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Abstract

Transformer-based architectures have significantly advanced the field of Information Retrieval
(IR) by enabling semantic understanding that surpasses traditional term-frequency models. Hybrid
approaches, which combine efficient sparse retrievers like BM25 with effective dense retrieval meth-
ods are becoming more popular for balancing performance and efficiency. However, the application
of advanced hybrid systems often requires dedicated infrastructure and technical expertise, as existing
toolkits are primarily research-oriented and not designed for simple integration.
To bridge this gap, this work introduces an open-source Elasticsearch plugin that implements the
interpolation-based re-ranking framework from Leonhardt et al. [23] This plugin simplifies the adop-
tion of hybrid re-ranking by making the technique easily accessible within existing pipelines.
Furthermore, this work explores learning-based optimization methods to optimize the interpolation
constant α. The research investigates two main strategies: (1) direct, gradient-based optimization to
determine an optimized global value for α , and (2) the development of lightweight adaptor models
that dynamically predict context-aware α values for each query or query-document pair. These adap-
tors are based on Feedforward Neural Networks and Neural Tensor Network architectures.
Empirical results suggest that these learning-based methods, particularly the dynamic adaptors, can
outperform traditional grid search methods for tuning α, due to their dynamic adjustment in a
query/document basis. The benefits were especially strong in out-of-domain scenarios, where the
adaptors showed improved performance for encoders that were not pre-trained on the target domain,
without requiring fine-tuning of the full backbone architecture.
This work delivers a practical, easy-to-use tool for hybrid re-ranking in Elasticsearch, a novel method-
ology for optimizing its core re-ranking parameter, and proposes adaptor models that can deliver better
performance than a fixed interpolation value in hybrid re-ranking.

a.seguralorente@student.tudelft.nl
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Chapter 1

Introduction

Advancements in the field of Machine Learning, particularly the transformer architecture [43], have
brought important progress to the field of Information Retrieval (IR) by enabling the consideration
of latent semantic features in information resources, rather than purely relying on frequency-based
approaches. While simplistic, sparse retrieval techniques such as BM25 remain widely used due to their
efficiency and robustness. Moreover, hybrid approaches can combine benefits from both paradigms,
therefore their use has been on the rise. For example, Leonhardt et al. [23], proposed an interpolation-
based re-ranking method which combines sparse and dense retrieval signals for re-ranking, achieving a
performance improvement while maintaining efficiency. Despite its promise, the practical application of
hybrid systems of this nature commonly require technical expertise and infrastructure that is not readily
available to all users. Existing toolkits are usually research-oriented and are not designed for simple
integration into existing retrieval frameworks or pipelines. To address this gap, this thesis presents an
open-source Elasticsearch plugin that implements the interpolation-based re-ranking method proposed
by Leonhardt et al [23]. The plugin supports efficient re-ranking by fusing BM25 and dense similarity
scores through an interpolation parameter α, which controls their relative contributions.
This work also experiments with methods to automatically optimize the interpolation constant that defines
the final weighted query-passage score, by using gradient-based optimization methods. Experimentation
is carried out with methods that directly optimize the interpolation constant, attempting to find an
optimal global value. Furthermore, it is hypothesized that a fixed global value of α may limit re-ranking
effectiveness. This work explores whether this is the case, and to address this limitation, four adaptor
model architectures that dynamically predict α interpolation values are proposed. Such models are
based on Feedforward Neural Networks, and Neural Tensor Network architectures [41]. Notably, the
obtained results suggest that the proposed dynamic, context-aware adaptors are specially beneficial for
out-of-domain scenarios.
The main research questions addressed by this study are the following:

• RQ 1 How can learning-based methods optimize the interpolation weight α in hybrid re-ranking?
• RQ 2 Can lightweight adaptors improve performance when using pre-computed embeddings from

non-domain-specific encoders?
• RQ 3 Can a native Elasticsearch (or equivalent framework) plugin/tool be developed to implement

the Fast-Forward Indexes approach while making its setup simple? Moreover, how can insights
from RQ1 be applied to this implementation?

1





Chapter 2

Background

2.1 Information Retrieval (IR) Fundamentals

The field of Information Retrieval deals with the task of identifying and retrieving relevant information
resources based on a given information requirement. The most common tasks involve querying a large
collection of items to retrieve relevant resources in an efficient and effective manner.

Ad-hoc retrieval

Ad-hoc retrieval is the task of retrieving relevant information resources based on a user’s query given in
a natural language format.

Relevance

Given a set of retrieved information resources, relevance defines how well do those resources meet the
user’s information requirement. Relevance labels can vary in granularity, depending on the task at hand.
For instance, relevance labels can be binary, or graded in a given non-binary numerical scale.

2.1.1 Evaluation Metrics

In order to evaluate the performance of information retrieval systems, evaluation metrics are necessary.
A variety of metrics can be used to evaluate different aspects of an information retrieval system. Relevant
metrics to this work are described in the subsections below.

Normalized Discounted Cumulative Gain (nDCG)

The discounted cumulative gain (DCG) can be used to determine the quality of the ranking of a set of
resources retrieved by an IR system up until a given cutoff of retrieved resources k ∈ Z+. The DCG@k
attains a higher value whenever resources appear in the right order, according to their relevance (rel).
Furthermore, this metric penalizes documents that appear out of order later in the ranking, attaining a
lower value the more out-of-order the results are positioned. This occurs since the denominator grows
with each ranking consecutive index j ∈ {1, ..., k}. The numerator remains constant given the resource’s
relevance. The DCG@k function, defined in equation (2.1).

DCG@k =
k∑

j=1

2relj − 1
log2(j + 1) (2.1)

nDCG is a normalized version of DCG, defined in equation (2.2), where maxDCG is the optimal

3



CHAPTER 2. BACKGROUND

(maximum) attainable DCG@k if documents were sorted by their relevance scores. This normalized
version is useful to define a common scale across comparisons.

nDCG@k = DCG@k

maxDCG@k
(2.2)

Precision

Given a query, and a set of retrieved documents, the precision is defined as the proportion of retrieved
documents that are relevant. More formally:

Precision = TP
TP + FP

(2.3)

That is, the ratio of true positives (TP), out of those true positives and the false positives (FP), which are
retrieved documents that are not relevant.

Recall

The recall or true positive rate is a metric that denotes the proportion of all relevant documents that were
successfully retrieved out of the whole pool of relevant documents. More formally:

Recall = TP
TP + FN

(2.4)

That is, the ratio of true positives (TP), out of the sum of true positives and false negatives (FN). False
negatives are relevant documents that were not retrieved by the system.

Mean Average Precision (MAP)

MAP evaluates the quality of ranked retrieved elements when there may be multiple relevant documents
for a given query. It is the mean of the average precision (AP) across multiple queries, where AP is
defined as follows:

AP = 1
R

n∑
k=1

P (k) · rel(k) (2.5)

Where R is the total number of relevant documents, n is the total number of retrieved results for a given
query, P (k) is the precision up until rank k, and rel(k) is a function evaluating to 1 if the retrieved
document at that rank k is relevant, 0 otherwise.
Finally, MAP is defined as the mean of AP across a set of queries and their retrieved documents. More
formally, given Q queries, and their respective AP scores:

MAP = 1
Q

Q∑
q=1

APq (2.6)

4



2.2. TRADITIONAL IR MODELS

Mean Reciprocal Rank (MRR)

Reciprocal rank measures how early the first relevant document appears within a set of retrieved docu-
ments. The earlier in the ranking a relevant document is positioned, the higher the metric. The reciprocal
rank for a given query q is defined as follows:

RRq = 1
rankq

(2.7)

Where rankq is the position in the ranking where the first relevant document occurs for query q ∈ Q.
Finally, MRR is defined as the mean of the reciprocal rank of a set of queries:

MRR = 1
|Q|

∑
q∈Q

1
rankq

(2.8)

2.2 Traditional IR Models

IR models are used to retrieve information resources based on their features, both inherent and derived.
Traditional IR models make use of statistical features such as term frequency, inverse document frequen-
cies, probabilistic features, etc. The subsection below introduces two traditional and common approaches
to IR models: TF-IDF and BM25.

2.2.1 Term Weighting Schemes

TF-IDF

Term Frequency-Inverse Document Frequency, as its name implies makes use of the term frequency and
the inverse document frequency statistics. The term frequency denotes the proportion of the frequency
of a term for a given document with respect to its total terms. That is:

tf(d,t) = ft,d

ft′,d ∈ d
(2.9)

Where d is a document, t the term, and t′ ∈ d denotes any term within d.
Moreover, inverse document frequency considers how rare terms are. It is the ratio between the total
number of documents in a given set of documents D, and the amount of those documents d ∈ D con-
taining the given term. This ratio incorporates a logarithm to dampen its scale which can grow large with
large sets:

idf(t,D) = log |D|
|{d ∈ D : t ∈ d }|

(2.10)

Finally, the scoring of a term within a given document d ∈ D can be obtained by combining tf and idf
into the TF-IDF definition:

tf-idf(t,d,D) = tf(t, d) · idf(t, D) (2.11)

5



CHAPTER 2. BACKGROUND

2.2.2 Probabilistic Models

BM25

Best Matching 25 (BM25) [39] is a bag-of-words retrieval model that makes use of term-frequency and
inverse document frequency to rank a set of documents with respect to a query. Given a query-document
pair (Q, d), where the query contains terms q ∈ Q, the BM25 score is defined by the equation below:

BM25(d, Q) =
∑
q∈Q

idf(q, D) · tf(q, d) · (k1 + 1)
tf(q, d) + k1 · (1− b + b · |d|

µdl
)

(2.12)

Where |d| represents the document’s length, and µdl is the average document length across the collection.
Moreover, k1 and b are free scalar parameters.

2.3 Neural Information Retrieval (Neural IR)

Neural information retrieval concerns the application of neural models and architectures to information
retrieval tasks [31]. In this paradigm, techniques are commonly used to represent documents and queries
with learned continuous vector representations (embeddings), rather than sparse representations like in
traditional IR approaches. These representations can be learned automatically, mapping documents and
queries to low-dimensional vectors in latent space [48]. Embedding representations learned with neural
models allow to model semantic features of documents and queries [31], which makes them powerful for
information retrieval tasks and sometimes more robust than traditional IR techniques.
There exist a variety of techniques to produce dense embeddings, however we focus on transformer-based
encoder models.

2.3.1 Dense Retrieval

In the dense retrieval paradigm, queries and documents’ dense vector representations are used to compute
a relevance score through a similarity function [48]:

ϕD(q, d) = fsim(ζ(q), η(d)) (2.13)

In the context of dense retrieval, ζ ∈ Rl and η ∈ Rl are commonly neural network-based models that
encode queries q, and documents d, respectively.

Encoder Models

Encoder models are commonly deep neural networks based on the transformer architecture. They are
used to encode a given input sequence, such as a text from a query or paragraph, and transform it
into a contextualized vector representation that captures the sequence’s semantic information. These
representations can be used for more accurate contextualized matching, without the need of explicit
lexical overlap.

Transformer Models & Attention

Vaswani et al. [43] introduced encoder and decoder components for their transformer architecture,
however for brevity this section is kept to the encoder portion only.
The encoder portion of a transformer model is composed of multiple encoder blocks, where each block
contains: a Multi-head self-attention layer, a Residual and Layer Normalization component, and a Per-
Item Feedforward Neural Network. Figure 2.1 shows this sequence.

6



2.3. NEURAL INFORMATION RETRIEVAL (NEURAL IR)

Figure 2.1: Graphical representation of an encoder block, adapted from Vaswani et al. [43].

The role of the multi-head self-attention is to compute the attention interactions between the input tokens
to the encoder block. The attention operation is defined in equation 2.14 [43], where Q ∈ Rn×dk , K ∈
Rn×dk , and V ∈ Rn×dv are matrices obtained from mapping all n input tokens having a corresponding
word embedding of dimension d by using projection matrices W Q ∈ Rd×dk , W K ∈ Rd×dk , and
W V ∈ Rd×dv , which are learnable matrices. The idea is that each of these projections abstracts different
useful features from the input token embeddings, which are then interacted by multiplying the query and
key matrices Q and K, and further normalizing the outputs by

√
dk and using softmax per row to attain a

set of normalized weights that add up to 1.0, thereby weighting the contribution of each value projection
from V in a final aggregation. This produces the final contextualized representation for the self-attention
mechanism per token. Such attention process occurs across multiple parallel attention blocks, denoted
heads, where each head has its own set of learnable key, query, and value matrices. Hence the name
”Multi-Head Attention”.
In order to compute the final combined contextualized representations for each input token, the embedding
outputs of each head are concatenated. That is, given the input sequence of token embeddings s ∈ Rn×d,
and the contextualized outputs from h heads H ∈ Rh×n×dv , the final aggregation is done through
concatenation of each token embedding’s representation for each head. The concatenation yields a tensor
T ∈ Rn×h·dv = Concat(head1, ..., headh), where headi ∈ H . The concatenation is finally projected by
a learnable matrix W O ∈ Rh·dv×d which maps each vector to its final representation back to its original
dimension d, this process is formally described in equation 2.15 [43].
The resulting embeddings undergo addition with a residual from before the attention mechanism, followed
by layer normalization. As a final step in the encoder block, the resulting vectors go through a feedforward
neural network, and each output is again combined with a residual (from before the FFNN) and layer
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normalized.

Attention(Q, K, V) = softmax
(QK⊺
√

dk

)
V (2.14)

Multi-Head(Q, K, V) = Concat(head1, ..., headh)W O (2.15)

2.3.2 Cross-Encoders

Cross-encoders are neural network architectures that have two simultaneous inputs, such as a document
and a query. The given inputs are processed together to model richer interactions. An example is shown
in figure 2.2, where the query and the document are given together as an input. For instance, in BERT
models, two inputs can be given, separated by a special token [SEP]. Moreover, at the embedding level,
”segment embeddings” are used to encode whether tokens come from sentence A, or B [9]. It is common
for the outputs of a cross-encoder to be pooled in some way to in order to be subsequently used in tasks
such as classification, regression, etc. For instance, BERT models have a special token [CLS] prepended
to the given input, whose output aggregates global level information and is therefore used for such tasks.

Figure 2.2: Graphical representation of a cross-encoder. The query and document are fed together.
Depending on the architecture they can be combined using different formats.

2.3.3 Dual-Encoders

Dual-Encoders are relevant architectures for the IR domain, specifically for Dense Passage Retrieval
(DPR). Unlike cross-encoders, dual-encoders de-couple the query and document encoding processes by
having a separate encoder model for each purpose. That is, there is a query encoder model ζ(·) and a
separate document encoder η(·). The encoders could be a siamese neural network, but they don’t need
be, they could also be different. This can be appreciated graphically from figure 2.3.
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Figure 2.3: Dual encoder: document and query encoder are separate models.

