: Intrinsic interpretability refers to machine learning models that
are considered interpretable due to their simple structure, such as short decision trees
or sparse linear models. In other words, an intrinsically interpretable model is one that
naturally produces human-understandable explanations for its predictions. Generalized
additive model(GAM) is one of the typical examples in this category:

1. GAM: In (Hastie and Tibshirani, 1986), Generalized additive models(GAMs) are
a class of statistical models that generalize linear regression models by allowing
non-linear relationships between the predictors and the response variable. GAMs
relax the restriction of the generalized linear models that the relationship must be
a simple weighted sum and instead assume that the outcome can be modeled by
a sum of outputs of multiple sub-models, where each sub-model only takes one
feature as input. The motivation for applying GAMs is that each sub-model reflects
the contribution of each input feature to the final output results, which makes them
more interpretable than complicated models such as deep neural networks.
In the context of ranking, GAMs can be adapted to model the relationship between
features and ranking scores. One prominent example of interpretable ranking with
the generalized additive models is proposed by Zhuang et al. (2020). In their
work, Zhuang et al. (2020) employed standalone neural networks to instantiate sub-
models in GAMs for each individual feature. This framework utilized the flexibility of
neural networks for the ranking task while maintaining the intelligibility of traditional
GAMs. To be specific, based on a user query, the local search system computes

3



4 2. Related Work

a set of item-level features 𝑥𝑗s for each item. Each sub-model only takes a sin-
gle item-level feature 𝑥𝑗 as input and outputs a corresponding sub-score 𝑓𝑗(𝑥𝑗). As
for the ranking task, the context features should also be taken into account. The
context features are to derive importance weights for item-level sub-scores before
they are summed up as the final ranking score. This method ensures not only the
interpretability of the item-level feature attribution but also the contribution of the
context feature.

• Post-hoc Interpretability: Post-hoc interpretability refers to the application of interpre-
tation methods after model training, which is also the method researched in this paper.
Compared with intrinsic interpretability which involves designing models to be inherently
transparent, post-hoc interpretability methods are applied to existing models, regardless
of their complexity. Some common post-hoc interpretability methods include:

1. LIME: As proposed by (Ribeiro et al., 2016), local interpretable model-agnostic ex-
planations(LIME) is a machine learning technique designed to provide interpretable
explanations for individual predictions made by complex machine learning models.
The main idea is to train a simple linear model in a new interpretable feature space.
The simple model is trained on a new dataset of perturbed samples paired with
their corresponding prediction of the given model for a selected instance. After fit-
ting the simple linear model, LIME provides feature importance scores, indicating
which features had the most significant impact on the model’s prediction for the
specific instance.
To illustrate LIME more specifically, given a black box classifier 𝑓 ∶ 𝑥 → 𝑦, where
the input is s an n-dimensional feature domain ℝ𝑛, and the output is the posterior
probability of a certain class in the classification task. In the local area around 𝑥,
the prediction problem is simplified and the computation of 𝑓 is assumed to be lin-
ear. A linear surrogate model 𝑔 ∈ 𝐺 is defined to approximate the prediction result
of 𝑓, where 𝐺 is a set of potentially interpretable models. Since the interpretable
model 𝑔 ∈ 𝐺 can be readily presented to the user with visual or textual artifacts, the
decision of 𝑓 is explained by the interpretation of 𝑔.
In order to approximate 𝑓, LIME perturbs the features of the instance 𝑥 and gener-
ates a local data point dataset 𝑧 ∈ 𝑍. 𝜋𝑥(𝑧) is defined as a measure to approximate
the extent of the local points around the instance 𝑥, which is a weight based on
the distance to 𝑥. The points closer to the original instance 𝑥 are given more im-
portance in the surrogate approximation. The main objective of LIME is to train
a simple model 𝑔 that minimizes 𝐿(𝑓, 𝑔, 𝜋𝑥) which is a measure of how far 𝑔 is in
approximating 𝑓 in the locality defined by 𝜋𝑥. The loss function 𝐿(𝑓, 𝑔, 𝜋𝑥) is the
dissonance between the prediction of 𝑔 and the label defined by 𝑓.

2. DeepLIFT: Deep Learning Important Features is a gradient-based method for de-
composing the output prediction of a neural network on a specific input by backprop-
agating the contributions of all neurons in the network to every feature of the input
(Shrikumar et al., 2017). Formally, DeepLIFT attributes to each input 𝑥𝑖 a value
𝐶Δ𝑥𝑖Δ𝑜 that represents the effect of that input being set to a reference value as op-
posed to its original value. 𝐶Δ𝑥𝑖Δ𝑜 can be non-zero even when 𝜗𝑜

𝜗𝑥𝑖
equals to zero.

That means for DeepLIFT, the fundamental limitation of gradients is solved since a
neuron can signal meaningful information even in the regime where its gradient is
zero. The reference value would be chosen based on domain-specific knowledge
and usually represents a typical uninformative background value for the feature.
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3. SHAP: Shapley Additive Explanations(SHAP)(Lundberg and Lee, 2017) is a game
theoretic approach to explain the output of any machine learning model. It’s based
on cooperative game theory and calculates the contribution of each feature to the
prediction made by the model. The aim is to assign each feature an ”importance”
score, indicating how much that feature contributes to the final prediction. In coop-
erative game theory, the ”importance” score is called the Shapley value, which is
a way to fairly distribute a total payout among a group of individuals based on their
marginal contributions.

4. Global surrogate Model: The global surrogate model is used to approximate a
”black-box” machine learning model with a simple and interpretable model. The
purpose of it is to provide insights into how the complex model makes predictions by
creating a transparent and understandable representation that mimics its behavior
to some extent. For example, Singh and Anand (2020) proposed a framework to
approximate a complex ranker by using a simple ranking model in the term space.

• Global Interpretability: Global model interpretability refers to the process of under-
standing and explaining the behavior and decision-making process of an entire machine
learning model across its entire input space. It aims to provide insights into how the
model as a whole operates, what features it relies on, and how those features contribute
to its overall performance. Examples include Partial Dependence Plots (PDP) and Indi-
vidual Conditional Expectation (ICE) plots.

• Local Interpretability: Local interpretability refers to the understanding and explanation
of individual predictionsmade by amachine learningmodel. Unlike global interpretability,
local interpretability focuses on explaining why a particular instance was assigned a
specific prediction or classification. LIME is one of the most popular methods in this
category.

• Model-specific Interpretability: Model-specific interpretability refers to the application
of interpretability techniques that are used for a specific type of machine learning model.
For example, visualizing the support vectors and decision boundaries that determine the
classification is only used for support vector machine(SVM).

• Model-agnostic Interpretability: Model-agnostic interpretability refers to the applica-
tion of interpretability techniques that can be used on any machine learning model and
are applied after the model has been trained. Model-agnostic methods are especially
good for dealing with complex models. SHAP, LIME, and the surrogate model(Singh
and Anand, 2020) we mentioned before are all in this category.

