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Abstract

Pretrained transformers have significantly advanced the field of information retrieval (IR) since
the introduction of BERT. Through unsupervised pretraining followed by task-aware finetuning,
the encoder-only BERT effectively captures the complex semantics of texts and overcomes the lim-
itations of traditional bag-of-words systems like BM25, addressing the lexical mismatch between
queries and documents. The successor models based on decoder-only pretrained transformers such
as GPT and LLaMA have further improved the ranking effectiveness by scaling up the compu-
tation. Undoubtedly, these pretrained transformers have made a profound impact on search and
ranking, completely changing the landscape of modern IR systems.

Consequently, pretrained transformers are now applied in various stages of a modern IR system,
typically comprising a first-stage retriever, a second-stage reranker, and an optional large language
model (LLM). For instance, the first-stage retriever can be a bi-encoder that separately encodes
the queries and documents, and the encoded collection of documents is indexed into a vector
database for nearest neighbor search. Given a query, the first-stage retriever selects the top-k
similar documents from the vector database for the second-stage reranker to review. The following
second-stage reranker is usually a cross-encoder which evaluates the query and documents jointly,
further refining the search results. The final step is to use an LLM to summarize the retrieved
information before returning it to the users, which is optional but has become more and more
popular in modern search engines.

However, pretrained transformers are not without flaws. Compared to traditional IR methods,
the challenges of efficiency and robustness are frequently encountered in practice. For example,
first-stage retrievers and their vector indexes often suffer from redundancy, leading to increased
search latency and excessive storage requirements. The second-stage rerankers, based on cross-
encoder pretrained transformers, also incur high computational costs when reranking a large set
of retrieved documents. In addition, the representations of pretrained transformers are usually
lossy compression of the inputs and tied to certain data distributions, making them susceptible
to out-of-domain queries and subtle details such as dates and locations. These issues can further
impair the downstream LLM, hindering the efficient extraction of useful information from the
retrieved documents and promoting hallucinations when processing biased content retrieved by
adversarial queries.

Given the breadth of the challenges outlined, this thesis will delineate a specific scope of
study for efficiency and robustness. Regarding efficiency, our focus will be on minimizing search
latency and storage costs during the first-stage retrieval and second-stage reranking processes,
along with reducing the generation latency of the downstream LLM. Regarding robustness, we will
concentrate on the reliability of both retrievers and rerankers in handling out-of-domain queries, as
well as ensuring the factuality and attribution accuracy in the output of the retrieval-augmented
LLM. Under this context, we outline our efforts to address the efficiency and robustness challenges



in major components of a modern IR system based on pretrained transformers, ranging from
first-stage retrieval—including dense, sparse, hybrid, and multi-vector retrievers—to second-stage
cross-encoder reranking, as well as tackling hallucination and attribution issues in downstream
LLMs from a retrieval standpoint.

For first-stage dense retrieval models, we explore index compression to reduce search latency
and storage space through dimensionality reduction and product quantization. We also detail
our work on improving the robustness of these models through techniques like model ensembling
and integration with sparse retrieval methods. In extending these ideas to multi-vector retrieval
systems, we employ dynamic lexical routing and token pruning to jointly optimize for efficiency
and robustness during finetuning on ranking tasks. Additionally, we examine the integration
of sparse retrieval in a multi-vector system and propose sparsified late interactions for efficient
retrieval, ensuring compatibility with traditional inverted indexes and improving latency.

In the later sections, we continue to address the efficiency and robustness challenges in second-
stage rerankers based on cross-encoders. We introduce a straightforward strategy for cross-encoder
rerankers by adding late interaction at the last layer to handle out-of-domain, long-sequence data
with minimum latency overhead. We also assess the impact of using LLMs in query expansion
for high-precision cross-encoder rerankers in conventional ranking tasks, finding that traditional
query expansion methods can undermine the robustness of effective rerankers. After integrating
first-stage retrieval with second-stage reranking, we propose a candidate-set pruning method with
high-confidence error control to accelerate the reranking process reliably, allowing users to specify
their precision goals while maintaining efficiency with theoretical guarantees.

Finally, we use these optimized two-stage retrieval systems to address hallucination and attri-
bution problems in downstream retrieval-augmented LLMs with improved efficiency for generation.
We introduce a hybrid generation model that incorporates segments retrieved from the corpus di-
rectly into LLM outputs to reduce hallucinations and improve attribution in knowledge-intensive
tasks. Our final system leverages our efficient and robust solutions in neural retrieval, delivering
precise responses swiftly and accelerating content generation by processing multiple tokens per
time step, with a post-hoc revision mechanism to balance robustness and efficiency.

Overall, this thesis aims to improve the efficiency and robustness of key components in a
contemporary IR system and their integration with downstream LLMs.
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Chapter 1

Introduction

Recent progress in natural language processing (NLP) has been driven by the development of pre-
trained transformers [319]. Capable of learning complex semantics from texts, these models are
“transforming” the way users interact with digital systems. Since the introduction of BERT [57],
the encoder-only transformers have achieved major milestones in many NLP tasks such as sen-
timent analysis and reading comprehension [369]. Meanwhile, decoder-only transformers such as
GPT [253, 34, 237] and LLaMA [314, 315] revolutionize the field of text generation by scaling up
the computation (i.e., pretraining on more data and using more parameters) for auto-regressive
models. Unlike BERT, these generative models can produce coherent and engaging content under
instructions, enabling personalized and context-aware interactions. Such capability marks a major
paradigm shift from smaller neural networks, such as LSTMs [98] and CNNs [130] trending in early
NLP applications, to behemoth models with billions of parameters, deepening our comprehension
of the potential of these pretrained transformers.

The advancement above has also set a new foundation for information retrieval (IR), a critical
domain in NLP focused on surfacing relevant information from vast collections. Traditional meth-
ods like TF-IDF [275] and BM25 [267], which rely on bag-of-words, term-matching approaches,
fail to consider the semantic relationships between texts without term overlaps, rendering them
less suitable for semantic-related tasks. As language models become more adept at understanding
context and generating text, IR systems must evolve accordingly. Modern IR needs to lever-
age these advancements to effectively retrieve information and assess its relevance across various
contexts, ensuring that the presented information is both accurate and contextually appropriate.

In this context, modern IR systems based on pretrained transformers [120, | have emerged
as alternatives to traditional search models. For instance, dense passage retrieval [126] encodes
the query and documents into a continuous vector space using pretrained transformers, calculating
the relevance by measuring the similarity between vectors. Such representation learning methods
allow the model to capture more complex relationships between queries and documents, enabling
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Figure 1.1: An illustration of a modern IR system based on pretrained transformers, including
first-stage retrieval for high recall, second-stage reranking for high precision, and an optional
process (dashed arrows) of using large language model (LLM) for generating answers.

them to achieve state-of-the-art accuracy in various IR tasks, such as open-domain question-
answering [11, 117] and fact-verification tasks [226, 232].

In this thesis, we summarize our efforts to enhance the components of a modern IR system
based on pretrained transformers, including first-stage retrieval and second-stage reranking, as
well as downstream retrieval-augmented LLMs as shown in Figure 1.1. We begin by describing
the challenges encountered in deploying modern IR systems based on pretrained transformers and
then present our solutions which will be discussed in detail throughout the thesis.

1.1 Challenges of Deploying Pretrained Transformers in IR

As mentioned above, a modern IR system based on pretrained transformers typically includes a
first-stage retriever aiming for high recall, a second-stage reranker targeting high precision, and
an optional retrieval-augmented language model that summarizes retrieved information for the
user. The first-stage retriever needs to first encode the whole corpus of documents into vectors
and store them in a vector database for nearest neighbor search. However, using a pretrained
transformer to encode a large collection of documents often requires significant computational
resources compared to traditional IR methods. Moreover, the encoded vector databases can
consume substantial storage space and demand high latency to search for relevant documents,
depending on the hardware and configuration. The second-stage reranker, in contrast, does not
need to store the indexed documents but instead computes the relevance score for each query-
document pair on the fly. Therefore, when reranking a large candidate set retrieved from the
first stage, the latency and computational costs can become computationally intractable due to



the expensive forward process of transformers. Both the high latency and storage costs can be
categorized as the efficiency challenge.

The second challenge, affecting both first-stage retrievers and second-stage rerankers, is that
pretrained transformer models finetuned on specific domains may not generalize well to other
domain-specific nuances and jargon uncommon in other IR tasks. For example, models finetuned
on general question-answering tasks might struggle to adapt to medical record retrieval. This lack
of robustness can lead to sub-optimal results and even potential risks in situations that demand
reliability, such as retrieving medical records and legal documents.

Lastly, the efficiency and robustness issues of the first-stage and second-stage models can fur-
ther impact the downstream retrieval-augmented language models. With the rapid rise of LLMs,
it is increasingly common for IR systems or search engines to employ an LLM to summarize
the retrieved information before presenting it to the users. This paradigm, known as retrieval-
augmented generation (RAG), can lead to difficulties for LLMs in efficiently extracting relevant
content from scattered retrieved documents and may encourage hallucination when facing adver-
sarial queries that result in retrieving biased content. For example, if a user asks, “What impact
does the position of the Sun at birth have on someone’s personality?”’ and the search engine
returns a collection of unverified research on astrology, the downstream LLM might generate
incorrect conclusions based on the retrieved information without further verification.