Similarity between query and document embeddings is computed through an external operator such
as dot-product.
The output embedding representations of the query and document encoders can be pooled, but not
necessarily.
The main advantage of separating the document and the query encoders is that documents can be pre-
computed and stored for instance for dense retrieval tasks. Moreover, the query does have to be computed
every time, since queries can change during real retrieval tasks such as during web-search, etc.

2.3.4 Relevant Model Architectures

BERT

Bidirectional Encoder Representations from Transformers (BERT), was introduced by Devlin et al. [9],
where they proposed a way to train deeply bidirectional representations of words, improving contextual
understanding. Models previous to BERT did not commonly encode text representations from both direc-
tions: left and right. While previous models like ELMO [34] did use bi-directional LSTM architectures
to process text, the integration of the encoded context was done until the end. BERT on the other hand
is a transformer-based architecture, therefore it allows for tokens to attend to each other at every encoder
block, making it bi-directional naturally. BERT is an encoder model based on the architecture proposed
by Vaswani et al. [43], however the decoder portion of the transformer is not used.
BERT is pre-trained on two tasks [9]:

1. Masked Language Modeling (MLM), or Cloze: Randomly masks approximately 15% of tokens
in the input and trains the model to predict them based on their context. This task allows for the
model to learn bidirectional context.

2. Next Sentence Prediction (NSP): Trains the model to understand sentence relationships by predict-
ing whether a given sentence follows from another. During pre-training two sentences are used,
A and B. They are separated by the special [SEP] token, and also have this detail specified with
the segment embeddings. In NSP, 50% of the time sentence B follows after A, in the rest of the
occasions it is a random sentence from the corpus. This pre-training method was shown to not be
useful, and even harmful in some other ablations, such as in the work by [28].

BERT initially came in two main variants:
1. BERT base: featuring L = 12 encoder blocks, A = 12 attention heads per block, and hidden

dimension of vector embeddings of H = 768.
2. BERT large: featuring L = 24 encoder blocks, A = 16 attention heads per block, and hidden

dimension of vector embeddings of H = 1024.
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ColBERT

In traditional dense IR techniques, query/document representations are aggregated into a single vector,
for instance in BERT, the [CLS] token’s output embedding. However, this paradigm can lead to loss of
semantic details. Khattab et al. [21] introduced ColBERT to alleviate this issue by using a late interaction
mechanism they denominated ”MaxSim”. MaxSim is defined by equation (2.16)[21], where Eq is the set
of output token embeddings from the query encoder and Ed is the set of output token embeddings from
the document encoder.

Sq,d =
∑

i∈[|Eq |]
max

j∈[|Ed|]
Eqi · Edj (2.16)

Contriever

Contriever is a dense retrieval model introduced by Izacard et al. [17]. This model is trained in an
unsupervised manner, which makes it flexible and robust to few-shot and zero-shot domains. This model
is trained by using the contrastive learning objective InfoNCE, defined in equation (2.17) [17], where q
is a given query representation, k+ is a positive document representation, and each ki denotes a negative
document. Moreover, s(·) is a scoring function that assigns a score to the query-document pair (q, k).
This loss objective is minimized, thus optimization pushes for negative documents to be assigned a lower
value, and for positive documents to attain a higher score. Furthermore, they generate positive examples
by employing a technique denoted inverse cloze. This technique samples random a span of tokens from
a given text/passage. This span is used as a query, while the complementary span, that is, everything
surrounding than span of text, is taken as the positive pair [17]. As for negative documents, they use
in-batch negatives and also across batch negatives [17].

L(q, k+) = − log
(

exp(s(q, k+)/τ)
exp(s(q, k+)/τ) +

∑K
i exp(s(q, ki)/τ)

)
(2.17)

TAS-B

Hofstätter et al. [13] introduce the Topic Aware Sampling (TAS) technique whereby they cluster queries
from an information retrieval training dataset. They do so by using k-means [18], resulting into topical
clusters. They train a dense retrieval model, for which during its training process, instead of sampling
randomly from the whole dataset for each training batch, queries are sampled from a single cluster,
preserving topic-specific information for the batch. This step creates batch elements which are related.
Moreover, in-batch negatives are used, combined with an extra step where selected passage pairs are
balanced for difficulty. This procedure makes challenging enough and useful for training, resulting in
a more efficient training procedure [13]. Additionally, the authors develop a dual teacher supervision
method where they train a lightweight BERTDOT model by following the supervision signals of a ColBERT
[21] and a CAT-BERT model [6].

2.4 Re-ranking in IR

Re-ranking is the process of using an initial list of retrieved documents, ranked by some retrieval model,
and reordering them using a more accurate, typically more expensive model in a more optimized manner.
The first stage retrieval in retrieve and re-rank settings is commonly efficiently ranked by sparse models,
such as BM25. Re-ranking can be approached with a variety of techniques, varying from traditional LTR
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methods, to neural re-ranking techniques that make use of cross-encoders, or dual-encoders for accurate
ordering and semantic signal consideration.

2.4.1 LTR Models

LTR is formulated as a supervised learning task where given a set of queries Q = {q1, .., qn}, there is a
set of associated documents/passages X = x1, .., xn for which a ground truth relevance label y1, .., yn

is given. The goal of LTR is to learn a function f that can output scores for each element such that the
resulting ordered ranking is optimal. LTR methods can be divided into the following types [22]:

• Point-wise LTR: Commonly aims to learn a function that predicts a relevance score for a given
query-document item. Is treated as a regression task often.

• Pair-wise LTR: Aims to learn a function that can score pairs of documents wit respect to a query.
That is, given a training example with documents A and B, the task can be treated as a binary
classification task, whereby if s(A) > s(B) the label is 1 or 0 otherwise.

• List-wise LTR: Directly optimizes on a set of documents with respect to a query q. That is, given
q and its set of related documents X = {x1, ..., xn}, the model learns a function that predicts a
score si, 1 ≤ i ≤ n for each document in the set X. The resulting score list is used to rank the
documents in descending order and used as part of a list-wise loss objective, such as Neural nDCG
[35].

2.4.2 Neural Re-Ranking

Neural re-ranking methods make use of neural network architectures to score and re-rank a set of given
documents. Two paradigms of neural re-ranking are introduced below.

Cross-encoders

Cross-encoders provide high quality neural re-ranking performance at the cost of computational resources
and latency, since cross-encoding requires computing the encoded representations for both the documents
and queries to be re-ranked, on-the-fly, as described in section 2.3.2. An example of a popular architecture
used as a cross-encoder is BERT, which can be used to encode the query and its prospective documents,
only to be re-ranked afterwards based on cosine similarity by using the [CLS] token [9].

Dual-encoders

Dual encoders have been used as a more efficient alternative to cross-encoders, while retaining a good
re-ranking performance. A clear example is the work by Leonhardt et al. [23], where they employ dual-
encoders to pre-compute document embeddings, only to efficiently retrieve the stored representations at
retrieval time to perform scoring through a convex combination of the dot product between query and
pre-computed document embeddings, and the BM25 score for each query-document pair. Section 3.1
provides more details about this technique.
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Related Work

3.1 Efficient Neural Ranking using Fast-Forward Indexes

Leonhardt et al. [23] explored the usage of dual-encoders to develop an efficient and high-quality re-
ranking method. They achieve efficiency by allowing for the pre-computation of document embedding
representations, which are indexed directly and can be retrieved on the fly in the same way as their
respective documents. In this technique, a first stage retrieval is carried out using a sparse retrieval
method, followed by a second-stage re-ranking step, by using dense scores obtained through the dot
product between a query embedding and a document embedding, where the document embeddings are
pre-computed for efficiency purposes and the query embeddings are computed on-the-fly. Figure 3.1
shows this process graphically.

Figure 3.1: High-level diagram of the fast-forward indexes technique. Blue block highlights document
embedding and collection indexing.

The computation of dense scores is described in equation (3.1), whereby function ζ : RN×k 7→ Ra

represents a query encoder, and function η : RM×k 7→ Ra represents a document encoder [23].

ϕD(q, d) = ζ(q) · η(d) (3.1)

Their formulation of the interpolated score is defined below, in equation (3.2), where ϕS represents the
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function that computes the sparse score component of the final score [23]. This research is extended
further, therefore it is used as a foundation in this work, together with their introduced notation.

ϕ(q, d) = αϕS(q, d) + (1− α)ϕD(q, d) (3.2)

3.2 Parameter-Efficient Fine-Tuning (PEFT)

Parameter Efficient Fine-Tuning (PEFT) methods have revolutionized the way pre-trained language models
(PLMs) are fine-tuned to specialized tasks. PEFT methods make fine-tuning of PLMs more parameter
efficient by reducing the number of model parameters to adjust during fine-tuning, thereby reducing the
training memory footprint and its hardware requirements, while attaining similar performance to full-
fine-tuning methods [46]. There has been research on a variety of PEFT mechanisms, such as additive
fine-tuning, where additional parameters are introduced for fine-tuning. An example of this paradigm
is the work by Houlsby et al. [14] where they introduce adaptor blocks consisting of a bottleneck
architecture that performs down-projections, followed by projections back to the original hidden input
size. The adaptors are introduced after each multi-head attention module and each FFNN module within
the transformer encoder block respectively. Re-parameterized fine-tuning is also a popular paradigm
within PEFT techniques, where low rank transformations are used to lower the number of trainable
parameters while preserving high dimensional matrix operations [46]. A prominent technique developed
based on this principle is Low-Rank Adaptation (LoRA), developed by Hu et al. [15] In this technique,
the model’s parameters remain frozen, while a re-parameterized representation of the model’s parameters
is introduced, by using rank decomposition matrices. Given an arbitrary matrix of learnable parameters
W ∈ Rd×d from the model to be fine-tuned, its parameters remain frozen, and during the training process
two matrices A ∈ Rr×k and a matrix B ∈ Rd×k are trained instead, such that r ≪ d. During training
given an input vector x ∈ Rd, the output of the projections from A, followed by B, result in the same
output dimension d as the original matrix of weights W , thereby reducing the space of parameters to
be optimized since matrices A, and B ideally have much less parameters than the full rank matrix W .
Furthermore, during training, the outputs are computed for both: the introduced reparameterization, and
for the original model. The outputs are then combined into a single hidden output ho ∈ Rd. Only the
parameters from matrices A and B are optimized. After training, the resulting matrices A, B can be
combined into a single matrix ∆W = AB, which can be added to the original set of weights W [15].
Figure 3.2 This process can be performed across arbitrary portions of the matrices from the model at
hand. A result of their work was the reduction of the trainable parameters of GPT-3[5] by 10,000× [15].
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Figure 3.2: Reparameterization process in LoRA, only matrices A and B are trained, reducing learnable
parameter landscape.

3.3 Neural Tensor Networks (NTNs)

Neural Tensor Networks are a type of neural network architecture introduced to model relations between
pairs of feature embeddings in a way that captures interactions across multiple dimensions. They were
first introduced by Socher et al. [41] in the context of knowledge base completion and relational reasoning,
where they used them to compute a score to determine whether two WordNet entities were related. The
The formulation for the NTN is originally described by Socher et al. [41] as:

g(e1, R, e2) = uT
Rf(eT

1 W
[1:m]
R e2 + VR

[
e1
e2

]
+ bR) (3.3)

Where uT
R is a learnable parameter vector specific for each relationship, f is a nonlinear function,

ei ∈ Rd are feature vectors related to a given entity, W
[1:m]
R ∈ Rm×d×d denotes a learnable tensor,

and VR ∈ Rm×2d, bR ∈ Rm are standard affine parameters. This formulation allows for the operation
eT

1 W
[1:m]
R e2 to model bilinear interactions.

3.4 Relaxed Sorting Operator

Sorting functions are not commonly differentiable, making gradient-based optimization based on them
impossible without approximations. Sorting a set of elements can be captured as an operation through a
permutation matrix P ∈ {0, 1}n×n, defined as a square matrix where every row has a total sum of 1, and
also every column. In other words, a double stochastic matrix. Moreover, each element in the matrix is
either 0, or 1: Pi,j ∈ {0, 1} [11]. A permutation matrix can be multiplied with a vector v ∈ Rn, resulting
in a permutation of the vector’s components, dictated by the position of the value 1 components of the
matrix.

Grover et al. [11] developed a technique that relaxes the formulation of permutation matrices into a
version that permits differentiable operations and that can be mapped to its discrete formulation. This
allows to incorporate sorting operations into models without compromising the possibility of gradient-
based optimization. That is, given the operation arg sort(s) of a continuous vector s ∈ Rn, there is a
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permutation matrix Psort(s) defining this order. Such matrix is formulated in a relaxed fashion. The
definition of the i′th row for such relaxed matrix P̂ ∈ Rn×n

0≥ is given in equation (3.4), where τ > 0 is a
control parameter that defines the fidelity of the approximation to the deterministic permutation matrix
Psort, and As is a matrix of absolute pairwise differences As[i, j] = |si − sj | from s. As τ approaches 0
from the positive side, the approximation becomes closer to the real matrix [11].

P̂sort(s)[i : s](τ) = softmax[((n + 1− 2i)s−As1)/τ ] (3.4)

3.5 NeuralNDCG

nDCG is not a differentiable function by itself due to the sorting operation within the maxDCG component,
therefore optimizing on it directly is not possible. Pobrotyn et al. [35] formulated a relaxed version of
nDCG called Neural nDCG which is differentiable end-to-end. The implementation makes use of the
sorting operator relaxation introduced earlier [11]. Their formulation of neural nDCG is defined in
equation (3.5) [35]. Where s is a vector of score outputs for each candidate document xi to rank from
a LTR model, y is the vector of ground truth relevance labels for each of the candidate documents to
rank. In this formulation, P̂ is the approximated permutation matrix given the ground truth y. Function
g represents the gain of the ground truth relevances. The gain is the numerator of the DCG function.
That is, it is simply defined as g(yi) = 2rel(yi) − 1. Similarly, the discount function d is the denominator
of DCG, defined as d(yi) = 1

log2(i+1) . The approximate permutation matrix is multiplied with g(y),
yielding an approximately sorted version of the gains. The function ”scale” is the application of Sinkhorn
scaling [40], in order to transform P̂ into a row and column-stochastic matrix [40, 35].
Finally, the term Nk represents the maxDCG at rank k. This formulation is usable as a loss objective, by
multiplying it by −1 and optimizing it using any gradient-based optimization method.