2.2. Interpretability methods in Ranking
2.2.1. Learning to rank
Learning to rank is a supervised task to construct a ranking model using training data, such
that the model can order a set of items given a query according to their degrees of relevance,
preference, or importance (Liu et al., 2009). The main goal of learning to rank problems is to
optimize the ranking results in order to maximize user satisfaction
Typically, a typical training set contains n query instances 𝑞𝑖(𝑖 = 1, ..., 𝑛), each of them asso-
ciated with documents represented by feature vectors 𝑥(𝑖) = {𝑥𝑗(𝑖)}𝑚(𝑖)𝑗=1 , where 𝑚(𝑖) is the
number of documents associated with query 𝑞𝑖 and the corresponding ranked list 𝑦𝑖. From
there, a particular learning algorithm is employed to train the ranking model to generate pre-
dictions that align with the actual ground truth labels as accurately as possible by using a loss
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Figure 2.1: The taxonomy of interpretability methods

function. In the test phase, the model previously trained is utilized to rank the documents for
a new query based on their relevance to the query, and the ranking result is then returned to
users.

2.2.2. Interpretability in ranking
As been exposed previously, interpretability in machine learning has been studied extensively
in classical machine learning. However, the success of interpretability in ranking models is
limited, because most of the previous works of interpretability in the ranking are based on the
extensions to the existing pointwise(why is 𝑑𝑜𝑐𝑖 relevant ?) or pairwise explanations (why is
𝑑𝑜𝑐𝑖 ranked higher than 𝑑𝑜𝑐𝑗?). For example, methods based on LIME framework generate
terms as explanations for a black-cox ranker. DeepLIFT we mentioned in the previous section
is one of the gradient-based methods to interpret the relevance score as a document to a given
query. However, the ranking result is an entire list, which means it is not sufficient to give an
explanation only based pointwise or pairwise. In this work, we instead focus on explaining the
entire ranking list and provide the listwise explanation.
Typically, explanations for the ranking models can be categorized into the development of
intrinsically interpretable models and model-agonistic explanations. The former refers to ei-
ther interpretability by design or access to all the model parameters. In interpretability by
design, more ”interpretable” models such as decision trees, rules(Letham et al., 2015), ad-
ditive models(Zhuang et al., 2020), and attention-based networks are utilized. Letham et al.
(2015) proposed a model called the Bayesian Rule Lists(BRL), which provides a new type of
balance between accuracy, interpretability, and computation. Zhuang et al. (2020) provide
a framework for intrinsically interpretable learning-to-rank by introducing generalized additive
model(GAM) into ranking tasks.
On the other hand, model-agnostic explanations aim to generate post-hoc explanations for
an existing black-box model without accessing its internal structure. As for the application in
the ranking tasks, a few recent studies (Lyu and Anand, 2023; Singh and Anand, 2018a,b,
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2020) focus on the model-agnostic method. In (Singh and Anand, 2018b), the authors tried to
approximate a giving ranking model with a subset of interpretable features. Singh and Anand
(2018a) proposed the EXplainable Search(EXS) system aimed to help users understand the
trained retrieval model based on the LIME framework. They also attempted to approximate
the output of complex rankers on a local view with a simple ranking model based on query ex-
pansion(Singh and Anand, 2020). Lyu and Anand (2023) challenged the assumption in (Singh
and Anand, 2020) that a single relevance factor is adequate to explain an entire ranking and
proposed the MULTIPLEX which combined multiple simple rankers instead.

2.3. Bi-Encoder vs Cross-Encoder
In the rapidly evolving field of Natural Language Processing (NLP), the ability to represent
sentences accurately and efficiently is becoming critical. As information retrieval techniques
advance, models like BERT have revolutionized our understanding in the world of sentence
embedding. Among all the available models and techniques, two in particular have stood out
recently: the Crossencoder and the Bi-encoder. In this section, we will give a comprehensive
explanation of these two approaches, comparing their architectures, advantages, and weak-
nesses. The architectures of the Bi-Encoder and Cross-Encoder are shown in Fig2.2

Figure 2.2: The architectures of Bi-Encoder and Cross-Encoder

2.3.1. Bi-Encoder
Bi-Encoders produce for a given sentence a sentence embedding. Sentence A and Sentence
B are passed to a BERT separately, which results in the sentence embeddings u and v. For
the ranking tasks, one sentence is a given query, and the other is one document in the corpus.
These sentence embeddings can then be compared using cosine similarity or dot-product.

• Advantages:
1. Speed: One of the advantages of Bi-Encoders lies in their computational efficiency.
By separately encoding queries and corpus, they exhibit markedly reduced prediction
times, particularly suited for real-time applications and large-scale tasks.
2. Scalability: Bi-Encoders demonstrate remarkable scalability, adeptly managing ex-
tensive datasets by efficiently indexing encoded candidates and swiftly comparing these
representations.
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• Challenges:
1. Accuracy Trade-off: Despite their computational efficiency, Bi-Encoders may occa-
sionally exhibit a compromise in accuracy compared to Cross-Encoders, particularly in
tasks requiring nuanced contextual comprehension.
2. Representation Limitations: The separate encoding of queries and corpus in Bi-
Encoders may result in instances where certain contextual subtleties are overlooked.

2.3.2. Cross-Encoder
In contrast, for a Cross-Encoder, both sentences are simultaneously fed into the Transformer
network. Subsequently, the network generates an output value ranging between 0 and 1,
indicating the similarity of the input sentence pair.

• Advantages:
1. Accuracy: The comprehensive utilization of the full self-attention mechanism often
positions Cross-Encoders to achieve superior accuracy, particularly in tasks necessitat-
ing profound contextual comprehension.
2. Detailed Representations: Through the recalibration of encodings for each input-label
pair, Cross-Encoders excel in generating intricate and contextually enriched sentence
representations.

• Challenges:
1. Computational Intensity: The requirement to recompute encodings for every input-
label pair leads to Cross-Encoders being computationally intensive, particularly when
dealing with large datasets.
2. Slower Test Times: Given their intricate encoding procedure, Cross-Encoders may
exhibit slower testing times, posing challenges for real-time applications.

2.4. Our contribution
Although different approaches that use local model-agnostic interpretability explanations have
been proposed within the context of ranking tasks, limited research has been conducted to
assess their capabilities combined with GAMs. In previous papers, local model-agnostic in-
terpretability techniques produce explanations for a single decision by linearly approximating
the local behavior of a complex blackbox model. However, a linear model is not sufficient
to explain the non-linear relationship in deep neural networks. The thesis proposes a frame-
work to approximate the ranking list from two types of black-box models (One is Bi-Encoder,
the other is CrossEncoder)by replacing the linear model in the LIME framework with GAMs.
The motivation for this method is to approximate the non-linear relationship in neural networks
while maintaining the interpretability in the LIME framework.



3
Research Methodology

In Chapter 3, an overview of the research methodology is provided, including the fundamen-
tal framework of the experimental approach and a detailed description of its implementation.
Detailed information on various aspects of the research methodology includes the datasets
we used, the selected black-box rankers and tools, as well as the design of the neural ranking
GAMs.