1.2 Efficient and Robust Solutions for Modern IR

This thesis addresses the above challenges and discusses approaches to enhance the efficiency and
robustness of a two-stage base IR system, as well as improve the factuality and attribution in
downstream retrieval-augmented language models.

Chapter 2 lays the groundwork by establishing the foundational concepts necessary to grasp
the complexities of modern neural retrieval systems. Initially, we introduce the basic types of
retrieval systems in IR, namely Bag-of-words systems (BoW) and Approximate Nearest Neighbor
search (ANN). Subsequently, we delve into the model architectures of diverse retrievers based on
pretrained transformers, including dense retrievers, sparse retrievers, multi-vector retrievers, and
cross-encoder rankers. At the end of the chapter, we briefly overview various types of retrieval-
augmented LLM systems.

Chapter 3 begins an in-depth investigation into the efficiency and robustness of simple dense
retrievers. We propose an unsupervised compression pipeline consisting of principal component
analysis (PCA), product quantization, and hybrid search to enhance efficiency without compromis-
ing effectiveness. To bolster the robustness of single-vector dense retrieval, Chapter 4 introduces
a method to train individual dense retrievers for various tasks and aggregate their predictions



during test time, utilizing uncertainty estimation as weights to determine the likelihood that a
specific query pertains to each expert’s domain.

Chapter 5 expands our discussion on efficiency and robustness to more advanced retrieval
systems like multi-vector retrievers. We unify various multi-vector retrieval models from a token
routing perspective and propose conditional token interaction through dynamic lexical routing
for efficient and effective multi-vector retrieval. Our model is designed to route each token vector
to predetermined lexical “keys,” ensuring that a query token vector interacts only with document
token vectors routed to the same key. This design significantly reduces computational costs
while maintaining high accuracy. To better integrate this multi-vector retrieval system with
existing search libraries such as Pyserini and Lucene, Chapter 6 introduces an efficient two-stage
retrieval architecture that includes inverted index retrieval followed by a score refinement module
to approximate late interaction, resulting in a sparse retrieval system that is faster yet as accurate
as multi-vector retrievers like ColBERT. These methods exploit the redundancy in multi-vector
retrieval, striking an ideal balance between efficiency and robustness.

Transitioning from first-stage retrievers to second-stage rerankers, Chapter 7 integrates the
late interaction mechanism from multi-vector retrieval into the cross-encoder models. This simple
approach yields a 5% improvement on BEIR benchmarks without compromising in-domain effec-
tiveness or increasing search latency. Chapter 8 identifies two crucial steps for cross-encoders using
query expansion: high-quality keyword generation and minimally disruptive query modification.
We demonstrate that it is possible to further enhance the generalization of a robust neural ranker
by generating keywords through a reasoning chain and aggregating the ranking results of each ex-
panded query via self-consistency, reciprocal rank weighting, and fusion. Chapter 9 addresses the
shortcomings of a commonly used candidate set pruning method in two-stage relevance ranking,
which often empirically sacrifices accuracy for computational efficiency without theoretical guar-
antees. We propose the concept of certified error control for candidate set pruning in relevance
ranking, ensuring that the test error after pruning remains within a user-specified threshold with
high probability.

With the efficient and robust solutions for the base IR system in place, Chapter 10 integrates
these enhanced methods with LLMs for knowledge-intensive tasks. We propose a training-free,
span-level nearest neighbor language model that directly injects segments from the corpus into
the LLM output. We further utilize speculative decoding with relaxation to refine the outputs,
eliminating generation artifacts (e.g., grammatical errors, repetition caused by retrieval) while
preserving the crucial facts sourced from the corpus. The final model is both efficient and robust,
providing direct attribution to improve the factuality of the LLM’s output.

Finally, Chapter 11 outlines promising future research directions that could further enhance
the efficiency and robustness of retrieval systems and LLMs, including potential advancements in
model architecture, training techniques, and integration methods.



1.3 Contributions

In summary, this thesis contributes to the field of Information Retrieval (IR) by improving the
efficiency and robustness of first-stage retrievers and second-stage rerankers based on pretrained
transformers, as well as integrating these advancements with downstream retrieval-augmented
language models to address factuality and attribution issues. We enumerate our contributions as
follows:

e Unsupervised index compression for efficient dense retrieval (Chapter 3): We introduce
an unsupervised compression pipeline for first-stage retrieval models, incorporating princi-
pal component analysis (PCA), product quantization, and hybrid search techniques. This
methodology enhances the efficiency of dense retrieval without compromising effectiveness.

e Model uncertainty fusion for robust dense retrieval (Chapter 4): We train individual dense
retrievers for various tasks and aggregate their predictions during test time. By employing
uncertainty estimation as weights, we enhance the system’s overall robustness.

e Dynamic lexical routing for efficient multi-vector retrieval (Chapter 5): We establish a new
conceptual framework for multi-vector retrievers, predicated on dynamic lexical routing.
This strategy substantially reduces computational costs by facilitating efficient token inter-
actions, thereby improving both the scalability and effectiveness of retrieval systems.

e Sparsified late interaction for efficient multi-vector retrieval (Chapter 6): We transform
token embeddings for late interaction into a sparse representation, allowing multi-vector
retrieval systems to utilize traditional inverted index search methods, thereby enhancing
compatibility and efficiency.

e Injecting late-interaction for robust cross-encoder reranking (Chapter 7): We utilize ro-
bust late-interaction designs from multi-vector retrieval and apply them to cross-encoder
rerankers, significantly enhancing their reliability on out-of-distribution data without a sub-
stantial increase in computational costs.

e Query expansion via LLMs for robust cross-encoder reranking (Chapter 8): We explore the
use of Large Language Models (LLMs) for query expansion, aiming to bolster the robustness
of cross-encoder rankers through high-quality keyword generation and minimally disruptive
query modification.

o Certified error control for two-stage relevance ranking (Chapter 9): We introduce an error
control method with a high probability guarantee for candidate set pruning, which optimizes
reranking efficiency in a two-stage ranking system. This method allows users to specify
performance goals and delivers results with a high probability of meeting those targets.



e Nearest neighbor speculative decoding for LLMs (Chapter 10): We integrate LLMs with
enhanced retrieval systems for instruction-following tasks, addressing factual accuracy and
source attribution issues in language generation. Through a span-level nearest-neighbor
approach, we inject precise corpus segments directly into the LLM outputs, ensuring accurate
and contextually relevant generations.

Overall, we believe that these contributions advance the understanding and capabilities of
modern IR systems based on pretrained transformers, laying a solid foundation for future
research and practical applications in IR and NLP.



Chapter 2

Background

In this chapter, we will first introduce two common search paradigms: the traditional bag-of-
words retrieval versus the approximate nearest neighbor (ANN) search for vector retrieval. We
will then discuss different neural retrievers and rerankers based on pretrained transformers, from
dense, sparse, and multi-vector retrievers to cross-encoder rerankers. We will also briefly discuss
retrieval-augmented LLMs at the end of this Chapter.

2.1 Bag-of-Words Retrieval

Bag-of-words (BoW) models estimate the relevance of a document to a query primarily based on
word overlap. This model represents text documents as vectors of word counts or term frequencies,
disregarding the order of words and the syntactic structures within the text. The simplicity of
the BoW model makes it reasonably effective for various tasks including document classification,
information retrieval, and topic modeling.

One of the most effective bag-of-words models is BM25, which refines the traditional term
frequency-inverse document frequency (TF-IDF) approach by incorporating document-specific
adjustments. BM25 modifies term frequency to account for diminishing returns of term repetition
and includes a document length normalization parameter to handle the bias towards longer docu-
ments. Robertson and Zaragoza [265] provide a comprehensive overview of BM25, explaining its
theoretical underpinnings and practical implications. The formula for BM25 is given by:

f(gi,d) - (k1 +1)

Flgind)+ k- (1—b+b- LAy

(2.1)

score(q, d) = Z IDF(¢;) -
i=1



where f(g;,d) is the term frequency of ¢; in the document d, |d| represents the length of the
document, and avgdl is the average document length across the text collection. ki and b are
adjustable hyper-parameters.

In application, the document bag-of-words representations are usually organized in an inverted
index for efficient search. An inverted index consists of two main components: a dictionary and
posting lists. The dictionary contains all the unique terms that appear in the dataset, while the
postings lists record each term’s occurrences across the documents. Each entry in a postings
list typically includes the document identifier and can also store additional information like term
frequency, position, or context, enhancing search capabilities through more nuanced ranking and
retrieval strategies. Methods such as posting compression, tiered indexing, and partitioning are
applied to further optimize the efficiency of inverted indexes.

2.2 Approximate Nearest Neighbor Search

Approximate Nearest Neighbor (ANN) search techniques facilitate efficient retrieval in large-scale
databases by finding close neighbors to a query in high-dimensional spaces. The aim is to achieve
a balance between retrieval accuracy and computational efficiency, which is crucial in handling
vast datasets where exact nearest neighbor searches are computationally prohibitive.

Quantization. Quantization techniques reduce the dimensionality and the precision of the
dataset, transforming continuous features into a finite set of discrete values or bins. One popular
method is Product Quantization (PQ) [123], which divides the space into a Cartesian product of
low-dimensional subspace and then quantize each subspace independently. PQ demonstrates its
effectiveness in reducing memory usage and improving speed without significantly compromising
the accuracy.