NeuralNDCGk(τ)(s, y) = N−1
k

k∑
j=1

(scale(P̂ ) · g(y))j · d(j) (3.5)

3.6 Margin Ranking Loss

Margin ranking loss is a triplet-based contrastive loss objective function. This objective is especially
useful to train retrieval models.
Let xi = (q, d+, d−) be a triplet where the anchor q represents a query, d+ a positive (relevant) document,
and d− a negative (irrelevant) document. The notation of the formulation is adapted from the research of
Wang et al. [44] to fit this work’s notions (3.6). ϕ(q, d±) denotes a score between a query-document pair,
and γ ∈ R0≥ is a margin used to promote a stronger distinction between negative and positive document
scores. The objective enables the optimization of the model’s parameters, such that scores assigned to
positive query-document pairs are in general at least as large as negative query-document pairs, plus the
given margin γ. This means that the optimized model must learn more explicit and clear separation
boundaries between negative and positive documents, as the margin increases. This function is used as
part of the experimentation for one of the proposed direct alpha optimization model variants.

l(q, d+, d−) = max{0, γ + ϕ(q, d−)− ϕ(q, d+)} (3.6)
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Methodology

This section provides a theoretical overview of the methods employed within this work. Starting with
details on the architecture and design choices of the developed Elasticsearch re-ranking plug-in, and also
of the Auto-Alpha toolset. Furthermore, this section introduces the theoretical framework necessary
for the gradient-based optimization methods, in order to optimize the interpolation constant α in hybrid
re-ranking, and also for the proposed adaptor methods.

4.1 Elasticsearch Re-ranking Plugin

This work provides an Elasticsearch (ES) implementation of the Fast-Forward Indexes (FFWI) technique
from Leonhardt et al. [23], while making its integration simple, as it is provided as a native ES software
plugin. This allows for the re-ranking plugin to be seamlessly installed in an existing ES setup, and to use
it immediately, provided that the user has the necessary requirements, outlined in the upcoming sections.
Moreover, this tool further validates the practical applicability of the Fast-Forward Indexes approach
and provides a platform for the application of the findings on α-optimization (RQ1). Furthermore, this
section details the design and implementation choices of this plugin and tool, and details how it achieves
the goal of a simplified, yet powerful hybrid re-ranking integration.
Finally, this work also provides a python-based tool set that facilitates the application of the techniques
outlined in section 4.5, which allow to automatically find an appropriate interpolation constant α for the
hybrid re-ranking ES plugin.

4.1.1 Motivation

The implementation and application of research in IR techniques is often limited to experts and researchers.
That is, until open-source or commercial projects enable their adoption through tools and software
applications. This work aims to help achieve this process for the work of Leonhardt et al. [23], together
with other contributions from this thesis.

Choice of Elasticsearch

A perfect environment for the practical applicability of a re-ranking technique such as FFWI is Elas-
ticsearch, due to its massive adoption as a search backbone both in open source, and in commercial
applications.
The integration of the FFWI and direct alpha optimization techniques make together a useful contribution
for the general public and for the research community, enabling simple access and configuration through
ES. Moreover, the choice of a native ES plugin provides seamless integration into existing ES clusters,
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making use of the ES aggregation and distribution logic, and providing a familiar search and re-scoring
API for developers.

4.1.2 Architecture Overview

At a high level, the chain of operations in a search request that is coupled with the re-ranking plugin is
the following:

1. Client elicits search with query and its corresponding parameters: Interpolation constant to weight
BM25 and dot product contributions, number of results k to re-rank, etc.

2. Elasticsearch propagates the given request within its internal nodes, and shards retrieve an initial
set of top-N results, scored using BM25.

3. After the initial retrieval step, shards trigger the Re-scoring plugin.
4. Within the re-ranking plugin, a dense embedding representation for the query is obtained by

sending a request to an external query-encoding service, and the results are re-ordered based on the
interpolation of the BM25, and computed dense scores, only for a window of k documents, such
that k ≤ N .

5. After re-scoring, results are fetched and aggregated by the coordinator node, and the results are
then re-ordered according to their scores.

6. Results are returned to the client

The high-level steps can also be appreciated below in Figure 4.1. Additionally, to capture the full flow of
the system in a more precise manner, a sequence diagram is also presented in figure 4.2.

Figure 4.1: High-level system diagram of elasticsearch and the plugin.
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Figure 4.2: Sequence diagram showcasing the execution of a query using elasticsearch and the FFWI-
Rescorer plugin.

Since the system uses a combination of the dot product between query-document embeddings and
their corresponding BM25 scores, the interpolation α constant is required to weight the contributions in
a linear combination, as denoted before in equation (3.2). A tool to automatically tune α is therefore
provided, which is detailed later in section 4.2.

4.1.3 Plugin Component-Level Design

Class Components

The plugin can be broken into 5 main components with the following responsibilities:
• FFWIRescoreBuilder: Parsing of plugin request fields, such as alpha, rescoreWindow,

dense vector field name, and fetching of index-level settings for the plugin.
• FFWIRescorePlugin: Orchestrates instantiation of the RescoreBuilder class and extends ES’

Plugin class, which is the template superclass used as a starting point for native ES plugins.
Moreover, it allows to define and fetch Index/Node level settings. Three index settings were
introduced. The first setting is for the value of α to use for the given index. This allows for the
Auto-Alpha tool to set this value without the user having to do so manually. The second and third
index settings are used to setup the query-encoder API host address, and the limit for a connection
timeout in milliseconds per query-encoding request.

• ServerCaller: This class implements the infrastructure necessary to call the query-encoder
service, and also the methods to unpack the payload of the response.

• Reranker: This class implements the re-scoring logic, and makes use of efficient matrix multipli-
cations to batch compute the dense scores.

• QueryVector: This is a wrapper class to store the query embedding representations, together with
their query text.

• ScoredDocument: Used as a wrapper to keep track of each of the top documents’ attributes, such
as: id, BM25 score, assigned rank in first-stage retrieval, dense score, embedding representation,
and its hybrid score after re-scoring.
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Figure 4.3 presents the class diagram for this plugin, showcasing in detail how the classes are related
to each other. The architecture cleanly separates concerns into distinct components: plugin integration,
request handling, core logic, and data modeling.

Figure 4.3: Class diagram of the FFWI-Rescorer plugin.

Early Stopping

In order to efficiently re-rank the retrieved top-N documents, the Reranker class implements a variant
of the early stopping algorithm proposed by Leonhardt et al. [23], where a re-ranking window of size
k is given, such that k < ks, where ks is the retrieval depth. The algorithm aims to only re-rank
the window of k documents, without compromising re-ranking quality. This is achieved by making a
reasonable estimation of the maximum achievable hybrid score of document dk+j following the lowest
ranked document at position dk. This approximation is done without directly computing the dense score
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for document dk+j , but by considering what its hybrid score ϕ(·) would be if using the previously highest
observed dense score sD = max {ϕD(di, q)} for documents di ∈ Dk. Where Dk is the set of the top-k
documents. This process continues until no improvement is observed. Leonhardt et al. showed that this is
a reasonable approximation when sD is the true maximum of the dense scores [23]. This implementation
of the early stopping algorithm makes use of batches to efficiently compute the query-document dense
scores in groups. The pseudocode of the modified early stopping algorithm is given below in algorithm
1.

Algorithm 1 Batched Early-Stopping Hybrid Re-ranking (adapted from [23])
Require: Documents D, query vector q, batch size B, target k, interpolation α ∈ [0, 1]
Ensure: Top-k by ϕ(q, d) = α ϕS(q, d) + (1− α) ϕD(q, d)

0: Q← empty min-heap keyed by ϕ(·)
0: sD ← −∞; stoppedEarly← false
0: for i← 1 to |D| step B do
0: C ← D[i : min(i + B − 1, |D|)]
0: compute dense scores ϕD(q, d) for all d ∈ C given q ▷ Efficient matrix multiplication
0: for each d ∈ C do
0: removed← null
0: if |Q| = k then
0: removed← PopMin(Q)
0: smin ← ϕ(q, removed)
0: sbest ← α ϕS(q, d) + (1− α) sD

0: if sbest ≤ smin then
0: Push(Q, removed)
0: stoppedEarly← true
0: break ▷ exit inner loop
0: dϕ ← α ϕS(q, d) + (1− α) ϕD(q, d)
0: if removed ̸= null then
0: if dϕ > ϕ(q, removed) then
0: Push(Q, d)
0: else
0: Push(Q, removed)
0: else
0: Push(Q, d)
0: if stoppedEarly then
0: break ▷ exit outer loop
0: return top-k items in Q =0

Design choice: External Query-Encoder

Since only the document embeddings are pre-computed in the fast-forward indexes paradigm, query
embeddings must be computed at runtime during re-ranking. The query-encoder model used must match
the type of encoder used for document embeddings’ pre-computation. There were two main options to
meet this requirement:

1. Implement native Java-based infrastructure that supports a fixed set of models, with the advantage
of local computations without the latency of an external dependency.

2. Outsource the computation of the query embeddings, thereby adding flexibility, scalability, and
maintainability, with the drawback of added latency.
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In this implementation, the latter option was chosen, since limiting the selection of encoder model variants
would limit the subset of users to those employing those specific types of model architectures, and would
also make maintainability of this tool more involved, since the state-of-the-art models change constantly,
potentially drawing the pre-selected models obsolete soon. Furthermore, burdening the Elasticsearch
nodes directly with heavy computations such as query encoding could potentially result in more overhead
and instability, rather than outsourcing this process, depending on the specific setup.
Finally, scalability can be an important detail to consider, and having an external query-encoder means
that its infrastructure can be managed and scaled separately from Elasticsearch nodes.
More details about the benefits, and how the external query-encoding service works are given under
section 4.2, since this is part of the Auto-Alpha tool set.

4.2 Auto-Alpha Tool Set

A set of minimal tools set was developed with the ultimate objective of applying the direct alpha
optimization technique described in section 4.5. Moreover, it also includes a simple, yet extensible
query-encoding service that can be spin-up and used at the same time as the ES plugin.
The tools offered are the following:

• Alpha Optimization: Train the α parameter using the assembled training data, using the neural
nDCG-based loss objective [35]. Moreover, if an Elasticsearch cluster details are provided, and the
FFWI-Rescore plugin is installed, then the alpha settings are automatically setup for the desired
index.

• Query-Encoding Service: A minimal server that works out of the box with Huggingface’s trans-
formers library [45], provided that the model is part of Huggingface’s model hub and supports
AutoModel and AutoTokenizer. Moreover, the components of this service are easy to ex-
tend/adapt, as a register pattern was used to provide ample customization in a straightforward
manner.

• Training Data Preparation: Create training examples (lists for Neural nDCG) using the retrieved
documents, their scores, and the provided queries with their respective qrels.

• Embedding Computation Module: Given that the user does not have a pre-computed set of
embeddings, they can be generated.

The set of tools taking part of Auto-Alpha are described in more detail in the upcoming subsections.

4.2.1 Alpha-Optimization

An efficient, yet effective tool was developed in order to find a suitable α value. The ideal scenario is
when the user has a subset of labeled data from its real collection. That is, having a set of queries and
labeled qrels with some relevant documents, preferably having graded relevance, since the loss objective
, although binary relevance can also be employed. This set likely does not necessarily need to be large.
For instance, a set of the experiments carried out in this work partially made use of only 38 queries
from TREC-DL-Psg’ 2019, for which α optimization was possible.5. Nevertheless, a larger subset is
preferable if available.
The training procedure is identical to the one presented in section 4.5. Since neural nDCG [35] is used
as loss objective. Moreover, the data sampling procedure described in section 4.5.2 is also used.
The high-level training procedure is described in figure 4.4.
Moreover, the optimization procedure can be configured through yaml files. The configuration parameters
and expected inputs are can be found in detail within the github repository of the tool 1.

1https://github.com/TUDThesis/alpha auto tune
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Figure 4.4: High-level architecture of the alpha-optimization procedure. The steps are the following: 1.
The user provides a yaml configuration file. 2. The prepared dataset created using the data preparation
tools is fetched from the specified paths, plus the pre-computed memory mapped embeddings are loaded.
3. The training procedure optimizes α. 4. After optimization, the final value of alpha is registered as an
elasticsearch’s index setting for the specified index, thereby making it readily available for use by the ES
reranking plugin.

4.2.2 Query-Encoding Service

A query-encoding service is also included in the set of utilities. The query-encoding service is made
using the FastAPI framework[2], coupled with a Uvicorn [1] server. This service was designed to work
alongside the ES re-ranking plugin, however it is not limited to only query-encoding. It is generic and
can be used for either documents or queries.

Multiple Encoder/Pooler Support

A variety of models can be used for query encoding and document encoding out-of-the-box. This is
possible through the use of the transformers [45] library. This is achieved by using their
AutoModel/AutoTokenizer classes, which automatically download and setup a model and its respective
tokenizer by using a provided model name or identifier. The only requirement for this is that the model is
registered within Huggingface’s [45] model hub. Moreover, the user can make use of arguments to adjust
the float precision level employed for output embeddings. Additionally, an arbitrary number of tokenizer
execution-time keyword arguments can be passed, in order to adjust the behaviour of the tokenizer at hand
during query/document tokenization. Finally, configuration for the encoder models and the underlying
pooling strategies can be given through .yaml files.
Since pooling is an essential part of query/document encoding, two pre-defined common ways of pooling
are provided:

• Mean pooling: Taking the mean value of all embeddings within the last hidden state.
• CLS pooling: Makes use of the CLS special token hidden output representation.

Cutomization of the Encoder/Pooler

The strategies mentioned in the previous subsection already provide flexibility for a range of needs,
however, they might not be enough for some specific use-cases. For this reason, a base encoder class, and
a base pooler class are given. These classes are structured by using structural typing through Python’s
Protocol class. This means that they are extensible by simply adhering to the structure of the base
classes provided, and by following the expected input/output signatures defined for the methods of the
base classes. A minimal example class diagram of how this would look at a class level is given in figure
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4.5. This means that the users are not constrained to only use models available through Huggingface, but
can define their own custom encoder logic.
The same principle applies for custom pooler implementations. More detailed information about how
to do this, together with code examples can be found in the Auto-Alpha repository 2. Finally, in order
to provide a simple way of interfacing the existing infrastructure with any given existing encoder/pooler
implementation, the path to a Python module that implements the custom classes can be provided, as part
of the .yaml configuration. The service will then automatically import them and initialize them with the
rest of the provided encoder/pooler arguments from the provided configuration.

Figure 4.5: Class diagram of how the text encoder could be extended, and the expected types for each
method/input/output.

Query-Encoder Profiler

The query encoding service provides the possibility to profile the processing time of all requests performed
across its lifespan. At the end of the process’ execution, the profiler saves a file containing the 50th, 90th
and 99.9th, and 100th percentiles for processing times.

4.2.3 Data Preparation

Even when there is labeled data for training available, it has to be massaged into a specific format. For
this reason, the Auto-Alpha toolkit provides utilities to process it into the appropiate files and format.
The optimization procedure for alpha requires the following input components:

• Top-N Results (for training split only): A dataframe containing the top-N scoring documents
based on a standard Lucene index search, for each query in the queries provided. Each row should
contain a query id, document id, ranking, BM25 score, and relevance label.

• Lucene Index Path: The path to a Lucene index, containing the indexed collection to validate and
test against during alpha optimization.