Figure 3.1: The overview of the research method

3.1. Methods
The research methodology outlined in this section is shown in Fig 3.1, integrating elements of
retrieval, reranking, and evaluation techniques. For a given query in one dataset and its corre-
sponding corpus, the retrieval phase is initiated utilizing the BM25 method, a widely adopted
technique for information retrieval tasks. This process aims to retrieve all relevant documents
to the specific query. Subsequently, we picked out a subset of the retrieved documents based
on the task-specific criteria for reranking using a black-box ranker. From the reranked docu-
ments, we selected keywords to serve as inputs for the proposed neural ranking GAMs. These
keywords are selected based on their significance in representing the content and context of
the documents. The number of extracted keywords corresponds to the number of sub-neural
networks within the GAMs.

9
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The ground truth labels for training are derived from the ranking produced by the black-box
ranker, providing a benchmark for assessing the performance of the neural ranking GAMs.
During the testing phase, the models’ fidelity is evaluated using Kendall’s tau value, a metric
commonly employed to measure the correlation between the predicted rankings generated by
the neural ranking GAMs and the ground truth rankings.
In addition to fidelity assessment, the performance of the proposed models is further evalu-
ated using the Normalized Discounted Cumulative Gain (NDCG) metric. This metric quanti-
fies the effectiveness of the ranking algorithms in prioritizing relevant documents, with higher
NDCG values indicating superior performance. A baseline comparison is conducted against
the BM25 method for assessing the relative efficacy of the neural ranking GAMs.

3.2. Methods Application
3.2.1. Datasets
This study uses two datasets: SciFact and FiQA-2018. Both datasets have been established
as widely accepted benchmarks in the fields of machine learning and information retrieval.
Table 4.1 summarizes these datasets.

Datasets SciFact FiQA-2018
#Documents 5183 57000
#Queries 1407 6648
Avg#Doc per Query 1.1 2.6
#Train\Dev\Test 80%\0%\20% 80%\10%\10%

Table 3.1: Datasets Description

SciFact: The SciFact dataset is a comprehensive collection of factual claims extracted from
scientific articles, accompanied by annotations denoting their veracity. This dataset serves
as a valuable resource for training and evaluating fact-checking models and natural language
understanding systems designed to retrieve and reason over corpus containing specialized
domain knowledge. The SciFact dataset(Wadden et al., 2020) contains 1.4𝑘 expert-written
scientific claims paired with evidence-containing abstracts annotated with labels and ratio-
nales.

FiQA-2018: The FiQA-2018 dataset(Boteva et al., 2016) is a Question-Answering English
retrieval dataset in the financial information retrieval domain. The financial domain, character-
ized by its reliance on deciphering multiple unstructured and structured data sources and its
imperative for swift and comprehensive decision-making, is increasingly becoming a principal
area for the application of NLP, Web Mining, and Information Retrieval (IR) techniques. This
dataset contained 6648 queries and 57k documents, designed to explore the state-of-the-art
aspect-based sentiment analysis and opinion-based Question Answering for the financial do-
main.

3.2.2. BlackBox Ranking Models
The decision to adopt both Approximate nearest neighbor Negative Contrastive Learning(ANCE)
and MS-MARCO-Electra-base as our black-box ranking models in this paper stems from
their respective strengths and suitability for different aspects of information retrieval tasks.
ANCE within a bi-encoder architecture excels in efficient similarity computation, making it ideal
for rapid retrieval of relevant documents in large-scale systems. Conversely, MS-MARCO-
Electra-base within a cross-encoder architecture offers superior contextual understanding,



3.2. Methods Application 11

enhancing the model’s ability to accurately rank passages based on query relevance. By
selecting black-box ranking models with different structures, we aim to investigate whether
this will affect the interpretability of the GAMs we designed. Additionally, it is worth noting
that ANCE outputs document-query relevance scores using dot product, while MS-MARCO-
Electra-base uses cosine similarity. This difference may affect our choice of loss functions,
which we will explain in detail later.

• ANCE: ANCE, introduced by (Xiong et al., 2020), is a groundbreaking approach de-
signed to enhance confidence estimation in approximate nearest neighbor search within
large-scale retrieval systems. At its core, ANCE employs a bi-encoder architecture, a
distinctive feature that sets it apart in the realm of information retrieval models. This ar-
chitecture involves encoding both queries and documents separately, enabling efficient
similarity computation for retrieval tasks. By leveraging negative contrastive learning
techniques, ANCE significantly improves the effectiveness and scalability of retrieval
systems by accurately estimating confidence scores for candidate documents. This
model is particularly well-suited for large datasets in various information retrieval ap-
plications.

• MS-MARCO-Electra-base: MS-MARCO-Electra-base is a state-of-the-art pre-trained
language representation model developed by UKP Lab, building upon the foundational
framework of the Electra model proposed by (Clark et al., 2020). This model is specif-
ically trained on the MS MARCO dataset, a large-scale dataset designed for a myr-
iad of natural language understanding tasks, including passage ranking and question-
answering. MS-MARCO-Electra-base utilized a cross-encoder architecture. Unlike bi-
encoder architectures, cross-encoder architectures encode input sentences jointly, al-
lowing them to capture intricate contextual dependencies and semantic relationships
more effectively. Through fine-tuning on the MS MARCO dataset, MS-MARCO-Electra-
base demonstrates exceptional proficiency in accurately ranking passages based on
query relevance. In the subsequent sections, we will refer to this model as ”ME” for
brevity.

3.2.3. Experimental Setup
The research question in Chapter 1 is divided into three subtasks, which encompass a compre-
hensive evaluation of Generalized Additive Models (GAMs) across diverse retrieval scenarios,
each designed to address specific aspects of the model performance, effectiveness, and scal-
ability. Through these experiments and analysis, we aim to gain a profound understanding of
GAMs’ capabilities and limitations, thereby informing their practical applicability in real-world
information retrieval tasks.

• Task1: GAMs on one query
Task 1 sets the foundation for evaluating GAMs’ effectiveness by constructing the neural
ranking GAMS based on the top-20 documents retrieved using the BM25 method for
one given query. This task aims to assess the model’s ability to replicate the ranking
results of the original black-box ranker on these most relevant documents. By comparing
the ranking results and calculating Kendall’s Tau value, we can quantify the degree of
correlation between the GAMs’ rankings and those generated by the black-box ranker,
providing the evaluation for the model’s performance and fidelity.

• Task 2: GAMs on the SciFact dataset
Expanding on the evaluation scope, Task 2 aims to conduct a comprehensive assess-
ment of GAMs using the whole SciFact dataset. With a diverse array of queries encom-
passing various topics, this task provides a holistic evaluation of the GAMs’ performance
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across a wide spectrum of ranking scenarios. The retrieval process entails retrieving the
top-10 documents for each query in the SciFact dataset utilizing the BM25 method. With
a total of 1109 queries available, the SciFact dataset is partitioned into two sets for train-
ing (887 queries) and testing (222 queries). Similar to Task 1, Kendall’s Tau value is
computed for each query in the test set, assessing the degree of correlation between
the ranking lists generated by the GAMs and those produced by the original black-box
ranker. By analyzing the ranking results across all queries in the dataset, we can evalu-
ate the GAMs’ overall performance and effectiveness in replicating the ranking outcomes
of the black-box ranker across the whole dataset, thereby informing their suitability for
practical applications in real-world scenarios.