Hierarchical Navigable Small World (HNSW). HNSW [207] constructs a layered graph
where each layer is a subset of the previous one, with the top layers having fewer, more distant
nodes and the bottom layers having more, closer nodes. This structure allows efficient navigation
through the graph by starting searches at higher layers and descending to lower layers for more
refined searching.

Inverted File System (IVF). The Inverted File System (IVF) [121] is akin to the inverted
index used in traditional text retrieval but adapted for vector space. It partitions the vector space
into a finite number of Voronoi cells, each represented by a centroid. Vectors are assigned to their
nearest centroid, and an inverted list of vectors is maintained for each cell. At query time, only
a subset of these cells are searched, reducing the computational load. The IVF approach is often
combined with other techniques such as PQ for enhanced performance.

While ANN methods have significantly improved the efficiency of nearest neighbor searches,
they often involve trade-offs between accuracy, speed, and memory usage. Furthermore, the choice
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of parameters, such as the number of partitions in IVF or layers in HNSW, can significantly affect
performance. Ongoing research in this field aims to develop more adaptive and robust methods
that can automatically tune these parameters based on dataset characteristics.

2.3 Neural Retrievers and Rerankers

2.3.1 Dense Retrievers

A dense passage retrieval model [113, | uses a bi-encoder structure where its query encoder
no(-) and document encoder np(-) are independent pretrained transformers that map the input
text into a low-dimensional vector (e.g., 768 dimensions). Specifically, the similarity score s
between the query ¢ and document d can be defined as, for instance, the dot product between
their encoded vectors vy = ng(q) and vg = np(d):

s(q,d) = vépvd. (2.2)

To train the query encoder ng(-) and document encoder 7p(-), many loss functions are proposed
with the same intuition that the similarity between the query ¢ and the positive document d+
should be the larger than any negative documents d~ in the text corpus. For example, a simplified
version of the InfoNCE [318] loss for training the encoders is:

exp(s(q,d*))
exp(s(g, d*)) + exp(s(q,d™))’

E(qa d+7d_ ; 77Q777D) = _log (23>

where d~ is a negative document sampled from the corpus. However, multiple negative documents
can be sampled for the objective in Equation (2.3). During inference, the document encoder np
is used to encode the whole corpus into vectors which can be further indexed for approximate
nearest neighbor (ANN) search [121].

Compared to term-matching methods, dense retrievers circumvent the term mismatch problem
by encoding the queries and documents into low-dimensional embeddings and using their dot prod-
uct as the similarity score. However, dense retrieval is less robust on entity-heavy questions [2582]
and out-of-domain datasets [310], therefore calling for better solutions.

2.3.2 Supervised Sparse Retrievers

There’s another class of single-vector retriever which instead of projects the inputs into low-
dimensional dense vectors, these models maps the inputs to a high-dimensional lexical space,
where each element represents a token in the lexicon. For example, SPLADE [67, (8] utilizes the
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Figure 2.1: Dense retriever vs supervised sparse retriever. (a) Dense retriever projects the query
and the document individually onto a low-dimensional dense space. (b) Supervised sparse retriever
projects the query and the document onto a high-dimensional space (usually the vocabulary) where
most dimensions are set to zero.

pretrained Mask Language Modeling (MLM) layer of BERT to project each c-dimensional token
embedding to a high-dimensional, lexical space V. Each dimension corresponds to a token and
has a non-negative value due to the following activation:

¢a, = log(1 + ReLU(W g, + b)), (2.4)

where ¢q; € RIVI, vg; is the token embedding of the jth token of document d; W and b are the
weights and biases of the MLM layer. To compute the final similarity score, SPLADE pools all
the token embeddings into a sequence-level representation and uses the dot product between a
query and a document as the similarity:

s(q.) = (e )" (i g, ). (2:5)

Here, max pooling is an element-wise operation and is feasible for sparse representations as the di-
mensions of all the token vectors are aligned (lexical space) and non-negative. The training objec-
tive is the same as Equation (2.3) but the similarity function s(g, d) is switched to Equation (2.5).
For inference, inverse index search is often applied by first storing the sparse representations as
tokens with weights.

Sparse representations have several advantages. First, the sparse representation of documents
requires less memory compared to dense models. Second, sparse vectors are more interpretable as
each dimension in the embedding space corresponds to a meaningful concept or feature. However,
the sparsity of SPLADE can result in the loss of fine-grained information present in dense represen-
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Figure 2.2: ColBERT vs COIL. (a) ColBERT considers token interactions between all query token
vectors and the document token vectors. (b) COIL only considers token interactions that have
overlaps between the query and the document at the input.

tations. Moreover, sparsity also directly affects both retrieval efficiency and effectiveness, making
these two aspects more entangled and difficult to trade off in a post-hoc manner. Specifically, as
the sparse representations are usually stored in a key-value fashion, the search latency increases as
the number of non-zero entries increases and therefore sparser representations are favored in terms
of latency. However, the information content stored in the sparse representations decreases as the
number of non-zero entries decreases, which affects the retrieval accuracy adversely. Therefore,
trade-offs between efficiency and effectiveness are often faced in sparse retrieval.

2.3.3 Multi-Vector Retrievers

ColBERT [128] proposes late interaction between the tokens in a query ¢ = {q1,42, - ,qn} and
tokens in a document d = {dy,da, - ,dps}:

N
s(q,d) = Z mjax v:}';vdj, (2.6)
i=1

where vy, and vy, denotes the last-layer contextualized token embeddings of BERT. This is known
as the MaxSim operation which compares each query token to all document tokens.

Another representative multi-vector approach known as COIL |72] proposes an exact match
constraint on the MaxSim operation where only the embeddings with the same token id could
interact with each other. Let J; = {j | d; = ¢;,1 < j < M} be the subset of document tokens
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{d;}}L, that have the same token ID as query token g;, then we have:

N
s(q,d) = Zggjv;vdﬁ (2.7)
i=1

It could be further combined with Equation (2.2) to improve the effectiveness if there’s no word
overlap between the query and documents.

N
s(q,d) = vz;vd + ; I]Iéé}X U;Udj. (2.8)
Generally, the fine-grained token interaction helps the model capture nuanced relationships
between the query and the document, therefore improving retrieval effectiveness in both in-domain
and out-of-domain settings. However, due to its complexity, multi-vector retrieval requires more
engineering efforts and low-level optimization [270, | for time and space efficiency. Unlike dense
or sparse retrieval, this feature also makes it difficult to fit into off-the-shelf search libraries.

2.3.4 Cross-Encoder Rerankers

The reranker module is responsible for improving the ranking quality of the candidate documents
returned from the first-stage retrievers. We focus on recent neural rerankers based on pretrained
language models such as MonoBERT [230] and MonoELECTRA. The reranker could also be seen
as a logical scoring model. However, instead of using a bi-encoder structure, a cross-encoder
structure is often applied, where the question-document pairs are encoded and fed into a single
model together for more fine-grained token-level interactions:

sr(q,d) = ((concat(q,d)), (2.9)

where ( is the reranker that takes the question-document pair as input and outputs the similarity
score s,. One way to implement the “concat” function is using special tokens as indicators, such
as [CLS] ¢ [SEP] d [SEP].

To sum up, all the above neural retrieval models have their pros and cons, but it is not hard
to see that by increasing the redundancy, retrievers can be more effective but also less efficient
(see the comparison between dense retrievers and multi-vector retrievers).
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2.4 Retrieval-Augmented Language Models

Retrieval-augmented language models involve external knowledge sources to improve the perfor-

mance of language models on knowledge-intensive tasks. DrQA [11] combines extractive models
and independent retrievers for open-domain question-answering. Follow-up works on retrieval-
augmentation such as REALM [25], RAG [151], and Atlas [115] further combine the retrieval
component in pretraining and finetuning for downstream knowledge-intensive tasks. [13] further

divide them into three categories:

Input augmentation. REPLUG [289] and in-context RALM [259] propose to pre-pend the
retrieved passages in the prompts for zero-shot factual support. Recently, Self-RAG [12] leverages
special tokens to perform adaptive retrieval and different critics to iterative refine the RALM’s
output. RA-DIT [178] retrofits LLMs with retrieval capabilities via instruction finetuning.

Intermediate fusion. RETRO [31] employs a novel attention mechanism to incorporate multi-
ple pre-processed text fragments in intermediate layers for more efficient integration of retrieved
results. This approach has been successfully applied to larger decoder-only language models as
demonstrated by RETRO++ [337] and InstructRetro [336]. FiD [111] applies similar an encoder-
decoder structure in a zero-shot manner and achieves better performance at a document level.

Output integration. AKNN-LM [127] pioneers this direction and proposes to interpolate the
retrieval distribution and LM’s prediction. Follow-up works further propose adaptive interpolation
methods which involve training [38, 20] and excessive tuning [62]. Another line of work proposes to
joint train the phrase encoder and LM to expand the vocabulary dynamically using the retrieved
phrases, such as Copy-Generator [112] and its follow-up work [38].
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Chapter 3

Efficient Dense Retrieval via Index
Compression

3.1 Overview

Dense passage retrieval [126] improves end-to-end retrieval accuracy in open-domain question
answering (QA) by representing queries and documents in a low-dimensional, dense vector space.
However, the vastly increased space and memory demands for storing and loading the dense
vectors call for effective compression methods [116]. For example, the size of the original DPR
vector (flat) index on the Wikipedia corpus is about 61 GB, while its sparse counterpart—BM25
inverted index—only uses 2.4 GB. The staggering increase of around 25x in space requirements
only yields an average gain of 2.5% in top-100 accuracy, indicating potential redundancy in the
dense representations.