• Memory Mapped Embedding Paths: Paths to the .mmap embedding files for query and document
embeddings. Memory maps are used to keep embeddings in disk while being able to access them
during training as if they were in main memory. Moreover, the paths to their id maps are also
required. That is, a .json file containing the mappings from query/document ids to the index
position in the .mmap array.

• Queries/Qrels file paths (for validation and testing)
2https://github.com/TUDThesis/alpha auto tune
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Data Preparation Pipeline

The data preparation pipeline to ultimately produce the aforementioned files is described in figure 4.6.
The process runs sequentially, and requires an input .yaml file with configuration. The details for the
configuration files can also be found in the Auto-Alpha repository 3. The output files from this procedure
are stored under a common application folder for Auto-Alpha. A hash is computed based on the input
configuration, generating a unique folder for the combination of datasets and parameters. This pipeline
also supports ir-datasets [30] paths, automatically downloading the collection/queries/qrels if used,
for each part of the process.

Figure 4.6: High-level view of the data generation pipeline. The process is designed to run sequentially.

Embedding Generation (.mmap files)

Generating embeddings for a given collection and for a set of queries can be time-consuming, therefore
a utility is also provided for this. This utility makes use of the same backbone tools created for the
query-encoding service, therefore it is as customizable. The configuration is given through a .yaml file
too, providing the configuration for the collection path / queries path, encoder model type, embedding
pooler type, float precision to use, ir-datasets’ path (potentially), etc.
The output of the embedding generation procedure consists of two files: a .mmap file, and a docu-
ment/query id→ index mapping .json file, which is used to find the index containing the corresponding
embedding for a given document/query within the memory mapped array.

4.3 Overview: Elasticsearch + Auto-Alpha (RQ 3)

The provided native Elasticsearch plugin, combined with the Auto-Alpha tool set described in the previous
section provide a comprehensive package that allows for a faster and simpler integration of the fast-forward
indexes re-ranking paradigm [23], while adding the extra feature of an automatic α optimization that uses
gradient-based optimization. This bundle of contributions also appeal to a variety of potential users due
to Elasticsearch’s popularity.
Considering the general setup, research question 3 can be answered (RQ 3: ”Can a native Elasticsearch
(or equivalent framework) plugin/tool be developed to implement the Fast-Forward Indexes approach
while making its setup simple? Moreover, how can insights from RQs 1 and 2 be applied to this
implementation?”):
The answer is yes, the Elasticsearch-based plugin implements the Fast-Forward Indexes hybrid re-ranking
paradigm, while making its setup simple, since installation and configuration of the plugin is fast and
straightforward. Moreover, insights of the alpha optimization research were applied by implementing a
tool for the automatic optimization of the parameter through a gradient-based approach, as described in
sections 4.5 and 4.2.1. Insights from adaptor models are however not applied, and remain as potential
future work.

3https://github.com/TUDThesis/alpha auto tune
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4.4 Plugin Testing

Testing is performed in order to understand the expected performance of the plugin in its current state. To
this end, Elasticsearch Rally4 [10] was used to design and run a benchmark task to capture the following
metrics:

• Min/Mean/Max Throughput: Measures the number of queries per second achievable by the
system, for the type of search at hand (BM25, or BM25 + Re-ranking).

• Latency Percentiles: Measuring the 50th/90th/99.9th/100th latency percentiles during the bench-
mark. That is, the total time it takes for the request to be served and returned to the client, including
queue waiting times if any.

• Service Time Percentiles: Measuring the 50th/90th/99.9th/100th service time percentiles during
the benchmark. That is, the total amount of time taken from the moment the request is sent to
Elasticsearch, up until a response is received, without considering queue times, but considering the
time spent sending the request and receiving the response.

• Error Rate: Rate of failed queries during run.

The aforementioned metrics can be insightful to know what is the expected performance of the service in
reality. The following two subsections provide more details about the testing structure and methodology.
The specific technical details of the testing setup are also provided within the experimental section 5.

4.4.1 Benchmark Run Structure

Rally allows to define custom ”races”, that is, custom benchmarks that can be run and have parameters
that can be overridden at run-time. In this case, a benchmark was defined to obtain insights on both the
performance of a traditional BM25 search, and a search that includes the re-ranking process using the
plugin. The run is structured in such a way so that 5,000 queries are performed for pure BM25, followed
by 5,000 queries with BM25 + Re-ranking with the plugin. This process is repeated 4 times per run.
This interleaved procedure was chosen to mitigate the effect of caching in the final statistics. Moreover,
3,000 request are issued by both BM25 and BM25+Re-ranking prior to the start of the benchmark for
”warmup” purposes which helps attain a more consistent set of results for the main tasks. The benchmark
was setup for a range of re-scoring window sizes, namely for the top: 100, 250, 500, and 1000 documents
from the first-stage retrieval. Finally, the query-encoder service was equipped with a profiling mechanism
to keep track of the processing-times for query embedding computations, along a full run, measuring the
50th/90th/99.9th percentiles for it.
The end-to-end benchmarking process is depicted in figure 4.7.

4https://github.com/elastic/rally
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Figure 4.7: Setup for testing procedure: three dedicated instances are spin up for this process. One runs
the rally testing service, one hosts the elasticsearch service as a dedicated single ES node, and a dedicated
instance runs the query-encoding service, making use of GPU acceleration.

4.4.2 Deriving Final Results

In order to gather insights from the test runs, the service time percentiles for pure BM25 search results
were subtracted from the BM25 + Re-rank search results. This difference helps estimate what is the
approximate service time incurred by the re-ranking procedure itself, without considering the first-stage
BM25-based query. Tests were carried out for each re-ranking window size, therefore service-time and
throughput percentiles were also captured for each of those window sizes.
All of the computed results are presented within the results section 6. Additionally, more technical details
about the setup of the tests are also provided within the experimental setup section 5.

4.5 Direct Optimization of Interpolation Constant α

In this strategy, the parameter α is optimized directly using a gradient-based optimization method. A
high-level overview of the method is depicted in figure 4.8.

27



CHAPTER 4. METHODOLOGY

Figure 4.8: High-level architecture of model to directly optimize α (logit of sigmoid). The backbone
encoder(s) remain non-trainable, Alpha (the logit which follows as input of a sigmoid function) remains
trainable. The flame symbol represents trainable parameters.

Optimization is performed on a logit parameter p ∈ R, which is eventually the input of a sigmoid
function, ensuring that alpha is between 0 and 1, thus, the final interpolation constant is defined in
equation (4.1).

α = σ(p) ∈ [0, 1] (4.1)

Experimentation is carried out on two different loss objectives: Margin Ranking Loss [44], and Neural
nDCG [36], their setup is described further below.

4.5.1 Optimization through Margin Ranking Loss

This loss formulation implicitly steers α towards a value that promotes higher scores for positive doc-
uments than those of negative ones. Moreover, the margin γ > 0 pushes for the score of the positive
document ϕ(q, d+) to be at least as large as the score assigned to the negative example, plus the defined
margin: γ + ϕ(q, d−). The logit p is optimized across the set of training triplets T , as described in
equation 4.2.

p∗ = arg min
p

∑
(qi,d

+
i ,d−

i ) ∈ T

max{0, γ + ϕ(q, d−
i )− ϕ(q, d+

i )} (4.2)

Triplet Assembly for Margin Ranking Loss

Margin Ranking Loss requires triplets, therefore their assembly is necessary if only queries and query
relevance labels are provided for a given dataset. Triplets are built by making use of the pre-computed
top-n BM25 scoring documents for a given query, in this case using a pre-built Lucene index. From
those top-scoring documents, a pool Pk of only k documents is randomly sampled without replacement,
by using weighted sampling, assigning higher selection probability to higher scoring documents. The
sampling distribution is defined by using a softmax function based on the BM25 scores of the documents
as described in equation 4.3:

f(di) = e(diBM25)∑n−1
j=0 e(dj BM25) (4.3)
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Once a sample of k documents is obtained, one of the known relevant documents d+ for the given query
is sampled at random (uniformly) from the pool of relevant documents. Finally, triplets are generated by
choosing documents d−∈Pk, such that
rel(q, d+) > rel(q, d−), where d+ is the randomly selected relevant document, and d− is the chosen
document from the pool with lower relevance than d+. Figure 4.9 shows the procedure graphically. This
approach is inspired on the research by Karpukhin et al. [20], where they sample negative documents by
selecting high BM25 scoring non-relevant documents.
This method is useful for datasets that have either binary, or graded relevance label annotations. In the
case of the latter, triplets can be built by simply ensuring that the positive example is of higher relevance
than the negative example.

Figure 4.9: Triplet assembly: k random documents sampled from original retrieved documents and used
to assemble triplets together with relevant documents.

4.5.2 List-wise Optimization through Neural nDCG

Experimentation is also carried out by optimizing the interpolation constant by using a list-wise learning-
to-rank objective. Neural nDCG [35], a surrogate objective for nDCG, is used to optimize on the correct
order of documents based on their explicit relevance labels. This surrogate allows to approximate the
nDCG metric at an arbitrary cutoff rank k. Then the loss objective is shown in equation 4.4, where N is
the total number of queries in the training set, si the list of computed scores for each of the documents
associated with query qi, and yi their corresponding ground truth relevance labels. The next subsection
explains how documents are sampled for each training query.

p∗ = arg min
p
−

N−1∑
i=0

NeuralNDCG(si, yi) (4.4)

Sampling procedure for Neural nDCG

During training, examples are selected in a similar fashion to those of the procedure described in section
4.5.1. That is, from the pre-computed top-n documents for each query within the training set, a pool of k
documents Pk is randomly selected using the same weighted sampling distribution described in equation
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4.3. The sampled pool Pk is then directly used as the list of documents to be scored using the current
logit p, for all dj ∈ Pk, as described in equation 4.5.

ϕ(qi, dj) = σ(p) · ϕS(qi, dj) + (1− σ(p)) · ϕD(qi, dj) (4.5)

4.6 Adaptor Methods

It is theorized that adaptor models could be used to learn functions that are able to combine the
query/document embedding features, and their corresponding BM25 scores in a meaningful way to
gain a performance edge over out-of-the-box dot product similarity-based re-ranking, and standard hy-
brid re-ranking, providing adaptation to data collections for which the pre-trained encoders might not
have been pre-trained on. Moreover, it is also conjectured that this can be done while being agnostic
to the specific encoder model/architecture used to compute query/document embeddings and first-stage
scoring mechanism. Additionally, it is desirable for this adaptor learning process to be runnable with
consumer systems without the need of advanced hardware.
The proposed adaptors live on top of the pre-computed query/document embeddings, and are applied
after the first stage retrieval during an ad-hoc retrieval task. The generic architecture is depicted in figure
4.10.

Figure 4.10: Adaptor models in this context have the aim of adapting pre-computed query/document
embeddings and BM25 scores, agnostic to the method used to compute the inputs, and finally predict an
output dense score or α value.

The adaptors experimented with are of two types:
1. Interpolation variable prediction: Model with the aim of predicting a dynamic interpolation value

α per query-document example.
2. Learned dense score prediction: Directly outputs a dense score combining query/document em-

beddings and their corresponding BM25 scores.
Leonhardt et al. [23] incorporate interpolation of sparse scores and dense scores by weighting them with
a fixed α constant as described under section 3.1. Having a fixed value for this weighting constant is
effective and simple, however, it is theorized that predicting dynamic values of α on-the-fly could improve
convex combination-based re-ranking performance in some cases. Finally, we explore whether a second
type of model can learn to combine the features in a relevant way to directly output a final score without
direct interpolation scoring.
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4.6.1 Loss Objective: Neural NDCG

Methods described under this section 4.6 make use of the list-wise Neural nDCG loss objective described
before in section 3.5. As formulated in equation (3.5), the surrogate function for nDCG is optimized by
making use of the predicted/assigned relevance scores to a set of n documents, together with the groun
truth relevance labels. In this case, since this work deals purely with re-ranking tasks, top-n represents
the highest first-stage retrieval scoring documents. During the re-ranking step, the re-ranking adaptors
output a relevance score si ∈ R for every query-document pair, which is used together with its ground
truth relevance label yi ∈ Z.

4.6.2 Learned Dense Scoring

This section outlines two learned approaches that aim to predict dense relevance scores for document
ranking. Given a query embedding q ∈ Rl, the top-k retrieved documents along with their corresponding
embeddings D ∈ Rk×d, and their associated BM25 scores, these methods seek to compute a final rele-
vance score for each document. The goal is to explore whether learning to combine dense representations
with lexical signals can yield more effective ranking strategies than standard dot-product similarity and
potentially dense and lexical interpolation. The approaches described here use neural adaptors to combine
the input features: query and document embeddings, along with traditional retrieval scores into a single,
dense scoring function. The first model variant uses direct concatenation of the query and document
embeddings, whereas the second one makes use of a variant of a Neural Tensor Network (NTN) [41]
layer, which relies on bilinear interaction operations through learned weight matrices, with the aim of
extracting useful non-linear feature relationships from the input query and document embeddings.

Feedforward Neural Network Adaptor

The premise of this model is to be simple and lightweight, therefore experimentation is carried out with
a shallow feedforward neural network.
Given our feedforward model f(c) : R2l 7→ R, let q ∈ Rl be the query dense embedding representation,
and d ∈ Rl be the dense document embedding representation. Moreover, let ϕS represent their BM25
score BM25(d, q). The input c ∈ R2l is then defined as the concatenation of the Hadamard product
between the query and document embeddings, together with the absolute difference between them, as
depicted in equation 4.6.

c = Concat(|q − d|, q ⊙ d) (4.6)

The use of the absolute difference has been used in other studies successfully to capture semantic
differences between dense embeddings [37, 32], and Hadamard products have also been used as interaction
features before [37].
Once c is computed, it is the input of the FFNN, which in turn outputs a dense score ϕD = f(c). This
dense score is finally concatenated together with the BM25 score and fed as input to a very shallow FFNN
which uses two-dimensional inputs and outputs a final combination. This process is formally described
by equation 4.7. The final FFNN f2 learns a linear combination between the output dense score ϕD and
the BM25 score. The non-linear operations occur throughout the first FFNN f(·). The architecture of
this model is shown in figure 4.11.

ϕ = f2(Concat(f(c), BM25(q, d))) (4.7)
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Figure 4.11: FFNN adaptor, embeddings’ features are transformed by using an element-wise product and
also their absolute difference. The concatenation of the transformations are used as input for FFNN 1
which outputs a dense score which is in turn combined with a BM25 score by FFNN 2.