• Task 3: Optimization and evaluations of the GAMs
Due to the extended training time required for Task 2, Task 3 focuses on assessing the
scalability of GAMs through optimization strategies. With a focus on optimizing training
time and computational resources, we optimize the research method in Task 2 to expe-
dite the training process while maintaining optimal performance. In this task, a subset of
150 queries is selected from the datasets to mitigate computational demands. For each
selected query, the top-100 documents are retrieved using the BM25 method, and every
tenth document is selected, resulting in ten documents per query. The GAMs are then
constructed and trained on these selected documents, with 120 queries used for train-
ing and the remaining 30 queries for testing. Kendall’s Tau value is calculated for each
query in the test set to evaluate the scalability and performance of GAMs with optimized
training strategies. This task aims to assess the feasibility of using GAMs in scenarios
where computational resources are limited and training time is a critical factor.

3.3. The Neural Ranking GAMs
As we mentioned in Chapter 2, Zhuang et al. (2020) proposed an interpretable ranking model
based on Generalized Additive Models (GAMs). In their framework, standalone neural net-
works were used to instantiate sub-models within GAMs for individual features. This approach
combined the flexibility of neural networks with the interpretability of traditional GAMs. Specif-
ically, the model computed item-level features for each item based on a user query. Each
sub-model took a single item-level feature as input and produced a corresponding sub-score.
Drawing inspiration from this research, we designed our interpretable ranking model for this
paper. The process of designing the GAMs consists of four main parts: candidate term selec-
tion, choice of loss function, network architecture design and hyperparameter settings.

3.3.1. Candidate Term Selection
Candidate term selection involves identifying keywords that represent the documents corre-
sponding to each query for ranking, and using these keywords to construct a vocabulary. Each
word in this vocabulary serves as an input feature for our GAMS model. For Task 1, we begin
by pre-selecting an initial set of terms from the top 20 documents of the ranking list for a given
query. This pre-selection is conducted after removing common and generic terms through
TF-IDF filtering. In our experiments, we initially chose 400 terms. However, not all of these
terms contribute meaningfully to the explanation, and many may be false positives. To mitigate
this issue, we employed a systematic perturbation method. This involved iteratively removing
and adding terms to the documents, and evaluating the impact of these changes. Through
this process, we refined our selection and retained the top 200 terms, which served as our
candidate term set.
For Task 2 and Task 3, we utilized a similar methodology as described in Task 1 to select
candidate terms for each query. The candidate terms were again chosen through a combina-
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tion of TF-IDF filtering and systematic perturbation. After selecting candidate terms for each
individual query, we aggregated all the candidate terms from each query, including those from
both the test set and the training set. This aggregation resulted in a comprehensive vocabulary
that encapsulates a broad range of relevant terms across all queries.

3.3.2. Choice of Loss Function
In our research, we have employed two distinct list-wise loss functions to optimize the ranking
performance of our model: Mean Squared Error (MSE) loss and ListNet loss. We will com-
pare and evaluate the differences in results by combining these two loss functions with the
two types of black-box models as described before.
Mean Squared Error (MSE) Loss:
Mean Squared Error (MSE) loss is a widely-used loss function, particularly in regression tasks.
It measures the average of the squares of the errors, that is the difference between the pre-
dicted values and the actual values. Formally, MSE is defined as:

𝑀𝑆𝐸 = 1
𝑛Σ

𝑛
𝑖=1(𝑦𝑖 − 𝑦̂𝑖)2 (3.1)

where 𝑦𝑖 represents the actual value, 𝑦̂𝑖 represents the predicted value, and n is the number
of relevant documents.
In the context of document ranking, MSE loss evaluates the discrepancy between the pre-
dicted relevance scores of the documents and the actual relevance scores. By minimizing the
MSE loss, the model is trained to produce relevance scores that are as close as possible to
the true relevance scores. This approach is advantageous because it penalizes larger errors
more heavily, thereby encouraging the model to make accurate predictions. The use of MSE
loss in ranking ensures that the predicted relevance scores maintain a close alignment with
the actual relevance scores, which is crucial for effective ranking.
ListNet Loss:
ListNet loss, on the other hand, is specifically designed for ranking tasks. It is based on the
ListNet learning to rank algorithm, which focuses on directly optimizing the order of the items
rather than their absolute scores. ListNet uses a probability distribution over permutations to
define the loss function. The key idea is to minimize the distance between the probability dis-
tributions of the predicted and actual permutations of the documents.
ListNet loss is defined using the top-one probability, which considers the probability of each
document being the top-ranked document. This probability is computed using a softmax func-
tion over the predicted scores. Formally, the top-one probability for a document 𝑑𝑖 is given by:

𝑃(𝑑𝑖) =
𝑒𝑦̂𝑖

Σ𝑗𝑒𝑦̂𝑗
(3.2)

where 𝑦̂𝑖 is the predicted score for document 𝑑𝑖.
The ListNet loss function then measures the cross-entropy between the predicted top-one
probabilities and the actual top-one probabilities derived from the ground truth rankings. This
is formally expressed as:

𝐿𝑖𝑠𝑡𝑁𝑒𝑡𝐿𝑜𝑠𝑠 = −Σ𝑖𝑃(𝑑𝑖)𝑙𝑜𝑔𝑃̂(𝑑𝑖) (3.3)

where 𝑃(𝑑𝑖) is the actual probability distribution and (̂𝑃)(𝑑𝑖) is the predicted probability distri-
bution.
By minimizing the ListNet loss, the model is trained to produce a ranking order that closely
matches the true ranking order. This approach is particularly beneficial for ranking tasks be-
cause it directly optimizes the order of the documents, which is the primary objective in ranking
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scenarios.
Comparison and Use in Our Model: Both MSE loss and ListNet loss have their distinct ad-
vantages. MSE loss is straightforward and ensures that the predicted scores are numerically
close to the actual scores. This is useful for tasks where the precise value of the scores is
important. However, in ranking tasks, the order of the documents is often more important than
the exact scores. This is where ListNet loss excels, as it directly optimizes the ranking order
by considering the permutations of the documents.
In our experiments, since the ANCE model outputs document scores based on dot product,
the values of the ground truth score are typically large and not within the range of 0 to 1. Using
MSE loss may result in excessively large loss values, causing the model to converge slowly.
We utilize both MSE and ListNet loss function to compare their effectiveness.