In this Chapter, we quantify redundancy within the dense vectors encoded by the DPR model
using explained variance ratio and mutual information. Figure 3.1 shows that the original 768
dimensions is unnecessarily large as both the mutual information and explained variance ratio
start to plateau at around 256 dimensions. Based on this observation, we further propose a
simple yet effective pipeline for dense retrieval compression that includes principal component
analysis (PCA), product quantization (PQ), and hybrid search to reduce index size while retaining
effectiveness.

We also compare other compression options, including supervised dimensionality reduction,
where we finetune a linear projection layer on top of the pretrained DPR model using relevance
labels. Surprisingly, we find that PCA achieves top-100 retrieval accuracy that is better than the
two supervised dimensionality reduction techniques for 256 and 128 dimensions, while supervised
techniques outperform (unsupervised) PCA for 64 dimensions. Our techniques support different
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accuracy—space trade-offs, but one sweet spot manages to compress the dense vectors by 96 x with
less than 4% drop in top-100 accuracy on average across five standard QA datasets. Finally, we
incorporate our pipeline with the BM25 inverted index for sparse—dense hybrid search, where we
can achieve 16x compression without any accuracy drop compared to the original DPR results.

3.2 Compressing Dense Representations

As mentioned above, DPR’s encoders produce dense vectors of 768 dimensions by default, which we
will show is unnecessarily large below. In this section, we discuss how to quantify the redundancy
in the encoded vectors and how to improve DPR’s space efficiency by reducing this redundancy.

3.2.1 Quantifying Redundancy

We use two metrics to quantify the redundancy in dense vectors: ezplained variance ratio of the
principal components and mutual information between the question vectors and passage vectors.
The explained variance ratio of PCA is defined as:

m_ 2

. O
L% (3.)

> i1 0;
where o2 is the variance corresponding to the ith largest eigenvalue, n is the original dimension,
and m is the reduced dimension. This ratio tells us how much variance is retained by preserving
the first m eigenvectors of the dense representations. Another way to evaluate redundancy is

using the mutual information between the dense representation of questions ) and the retrieved
passages D, which can be approximated using the classifier in Eq. (2.3):

7(Q; D)

N

1

N Z]Ep (D|1Q=q:) h’lp(D | Q= QZ)]
i=1

N
1
—E,p) IHN E p(D]Q=q)|, (3.2)
i=1

where {g;}2; is the training/dev/test questions. This quantity is upper-bounded by In N and the
normalized mutual information is Z(Q; D)/In N.

Figure 3.1 shows the explained variance and mutual information of compressed vectors with
different dimensions reduced by PCA. As we can see, ~90% variance and ~99% mutual informa-
tion is held by the first ~200 dimensions. However, as the dimension further decreases, useful
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Figure 3.1: Quantifying redundancy in dense vectors using explained variance ratio and normalized
mutual information. The y-axis is ratio and does not have a unit.

information is discarded at a higher rate and the dense representation starts to degrade visibly.
The figure illustrates that a dimension of ~200 could be a sweet spot in accuracy—space trade-offs.
We also find in later experiments that a dimension of 256 indeed achieves the best balance among
other choices as shown in Figure 3.2, which will be discussed in Section 3.4.3.

3.2.2 Dense Vector Compression

We explore three different types of dimensionality reduction techniques given dense representations
from a pretrained DPR model:

Supervised Approach We apply a linear transformation to the pretrained dense vector repre-
sentations, and finetune this linear layer with relevance labels according to Eq. (2.3). Independent
linear layers W, and W), are added to the question encoder and passage encoder, respectively. To
make this compression technique a plug-and-play component, we only optimize the linear layer
while freezing the rest of the networks. In addition, we add an orthogonality regularization term
HWquT — I||2 to the original loss function in Eq. (2.3), where I is the identity matrix. Such
regularization encourages the weights in W), and W, to be orthogonal while retaining the most
information in the original dense vectors.

Unsupervised Approach A popular technique, principle component analysis (PCA), can ef-
fectively reduce the dimensionality of high dimensional vectors while retaining most of the variance
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within the original representation. We fit a linear PCA transformation using the combination of
all question and passage vectors to learn a compressed representation based on a pretrained DPR
model. During inference, the same transformation is applied to each question and the relevance
score is the dot product between the compressed question and passage vectors.

Product Quantization On top of the supervised and unsupervised dimensionality reduction
techniques described above, we further leverage product quantization (PQ), which decomposes
the original d-dimensional vector into s sub-vectors. Each sub-vector is quantized using k-means
and eventually stored with ¢ bits [120]. For example, the original 768 dimension dense vector
occupies 768 x 32 bits. By dividing it into 192 sub-vectors of 8 bits, the storage space becomes
192 x 8 bits, which is 1/16 of the original size. On average, space is reduced from 32 bits to 2 bits
per dimension.

3.3 Experimental Setup

Datasets and Metrics We evaluate the top-k retrieval accuracy of our compression methods on
five QA datasets examined in the original DPR paper [126]: NQ, TriviaQA, WQ, CuratedTREC,
and SQuAD. The top-k retrieval accuracy is defined as the fraction of questions that have at
least one correct answer span in the top-k retrieved passages. Following previous work, we use
k € {20,100}. We use the combination of NQ, TriviaQA, WQ, and CuratedTREC to train our
models, following the same setting as DPR.

Model Training For DPR, instead of the original Facebook implementation, we use the im-
plementation of [70], which takes advantage of gradient caching to save GPU memory usage and
mixed precision training to speed up the learning process. We find that using a learning rate of
10~ % and training the model for 40 epochs achieve better effectiveness than the default DPR set-
ting. We refer to the original DPR model, which has 768 dimensional output vectors, as DPR-768.
Other hyperparameters are identical to default DPR, [126].

For the compression methods, we consider the reduced dimensions d € {256,128, 64} according
to Figure 3.1. For the supervised approach, the linear layer is trained for one epoch with a learning
rate of 1073 while freezing the backbone DPR model (i.e., BERT), and we refer to these models
as Linear-d. For comparison, we train models with identical architecture to Linear-d, but without
freezing the BERT model, and refer to them as DPR-d.

For the unsupervised PCA approach, we fit the PCA transformation with question and passage
embeddings produced by the original DPR-768 model. The question embeddings are from the
original embeddings of questions in the training set. A total of 160k passage embeddings are
randomly sampled from the passage embeddings of the entire corpus (i.e., original dense index).
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Method NQ TriviaQA WQ CuratedTREC SQuAD
top-20  top-100  top-20 top-100 top-20 top-100 top-20 top-100  top-20 top-100

1x compression size: 61 GB latency: 7570 ms

DPR-768 79.4 87.0 78.5 84.5 75.3 83.0 88.2 94.4 58.3 724
3x compression size: 21 GB latency: 2540 ms

PCA-256 77.2 85.5 76.5 83.4 73.5 81.9 87.3 93.8 53.7 69.2

Linear-256 | 76.2 85.2 75.6 83.0 71.9 81.3 86.3 93.7 51.0 67.1

DPR-256 71.8 84.1 72.1 81.2 71.8 80.6 86.6 91.8 47.2 63.3
6x compression size: 11 GB latency: 1130 ms

PCA-128 75.3 84.3 74.9 82.7 72.4 81.3 86.3 93.5 51.4 67.1

Linear-128 | 74.7 84.2 4.4 82.7 71.3 80.6 86.0 93.2 48.7 65.4

DPR-128 72.0 82.6 69.9 79.9 68.5 78.9 83.6 91.5 44.4 60.9
12x compression size: 5.1 GB latency: 625 ms

PCA-64 63.6 7.2 66.7 78.4 65.5 76.8 81.1 89.8 42.2 59.8

Linear-64 69.7 81.2 69.3 80.0 66.3 77.8 83.4 91.8 42.4 59.9

DPR-64 68.3 80.4 65.7 77.6 66.2 77.5 82.1 91.1 39.5 56.6

BM25 ‘ 62.9 78.3 76.4 83.2 62.4 75.5 80.7 89.9 71.1 81.8

Table 3.1: Top-{20,100} retrieval accuracy of different dimensionality reduction methods evalu-
ated at d = {256, 128,64} on five benchmark QA datasets. The BM25 index size is about 2.4 GB.

We utilize the PQ features from Faiss [61]. The number of codewords for each sub-vector
is fixed at 256 (i.e., using 8 bits). Following [l 16|, we change the number of sub-vectors for
dense embeddings such that the average memory of each dimension is reduced. Combined with
dimensionality reduction methods, we decrease the occupied space of each dimension from 32 bits
to 1 or 2 bits.

Sparse—Dense Hybrid Search [196] have shown that hybrid search significantly improves the
retrieval accuracy of DPR. Therefore, we fuse the DPR’s and BM25’s retrieval results following
their same rule, where the final hybrid score is calculated by scoregense + @ - sCOr€sparse. We set
a = 1, which equally weights dense and sparse scores for all hybrid search cases as it is a good
default option for hybrid search in general.