Neural Tensor Network (NTN) Adaptor

This method consists of a more complex architecture, based on an NTN backbone. The idea is that the
bilinear interactions introduced by the NTN blocks could uncover richer feature interactions than other
simpler model architecture, e.g., with linear layers. The inputs to this model are: the document and
query embeddings, and their corresponding BM25 signal. The adaptor has three main components: An
NTN-based feature extractor, and two feedforward neural networks. The first FFNN is meant to combine
the features into a dense score, and the second FFNN is meant to weight them into a final score. The
FFNN uses the extracted features, together with the Hadamard and absolute difference vectors from the
input query and document embeddings. Figure 4.12 shows the architecture and the order of the two
components.
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Figure 4.12: NTN-based adaptor: the NTN components extracts relevant features for each bilinear
interaction (B.I.) block. Then the Hadamard product and absolute differences of the query and document
embeddings are combined with the features as inputs to FFNNϕ, and finally combined by a second FFNN.

Let the query embedding q ∈ Rl and the document embedding q ∈ Rl. The query and document
embeddings are inputs to the NTN model, which in turn outputs a feature vector o ∈ Rm, where m
denotes the number of learned matrices used to compute the interactions within the NTN, as outlined in
section 3.3. This work uses a modified formulation from the one proposed by Socher et al. [41]. In this
case, the NTN model does not make use of a projection vector uT ∈ Rm, nor its parameters are indexed
like defined in (3.3), instead, it is reformulated to output a feature vector o ∈ Rm. The reformulation is
defined in equation (4.8).

NTN(q, d) = f(q⊤W [1:m]d + VR

[
q
d

]
+ b) (4.8)

Let c ∈ R2l be computed as described in equation 4.6 by using q and d. Additionally let fϕ̂(·) be the
FFNN that computes the dense score ϕ̂, and f(·) the FFNN that computes a final linear combination
between ϕ̂ and the sparse score. The final score ϕ is thus computed as described in equation 4.10.

ϕ̂ = fϕ̂(Concat(o, c)) (4.9)

ϕ = f(Concat(ϕ̂, BM25(q,d))) (4.10)

4.6.3 Adaptors: Document-Level Dynamic α Prediction

The methods outlined in this section aim to learn a function that can predict the interpolation value α in
a dynamic manner, based on the given input query and document embeddings, and also based on their
BM25 signal. The intuition is that query and document embedding features and BM25 scores could
provide cues about their contribution to the final relevance score, thus having a dynamically changing
value of alpha could be beneficial.
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Neural Tensor Network - Document-Level NTN-DA

This adaptor variant utilizes an NTN to extract features from the document and query embeddings, in
a similar fashion to the method described in section 4.6.2. Furthermore, using an NTN allows for the
model to abstract interactions between the features of the query and document vectors.
Let the output of the NTN be defined below (4.11).

o = NTN(q, d) ∈ Rm (4.11)

Moreover, let a FFNN f : Rm+2l+1 7→ [0, 1] be the learned function that outputs α for the given inputs,
which in turn are a concatenation of o, the BM25 score between q and d, and the concatenated Hadamard
and absolute difference vectors between q and d; that is (4.12):

c = Concat(|q − d|, q ⊙ d) ∈ R2l (4.12)

Alpha is then computed as shown in equation (4.13), where at the last layer of f a sigmoid function is
applied to constrain the output to the range [0, 1]. The output is an α value for each document in the set
of top candidate documents per query.

αq,d = σ(f(Concat(o, c, BM25(q, d))) (4.13)

The final score is obtained by interpolation [23], weighting the dot product ϕD(q, d) = q · d and the
BM25 score ϕS(q, d) = BM25(q, d):

ϕq,d = αq,d · ϕS(q, d) + (1− αq,d) · ϕD(q, d) (4.14)

The process can be appreciated graphically in figure 4.13 below:

Figure 4.13: NTN Dynamic Alpha adaptor. *The Hadamard and absolute difference vectors between q
and d are also used as inputs for the FFNN, however this is not shown here for simplicity.

4.6.4 Adaptors: Query-Level Dynamic α Prediction

Query-Level NTN-DA

This method is similar to the previously described one (NTN-DA, Document-level), however, the main
difference is that instead of predicting an alpha value for each document in the given set of top-k candidate
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documents, it produces a single value per query, applying the same interpolation criterion for all document
results for that query.
Formally, let the output oi of the NTN feature extraction of i’th document for query q be defined as in
equation (4.11). Moreover, let each query and the i’th document’s embedding be combined into feature
vector ci, obtained by using a Hadamard product, and their absolute difference, just as described in the
previous section under equation (4.12). Additionally, let the difference between the normalized BM25
scores and the dot-products for each query-document be used as a feature, instead of purely the BM25
score as:

δi = BM25(q, di)− ϕD(q, di) (4.15)

This is done in this method since z-score normalization is applied to both dot-products and BM25
scores, bringing them to a similar scale. Ultimately, each query-document feature vector is assembled
by concatenating the aforementioned elements, followed by a pooling operation to summarize all the
query-document vectors into a single pooled representation vq. The mean is used for this purpose, as
described under equation (4.16).

vq = 1
k

k−1∑
i=0

Concat(oi, ci, δi) ∈ Rm+2l+1 (4.16)

The final value for α is computed for the given query through a FFNN f : Rm+2l+1 7→ [0, 1]:

αq = σ(f(vq)) (4.17)

The process can be appreciated below 4.14.

Figure 4.14: NTN Dynamic Alpha adaptor, Per-Query.*The Hadamard and absolute difference vectors
between q and d are also used as inputs for the FFNN, however this is not shown here for simplicity.

Query-Level FFNN-DA

This model variant also predicts a single α value per query, however, it makes use of a Feedforward
Neural Network exclusively, and completely omits the use of the NTN previous to its use. More precisely,
this model’s architecture is identical to the Query-Level NTN-DA but without the NTN component.
As described in the previous section, let each query embedding and the i’th document’s embedding be
combined into feature vector ci, obtained by using a Hadamard product, and by computing their absolute
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difference, as described in equation (4.12). Moreover, let δi be the difference between the BM25 score
and the dot product for a given query, and the i’th document in the set of top-k documents coming from
the first stage retrieval, as described in equation 4.15. The process can be graphically appreciated below.

Figure 4.15: FFNN Dynamic Alpha adaptor, Per-Query.
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Experimental Setup

This section outlines relevant experimental details, such as the datasets and baselines employed, training,
testing details, and evaluation details.

5.1 Datasets and Baselines

This work makes use of two main datasets:
1. TREC Deep-Learning Track (2019, 2020) [7, 8]: A dataset designed with the goal of studying

Ad-hoc ranking for large datasets. It is based on the MSMARCO [4] corpus, and it has two
main subsets: Passage ranking and document ranking. Relevance-grading is important for the
experiments in this work, therefore the relevance graded test set of TREC-DL-Psg’ 2019 is used
for training and validation in an 85%/15% split, and the full test set of TREC-DL-Psg’ 2020 is
used for testing purposes.

2. ANTIQUE [12]: ANTIQUE is a dataset consisting of 2626 non-factoid, open-domain questions,
spanning a wide range of topics. Of those total queries, 200 are part of a test set. This dataset
is particularly useful for this work’s setup as it contains 34,011 relevance-graded annotations. In
contrast to TREC-DL-2019-Psg’19/20 which has a much smaller number of queries and graded
relevance labels. In the case of this work, a split of 2226 queries is used for training, and a split of
200 queries is used for validation.

5.1.1 Baselines

The following baselines are used in this work:
• BM25 Ranked Baseline: We use the sparse retrieval BM25 score as a baseline, following the

convention set by Leonhardt et al. [23]. A re-ranker in this work is expected to surpass this
baseline, as it determines the initial order of retrieved items.

• Dense Re-Ranking Baselines: We also include re-ranking scores from pure dot-product re-ranking
as a baseline, a practice also adopted by Leonhardt et al. [23]. For these experiments, we use three
encoder architectures: TCTColBERT [27], Contriever [16], and TAS-B [13].

• Interpolation Re-ranking Baselines: We also include interpolation re-ranking as baseline, where
the value for the interpolation constant is searched by employing a grid search. This grid search is
defined to be in the range [0, 1], and is done for two decimal digits. That is, every value such that
{i · 0.01 | i ∈ Z, 0 ≤ i ≤ 100}. This gives a total of 101 steps. This hyperparameter search is run
on the full test set of TREC-DL-PSG’ 2019, which is repurposed as a development/validation set
due to its limited size. The final evaluation is conducted on TREC-DL-2020 Passage, which is held
out and not consulted during tuning. The hyperparameter search for ANTIQUE is performed on the
validation set, and testing on the ANTIQUE test set. The final interpolation constant is chosen by
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selecting the value that scored the highest nDCG@10 performance on the development/validation
set.

5.2 Evaluation Details

5.2.1 Evaluation Metrics

Since this work deals with re-ranking performance, the reported metrics align with commonly used
metrics for re-ranking. The metrics are detailed within section 2.1.1. The employed metrics for this task
are specifically:

1. MAP@1k: Provides insight on re-ranking quality since a higher MAP indicates that on average,
relevant documents are retrieved within the top-k documents, and also tend to appear earlier in the
ranking.

2. nDCG@10: This metric is useful for re-ranking evaluation as it gives insight on how good are the
models at ordering documents according to their relevance labels, while also accounting for their
correct position in the ranking, penalizing more relevant documents appearing later in the ranking
out of order.

3. MRR@10: Mean Reciprocal Rank can be useful to know on average how early the first relevant
document appears in the ranking, accounting for the first 10 elements of the re-ranked results.

5.3 Implementation Details

5.3.1 Data Indexing and Preparation

Indexing for first-stage retrieval processes is performed by using Pyserini [25], which in turn creates a
Lucene index. The similarity parameters for the BM25 function are defined as: k1 = 1.2, b = 0.75,
following Elasticsearch’s convention [3]. Moreover, for consistent dataset access, the python library
ir-datasets [30] is also used, since it provides consistent access to a variety of datasets by using a
similar interface for every dataset.

5.3.2 Metric Computation

Since it is desirable to have consistent and reproducible metric computation, the python library ir-measures
[29] is employed.

5.3.3 Experiment Tracking and Model Storage

Mlflow [47] is used in this work in order to keep track of performed experiments, its results, models and
artifacts. This is paired with the use of Amazon Web Services (AWS) to automatically store the resulting
trained models and their artifacts in S3, together with any metadata emitted by Mlflow, all stored in an
RDS database.

5.3.4 Model Design and Pre-Trained Models

TCT-ColBERT, TAS-B, and Contriever are used as the backbone encoders for the query and document
embeddings used in the experiments.
The encoder models are downloaded and used from Huggingface’s [45] model hub. Moreover, the base
implementation for TAS-B and Contriever for this setting was adapted from the work of Leonhardt et al.
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[23]1. The implementation the direct alpha optimization technique, and also of all adaptor models, their
training and validation was performed by using the Pytorch [33] machine learning framework.

5.4 Model Training Details

5.4.1 Training Hardware

All model training/optimization runs were conducted on a 2021 MacBook Pro with an Apple M1 Pro
processor and 16GB of RAM. The CPU was exclusively used for all training and optimization tasks, with
no specialized hardware acceleration. This choice was made deliberately to validate the feasibility and
efficiency of the proposed techniques on modern, available consumer hardware, demonstrating that they
do not require dedicated GPU servers for effective implementation.

5.4.2 Hyperparameter Settings

The hyperparameters for all models were determined empirically. The final configurations for the best-
performing models for both datasets on the validation splits, for each of the encoder families are detailed
in table 5.1. Moreover, the models are chosen based on their validation nDCG@10 performance.
AdamW was used as the optimizer for all adaptor models, The full set of configurations can be found in
the public experimentation repository of the project 2.

Table 5.1: Hyperparameter Configurations for best performing models for each dataset and encoder
family.

Model Dataset Encoder Learning Rate Optimizer Epochs Batch Size Hidden Dims Bilinear Blocks NTN Dropout

Direct α Opt. TREC-DL TCT-ColBERT 1× 10−1 SGD 300 2 - - -
Direct α Opt. TREC-DL Contriever 1× 10−3 SGD 200 2 - - -
Direct α Opt. TREC-DL TAS-B 1× 10−1 SGD 300 2 - - -
Query-level NTN-DA TREC-DL TCT-ColBERT 5× 10−5 AdamW 5 4 [1024] 100 0.0
Query-level FFNN-DA TREC-DL Contriever 1× 10−4 AdamW 29 4 [2048] - -
Query-level NTN-DA TREC-DL TAS-B 5× 10−5 AdamW 29 4 [1048] 100 0.0
Direct α Opt. ANTIQUE TCT-ColBERT 1× 10−3 SGD 35 4 - - -
Direct α Opt. ANTIQUE Contriever 1× 10−1 SGD 20 4 - - -
Direct α Opt. ANTIQUE TAS-B 1× 10−1 SGD 9 2 - - -
Query-level NTN-DA ANTIQUE TCT-ColBERT 1× 10−5 AdamW 9 4 [1048] 50 0.0
Document-level NTN-DA ANTIQUE Contriever 1× 10−4 AdamW 5 4 [256, 128, 64, 32, 128] 50 0.4
Query-level NTN-DA ANTIQUE TAS-B 1× 10−4 AdamW 9 4 [256, 128, 64, 32, 128] 50 0.4

5.5 Elasticsearch Plugin Testing Setup

As described in section 4.1, the plugin was tested by using Rally [10], which allows to simulate a set of
clients eliciting search requests to an ES cluster. In order to do this, test runs have to be defined through
run JSON configuration files called ”tracks”. A track is a blueprint of different benchmarking scenarios
with a specific corpus. It is also used to specify the involved indices, data files and the operations that
are employed. To this end, a custom JSON track run was set up, together with a python script used to
assemble the body of each test request. The run file defines two main operations:

• BM25 Search: A standard BM25 Elasticsearch keyword search.
• Rescore Search: A two-step process beginning with a BM25 search, and followed by re-ranking

of the top results using the rescoring methodology.

1https://github.com/mrjleo/fast-forward-indexes/tree/main
2https://github.com/TUDThesis/experimentation
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5.5.1 Infrastructure Setup

As mentioned, dedicated compute instances were used for each of the testing components. In this case,
the compute components are defined as follows:

• Elasticsearch Node: The instance running the Elasticsearch server, together with the installation
of the plugin. The Elasticsearch service was defined as a single node.

• Load Generator Node (Rally): The instance running the Rally testing tool. This instance executes
the defined test ”race” and sends the requests to the ES node, simulating real usage.

• Query-Encoder Node: Runs the query-encoder service and listens for requests coming from the
ES node.

Hardware and Software Specifications

The hardware and software specifications for the dedicated server instances used for testing are provided
in table 5.2. All instances were provisioned within the same geographic region (Amazon Web Services
servers in Stockholm).