3.3.3. Network Architecture Design

Figure 3.2: A graphical illustration of a neural ranking GAM

This section primarily describes the design and construction of the nueral ranking GAM struc-
ture used in this study for document ranking.For a given query, our approach involves building
a scoring function that predicts the ranking score 𝑦 for each corresponding document in the
ranking list using a neural ranking GAM. Each document can be represented by several words
from the selected vocabulary, with each candidate term in a document taken as a feature 𝑥𝑖.
To achieve this, we designed a standalone neural network for each feature 𝑥𝑖. Each of these
neural networks outputs a single ”subscore” 𝑠𝑖 ∈ 𝑅. Consequently, we have 𝑛 separate neural
networks in total, where 𝑛 is the number of features. We adopted pre-trained GloVe word
vectors for word embedding in our task, which transform each word into a 100-dimensional
vector. These embeddings provide a rich representation of the semantic information of the
words.
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For each feature, we constructed a feed-forward network with 𝐿hidden layers, as depicted in
Figure 3.2. Each sub-network processes its respective feature to output a subscore. The final
predicted score 𝑦 for a document is obtained by summing all the subscores from the individual
feature networks:

𝑦 = Σ𝑛𝑖=1𝑠𝑖 (3.4)

This additive structure allows each feature to contribute independently to the final score, align-
ing with the principles of GAMs, where the effect of each feature is modeled separately and
then combined. During training, we stacked the predicted scores for all documents to construct
a predicted ranking list for each query. The predicted ranking list is then compared against
the ranking results produced by the original black-box ranker. The loss is computed based on
this comparison, guiding the optimization of the neural networks

3.3.4. Hyperparameter Settings for the Neural Ranking GAM

Task Task1 Task2 Task3
#Dataset SciFact FiQA-2018 SciFact SciFact FiQA-2018
#Black-box ranker ANCE ME ANCE ANCE ME ANCE ME
#Batch Size 1 8 8
#Number of steps for train 100 100 3 30 30
#Number of sub-networks 200 200 4k 3.3k 3k
#Size for hidden layers 50,30 50,30 50,30
#Learning rate 0.001 0.001 0.001
#Loss ListNet MSE ListNet ListNet MSE MSE ListNet

Table 3.2: Hyperparameter values for the neural ranking GAM

Table 4.2 provides an overview of the hyperparameter settings used for the neural ranking
GAM across three different tasks. These tasks involve different datasets, black-box rankers,
batch sizes, training steps, number of sub-networks, hidden layer sizes, learning rates, and
loss functions.
For Task 1, we use the SciFact and FiQA-2018 datasets, with the ANCE model as the black-
box ranker for SciFact and the ME model for FiQA-2018. Both datasets have a batch size
of 1, and the training involved 100 steps. Each task uses 200 sub-networks, indicating the
selection of 200 distinct features. The neural networks for each feature have hidden layers of
sizes 50 and 30, and the learning rate is set at 0.001. The loss functions differed: ListNet loss
is used for SciFact, while MSE loss is used for FiQA-2018.
In Task 2, the SciFact dataset is evaluated with the ANCE black-box ranker. This task has a
larger batch size of 8, suggesting the need for efficient batch processing due to the dataset’s
size. The training is preliminary, with only 3 steps, and involves 4000 sub-networks, reflecting
a comprehensive feature set. The hidden layer sizes and learning rate remain the same as in
Task 1. ListNet loss is used to optimize the ranking performance.
Task 3 involves a comparative evaluation using both SciFact and FiQA-2018 datasets, with
both ANCE and ME rankers. The batch size is consistently set at 8, ensuring efficient training.
Each configuration undergoes 30 training steps, indicating a more thorough training phase.
The number of sub-networks varies slightly, with 3300 for SciFact and 3000 for FiQA-2018.
The hidden layer sizes and learning rate are consistent across all configurations. The loss
functions vary to explore their impacts: ListNet loss is used with ANCE for SciFact and with
ME for FiQA-2018, while MSE loss is used with ME for SciFact and with ANCE for FiQA-2018.
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3.4. Evaluation Metrics
In this study, we employed two primary evaluation metrics to assess the performance of our
neural ranking Generalized Additive Model (GAM): Normalized Discounted Cumulative Gain
(NDCG) and Kendall’s 𝜏 value.

3.4.1. Normalized Discounted Cumulative Gain (NDCG)
NDCG is a widely used metric in information retrieval that measures the effectiveness of a
ranking system based on the positions of relevant documents in the result list. The goal of
NDCG is to provide a more nuanced evaluation than traditional metrics like precision and
recall by considering the rank positions of the relevant documents. The relevance scores are
typically discounted logarithmically, emphasizing the importance of higher-ranked documents:

𝐷𝐶𝐺𝑝 = Σ𝑝𝑖=1
2𝑟𝑒𝑙𝑖 − 1
𝑙𝑜𝑔2(𝑖 + 1)

(3.5)

Where 𝑟𝑒𝑙𝑖 is the relevance score of the document at position 𝑖, and 𝑝 is the number of top
results considered. The DCG is then normalized by the Ideal DCG (IDCG), which is the DCG
of the ideal ranking where the most relevant documents are ranked at the top:

𝑁𝐷𝐶𝐺𝑝 =
𝐷𝐶𝐺𝑝
𝐼𝐷𝐶𝐺𝑝

(3.6)

NDCG values range from 0 to 1, with 1 indicating a perfect ranking where the most relevant
documents are positioned at the top. This metric is particularly useful for evaluating ranking
models because it not only considers the relevance of the retrieved documents but also their
order, thus providing a more comprehensive measure of the ranking quality.

3.4.2. Kendall’s Tau Value
Kendall’s 𝜏 value is a rank correlation coefficient that measures the ordinal association be-
tween two ranked lists. It evaluates the similarity between the predicted ranking and the
ground truth ranking by counting the number of concordant and discordant pairs. A pair of
documents (𝑖, 𝑗) is concordant if the rank ordering of the documents is the same in both lists
and discordant if the rank ordering is different Kendall’s Tau is defined as:

𝜏 = 𝐶
𝐶2𝑛

(3.7)

where 𝐶 is the number of concordant pairs, and 𝑛 is the total number of document pairs. The
value of Kendall’s Tau ranges from -1 to 1, where 1 indicates perfect agreement between the
two rankings, -1 indicates perfect disagreement, and 0 indicates no correlation.
In this experiment, I categorized Kendall’s 𝜏 values into four distinct intervals. Higher values
of Kendall’s 𝜏 suggest a stronger agreement or correlation between the predicted ranking and
the ground truth ranking, indicating better performance and consistency of the ranking model.
Conversely, lower values of Kendall’s 𝜏 indicate less agreement or correlation, reflecting poorer
performance and inconsistency in the rankings.
To provide a more detailed understanding, the 𝜏 values were divided as follows:

1. 𝜏 > 0.75: This interval represents a very strong correlation, indicating that the predicted
ranking is almost perfectly aligned with the ground truth.

2. 0.5 < 𝜏 ≤ 0.75: Values in this range suggest a strong correlation, implying that the
model’s ranking is closely aligned with the actual relevance, albeit with some minor dis-
crepancies.
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3. 0.25 < 𝜏 ≤ 0.5: This range indicates a moderate correlation, showing that while there is
some agreement between the rankings, there are notable differences.