3.4 Results

In this section, we characterize the trade-offs between retrieval accuracy and space requirements
using different combinations of our proposed techniques. All experiments are implemented using
the Pyserini IR toolkit [167].
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Method Comp. Size Latency NQ TriviaQA wQ CuratedTREC SQuAD
top-20  top-100 top-20 top-100 top-20 top-100 top-20 top-100 top-20 top-100

DPR-768 1x 61 G 7570ms | T79.4 87.0 78.5 84.5 75.3 83.0 88.2 94.4 58.3 72.4
+ PQ2 16x 38 G 2360ms | 77.9 86.3 77.0 84.2 73.4 82.4 87.9 93.9 56.1 70.9
+ PQ1 32x  1.9G 1080ms | 73.7 83.5 4.7 82.7 71.1 81.0 86.3 92.8 52.4 68.4
PCA-256 3% 21 G 2540ms | 77.2 85.5 76.5 83.4 73.5 81.9 87.3 93.8 53.7 69.2
+ PQ2 48x  13G 765ms | 74.8 84.1 74.5 82.6 72.2 81.0 88.2 92.7 51.7 67.5
+ PQ1 96x 642 M 382ms | 67.6 79.4 68.0 79.2 66.5 78.7 82.7 90.1 45.1 61.4
PCA-128 6x 11G  1130ms | 75.3 84.3 74.9 82.7 724 81.3 86.3 93.5 51.4 67.1
+ PQ2 96x 642 M 416ms | 72.3 82.9 72.2 81.7 71.0 80.1 85.3 91.8 48.5 64.9
+ PQ1 192x 321 M 266ms | 62.6 76.4 64.3 77.2 64.8 77.1 80.0 89.2 414 58.7
Linear-64 12x  51G 625ms | 69.7 81.2 69.3 80.0 66.3 77.8 83.4 91.8 42.4 59.9
+ PQ2 192x 321 M 249ms | 62.5 7.2 65.9 78.0 63.7 75.8 79.1 90.3 39.7 57.9
+ PQ1 384x 161 M 200ms | 44.0 64.2 51.7 70.0 50.0 68.2 71.8 85.2 30.7 50.0

Table 3.2: Top-{20, 100} retrieval accuracy of three dimensionality reduction methods with dif-
ferent PQ settings at d = {256, 128, 64}.

3.4.1 Dimensionality Reduction

Table 3.1 shows the top-{20, 100} accuracy of the three dimensionality reduction techniques pre-
sented in Section 3.2.2 evaluated at d = {256, 128,64} on five benchmark QA datasets. DPR-768
achieves the best accuracy, which serves as the upper bound for compression. Overall, the top-
100 accuracy decreases as we reduce the dense vectors to fewer dimensions. However, we see that
PCA-256 only has a 0.6 ~ 1.5% drop in accuracy on {NQ, TriviaQA, WQ, CuratedTREC} while
achieving 3x compression. Model quality degrades more on SQuAD, since our models are trained
on the combination of the other four datasets.

We further evaluate retrieval latency for different dimensionality levels in Table 3.1. Although
latency is not the focus of this work, it is still worth noticing that dimensionality reduction also
reduces retrieval latency as it speeds up dot-product calculations. For example, reducing dimen-
sionality from 768 to 256 can reduce retrieval latency by three times. The latency is measured by
query encoding time + brute-force retrieval time using a machine with Intel Xeon Platinum 8160
2.10GHz CPU using Faiss FlatIP indexes. Both query encoding and retrieval are performed with
a single CPU thread.

Across different dimensions, the unsupervised PCA method often works the best in terms of
the trade-off between accuracy and compression rate. It is surprising that unsupervised PCA out-
performs the other two supervised methods at dimensions 256 and 128. Although the supervised
methods might be further improved with carefully-tuned hyperparameters, training DPR can be
computationally expensive, while PCA is the more robust and economical method to achieve
comparable results. Another surprising finding is that Linear-d generally outperforms DPR-d,
which means that freezing the backbone DPR model and finetuning only the linear layer seem to
work better than training the entire model end to end to generate compressed representations.
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However, this finding may be simply due to poor hyperparameter selection.

3.4.2 Product Quantization

Product quantization (PQ) can often aggressively reduce the index size while largely preserving
retrieval effectiveness. For example, PQ2 (meaning each dimension occupies 2 bits on average after
PQ) reduces the size of DPR-768’s vectors by 16x with only 0.7% loss in top-100 retrieval accuracy
on average. Table 3.2 shows the top-{20,100} retrieval accuracy of our dimensionality reduction
methods with different PQ settings. Combined with product quantization, the dimensionality
reduction methods achieve a much higher compression rate with, in some cases, only a modest
loss in retrieval accuracy. In addition, we find that PQ2 outperforms PQ1 on most datasets and
dimensions, as PQ1 suffers more than twice the accuracy loss compared to PQ2. It appears that
compression to 1 bit per dimension is too aggressive and represents a poor trade-off. If we restrict
the retrieval accuracy drop to within 4% on average, we can compress the dense vectors by up
to 96 x, reducing the original DPR index from 61 GB to mere hundreds of MB on the Wikipedia
corpus.

3.4.3 Hybrid Search
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Figure 3.2: Trade-offs between retrieval accuracy and index size using different combination of
our compression techniques.
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Figure 3.2 shows the trade-off between retrieval accuracy and index size with different com-
binations of dimensionality reduction, product quantization, and hybrid search. On each curve,
the points from left to right represent PQ1, PQ2, and w/o PQ, respectively. Sparse retrieval with
the BM25 inverted index is shown as the black triangle. The dashed lines represent sparse-dense
hybrid retrieval; these lines include the size of the BM25 inverted index. In the plot, up and to
the left represents better: higher accuracy and smaller indexes.

As an example, the pipeline consisting of PCA-256, PQ2, and HS reduces the (total) index
size from 61 GB to 3.7 GB (57 GB or roughly 16x smaller) and even yields 0.2% gain in top-100
accuracy compared to DPR-~768. The dotted black line in Figure 3.2 shows the Pareto Frontier,
which can be understood as the best achievable accuracy for a particular restriction on index size.
Overall, we see that the DPR-768 (orange) line does not lie on the frontier, which means that
some combination of our techniques is strictly more accurate and smaller than the original DPR
representations.

3.5 Summary

In this Chapter, we analyze the redundancy within dense representations from DPR, a popular
dense retrieval model. We use explained variance ratio and normalized mutual information to
quantify the redundancy in the dense representations and found that over 90% of the information
is kept in the first 256 principal components. We propose a simple yet effective compression
pipeline that comprises of principal component analysis (PCA), product quantization, and hybrid
search. It enables flexible trade-offs between space and accuracy which drastically reduces index
size while preserving end-to-end retrieval accuracy at reasonable levels. We perform extensive
experiments on five question-answering datasets and demonstrate that our best pipeline achieves
good accuracy—space trade-offs, for example, 48x compression with less than 3% drop in top-100
retrieval accuracy on average or 96 x compression with less than 4% drop.
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Chapter 4

Robust Dense Retrieval via Model
Uncertainty Fusion

4.1 Overview

Open-domain question-answering requires finding answers to given questions from a large collec-
tion of documents [326]. Therefore, a first-stage retrieval component that selects a set of poten-
tially answer-containing documents is often involved for the second-stage reading comprehension
model [11]. Traditional term-matching methods such as TF-IDF and BM25 [267, 167] that lever-
age an inverted index to construct sparse textual representations have built strong baselines in
the first-stage retrieval.

Recently, neural-based dense retrievers [281, , 85, | have been shown to achieve better
performance in open-domain question-answering, but they often fail to generalize outside of the
training data distribution. A standard solution known as joint training that learns a single dense
retriever on the union of different datasets [204, | provides a solution to a certain extent.
However, [126] has shown that data from different tasks might have conflicts with each other,
where joint training on their union can cause performance degradation. For example, SQuAD [255]
only focuses on a small set of Wikipedia documents while datasets like NQ [1358] and Trivia [122]
cover more entries. Therefore, careful data re-balancing and hyperparameter search are required
during training.

In this Chapter, we propose another solution to multi-task learning, which trains multiple
DPR experts on different datasets separately and their predictions are aggregated during test
time. This is also known as model fusion [97] which differs from a mizture of experts [285] as it
does not need to learn a gating function on the joint dataset. The model fusion method makes it
easier to incorporate new data for continual learning without introducing conflicts, as each expert
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Figure 4.1: An example of ensemble uncertainty on two examples with the TriviaQA expert model.
For the in-domain query, the ensemble of neural networks will tend to agree on the same document
prediction, while the ensemble prediction diverges on out-of-domain query as the neural networks
are encouraged to converge on different local optima.

trains on independent tasks. In addition, these experts can be trained in parallel to speed up the
learning process.

However, the challenge now becomes how to aggregate different expert’s predictions without
hurting their in-distribution performance. We propose model uncertainty estimation [136] as a
dynamic weighting scheme, which helps the expert to identify whether a question belongs to its
expertise. Intuitively, a model that overfits to a training distribution should be more uncertain
about the out-of-domain data than the in-domain data. For example, the question "How many
episodes in Season 2 Breaking Bad?" might get a high uncertainty score from an expert trained
on a medical QA dataset.