Table 5.2: Hardware and Software Specifications of the Experimental Setup

Component Instance Type vCPU Memory GPU VRAM Storage OS / Main Software Compo-
nents

(GiB) (GiB)

Elasticsearch Node m6i.xlarge 4 16 - - 512 GiB gp3 Amazon Linux 2023
(3000 IOPS) Elasticsearch 9.1.2

OpenJDK 17 (8 GiB Heap)
FFWI-Rescore Plugin

Load Generator Node (Rally) c6i.large 2 8 - - 64 GiB gp3 Amazon Linux 2023
Rally 2.12.0

Query Encoder Node g4dn.xlarge 4 16 NVIDIA T4 16 125 GB gp3 Ubuntu 22.04 LTS
PyTorch
transformers
Auto-Alpha
FastAPI
Uvicorn

5.5.2 Dataset and Index Configuration

The experiment was conducted using the MS MARCO passage collection, which is a standard benchmark
for information retrieval tasks, containing 8.8 million passages. Each passage was indexed along with its
corresponding pre-computed dense vector representation, which was generated using the TCT-ColBERT
encoder model. The performance evaluation was focused on a single-node environment, thus the Elas-
ticsearch index was configured with one primary shard and zero replicas. The index mapping defined
two core fields: passage, mapped as a standard text field for full-text search, and vector field, which
contained the dense embeddings. The vector field was mapped as a float array with indexing disabled,
as the rescoring logic is managed by the plugin, making native vector indexing unnecessary and saving
storage space. The vector data was explicitly stored with the document, enabling a custom plugin to
access the raw embedding for rescoring during the search phase. The complete specification for the used
index mapping is available in the Appendix A.2.1.

5.5.3 ES Rally Test Setup

The benchmarking workload was structured into two primary test procedures: a baseline bm25-search
and an experimental rescore-search. The baseline test simulated a standard search scenario. It was

40



5.6. CODE IMPLEMENTATION

configured to run with 4 client threads for a 240-second period, four times, aiming to maintain a constant
throughput of 18 queries per second (qps), divided among the clients.
The main experiment focused on evaluating the performance of the custom dense vector rescoring logic.
This series of tests systematically varied the rescore window size, which determined the number of top
documents from the initial BM25 retrieval phase to be re-ranked, to measure its impact on service time
and throughput. For each of the window sizes, a corresponding target throughput was set based on
preliminary tests to establish a sustainable load for the system. The four configurations were:

• Window size of 100 documents: 18 qps
• Window size of 250 documents: 8 qps
• Window size of 500 documents: 3.7 qps
• Window size of 1000 documents: 1.8 qps

The complete Rally track definition, including all operation parameters, is available in the appendix,
under section A.2.2.
The first 20,000 queries from the training query subset of MSMARCO-Passage were used during the
testing procedure with rally.

5.6 Code Implementation

All the code used for this work is openly available within the following GitHub repositories:
• Elasticsearch Plugin: TUDThesis/FFWI es plugin 3

• Overall Experimentation: TUDThesis/experimentation 4

• Auto-Alpha Toolset: TUDThesis/alpha auto tune 5

3https://github.com/TUDThesis/FFWI es plugin
4https://github.com/TUDThesis/experimentation
5https://github.com/TUDThesis/alpha auto tune
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Chapter 6

Results and Discussion

This section presents the results from the alpha optimization methods and adaptors (section 6.1.1), and
also provides results for testing performed on the Elasticsearch re-ranking plugin, in order to determine
its expected service time and throughput capabilities at the current state, under the setup described in the
experimental setup section 5.

6.1 Direct α optimization & Adaptor Models

6.1.1 Aggregated Results

This subsection presents the obtained results after training and testing the methods outlined in sections
4.5, and 4.6. The results are aggregated in table 6.1. The best performing outcomes are emboldened for
each dataset/encoder group. Moreover, a dagger ”†” superscript is used to mark the results for which
there was an observed improvement over the grid search alpha baseline, and that were also statistically
significant. A paired t-test was performed, using a significance level of 95% and correction for Family-
Wise Error Rates using the Holm-Bonferroni method[42].
This section is used to outline the results, and to provide a discussion that helps to answer RQs 1 and 2
of this work:

• RQ 1: How can learning-based methods optimize the interpolation weight α in hybrid re-ranking?
• RQ 2: Can lightweight adaptors improve performance when using pre-computed embeddings from

non-domain-specific encoders?

Results Structure

The performance of the proposed adaptor models and direct α optimization techniques are evaluated on
the test splits for datasets TREC-DL-Psg’20 and ANTIQUE. AP@1k, nDCG@10, and MRR@10 are
used as the primary evaluation metrics, and the results are given for the encoders: TCT-ColBERT [27],
Contriever [16], and TAS-B[13].
The baselines used include the first-stage retrieval BM25 performance, the re-ranking dot product per-
formance (dense re-ranking), and the performance of interpolated re-ranking using a grid search to find
a global value for α. The grid search for alpha made use of two decimal places, that is, 101 search steps
of size 0.01 in the range α ∈ [0, 1]. More details are provided under section 5.1.1.
The final interpolation constant values found through the optimization methods are shown in table 6.1
under columns αTREC and αANTIQUE, corresponding to TREC-DL-PSG’20 and ANTIQUE datasets re-
spectively. For the models that do not make use of an interpolation constant, this does not apply, thus
”-” is used as placeholder. Models predicting dynamic alpha values have alpha reported with the mean,
plus-minus one standard deviation.
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Table 6.1: Re-ranking performance on TREC-DL-Psg’20 and ANTIQUE (BM25 first-stage retrieval).
Best results for each metric in bold denote the top performance within that backbone family. The
underlined value indicates the single best overall result for that metric across all models. Hyperparameter
search and direct alpha optimization models use a fixed global value for alpha. Such values are reported
in the first column for each dataset group: αTREC and αANTIQUE, respectively. Models using dynamic
alpha values have alpha reported with the mean, plus-minus one standard deviation.*MRL stands for
Margin Ranking Loss (direct α optimization with that objective). Baseline methods are indicated with
the superscript B. Dagger superscripts † indicate statistically significant improvements over the strongest
baseline for each subgroup (Hyperparameter grid search), using a paired t-test with a significance level
of 95%, and adjusting for Family-Wise Error Rates using Holm-Bonferroni [42].

TREC-DL-Psg’20 ANTIQUE

Model & Method αTREC AP1k nDCG10 MRR10 αANTIQUE AP1k nDCG10 MRR10

Global Baseline
BM25B - 0.2827 0.4770 0.6653 - 0.2118 0.4541 0.5917

TCT-ColBERT Encoder

↰

Dot-productB - 0.4403 0.6789 0.8092 - 0.2430 0.4287 0.6493

↰

Grid searchB 0.14 0.4502 0.6892 0.8161 0.1 0.2738 0.4914 0.6862

↰

Direct α opt. 0.1368 0.4500 0.6899 0.8153 0.4669 0.2723 0.5273† 0.6787

↰

Direct α opt. (MRL)* 0.0181 0.4449 0.6842 0.8184 0.0634 0.2668 0.4726 0.6845

↰

NTN - 0.4136 0.6389 0.7888 - 0.2614 0.4890 0.6888

↰

FFNN - 0.3907 0.6049 0.7483 - 0.2377 0.4326 0.6528

↰

Document-level NTN-DA 0.4804 ± 0.0023 0.4130 0.6467 0.7701 0.5048 ± 0.0001 0.2799 0.5351† 0.6967

↰

Query-level FFNN-DA 0.1252 ± 0.0048 0.4473 0.6901 0.8097 0.3080 ± 0.0034 0.2824 0.5347 † 0.6960

↰

Query-level NTN-DA 0.1268 ± 0.0091 0.4466 0.6939 0.8212 0.2518 ± 0.0022 0.2861† 0.5325† 0.7063

Contriever Encoder

↰

Dot-productB - 0.2724 0.4668 0.5626 - 0.2372 0.4425 0.6644

↰

Grid searchB 0.09 0.3107 0.5224 0.6829 0.03 0.2705 0.5141 0.6796

↰

Direct α opt 0.5002 0.2872 0.4910 0.6696 0.0312 0.2717 0.5157 0.6829

↰

Direct α opt. (MRL) 0.2114 0.2976 0.5160 0.6700 0.0 0.2377 0.4433 0.6696

↰

NTN - 0.3032 0.5079 0.6533 - 0.2266 0.4716 0.6048

↰

FFNN - 0.2823 0.4779 0.6653 - 0.2113 0.4526 0.5914

↰

Document-level NTN-DA 0.4091 ± 0.0108 0.2976 0.5166 0.6709 0.1349 ± 0.0215 0.2771 0.5358† 0.6924

↰

Query-level FFNN-DA 0.3308 ± 0.0129 0.3116 0.5222 0.6698 0.2752 ± 0.0096 0.2739 0.5309† 0.6801

↰

Query-level NTN-DA 0.4650 ± 0.0032 0.3098 0.5180 0.6736 0.3477 ± 0.0622 0.2729 0.5337† 0.6815

TAS-B Encoder

↰

Dot-productB - 0.4610 0.6915 0.8458 - 0.2143 0.4055 0.5052

↰

Grid searchB 0.38 0.4635 0.6997 0.8256 0.26 0.2386 0.4550 0.5527

↰

Direct α opt 0.1846 0.4699 0.7025 0.8503 0.5270 0.2608† 0.5044† 0.6054†

↰

Direct α opt. (MRL) 0.0316 0.4639 0.6969 0.8550 0.3950 0.2497 0.4796 0.5735

↰

NTN - 0.4048 0.6268 0.8139 - 0.2346 0.4748 0.6178

↰

FFNN - 0.4097 0.6410 0.7509 - 0.2487 0.4777 0.6545

↰

Document-level NTN-DA 0.4785 ± 0.0004 0.4701 0.7043 0.8591 0.5251 ± 0.0003 0.2526† 0.4854† 0.5792†

↰

Query-level FFNN-DA 0.0726 ± 0.0048 0.4735 0.7037 0.8576 0.3201 ± 0.0075 0.2694† 0.5256† 0.6469†

↰

Query-level NTN-DA 0.0053 ± 0.0019 0.4642 0.7048 0.8519 0.3866 ± 0.0119 0.2702† 0.5274† 0.6524†

Discussion of Main Findings

Dynamic α optimization methods making use of an NTN/FFNN, and the Direct α optimization (Neural
nDCG) methods are the best performing ones, however, their effectiveness varies based on the specific
encoder and dataset. Notably, direct alpha optimization and all dynamic alpha model variants proved
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specifically stronger for the ANTIQUE dataset, across all encoders, but showed less improvements for
the case of TREC. For instance, using the TCT-ColBERT encoder, the Document-level NTN-DA model
achieves a 8.89% relative improvement in nDCG@10 over the grid search baseline on ANTIQUE, whereas
the Query-Level NTN-DA model yields a mere 0.68% relative gain on TREC-DL. This trend, visualized
in Figure 6.1, is also observed across the other dataset/encoder cases. This behavior can possibly be
explained by factors such as:

• Domain Specificity: The proposed methods showed promise in out-of-domain scenarios. AN-
TIQUE is a dataset that none of the backbone encoders were pre-trained on. This is reflected in
their low baseline dense re-ranking performance, which often failed to surpass pure BM25 retrieval
performance. In this more complex setting, the dynamic α models provided adaptation, resulting
in improvements, which were often statistically significant.

• Performance Saturation and Data Scarcity: The TREC-DL-2019 Psg’ dataset is built from
MSMARCO, a corpus that both TCT-ColBERT and TAS-B were partially trained on [26, 13].
This in-domain advantage resulted in an already robust grid search baseline, leaving less room
for improvements. This effect was likely reinforced by the small training set used for TREC-DL
(38 queries) compared to ANTIQUE (2,226 queries), making it difficult for the models to learn
significant improvements.

While dynamic and direct optimization strategies were mostly successful, not all adaptation approaches
worked. The attempt to replace dense scores with standalone FFNN or pure NTN models often resulted
in lower performance than the baseline. A possible explanation is that the dot-product signal from
modern PLMs like TCT-ColBERT is already highly optimized, and learning a more complex scoring
function from scratch with limited data proved to be an ineffective approach, compared to the optimized
interpolation of the already existing strong signals.
The full relative performance matrix is also provided under the Appendix, in section A.1.

Effectiveness of Dynamic Alpha Prediction Methods Per Encoder Family

Dynamic alpha prediction models had a strong performance, especially the query-level variants. These
models commonly outperformed the strongest baseline, often with statistical significance. With the
TCT-ColBERT backbone on ANTIQUE, all three dynamic alpha models (Document-level NTN-DA,
Query-level FFNN-DA, and Query-level NTN-DA) achieved statistically significant improvements in
nDCG@10 over the grid search baseline, with Document-level NTN-DA achieving the highest score at
0.5351. Moreover, the Query-level NTN-DA model achieved the best overall performance on this dataset,
attaining the highest AP@1k (0.2861), and MRR@10 (0.7063).
For the Contriever backbone, which shows the weakest performance of the three encoders, the dynamic
alpha models provide some improvements. The Document-level NTN-DA model achieves the best results
for this family on ANTIQUE, across all metrics: AP@1k (0.2771), nDCG@10 (0.5358), and MRR@10
(0.6924), demonstrating its ability to enhance a less effective base encoder.
For the TREC-DL dataset, the dynamic models attained the best overall performance: Query-level FFNN-
DA achieved the highest AP@1k (0.4735), while Query-level NTN-DA achieved the top nDCG@10
(0.7048), and the Document-level NTN-DA model achieved the top MRR@10.
For the TAS-B based models in ANTIQUE, all dynamic prediction models obtained a higher performance
than the baseline, while also being statistically significant.
Overall, results suggest that learning to predict the interpolation parameter on a per-query, or per-document
fashion is a more effective strategy than relying on a single, globally obtained value.

Comparison of Direct Alpha Optimization and Adaptor Models

The Direct α optimization technique, which uses a list-wise objective (Neural nDCG) to find an optimized
global value for α, showed that it can be used as a competitive and efficient alternative to a grid search. It
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Figure 6.1: Relative gain (%) of each metric, for the best-performing methods over the Hyperparameter
Search baseline for each encoder and dataset. Gains are computed as Best−Hyperparam

Hyperparam × 100.

achieved equal or better results in most dataset/encoder cases. On the ANTIQUE dataset with the TAS-B
encoder, it attained statistically significant improvements across all metrics. However, the performance of
optimizing α with Margin Ranking Loss (MRL) was generally less consistent and often underperformed
compared to the NeuralNDCG-based approach and the dynamic models. This phenomenon can be
potentially explained by the richer training signals obtained through a list-wise objective, compared to
the pair-wise counterpart.