4. 0 < 𝜏 ≤ 0.25: Values in this interval reflect a weak correlation, suggesting that the
model’s ranking does not align well with the ground truth, indicating significant inconsis-
tencies.

In summary, by categorizing Kendall’s 𝑡𝑎𝑢 values into these intervals, we can better evaluate
and interpret the performance of the ranking model. High 𝜏 values, particularly those above
0.5, suggest that the model is performing well and producing rankings that are strongly corre-
lated with the true relevance judgments. This approach provides a comprehensive framework
for assessing the consistency and accuracy of the model’s rankings, thereby ensuring appro-
priate performance evaluation.

3.5. System Requirements
3.5.1. Hardware
The process of data analysis and training of machine learning models requires significant
computational power and storage resources. To execute the experiments in this study, I utilized
a DESKTOP-A9EFOVM equipped with an Intel(R) Core(TM) i7-10875H CPU processor, a
Google Colab V100 GPU, and 16GB of RAM.

3.5.2. Software
Python is selected as the programming language for this project due to several key advan-
tages that align well with the demands of machine learning and data analysis. Its ease of
use and robust support for object-oriented programming facilitate the development of com-
plex algorithms and models. Furthermore, Python’s compatibility with various popular libraries
and frameworks significantly enhances its utility for scientific computing and machine learning
tasks. The primary framework of the neural ranking GAM is implemented in PyTorch, taking
advantage of its dynamic graph construction and extensive support for neural network opera-
tions. This project also leveraged the strengths of several notable libraries, which collectively
contributed to its successful execution:

1. BEIR (Benchmarking Information Retrieval): This library provides a suite of bench-
marks for evaluating information retrieval models across diverse datasets and tasks.
BEIR offers standardized evaluation metrics and a comprehensive framework for com-
paring different retrieval methods, making it an invaluable tool for ensuring the robust-
ness and generalizability of ranking models. In this project, BEIR facilitates rigorous
evaluation and comparison of the neural ranking GAM against established benchmarks
and provides the pre-trained black-box rankers for the training tasks.

2. Pyesrini: This library, serves as an information retrieval framework and provides efficient
tools for data loading, preprocessing, and model evaluation. Pyserini supports sparse
retrieval, dense retrieval (involves deep learning), and hybrid retrieval which integrates
both approaches. In this project, we use Pyesrini to do the BM25 sparse retrieval.

3. PyTorch: This open-source machine learning library, developed by Facebook’s AI Re-
search lab (FAIR), is renowned for its dynamic computational graph and ease of use in
building neural networks. PyTorch offers robust support for GPU acceleration, making
it a preferred choice for deep learning applications. The fundamental framework of this
project is developed using PyTorch, leveraging its flexibility and comprehensive ecosys-
tem for implementing and training the neural ranking GAM.
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4. Scikit-Learn: This free software machine learning library offers a comprehensive suite
of tools for classification, regression, and clustering algorithms. Scikit-Learn’s user-
friendly interface and efficient implementations of numerous algorithms made it a cor-
nerstone for model building and evaluation in this project.

5. Matplotlib: For data visualization, Matplotlib is a go-to library in the Python ecosys-
tem. It enables the creation of high-quality plots and visualizations, which are vital for
understanding data distributions, model performance, and results. Matplotlib’s ability to
integrate with GUI toolkits also allows for embedding plots into applications, enhancing
their usability.

6. NumPy: As a foundational library for numerical computing in Python, NumPy provides
powerful capabilities for working with large, multi-dimensional arrays and matrices. Its
extensive collection of mathematical functions supports efficient array operations, essen-
tial for data preprocessing and numerical computations in machine learning workflows.
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Results

Once the hyperparameters were appropriately configured, the models were trained and evalu-
ated on their respective datasets and splits. This chapter presents a comprehensive analysis
of the experimental results for the three tasks mentioned in Chapter 4.

4.1. Task 1
In this task, we evaluated the performance of our neural ranking Generalized Additive Models
(GAMs) in explaining one single ranking output of black-box rankers on two datasets: Sci-
Fact and FiQA-2018. For each dataset, one query was randomly selected, and the top-20
documents retrieved by BM25 were reranked using the black-box rankers—ANCE for SciFact
and ME for FiQA-2018. The effectiveness of our neural ranking GAMs was measured using
Kendall’s 𝜏.
Both the SciFact and FiQA-2018 datasets presented similar outcomes in our experiment, al-
lowing for a unified analysis. Throughout the training process, Kendall’s 𝜏 was continuously
monitored for both datasets. Remarkably, in both cases, Kendall’s 𝜏 value reached a perfect
score of 1 after 60 training epochs and remained unchanged thereafter. This consistency in-
dicates that the rankings produced by our neural ranking GAM models were identical to those
generated by the respective black-box rankers (ANCE for SciFact and ME for FiQA-2018) for
the given queries.
The achievement of Kendall’s 𝜏 value of 1 across both datasets is highly significant. It demon-
strates that our neural ranking GAM models have successfully captured and replicated the
ranking logic of the black-box models, providing a perfect explanation for one single query.

4.2. Task 2
In Task 2, we exclusively utilize the SciFact dataset. For each query within the SciFact dataset,
we select the top-10 documents for reranking based on the BM25 method. To streamline
processing and enhance training efficiency, we adopt a batching strategy where eight queries
are grouped into one batch, allowing for the simultaneous processing of multiple samples.
We started with constructing a global vocabulary comprising 4056 distinct candidate terms,
encompassing all queries within this dataset, in accordance with the methodology delineated
in Section 3.2. Subsequently, we proceed with the training and testing phases. Among the
1109 queries in the dataset, 887 are allocated for training purposes, with the remaining 222
designated for testing. Despite the implementation of batch training, the duration for one epoch
remains at five hours, thereby limiting our training to three epochs. It is imperative to note that
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(a) Epoch 1 (b) Epoch 2 (c) Epoch 3

Figure 4.1: The positive Kendall’s 𝜏 value distribution in first three epochs

traditional Kendall’s 𝜏 values are utilized here:

𝜏 = 𝐶 − 𝐷
𝐶2𝑛

(4.1)

where 𝐶 is the number of concordant pairs, 𝐷 is the number of discordant pairs, and 𝑛 is the
total number of document pairs, so the negative values are possible. This serves as a main
point for optimization in Task 3.
Across these three epochs, we observe an increase in the number of positive Kendall’s 𝜏
values, with counts of 142, 147, and 152, respectively. Figure 4.1 illustrates the distribution of
positive Kendall’s 𝜏 values during the initial three epochs. Notably, there is a notable increase
in the number of test results falling within the intervals [0.25, 0.5) and [0.5, 0.75) as the training
epochs progress. The average Kendall’s 𝜏 values for the three epochs were 0.256, 0.292,
and 0.293, as shown in Table 4.1. This gradual increase in the average 𝜏 values indicates an
improvement in the model’s performance over the epochs. Although the improvement from
the second to the third epoch appears marginal, the consistent increase from the first to the
second epoch demonstrates that the model is learning and refining its ranking predictions to
better align with the ground truth. Simultaneously, there is a corresponding increment in the
count of positive values. This trend signifies that the predicted outcomes of the GAM model
on the test set are exhibiting a heightened correlation with the ground truth.