In practice, we leverage ensemble uncertainty where we train an ensemble of small neural
networks for each pretrained DPR expert [110]. Specifically, we represent the model uncertainty
as the mutual information [216] between the ensemble’s predictions and parameters. For each
question, we retrieve a set of the top-k documents using different DPR experts and then use its
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Figure 4.2: An illustration of model uncertainty fusion of 3 DPR experts, each with an ensemble of
3 fully connected neural networks. Given a query, each DPR expert first retrieves top-k documents,
followed by the uncertainty estimation using the corresponding ensemble. The weighted sum of
predictions is then used to rerank the union of the retrieved documents.

corresponding ensemble to compute the uncertainty score of the question. Finally, we aggregate
all the expert’s predictions into a normalized weighted sum and rerank the retrieved documents.
Fig. 4.2 demonstrates a simplified pipeline of our algorithm.

Extensive experiments show that our final fusion model not only outperforms individual spe-
cialists on 5 open-domain QA datasets but also outperforms the performance of the joint-training,
multi-task DPR model, with up to 10% improvement in top-100 accuracy on SQuAD. Finally, our
method manages to handle corpus conflicts on a mixed subset of different QA tasks, which even
outperforms an oracle model using Bayesian optimization [69].

4.2 Multi-Task Model Fusion

Given m question-answering tasks and m independent experts, the goal of multi-task model fusion
is to find the optimal set of weights {w(z) 7, to combine all experts’ predictions for each question.
We use DPR as the expert model.
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4.2.1 Ensemble Uncertainty Estimation

There are mainly two types of uncertainty: model uncertainty and data uncertainty [206]. Data
uncertainty is often caused by mislabelling or missing features, while model uncertainty measures
the confidence of the model’s predictions given the training data, which is often used to identify
whether a sample is within the training domain. Therefore, we use model uncertainty for weighting
the experts’ predictions, such that we know whether a question belongs to an expert’s expertise.

There are many ways to represent model uncertainty. In this work, we consider ensemble
uncertainty due to its effectiveness and simplicity. The intuition is simple: the ensemble trained
in a single domain will “agree” to similar predictions if in-domain samples occur, and will “disagree”
otherwise. The disagreement would be more obvious if the functional space of the ensemble is
complex enough, e.g., the space of neural networks, which is illustrated in Figure 4.1. To quantify
such uncertainty or “disagreement”, we use Mutual Information (MI) [216] between the ensemble’s
prediction and its parameters as the proxy. For each DPR expert, we build an ensemble of
m classifiers {p(D | © = 6;,Q = ¢,C = Cppr)};~,, where © denotes the r.v. of the ensemble
parameters, 6; denotes the parameters of the i*" ensemble member, and Cppg denotes the collection
of contexts retrieved by the DPR expert. For simplicity, we will use p(D | 6;,q,Cppr) as a
shorthand for the distribution. The mutual information Z between D and © given a question ¢
and a collection of contexts Cppg is:

Z(D; 0 | q,Cppr)
=H(D | q,Cppr) — H(D | ©,¢,Cppr)

=E,pje,q.corm) 0 P(D | ©,4,Cpprr)] — Eppig.corr) 0 P(D | ¢,CpPR)]

1 & L
~o > Eppiosacorn) (D | 6:,0,Copr)] = Eppig.copn) lln (m > p(D| Gi,q,CDPR)ﬂ ;
=1 i=1

(4.1)
where H(-) denotes the entropy operator, E[-] denotes the expectation operator, and the approx-
imations are done by Monte-Carlo simulation. The approximated mutual information is also
upper-bounded by the log of the number of ensemble members m:

I(D,@ | q,CDpR) S lnm,

which gives us bounded uncertainty estimation for a certain domain. We normalize the mutual
information and transform it into a confidence score w for weighting the DPR expert’s prediction
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I(D;© | q,Cppr)

Inm

w=1- (4.2)

4.2.2 Model Uncertainty Fusion

Given m DPR experts that are trained on m different tasks separately, we first encode the question

and document representation into dense vectors {vq )}m , and {vd)} for all m experts, where
the superscript represents the expert’s id. We then build an ensemble of small neural networks,

each uses the corresponding expert’s U((Ii) as input and outputs another vector uéi) of the same

(4)

dimension. We finally optimize the same objective function w.r.t each ensemble member vy’ and

o)

for each question-answering task.

During inference, given a new question ¢, we first retrieve m sets of top-k documents {C&)DR}Z@I =

{dli , ;), . ,d(i }™, using all m DPR expert’s question vectors {véi)}?ll and document vectors

{vd1 vd2 . v((;) m . We then calculate the weights {w(®}™  for each question according to

Eq. (4.2) using the ensemble vectors {uéZ ™ and {C’]()PR} for question ¢. Finally, we re-rank
the union of m sets of top-k documents using the uncertainty- Weighted sum of each expert’s score.
The final score S(q,d;) of a document d; given question g is:

S(q,dj) = w(l)sél) + w(2)s§2) e w(m)sgm), (4.3)

@ _ ,@OT (i)

where 85 = Vg g, according to Eq. (2.2). If we do not have a score from the i*® expert for a

document d, we will use the minimum of {sg-i) };?:1 as the ranking score for d. Fig. 4.2 visualizes
the aforementioned retrieval fusion process of our method during inference.

4.2.3 Uncertainty Calibration

Despite its simplicity and effectiveness, one drawback of ensemble uncertainty is that it doesn’t
have a closed-form expression and the prediction of each ensemble might have a different range [243].
Therefore, the ensemble uncertainty needs to be calibrated before fusion, such that the confidence
of an expert matches its prediction accuracy. We use the Expected Calibration Error (ECE) [30]
as the metric where we search for the best inverse temperature on the dev sets for each expert
to minimize the ECE. As ECE mainly uses the term “confidence” which is the w in Eq. (4.2),
we switch to “confidence” instead of “uncertainty” in the following. We partition the samples in
the dev set into T equally-spaced bins and take the weighted average of the confidence-accuracy
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Top-20 Top-100

Retriever NQ Trivia WQ TREC SQuAD| NQ Trivia WQ TREC SQuAD
DPR-Single-domain 79.1 789 710 851 62.1 85.9 84.5 80.2 92.2 76.8
DPR-Single-worst 46.3  58.0 57.9 75.8 41.4 619 714 74.1 86.5 59.1

DPR-Multi (w/o SQuAD) | 79.5 78.9 75.0 88.8 52.0 86.1 84.8 83.0 93.4 67.7

DPR-MUF (w/o SQuAD) | 79.8 782 76.2 9.3 57.7 |86.5 844 839 947 720
DPR-MUF (w/o domain) | 68.9 741 735 89.6 57.7 | 794 821 825 944 720
DPR-MUF 795 786 759 90.2 64.6 | 864 847 84.0 950 78.3

Table 4.1: Top-20 and Top-100 retrieval accuracy (%) on benchmark QA test sets. Each score
represents the percentage of top 20/100 retrieved passages that contain answers. All methods
containing “DPR-MUEF” stand for our Model Uncertainty Fusion (MUF) method. See Section
4.4.1 for details of different models.

difference:

T
ECE = Z |]'i;| |conf(B;) — acc(B;)|, (4.4)
i=1

where B; is the i'" bin and N is the number of samples. Functions conf(B;) and acc(B;) are the
average confidence and top-1 accuracy within the ¢*" bin, respectively. Each confidence score is
computed by an ensemble according to Eq. (4.2).

4.3 Experimental Setup

We follow the DPR paper [126] to train and evaluate our dense retrievers. We replicate their results
on all benchmark datasets, with a maximum score difference between ours and their numbers of
1%. This work only focuses on retrieval accuracy as we only improve the retriever. We finally
perform sensitivity analysis for the ensemble and uncertainty visualization of our fusion approach.

Datasets We train individual DPR models on 5 standard benchmark QA tasks: Natural Ques-
tions (NQ) [138], TriviaQA (Trivia) [122], WebQuestions (WQ) [25], Curated TREC (TREC) [20],
SQuAD-1.1 (SQuAD) [258]. We evaluate the retriever models on the test sets of the aforemen-
tioned datasets, as well as their random mixes to test the out-of-distribution performance.

For retrieval, we chunk the Wikipedia collections [35] into passages of 100 words as in |[319)],
which yields about 21 million samples in total. We follow [126] using BM25 [267, 167] to select
the positive and negative passages.
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Models and Training We first train independent DPR models on the training set of NQ,
TriviaQA, WQ, CuratedTREC, and SQuAD-1.1 separately following [126]. We then encode the
training sets into dense vectors as the input to the ensemble. We train an ensemble of 20, 2-
layer fully connected neural networks with 512 units for 100 epochs. We optimize the objective
function in Eq. (2.3) with learning rate of 2e-05 using Adam [131]. We use different sub-batches
and weight initialization to train each ensemble member to encourage diversity. The rest of the
hyperparameter setting remains the same as described in [120].

Inference: Retrieval Fusion Given a question ¢ during inference, a set of top-k documents is
first retrieved by each DPR expert. For each expert, we use the corresponding ensemble to predict
the expert’s retrieved documents and obtain a collection of dot-product scores. We then apply
softmax activation on the dot-products, yielding a collection of distributions over the retrieved
documents. We calculate the normalized mutual information between the ensemble’s predictions
and the parameters as in Eq. (4.1) and Eq. (4.2), using it as the weight for the expert as described
in Eq. (4.3) given the question.