6.1.2 Tradeoffs: Model Complexity and Training Time

This section compares some of the tradeoffs between the adaptor models, the direct alpha optimization
technique, and the baseline hyperparameter search. Two main factors are analyzed: total number of
trainable parameters, and training time. These factors are plotted against the attained nDCG@10 score
for each encoder and model. The reason nDCG@10 is used as the comparison metric is its usefulness for
this re-ranking setting, where nDCG can express how good is the learned model for predicting scores that
accurately reflect the relevance of each of the re-ranked documents in their appropriate order. Moreover,
the training time and total number of model parameters are two practical and interesting features which
play an important role to analyze training and inference efficiency.
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Training Time vs. nDCG@10

The tradeoff between training times and attained nDCG@10, for each of the adaptor models, can be
appreciated from the figures below 6.2. Colours correspond to the encoder family used, and shapes
correspond to the type of model/technique.
Sub-figure (A) depicts the case for which training was performed on the TREC-DL-2019 PSG’ test
set, and also displays the time that it took for the grid search of the baseline fixed value of alpha to
run. Adaptors took much less time to train overall, compared to the grid-search baselines, which took
more than 2,100 seconds on average. In contrast, all adaptor models were successfully trained within
110 seconds for this dataset, where Contriever-based Document-level NTN-DA model took the longest
training time, at 108 seconds, and the TCT-ColBERT-based, Query-Level NTN-DA model took the least,
with 20 seconds. Additionally, direct alpha optimization ran within 145 seconds. The main factor for the
varying training times was the number of training epochs, since batch sizes used during training were
identical for all models.
In a similar structure, sub-figure (B) figure shows the same tradeoffs of training time and nDCG@10,
but for ANTIQUE. Note that compared to TREC, training of the adaptor models took longer on average
due to the larger set of examples, however, the training times still remained lower than the time it took
for the grid-search of alpha to run. Adaptor models outperformed every baseline in terms of nDCG@10
performance for this dataset, for each encoder family respectively.
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Figure 6.2: Training time in seconds (x-axis) and the resulting nDCG@10 for each encoder-model
combination A) TREC-DL-2019 PSG’), B) ANTIQUE. Colors represent a family of encoder models
used for the query and document dense embedding representations. Each marker represents a specific
model architecture / technique. For TREC, training times for adaptor models were at least approximately
19× lower than the alpha grid-search process. Training times for ANTIQUE models remained lower than
hyperparameter search baseline, but were considerably higher on average, due to the larger training set
size.

Trainable Parameters

Figure 6.3 in this subsection compares the number of trainable parameters for each model/technique,
with respect to their nDCG@10 performance. Sub-figure (A) shows the tradeoffs for models trained on
TREC-DL-2019 Psg’, whereas sub-figure (B) does it for models/techniques trained on ANTIQUE.
Overall, best performance in terms of nDCG@10 is attained by NTN-based models (Query-Level NTN-
DA, and Document-Level NTN-DA respectively), at the cost of a larger parameter footprint. In contrast,
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FFNN-based models have a much lower parameter count. Regardless of the smaller parameter space,
Query-level FFNN-DA models closely followed, or sometimes outperformed Query/Document-level
NTN-based models, in terms of nDCG@10 performance, making them efficient and effective alternatives
to the NTN-based dynamic alpha models.
Interestingly, direct alpha optimization outperformed the Document-level NTN-DA model for TREC/TCT-
ColBERT and also for ANTIQUE/TAS-B. A possible explanation for this phenomenon is the fact that
NTN-DA models have more hyperparameters to be considered, and are more sensitive to their selection.
Moreover, there is a tradeoff with respect to the performance, and complexity of the models for training
purposes: the optimization landscape of the single-parameter, direct alpha optimization technique is
much simpler than the optimization landscapes of the more parameter-dense dynamic models.

Figure 6.3: Total number of trainable parameters (x-axis) and the resulting nDCG@10 for each encoder-
model combination. Colors represent a family of encoder models used for the query and document dense
embedding representations. Each marker represents a specific adaptor model architecture.
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6.1.3 Feature Correlations: Underlying Query/Document-Level NTN-DA model
mechanisms

To potentially interpret some of the learned mechanisms that drive changes in alpha within the dynamic
alpha models, Spearman’s rank correlation coefficients were computed by considering features extracted
from results of runs on the test splits for both TREC-DL-2020 PSG’, and ANTIQUE. Since low-level
embedding features are difficult to interpret, more high-level data features were calculated, such as: query
lengths, query Shannon entropies, document lengths, etc.
Figure 6.4 shows four spearman correlation heatmaps, each showing correlation coefficients between
features from TREC-DL-2020 PSG’/ANTIQUE test splits. Crucially, this analysis provides the correla-
tions between high-level features and the dynamic α values predicted by the document and query-level
NTN-DA Contriever-based models. Contriever-based models were selected since they displayed the
largest variance for the dynamic predictions of α, as shown in table 6.1.

(a) TREC-DL-2020 (b) ANTIQUE

(c) TREC-DL-2020 (d) ANTIQUE

Figure 6.4: Correlation for features and predicted α values across the test split during testing, the figures
on the top row correspond to correlation maps between the high-level data features and the predictions for
the Document-level Dynamic Alpha models (NTN-DA), and the bottom row corresponds to correlation
maps between the high-level data features and the predictions for the Query-level NTN Dynamic Alpha
models.
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Document-Level NTN-DA Models

The first two correlation matrices (sub-figures A, and B) correspond to the document-level dynamic
alpha NTN-based models. There are multiple observable non-zero correlations occurring between alpha,
and the rest of the features. Focusing on the query length and query entropy features, their observed
negative correlations suggests that whenever a query is more semantically challenging or ”rare”, the
dense model contributes more to the final score. No explicit entropy or length features are used as part of
model predictors, signaling that the models likely make use of implicit frequency and term co-occurrence
statistics, which could translate into entropy statistics present in the query embeddings. These feature can
also possibly be derived from the learned interactions between document and query embeddings within
the models’ components. This view aligns with previous research that has shown that dense embeddings
features from models such as BERT, correlate with term frequency and co-occurrence statistics [24, 19].
Furthermore, note that there are correlations between document length and entropy features, in contrast
to the query-level models, which show very weak correlations between those features and alpha values.
This suggests that document complexity could also be a decisive factor for alpha’s value. These negative
document correlations, much like their query feature counterparts, may signal that as a document’s
rarity or complexity increases, its alpha value decreases. As a consequence, the dense score gains more
importance relative to the BM25 score.
Negative correlations are also observed between alpha predictions and BM25 scores. This could be
explained by revisiting the previous analysis of term frequency. Less frequent terms in a query tend
to produce higher BM25 scores, particularly for documents of average or shorter length. As a result,
documents matching these rarer query terms will, on average, receive a higher BM25 score.
Dot product correlation with alpha is weaker on both datasets, possibly indicating that the learned
mechanism relies mostly on BM25 signals, entropy signals, query entropy, and length cues to predict
alpha values. Interestingly, negative correlation with BM25 scores is stronger on ANTIQUE. A possible
explanation to this phenomenon is that ANTIQUE is a non-factoid Q&A dataset based on Yahoo! Answers
[12], where and questions and answers can be more informal, and overall include less common terms and
more slang terms.

Query-Level NTN-DA Models

The second row of subfigures (C) and (D) show the correlation matrices for the Query-Level NTN-DA
models, having Contriever as their query/document encoder backbone. Focusing on the correlations with
predicted alpha values, it is interesting that the correlations with respect to document features like length
and entropy are lower than the ones observed for the correlation maps corresponding to the Document-
level NTN-DA models. An intuitive explanation would be that in query-level models, a single alpha is
predicted for the entire set of top-N documents. For this weight to work across all documents, the model
must aggregate a single effective score. Therefore, the model likely relies more on query-related features,
which likely contain information about the expected retrieved results as a whole.
A second interesting detail is that correlations with respect to alpha values, for the TREC dataset are
positive. This could indicate that the model learned to ”trust” the BM25 scores. This is not entirely
surprising due to the composition of the TREC-DL-2019 PSG’ dataset, whose relevance labels were
assigned by expert annotators, on top pooled MSMARCO documents which were most likely to be
relevant [7], in contrast to ANTIQUE, which was annotated using crowd-sourcing, and is based on
Yahoo! Answers users’ responses, which are commonly highly noisy, ambiguous, and often contain
informal language and grammatical mistakes [12].
Finally, sub-figure (D) signals more reliance on the dense score as the complexity of queries and documents
increases, but mostly of queries. This is also not surprising due to ANTIQUE’s previously described
nature.
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6.1.4 Discussion: Answering RQ1, and RQ2

Given the previous results and discussion, an answer can be provided for research questions RQ1, and
RQ2:

RQ1: How can learning-based methods optimize the interpolation weight α in hybrid re-ranking?

This work showed that learning-based methods can effectively optimize the interpolation weight α,
outperforming traditional grid search in most cases when training data is available. Two main approaches
were proposed:

• Direct Optimization: Optimizing α directly using a Neural nDCG objective function proved to
be a highly effective and efficient alternative to grid search, achieving on-par or superior results in
most cases.

• Dynamic Prediction: The most effective strategy was to predict α dynamically for all results
to re-rank for the given query, or for each query-document pair. This family of models mostly
outperformed both the grid search baseline and the direct optimization method, showing the benefit
of a query/document-specific interpolation weight over a fixed global one.

RQ2: Can lightweight adaptors improve performance when using pre-computed embeddings
from non-domain-specific encoders?

Obtained results suggest that lightweight adaptors can effectively improve performance, though their
impact is influenced by the initial effectiveness of the pre-trained encoder on the target dataset.
The adaptors demonstrated their highest value on the ANTIQUE dataset, yielding statistically significant
performance gains over the baseline. It is hypothesized that this occurs because of ANTIQUE’s more
extensive training data, and the base models performed poorly out-of-the-box. In this scenario, the
adaptors provided an important and quantifiable benefit.
In contrast, on the TREC-DL-2020 dataset, the performance improvements were not statistically signifi-
cant. The base encoders, TCT-ColBERT and TAS-B, had already been trained on a subset of MSMARCO,
making them less ”non-domain-specific” for this task. It is theorized that their already high baseline
performance make further significant improvements with the adaptors more difficult to achieve, coupled
with the lower number of training examples.
In general, the evidence suggests that dynamic α adaptors are a valuable tool for enhancing performance,
especially when a pre-trained encoder is applied to a new domain where it initially struggles.
Conversely, not all adaptation strategies were successful. Attempts to use FFNN and pure NTN models
as standalone adaptors, and attempting to learn a new dense scoring function resulted in a general decline
in performance. These models were outperformed by all methods that simply optimized the interpolation
of existing scores. The most likely explanation is that the base dot-product signal is already exceptionally
strong. The backbone PLMs are exceptional at producing embeddings where the dot-product is an effi-
cient and informative measure of relevance. For instance, TCT-ColBERT distills ColBERT’s MaxSim
operator, which aggregates dot-product similarities across all token representations [26]. This means its
final dot-product is already the result of a very optimized procedure. Attempting to learn a more complex
scoring function from scratch, therefore, proved to be an ineffective strategy.

6.2 Plugin Performance Testing

The Elasticsearch re-ranking plugin was tested according to the methods and setup described in sections
4.4 and 5 respectively. Service time and throughput metrics are used below for the analysis.
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6.2.1 Service Time Measurements

Figure 6.5 shows each of the used window sizes for experimentation, and their respective service time
percentiles (50th, 90th, and 99th) in milliseconds, for the BM25 searches with the Re-ranking plugin
enabled. There is an almost linear trend between an increase in the window size compared to the service
time. Naturally, the best performing window size was for the top-100 documents, at a median service
time of 214.23 milliseconds.
It is insightful to know what is the proportion of the total service time that is used on the first-stage
retrieval phase, and on the re-ranking phase. To this end, the stacked 50th percentile service times for
pure BM25 retrieval, and for the Re-ranking step are presented in figure 6.6. The average observed 50th
percentile for the first stage retrieval was of approximately 25 milliseconds, depicted as the blue slices
from the figure. In contrast, the overhead of the rescore plugin is much larger, beginning with 188.42 ms
for the rescore window size of 100 documents. This larger overhead can possibly be explained by the fact
that accessing the pre-computed dense embedding representation for each document requires additional
I/O operations after the first stage retrieval phase, in order to fetch the embeddings from disk, or cache
if available. Moreover, dot product operations are executed as a single-threaded, CPU-bound procedure
on the ES node. The lack of parallelization for these computations creates a potential bottleneck. This is
left as an area for future exploration and improvement.

Figure 6.5: Window Size (x-axis) vs. Service Time (y-axis) at the 50th, 90th, and 99th percentiles,
measured across window sizes: 100, 250, 500, and 1000 top-k documents to re-rank.

Throughput Performance

The throughput performance can be a useful metric to decide the extent to which an ES cluster can
process requests without getting overwhelmed. Thus, the throughput is calculated as part of the testing
procedure. The mean throughput, for each run corresponding to each window size test is shown in figure
6.7. Throughput exhibits an inverse-like decay with window size, and not an almost linear relationship
like it was observed previously for the service time measurements. This is an expected tradeoff, since
a larger service time means that the total number of processable operations per second lowers when
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Figure 6.6: Window size (x-axis) vs. 50th percentile service time (y-axis) for first-stage retrieval, and
for re-scoring phase respectively. Measurements are shown across window sizes for 100, 250, 500, and
1000 top-k documents to re-rank.

using the same amount of resources. That is, the more documents that are considered for the re-ranking
procedure, the slower queries become, making queries per second decrease inversely.

Figure 6.7: Window size (x-axis) vs. mean throughput in queries per second (y-axis), for the first-stage
retrieval (baseline), and for re-ranking stage. Measurements are shown across window sizes for 100, 250,
500, and 1000 top-k documents to re-rank.

6.2.2 Query Encoder Processing Times

As described in Section 4.1, the query encoder is implemented as an external service to guarantee
flexibility and scalability. For this reason, its performance is measured separately. To do this, all the
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requests from a full rally run are profiled by using the built-in profiler from the Auto-Alpha query encoding
service (see Section 4.2.2). As a result, the computation time for each query embedding, and the 50th,
90th, and 99.9th percentiles of these times are shown in Figure 6.8. Notably, the median processing time
is very low (12.57 ms), compared to the plugin’s total re-ranking service time (Figure 6.6), indicating
that the query encoding service does not constitute a significant portion of the total service time.

Figure 6.8: 50th, 90th and 99th percentiles for the query-encoding processing time per request.

6.2.3 Discussion: Answering RQ3

In hindsight of the previous results, observations, and overall design of the developed reranking plugin, the
research question RQ3: ”Can a native Elasticsearch (or equivalent framework) plugin/tool be developed
to implement the Fast-Forward Indexes approach while making its setup simple? Moreover, how can
insights from RQs 1 and 2 be applied to this implementation?”, can be answered.
Yes, this project showed that the Fast-Forward Indexes approach [23] can be implemented as a native
Elasticsearch plugin designed for simplicity and ease of use. By building the tool as a native plugin,
it seamlessly integrates into an existing Elasticsearch cluster, making the installation and configuration
process fast and straightforward. Its architecture validates the practical applicability of the research by
making advanced hybrid re-ranking more accessible.
The implementation also addresses how insights from the preceding research questions were applied:

• Application of RQ1: The findings on α-optimization are directly implemented with the python-
based toolset ”Auto-Alpha”. This toolset provides users with data preparation utilities, a flexible
query encoding service, and a gradient-based method to automatically find an effective interpolation
weight (α) for their specific dataset, directly translating the research on direct alpha optimization
into a practical, value-added feature.