Epoch 1 2 3
Average 𝜏 value 0.256 0.292 0.293

Table 4.1: Average 𝜏 value for each epoch in Task 2

Although Task 2 demonstrates that the model is being optimized through training, it is evident
that the majority of test queries still fall into the lower 𝜏 value ranges, and the changes are
not significantly pronounced. Furthermore, the training time for a single epoch precludes the
possibility of conducting more epochs. Therefore, Task 3 includes optimizations for both the
experimental setup and evaluation methods to address these issues.
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4.3. Task 3

(a) Epoch 1 (b) Epoch 10

(c) Epoch 15 (d) Epoch 20

(e) Epoch 25 (f) Epoch 30

Figure 4.2: The Kendall’s 𝜏 value distribution in first 30 epochs(SciFact+ANCE)

In Task 3, which represents the primary experimental work of this paper, we implemented
several key optimizations to address the extended training times observed in Task 2. First,
we randomly selected 150 queries from each dataset, with 120 queries for training and 30
for testing, to manage the dataset size more efficiently. To ensure document diversity, we
retrieved the top-100 documents for each query based on the BM25 method and selected
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(a) Epoch 1 (b) Epoch 10

(c) Epoch 15 (d) Epoch 20

(e) Epoch 25 (f) Epoch 30

Figure 4.3: The Kendall’s 𝜏 value distribution in first 30 epochs(SciFact+ME)
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every tenth document for reranking. This approach ensures a broader spectrum of document
relevance. Additionally, we increased the number of candidate terms per document from 5 to
10, providing the model with a richer set of features to enhance its ranking capabilities. We
applied the methodology described in Section 3 to calculate Kendall’s 𝜏 values and compared
the 𝑁𝐷𝐶𝐺@10 against the BM25 baseline. The test results for both datasets are shown as
follows.

4.3.1. SciFact
ANCE Bi-Encoder Model Explanation:
For the ANCE bi-encoder model, we employed the ListNet loss function to optimize themodel’s
performance. Throughout the training process, we continuously monitored and assessed the
model’s progress using Kendall’s 𝜏. Additionally, we implemented checkpoints at different
stages of training to save models based on the loss incurred.
Kendall’s 𝜏 value distribution in the first 30 epochs, as depicted in Figure 4.2. A 𝜏 > 0.5 is
considered as a strong correlation between the predicted ranking list and the original ranking
list. Over the training epochs, we observed a decrease in the quantity of weak correlations,
with more values entering the range above 0.5. Upon reaching epoch 30, half queries demon-
strated a strong correlation among the 30 test sets evaluated. This observation shows our
neural ranking GAMs well explain the original model.
ME Cross-Encoder Model Explanation:
For the ME cross-encoder model, we chose the MSE loss as the loss function. In compari-
son to the ANCE bi-encoder model, we observed larger fluctuations in the performance of this
model. This variation could potentially be attributed to the change in loss function.
In Figure 4.3, we noted that the model’s effectiveness peaked around the twentieth epoch,
after which its performance gradually deteriorated. We attribute this phenomenon to various
factors, including limited diversity, overfitting, and gradient instability:

1. Limited Diversity: Since we only use a subset of the dataset, small datasets often lack
the diversity and variability necessary for robust model training. The model may struggle
to capture the underlying patterns in the data, especially if the dataset is not represen-
tative of the broader population or lacks sufficient coverage of different scenarios or
conditions.

2. Overfitting: With a limited amount of data, there’s a higher risk of overfitting when using
MSE loss. The model may learn to fit the training data too closely, capturing the fea-
tures specific to the dataset rather than generalizable patterns. As a result, the model’s
performance on new, unseen data may lead to a worse performance.

3. Gradient Instability: For small datasets, the gradients computed using MSE loss may
be less stable. Variations in the data can result in large fluctuations in the gradients,
making it challenging for the optimization algorithm to converge to a satisfactory solution.
This instability can hinder the model’s ability to learn effectively.

Summary:

Ranker ANCE + ListNet Loss ME + MSE Loss
Average 𝜏 value 0.516 0.551

Table 4.2: Average 𝜏 value for two black-box rankers on the SciFact dataset

In Table 4.2, we show the best average Kendall’s 𝑡𝑎𝑢 value in 30 epochs of the two black-
box rankers on the SciFact dataset. We observe that using MSE loss resulted in a value of
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0.551 while using ListNet loss resulted in a value of 0.516. Both results fall in the range of
strong correlation, indicating good performance. Several factors may contribute to MSE loss
performing better than ListNet loss on this dataset. First, MSE loss directly minimizes the
squared error between predicted and true values, offering a clear optimization objective. This
direct approach helps the model effectively learn ranking patterns, unlike ListNet loss, which
involves complex sorting and softmax operations. Additionally, MSE loss is relatively insen-
sitive to changes in model complexity and can adapt well to models of varying complexity. In
ranking tasks, where the model may need to handle complex features and relationships, MSE
loss provides a robust optimization framework that performs well across different model archi-
tectures. This robustness ensures that the model can achieve good performance regardless
of its complexity. Furthermore, MSE loss is a straightforward and intuitive function, making it
easier to interpret and understand the optimization process compared to ListNet loss rely on
cross-entropy and softmax operations. These factors collectively make MSE loss a preferred
choice in this task, resulting in superior performance and more reliable rankings.

4.3.2. FiQA-2018
ANCE Bi-Encoder Model Explanation:
For the ANCE bi-encoder model, we employed the MSE loss function to optimize the model’s
performance. Kendall’s 𝜏 value distribution in the first 30 epochs, as depicted in Figure 4.4. We
observed that the model’s performance did not exhibit significant improvement with increasing
epochs. Even by epoch 30, only 10 files fall in the strong correlation range.
The discrepancy in model performance can be primarily attributed to the nature of relevance
scores generated by the ANCE ranker. The use of dot products for scoring tends to produce
larger values compared to cosine similarity-based scores. MSE loss function in this context
poses challenges due to the inherent properties of dot product scores, which tend to magnify
errors, resulting in exceptionally large loss values during training. This phenomenon makes it
difficult for the model to converge to a reasonable solution within a feasible number of epochs.
However, we utilized the ListNet Loss for the ANCE ranker on the SciFact dataet before and
the model performance was much better. This difference in scale highlights the importance
of employing appropriate normalization techniques, such as the softmax function within the
ListNet Loss framework. The softmax function effectively handles the varying magnitudes of
relevance scores, leading to more stable and reliable optimization in our previous work.
ME Cross-Encoder Model Explanation:
For theME cross-encodermodel, we chose the ListNet loss as the loss function. In comparison
to the ANCE bi-encoder model, we observed the performance of this model is more stable and
superior. As shown in Figure4.5, one observation is that over half of the queries consistently
fall within the strong correlation range. However, compared to the SciFact dataset, there are
relatively fewer 𝜏 values exceeding 0.75. This discrepancy might be attributed to the fact
that the number of documents in the FiQA dataset is ten times larger than that in the SciFact
dataset. Achieving a high level of consistency becomes significantly more challenging with
such a vast corpus.
Summary:

Ranker ANCE + MSE Loss ME + ListNet Loss
Average 𝜏 value 0.433 0.531

Table 4.3: Average 𝜏 value for two black-box rankers on the SciFact dataset

In Table 4.3, we show the best average Kendall’s 𝑡𝑎𝑢 value in 30 epochs of the two black-box
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rankers on the FiQA-2018 dataset. We observe that using MSE loss combined with ANCE
ranker resulted in a value of 0.433, this is also the only one among the four models with an
average 𝜏 value below 0.5. The utilization of MSE Loss in the dot product-based ranking scores
is not suitable. Additionally, refining the normalization and scaling techniques applied to the
relevance scores could help mitigate the challenges associated with training convergence and
loss optimization.

(a) Epoch 1 (b) Epoch 10

(c) Epoch 15 (d) Epoch 20

(e) Epoch 25 (f) Epoch 30

Figure 4.4: The positive Kendall’s 𝜏 value distribution in first 30 epochs(FiQA-2018+ANCE)
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(a) Epoch 1 (b) Epoch 10

(c) Epoch 15 (d) Epoch 20

(e) Epoch 25 (f) Epoch 30

Figure 4.5: The positive Kendall’s 𝜏 value distribution in first 30 epochs(FiQA-2018+ME)
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4.3.3. NDCG Evaluation

Datasets BM25 ANCE ANCE+GAM ME ME+GAM
SciFact 48.7 48.7 25.6 47.4 18.3

FiQA-2018 15.5 15.9 7.15 17.16 10.69

Table 4.4: NDCG@10 of the BM25,Black-box Rankers,and GAMs

From Table 4.4, it can be observed that the NDCG@10 results of our model are worse than
the BM25 baseline on both datasets. The observed disparity can be attributed to several fac-
tors related to the methodology employed in the evaluation. In this section, we will explain the
reasons for this issue and propose feasible solutions to address it.
In our experiments, for each query, we selected 10 documents for reranking from the BM25
retrieval top-100 results by picking every 10th document to ensure diversity. However, the
qrels in both datasets provide for each query with only one or two documents marked as
most relevant. In this scenario where only one or two documents are deemed relevant, the
NDCG@10 score is predominantly determined by whether these highly relevant documents
appear within the reranking list. If these documents are absent from the documents we picked
for the reranking task, the NDCG@10 score will be 0.
The NDCG results for each query provided by BM25 are generally either 1 or 0. This indicates
that the results from BM25 either contain the most relevant document in the first position or
do not contain it at all. This phenomenon occurs because we sample every tenth document,
resulting in significant differences between documents. Essentially, if the first document in the
reranking list is not the same as the qrels-provided ground truth, it is unlikely that any sub-
sequent documents will be. This situation makes it challenging for our model to outperform
BM25.
If we selected the top-10 documents in the retrieval results for the reranking task, our model’s
performance might improve. This is because the ground truth document is likely to be among
these ten documents, allowing our model to rank the ground truth document higher, thereby
achieving a higher NDCG@10 score than BM25. However, this approach would increase the
difficulty of training our model, as the relevance differences among the top-10 documents are
minimal. This rationale explains why we sample every tenth document.
To address this issue, we can select top-20 or top-30 documents for one query from the top-
100 documents retrieved by BM25 for reranking and use these documents to train our model.
This approach ensures both relevance and a sufficient quantity of documents to include the
ground truth document. Subsequently, we can compute the NDCG results for the top-10
documents. This necessitates further optimization of our candidate term selection process.
Currently, the vocabulary size for the ten documents within one query exceeds 3000 words,
which complicates model simplification and extends training time.
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This section addresses the three tasks presented in section 3.2 by analyzing the findings from
the results. Subsequently, a more comprehensive examination of the limitations and future
work is provided.

5.1. Conclusion
The experimental evaluation of the neural ranking interpretability models reveals insights into
their efficacy across diverse tasks and datasets. Initially, the investigation focused on the
performance of neural ranking Generalized Additive Models (GAMs) in explaining the ranking
output of black-box rankers. Notably, the models achieved a perfect Kendall’s 𝜏 score of 1 for
one given query across both the SciFact and FiQA-2018 datasets, demonstrating their ability
to replicate the ranking logic of the black-box models locally.
Subsequently, the model performance on a larger scale is evaluated, albeit with challenges
such as limited dataset diversity and training time constraints. We implemented several opti-
mization strategies to address these issues, including dataset size reduction and refinement
of document selection methodologies, which is pivotal in enhancing model efficacy and ad-
dressing training time constraints. A comprehensive analysis of the GAMs on the SciFact and
FiQA-2018 datasets was conducted, and three out of the four interpretability models achieved
a strong correlation.
However, challenges such as fluctuatingmodel performance and convergence difficulties were
encountered, particularly with the ANCE bi-encoder model combined with the MSE Loss Func-
tion on the FiQA-2018 dataset. We analyzed this situation and proposed that when dealing
with relatively large relevance scores, applying softmax to the ranking list can be beneficial.
This allows for obtaining the probability distribution of the desired ranked documents, effec-
tively controlling the relevance scores within a reasonable range.

5.2. Limitations
In Section 4.3.3, a critical observation concerning the disparity in NDCG@10 results compared
to the BM25 baseline on both datasets. Due to our efforts to reduce the number of training
documents while ensuring document diversity, we sampled every tenth document from the top
100 retrieved documents, resulting in lower NDCG values for our model. Moreover, focusing
on only 150 queries from a dataset with thousands of queries, with only 30 used for testing,
inevitably impacts the scalability performance of our model. Additionally, we conducted only
one experiment for each of the four scenarios in Task 3 with time constraints, necessitating
further assessment of the stability of the trained GAMs. Lastly, we observed that each vo-
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cabulary in Task 3 contains over 3000 keywords, with a significant portion of words in most
documents likely to be included in this vocabulary, possibly ranging from 40% to 50%. Such
a large number of keywords can result in an excessive number of subnetworks in our GAMs,
leading to prolonged training times.

5.3. Future Work
Future research should focus on developing and evaluating novel sampling strategies tailored
explicitly for the candidate term selection. These strategies aim to address the challenges
associated with a large number of words in ranking and seek to enhance the scalability and
efficiency of the neural ranking GAMs.
Another important direction for future work is to explore alternative list-wise loss functions.
From the experiments, we can observe that the two loss functions we employed each have
their drawbacks, which impact the effectiveness of model training.
Lastly, future studies need to assess the generalizability and robustness of the GAMs in rank-
ing tasks. It is essential to evaluate its performance across diverse domains and datasets, like
conducting experiments on different types of ranking scenarios, such as web search, recom-
mendation systems, or social media ranking.
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