In addition, we calibrate each ensemble’s uncertainty prediction individually using the expected
calibration error (ECE) [80] according to Eq. (4.4), as each ensemble from different domains might
have a different range of uncertainty. We find the lowest ECE score is achieved with the inverse
temperature A of the softmax activation setting to be le-3. Finally, we normalize the calibrated
uncertainty and re-rank the union of retrieved documents using the uncertainty-weighted sum of
experts’ scores. For documents that do not have all experts’ scores, we use the minimum of the
missing expert’s prediction as the ranking score.

4.4 Results and Analysis

4.4.1 Benchmark Dataset Retrieval

Thbl. 4.1 shows retrieval performance using different types of DPR models on 5 benchmark datasets.
We briefly describe each configuration below.

DPR-Single-domain: A single DPR model trained and tested on the same domain.

DPR-Single-worst: A single DPR model trained on one domain and transferred to the target
test set in zero-shot and has the worst performance among all experts.

DPR-Multi (w/o SQuAD): A multi-task DPR model trained on the joint dataset of {NQ,
Trivia, WQ, and Trec} without the SQuAD dataset, as implemented in [120].
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DPR-MUF: Our model uncertainty fusion method using experts from {NQ, Trivia, WQ, Trec,
and SQuADY}, which is our main approach.

DPR-MUF (w/o SQuAD): Our model uncertainty fusion method using experts from {NQ,
Trivia, WQ, and Trec} without SQuAD to align with DPR-Multi (w/o SQuAD).

DPR-MUF (w/o domain): Our model uncertainty fusion method using all experts except
DPR-Single-domain, to investigate out-of-domain generalization.

We can see from Tbl. 4.1 that our model uncertainty fusion method (DPR-MUF) achieves the
best performance on almost all benchmark QA datasets except Trivia, in terms of top-20/100 ac-
curacy. The original multi-task DPR model does not include SQuAD for joint training as “SQuAD
is limited to a small set of Wikipedia documents and thus introduces unwanted bias” [120]. In
comparison, our DPR-MUF that includes the SQuAD dataset significantly improves the perfor-
mance on SQuUAD as well as on other datasets. In addition, we find that our DPR-MUF (w/o
SQuAD) not only manages to beat the joint-training DPR trained on {NQ, Triviva, WQ, and
Trec}, but also outperforms it on SQUAD by a large margin (10% in top-100 accuracy). We also
test the fusion of experts without the one trained on the target domain, i.e., DPR-MUF (w/o
domain), whose performance turns out to be maintained at a reasonable level.

One interesting result we find in the experiments is that DPR-MUF without the Curat-
edTrec/WQ expert outperforms the CuratedTrec/W(Q experts on their domain test sets. We
suspect that the CuratedTrec and WQ datasets are too small and might be covered by other
datasets. Therefore, it is not surprising that the CuratedTrec and WQ experts trained on small
data regimes fail to outperform the larger expert union.

4.4.2 Mixed-Dataset Retrieval

In a real-world application, the retriever often needs to deal with questions from different sources
instead of just a single task. To test the ability to retrieve out-of-distribution questions, we evenly
sample 5 subsets of 3,000 test questions from 4 benchmark datasets (NQ, Trivia, WQ, SQuAD).
We average top-20/100 accuracy on the 5 subsets as the final accuracy. In addition, we design
two oracle models which serve as references:

DPR-Oracle-Indicator: A mixture of experts that knows the domain each question comes
from, and uses the corresponding expert for retrieval.
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Retriever Top-20 Top-100

DPR-Single-NQ 65.4 76.1
DPR-Single-Trivia 66.6 7.7
DPR-Single-WQ 54.1 68.3
DPR-Single-Trec 60.5 74.0
DPR-Single-SQuAD 57.3 73.2

DPR-Multi (w/o SQuAD) 715  80.7
DPR-MUF (w/o SQuAD) 727  81.7

DPR-MUF 74.2 83.3
DPR-Oracle-Indicator 72.8 82.0
DPR-Oracle-Bayesian 73.3 82.3

Table 4.2: Top-20/100 retrieval accuracy (%) on random mixes of 4 benchmark QA test sets. We
average the metrics from 5 evenly-sampled subsets of 3,000 samples from NQ, Trivia, WQ, and
SQuAD.

DPR-Oracle-Bayesian: A mixture of experts that uses Bayesian optimization [69] to search
for the weights. We initialize the weights with the indicator function and use scikit-optimize'! to
search for the optimal weight for 50 iterations for each question. This process is not guaranteed
to find the best sets of weights as Bayesian optimization does not always find the global optimum.
Although it is not the exact oracle, this is the best model we could find as exhaustive search is
impractical due to its exponential time complexity.

Thbl. 4.2 shows that all single retrievers have severe performance degradation on the randomly
mixed dataset, which is expected as they only specialize in their own domain. In contrast, the two
multi-task models, DPR-Multi (w/0 SQuAD) and DPR-MUF (w/o SQuAD), manage to maintain
high scores on the random mixes, which reach the performance of the two oracle models. Moreover,
DPR-MUF even outperforms both the indicator oracle and the Bayesian oracle, suggesting the
benefits of using uncertainty to fuse the predictions of multiple experts from different domains.

4.4.3 DPR-BM25 Hybrid Retrieval

[126] show that DPR can be combined with BM25 to further improve retrieval performance.
[196] further finetune the parameters for BM25 and obtain better accuracy using the Pyserini
IR toolkit [167]. We follow the experimental setting in [196] where we re-rank the union of the
top-1000 passages retrieved by DPR and BM25 separately, using the weighted sum of the two

https://scikit-optimize.github.io/
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Retriever Top-20 Top-100

NQ
BM25 62.9 78.3
-+ DPR-Single-domain 82.5 88.2

-+ DPR-Multi (w/o SQuAD) 82.6 88.6
+ DPR-MUF (w/o SQuAD) 82.7  88.6

+ DPR-MUF 82.0 88.2
Trivia

BM25 76.4 83.2
+ DPR-Single-domain 82.8 86.8

+ DPR-Multi (w/o SQuUAD) 826  86.5
+ DPR-MUF (w/o SQuAD) 82.9  87.0

+ DPR-MUF 82.4 86.5
wQ

BM25 62.4 75.5
-+ DPR-Single-domain 74.3 82.6

+ DPR-Multi (w/o SQuAD) 77.1  84.4
+ DPR-MUF (w/o SQuAD) 77.9 84.5

+ DPR-MUF 78.1 84.9
TREC

BM25 80.7 89.9
+ DPR-Single-domain 90.1 94.7

-+ DPR-Multi (w/o SQuAD) 90.1 95.0
+ DPR-MUF (w/o SQuAD) 90.8 95.5

+ DPR-MUF 91.2 95.7
SQuAD

BM25 71.1 81.8
+ DPR-Single-domain 75.6 84.9

+ DPR-Multi (w/o SQuAD) 75.1 84.4
+ DPR-MUF (w/o SQuAD) 76.7 86.3
+ DPR-MUF 78.7  86.7

Table 4.3: Top-20/100 retrieval accuracy (%) of BM25 and DPR-BM25 hybrid model on test sets
of NQ, Trivia, WQ, CuratedTrec, and SQuAD.
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Figure 4.3: Line plot of top-100 accuracy (%) and bar chart of latency (ms/query) relative to a
single DPR model of our method w.r.t. the size of the ensemble on NQ, Trivia, WQ, SQuAD,
and their random mixes.

scores as the ranking value. We search for the optimal weights for BM25 and DPR on the dev set
of each QA dataset.

Thl. 4.3 shows the top-k accuracy of hybrid retrievers using the combination of different DPR
models and BM25. Our model uncertainty method manages to outperform single DPR experts
and multi-task, joint-training DPR on all benchmark QA datasets. Specifically, DPR-MUF (w/o
SQuAD) has the best performance on NQ and Trivia, while DPR-MUF includes all experts, which
has the best performance on WQ, CuratedTrec, and SQuAD. We conjecture it’s because NQ and
Trivia are much larger and therefore the SQuAD expert might have more conflict with BM25.

4.4.4 Ensemble Sensitivity and Latency

In this section, we analyze how sensitive the retrieval performance of the uncertainty fusion method
is w.r.t. the ensemble size. Fig. 4.3 shows the top-100 accuracy and the relative latency of different
sizes of ensembles. The accuracy increases as the size of the ensemble grows until it hits 20, which
then plateaus or decreases. We conjecture it is because the functional space of the ensemble is
not complex enough as we only use a 2 layer neural network with 512 units as the individual
component. Therefore, there are only limited ways for the model to overfit the training sets,
resulting in the saturation in diversity w.r.t. the ensemble size.

However, we find that overall, these results are good enough while having reasonable latency.
The latency (ms/question) of the model is measured relative to a standard DPR model, which
mainly includes the ensemble forward inference time. We evaluate the inference speed on a server
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Figure 4.4: A visualization of uncertainty estimation using mutual information between the en-
semble’s predictions and parameters. Each subplot shows the prediction of 5 ensemble on the
top-20 documents retrieved by the DPR expert. The uncertainty decreases as more ensemble
members “agree” with each other.

with an Intel Xeon CPU E5-2699 v4 @ 2.20GHz. In summary, the retrieval accuracy is stable
w.r.t. the ensemble size, and one can choose the ensemble size to trade-off between accuracy and
latency for different application scenarios.