• Application of RQ2: It is important to clarify that the insights from the adaptor models in RQ2
have not yet been implemented in the current version of the plugin. While the research demonstrated
the potential of dynamic, query-aware adaptors, integrating these models into the plugin remains
an opportunity for future work.

The plugin is a successful proof-of-concept for a native ES-based Fast-Forward implementation and a
direct application of RQ1’s findings. It also clearly defines a path for further enhancements based on the
promising results from RQ2.
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Chapter 7

Conclusions and Future Work

7.1 Conclusion

This thesis presents two primary contributions to the field of information retrieval. Methodologically, it
enhances the Fast-Forward Indexes framework [23] by developing techniques for optimizing the interpo-
lation weight α. This includes an efficient gradient-based optimization method that surpasses grid search
and, more significantly, the introduction of lightweight adaptor models. These adaptors dynamically
adjust the hybrid weight at query or document granularity, demonstrating improved performance over a
static weight without requiring modification to the backbone encoder.
Practically, this work delivered an open-source software package to make the techniques accessible, com-
prising of a user-friendly Elasticsearch plugin for simple integration of the Fast-Forward Indexes hybrid
re-ranking paradigm, and a Python toolset that provides the following main utilities:

• Automatic α-Optimization: The toolset includes the proposed gradient-based method to auto-
matically find an optimal interpolation weight, removing the need for grid search when training
data is available.

• Seamless Query Encoding: A highly customizable and flexible service that provides real-time
query embeddings and integrates effortlessly with the re-ranking plugin.

• Simplified Data Preparation: Utilities that make the process of preparing training data for
optimization fast and straightforward.

• Flexible Embedding Generation: For collections without existing embeddings, the toolset can
compute them on-demand, while remaining as flexible and extensible as the query encoding service.

Moreover, the experimentation that was carried out enabled answering the three main research questions
proposed in this work:

• RQ 1: How can learning-based methods optimize the interpolation weight α in hybrid re-
ranking? A: In response to RQ1, this research demonstrated that learning-based methods can
effectively optimize the interpolation weight α, often surpassing traditional grid search. The
investigation resulted in two successful strategies: direct optimization of a single interpolation
constant, and the dynamic prediction of an interpolation value for each query/document. The
dynamic approach proved superior, highlighting that a context-aware interpolation weight is more
effective than a fixed, global one.

• RQ 2: Can lightweight adaptors improve performance when using pre-computed embeddings
from non-domain-specific encoders? A: In answer to RQ2, this thesis concludes that lightweight
adaptors are a valuable tool, particularly for domain adaptation where a pre-trained encoder initially
underperforms. The benefit was stronger where adaptors compensated for a domain mismatch.
Conversely, on datasets where the encoder already had a strong baseline, they offered no significant
advantage. This research also discovered an important insight: strategies aimed at replacing the
existing dot-product scoring mechanism were ineffective. This suggests that the relevance signals
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from modern encoders are very robust, and that in this hybrid re-ranking setting, the most effective
adaptation strategies are those that modulate the existing signals rather than attempting to learn a
new one from scratch.

• RQ 3: Can a native Elasticsearch (or equivalent framework) plugin/tool be developed to
implement the Fast-Forward Indexes approach while making its setup simple? How can
insights from RQ 1 be applied to this implementation? A: This research demonstrated that
the Fast-Forward Indexes approach can be implemented as a user-friendly, native Elasticsearch
plugin, providing an affirmative answer to RQ3. The plugin’s design prioritized simple integration
and simplicity, making advanced hybrid re-ranking more accessible. Furthermore, the theoretical
findings on alpha-optimization (RQ1) were practically applied through the ”Auto-Alpha” toolset,
which automates the tuning of the interpolation weight. While the potential of the adaptor models
studied in RQ2 was confirmed, their integration was not included in the current implementation
and remains a promising direction for future development.

Limitations

The conclusions drawn from this work should be considered in the context of the following limitations:
• Plugin Implementation Scope: The current open-source Elasticsearch plugin properly imple-

ments the Fast-Forward Indexes re-ranking framework and the direct optimization of a global α
value (addressing RQ1 and part of RQ3). However, it does not yet integrate the dynamic adap-
tor models, whose potential was demonstrated in the response to RQ2. The integration of these
dynamic models is identified as a direction for future work.

• Performance Evaluation Environment: The performance benchmarks for the Elasticsearch plu-
gin were conducted in a controlled, single-node environment with a single index shard. While this
setup is sufficient for a proof-of-concept evaluation, the observed latency and throughput metrics
may not be directly generalizable to larger, multi-node production clusters, which would involve
additional complexities like network overhead and shard routing.

• Constrained Training Data: The limited performance gains observed on the TREC-DL dataset
may be partially attributable to the small size of the training set, which consisted of only 38 queries.
This data scarcity likely constrained the ability of the learning-based models to significantly
outperform the already strong baselines.

• Domain Specificity of Adaptors: The adaptors demonstrated their most significant value in the
out-of-domain context of the ANTIQUE dataset, where the backbone encoders initially underper-
formed. Conversely, on the in-domain TREC-DL dataset, their improvements were not statistically
significant, suggesting that their benefit is most pronounced when bridging a domain gap.

• Ineffectiveness of Score Replacement: The experiments revealed that adaptor models designed
to entirely replace the dot-product dense score with a newly learned function consistently under-
performed. This indicates a limitation of the ”from-scratch” learning approach in this context
and suggests that modulating existing strong signals (BM25 and dot-product) is a more effective
strategy than attempting to replace them.

7.2 Future Work

The contributions of this thesis lay the groundwork for diverse promising research and development
directions:

Plugin Enhancements and Production-Readiness

While the current plugin validates the core approach, future work should focus on preparing it, and
validating it against more demanding scenarios:
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• Performance Optimization: The efficiency of internal operations, specifically the dense score
computations, could be further optimized to improve throughput and reduce latency.

• Scalability and Robustness Testing: The plugin’s performance should be rigorously evaluated in
complex environments, such as a multi-node, multi-shard Elasticsearch cluster under higher query
loads, to ensure its stability and scalability.

• Native adaptor Implementation: It would be interesting to explore whether natively implementing
one of the dynamic α-prediction models within the plugin is possible, without harming the core
mechanisms of Elasticsearch. This would be a challenging task, due to factors such as: the overhead
of running inference on JVM-based ES nodes, model format incompatibilities, and the need for a
robust Java-based ML library.

Advancements in adaptor Models

The adaptor models themselves can be refined and explored further:
• Low-Rank NTN Evaluation: The repository for this work includes a preliminary implementation

of a low-rank [15] variant for the NTN-based adaptors, however, a dedicated study could be
conducted to formally evaluate the implications for the parameter efficiency, and the impact it
would have on the adaptor’s performance.

• Exploration of Other Architectures: Research could also investigate other parameter-efficient
model architectures for the dynamic adaptors to further improve the trade-off between performance
and computational cost.

Broader Experimental Validation

To further solidify the finding of this work, the proposed techniques should be tested in new and more
challenging contexts:

• Testing on Specialized Domains: The effectiveness of the α-optimization and adaptor techniques
could be validated on datasets with more specialized language. For instance, the TREC-COVID
dataset [38], with its focus on scientific and medical text, would be an excellent test case.

• Evaluating Domain Adaptation: Future experiments could continue to focus on scenarios where
the encoder backbone has not been pre-trained on the target domain, providing a stronger test of
the adaptors’ ability to bridge the domain gap.

7.3 Disclosure

According to the publishing policies of TU Delft 1, I hereby acknowledge that some portions of text
from this work have been rephrased using AI tools powered by ChatGPT. GitHub Copilot has also been
employed for code assistance during the development of the technical code-related aspects of this work.
Finally, the cover image of this work was generated using Google Gemini. Most importantly, all AI
generated content has been thoroughly verified to ensure its validity.

1https://www.tudelft.nl/library/actuele-themas/open-publishing/about/policies
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Appendix A

Supporting Contents and Analysis

A.1 Full Relative Scores

This section provides the full set of relative performances of the direct alpha optimization techniques,
and the adaptor models. The results are presented in a heatmap in figure A.1.

General Observations

Overall the dynamic alpha adaptor models showed the most relative improvements, followed by the direct
alpha optimization technique. Moreover, the least performing models were the standalone NTN and
FFNN models, followed by the direct alpha optimization method with the MRL objective.
The fact that ANTIQUE shows more improvements which are also significant, in comparison to TREC-
DL-2020 PSG’, reinforces the argument that adaptors can be effective to ”adapt” the interpolation
parameters and improve the performance of interpolation-based re-ranking techniques on out-of-domain
datasets.
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Figure A.1: Relative gain/decrease (%) of each metric, for all methods over the Hyperparameter Search
baseline for each encoder and dataset. Gains are computed as Best−Hyperparam

Hyperparam × 100.

A.2 Plugin Experimentation

A.2.1 Indexing Mapping

During indexing of the MSMARCO passage collection, the mapping presented below was used:

"mappings": {
"properties": {

"passage": {
"type": "text",
"analyzer": "standard"

},
"vector_field": {

"type": "float",
"store": True,
"index": False,
"doc_values": False

}
}

},
"settings": {

"number_of_shards": 1,
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"number_of_replicas": 0,
"refresh_interval": "30s" # Optimize for bulk indexing

}

A.2.2 Rally Full Track Definition

The Rally track definition JSON that was used for the test setup of the ES’ plugin performance is provided
below:

{
"version": 2,
"description": "Interleaved BM25 vs rerank_ffwi rescore (latency A/B, cache-fair)",
"operations": [

{
"name": "bm25-search",
"operation-type": "search",
"param-source": "ffwi-queries",
"params": {

"file": "queries.txt",
"mode": "bm25",
"index": "{{ index | default(’msmarco_v1’) }}",
"field": "{{ field | default(’passage’) }}",
"size": "{{ size | default(10) }}",
"source_fields": [

"passage"
],
"profile": false,
"preference": "{{ preference | default(’ab-bench’) }}"

},
"request-params": {

"request_cache": "false",
"preference": "{{ preference | default(’ab-bench’) }}"

}
},
{

"name": "rescore-search",
"operation-type": "search",
"param-source": "ffwi-queries",
"params": {

"file": "queries.txt",
"mode": "rescore",
"index": "{{ index | default(’msmarco_v1’) }}",
"field": "{{ field | default(’passage’) }}",
"size": "{{ size | default(10) }}",
"window_size": "{{ window_size | default(100) }}",
"alpha": "{{ alpha | default(0.123) }}",
"vector_field": "{{ vector_field | default(’vector_field’) }}",
"batch_size": "{{ batch_size | default(64) }}",
"source_fields": [

"passage"
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],
"profile": false,
"preference": "{{ preference | default(’ab-bench’) }}"

},
"request-params": {

"request_cache": "false",
"preference": "{{ preference | default(’ab-bench’) }}"

}
}

],
"challenges": [

{
"default": true,
"name": "interleaved-a_b_intense",
"schedule": [

{
"name": "bm25-warm",
"operation": "bm25-search",
"clients": 4,
"warmup-time-period": 180,
"time-period": 1,
"target-throughput": 18

},
{

"name": "rescore-warm",
"operation": "rescore-search",
"clients": 4,
"warmup-time-period": 180,
"time-period": 1,
"target-throughput": 18

},
{

"name": "bm25-1",
"operation": "bm25-search",
"clients": 4,
"time-period": 240,
"target-throughput": 18

},
{

"name": "rescore-1",
"operation": "rescore-search",
"clients": 4,
"time-period": 240,
"target-throughput": 18

},
{

"name": "bm25-2",
"operation": "bm25-search",
"clients": 4,
"time-period": 240,
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"target-throughput": 18
},
{

"name": "rescore-2",
"operation": "rescore-search",
"clients": 4,
"time-period": 240,
"target-throughput": 18

},
{

"name": "bm25-3",
"operation": "bm25-search",
"clients": 4,
"time-period": 240,
"target-throughput": 18

},
{

"name": "rescore-3",
"operation": "rescore-search",
"clients": 4,
"time-period": 240,
"target-throughput": 18

},
{

"name": "bm25-4",
"operation": "bm25-search",
"clients": 4,
"time-period": 240,
"target-throughput": 18

},
{

"name": "rescore-4",
"operation": "rescore-search",
"clients": 4,
"time-period": 240,
"target-throughput": 18

}
]

},
{

"name": "interleaved-a_b",
"schedule": [

{
"name": "bm25-1",
"operation": "bm25-search",
"clients": 4,
"warmup-iterations": 200,
"iterations": 20000,
"target-throughput": 18

},
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{
"name": "rescore-1",
"operation": "rescore-search",
"clients": 4,
"warmup-iterations": 200,
"iterations": 20000,
"target-throughput": 18

}
]

},
{

"name": "bm25-capacity-find",
"schedule": [

{
"warmup-time-period": 30,
"name": "bm25-capacity-find-run-1",
"operation": "bm25-search",
"time-period": 60,
"target-throughput": 20

},
{

"warmup-time-period": 30,
"name": "bm25-capacity-find-run-2",
"operation": "bm25-search",
"time-period": 60,
"target-throughput": 40

},
{

"warmup-time-period": 30,
"name": "bm25-capacity-find-run-3",
"operation": "bm25-search",
"time-period": 60,
"target-throughput": 80

},
{

"warmup-time-period": 30,
"name": "bm25-capacity-find-run-4",
"operation": "bm25-search",
"time-period": 60,
"target-throughput": 120

}
]

},
{

"name": "rescore-capacity-find",
"schedule": [

{
"name": "rescore-search-run-1",
"operation": "rescore-search",
"clients": 4,
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"warmup-time-period": 30,
"time-period": 60,
"target-throughput": 20

}
]

},
{

"name": "profile-sample",
"schedule": [

{
"name": "bm25-profile",
"operation": "bm25-search",
"warmup-iterations": 5,
"iterations": 50,
"target-throughput": 5,
"params": {

"mode": "bm25",
"profile": true,
"file": "queries.txt"

}
},
{

"name": "rescore-profile",
"operation": "rescore-search",
"warmup-iterations": 5,
"iterations": 50,
"target-throughput": 5,
"params": {

"mode": "rescore",
"file": "queries.txt",
"index": "{{ index | default(’msmarco_v1’) }}",
"field": "{{ field | default(’passage’) }}",
"size": "{{ size | default(100) }}",
"window_size": "{{ window_size | default(100) }}",
"alpha": "{{ alpha | default(0.123) }}",
"vector_field": "{{ vector_field | default(’vector_field’) }}",
"batch_size": "{{ batch_size | default(64) }}",
"profile": false,
"preference": "{{ preference | default(’ab-bench’) }}"

}
}

]
}

]
}
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