4.4.5 Uncertainty Visualization

We visualize the model uncertainty in this section for better understanding. Fig. 4.4 shows 5
ensemble predictions of the top-20 documents on 4 samples from NQ with different uncertainty
scores. Each strip in a subplot represents one ensemble member and all members in the same
subplot share the same documents retrieved by the DPR expert on NQ. As we use small inverse
temperature A (1e-3) for the softmax distribution, the probability mass of each distribution mainly
concentrates on the top-1 document, which is the tallest bar in each strip. If the top-1 predictions
from different ensemble members overlap at the same document, we say these members “agree”
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with each other and therefore the overall ensemble has low uncertainty. The overlap is quantified
by Eq. (4.1) in practice. As we can see from Fig. 4.4, the ensemble has full uncertainty (1.0/1.0)
when their top-1 predictions do not overlap at all, and has zero uncertainty when its members’
predictions completely overlap. In other cases, the more overlap or “agreement” on the top-1
prediction, the less uncertain the ensemble is.

4.4.6 Storage-Latency-Flexibility Trade-off

Despite the promising results we have shown in the previous section, the model uncertainty fusion
method also has its drawbacks in open-domain question-answering. For now, all the experts are
individually trained in their own domain but share a common corpus. That says if we have m
experts, then the index size will grow by O(m) compared to a single multi-task, joint-training
model.

However, we argue that there’s no free lunch as the joint-training model suffers from other
problems such as data conflict mentioned before, as well as catastrophic forgetting: If new tasks
are added, the joint-training model usually requires to re-train on the union of all tasks again to
maintain performance on previous tasks, while our model only needs to train on the new task’s
data and the new expert can be directly added to the current set of models. Therefore, both
methods have their pros and cons according to different application scenarios, and it is upon the
users to consider the space-speed-flexibility trade-off. For memory and efficiency issues, possible
solutions would be either learning a shared, query-agnostic index for all experts or leveraging
model compression methods to compress the size of expert models.

4.5 Summary

In this Chapter, we propose a model fusion approach for multi-task dense retrieval. Instead of
training a single DPR model on the union of datasets from different distributions, we leverage
model uncertainty to merge different DPR expert’s predictions during test time. For each expert,
we train an ensemble of small neural networks on top of the pretrained expert’s dense represen-
tations and use the mutual information between the ensemble parameters and predictions as the
weight, which can be interpreted as the “disagreement” among the ensemble.

We compare our model uncertainty fusion approach with single specialists and the multi-task,
joint-training DPR model on 5 benchmark QA datasets, as well as their dataset random mixes
to test out-of-distribution performance. Extensive experiments show that our method manages
to outperform these approaches in terms of top-20/100 accuracy on most datasets, while it can
also be combined with sparse retrieval methods such as BM25 for further performance gains. Our
proposed method is simple to implement and effective while enjoying the benefits of continual
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learning, faster training speed as the experts can be trained in parallel, as well as the flexibility
to combine experts from different domains.
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Chapter 5

Efficient Token Interaction via Dynamic
Lexical Routing

5.1 Overview

The goal of information retrieval is to find a set of related documents from a large data collection
given a query. Traditional bag-of-words systems [267, | calculate the ranking scores based on
the query terms appearing in each document, which have been widely adopted in many applications
such as web search [220, | and open-domain question answering [11, |]. Recently, dense
retrieval |120] based on pretrained language models [57, 181] has been shown to be very effective.
It circumvents the term mismatch problem in bag-of-words systems by encoding the queries and
documents into low-dimensional embeddings and using their dot product as the similarity score
(Figure 5.2a). However, dense retrieval is less robust on entity-heavy questions [282] and out-of-
domain datasets [310], therefore calling for better solutions [68, 71].

In contrast, multi-vector retrieval has shown strong performance on both in-domain and out-of-
domain evaluations by taking into account token-level interaction. Among them, ColBERT [125]
is arguably the most celebrated method that has been the state of the art on multiple datasets so
far. However, its wider application is hindered by its large index size and high retrieval latency.
This problem results from the redundancy in the token interaction of ColBERT where many tokens
might not contribute to the sentence semantics at all. To improve this, COIL [72] imposes an exact
match constraint on ColBERT for conditional token interaction, where only token embeddings
with the same token id could interact with each other. Although reducing the latency, the word
mismatch problem reoccurs and the model may fail to match queries and passages that use different
words to express the same meaning.

In this Chapter, we first give a unified view of existing multi-vector retrieval methods based
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Figure 5.1: GPU latency vs ranking quality (MRR@10) on MS MARCO passages with an A100
GPU. The circle size represents the relative index storage on disk. All models are trained without
hard-negative mining, distillation, or further pretraining.

on token routing (Section 5.2), providing a new lens through which we expose the limitations
of current models. Under the token routing view, ColBERT could be seen as all-to-all routing,
where each query token exhaustively interacts with all passage tokens (Figure 5.2b). COIL, on
the other hand, could be seen as static lexical routing using an exact match constraint, as each
query token only interacts with the passage tokens that have the same token id as the query token
(Figure 5.2¢).

In contrast, we propose a novel conditional token interaction method using dynamic lexical
routing called CITADEL as shown in Figure 5.2d. Instead of relying on static heuristics such as
exact match, we train our model to dynamically moderate token interaction so that each query
token only interacts with the most relevant tokens in the passage. This is achieved by using a
lexical router, trained end-to-end with the rest of the model, to route each contextualized token
embedding to a set of activated lexical “keys” in the vocabulary. In this way, each query token
embedding only interacts with the passage token embeddings that have the same activated key,
which is dynamically determined during computation. As we shall see in Section 5.6.1, this
learning-based routing does not lose any accuracy compared to all-to-all routing while using fewer
token interactions than COIL (Section 5.3.4), leading to a highly effective and efficient retriever.

Experiments on MS MARCO passages [226] and TREC DL show that CITADEL achieves the
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Figure 5.2: A unified token routing view over different multi-vector and single-vector retrieval
models. The cylinder in (d) represents the lexical key for token routing. The grey tokens in (c)
and (d) represent the tokens that do not contribute to the final similarity. For (d), CITADEL
routes “light”, “theory”, and “relativity” to the “Finstein” key to avoid term mismatch using a
learned routing function.

same level of accuracy as ColBERT-v2. We further test CITADEL on BEIR [310] and CITADEL
still manages to keep up with ColBERT-v2 |277] which is the current state of the art. As for
the latency, CITADEL can yield an average latency of 3.21 ms/query on MS MARCO passages
using an A100 GPU, which is nearly 40x faster than ColBERT-v2. By further combining with
product quantization, CITADEL’s index only takes 13.3 GB on MS MARCO passages and reduces
the latency to 0.9 ms/query as shown in Figure 5.1.
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5.2 A Unified Token Routing View of Multi-Vector Retrievers

We outline a unified view for understanding various neural retrievers using the concept of token
routing that dictates token interaction.

5.2.1 Single-Vector Retrieval

Given a collection of documents and a set of queries, single-vector models [120, | use a bi-
encoder structure where its query encoder 7¢g(-) and document encoder np(-) are independent
functions that map the input to a low-dimensional vector. Specifically, the similarity score s
between the query ¢ and document d is defined by the dot product between their encoded vectors

vg = ng(q) and vy = np(d):
s(q,d) = vgvd. (5.1)

As all the token embeddings are pooled before calculating the similarity score, no routing is
committed as shown in Figure 5.2a.

5.2.2 Multi-Vector Retrieval

ColBERT [128] proposes late interaction between the tokens in a query ¢ = {q1,q2, - ,qn} and
a document d = {dy,ds, - ,dp}:

N
s(q,d) = ijaxv;vdj, (5.2)
i=1

where vy, and vy, denotes the last-layer contextualized token embeddings of BERT. This is known
as the MaxSim operation which exhaustively compares each query token to all document tokens.
We refer to this as all-to-all routing as shown in Figure 5.2b. The latency of ColBERT is inflated
by the redundancy in the all-to-all routing, as many tokens do not contribute to the sentence
semantics. This also drastically increases the storage, requiring complex engineering schemes to
make it more practical [277, 276].

Another representative multi-vector approach known as COIL [72] proposes an exact match
constraint on the MaxSim operation where only the embeddings with the same token id could
interact with each other. Let J; = {j | d; = ¢;,1 < j < M} be the subset of document tokens
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{d;}}L, that have the same token ID as query token g;, then we have:

N

s(q,d) = maxv Ud; 5 5.3
(0.0 = 3 e (5:3)

It could be further combined with Equation (5.1) to improve the effectiveness if there’s no word
overlap between the query and documents.

N
s(q,d) =wv vd+2maxv Vd; - (5.4)

JET:

We refer to this token interaction as static lexical routing as shown in Figure 5.2c. As mentioned
in Section 5.1, the word mismatch problem could happen if J; = @ for all ¢;, which affects the
retrieval accuracy. Moreover, common tokens such as “the” will be frequently routed, which will
create much larger token indexes compared to those rare words. This bottlenecks the search
latency as COIL needs to frequently iterate over large token indexes.

5.3 The CITADEL Method

5.3.1 Dynamic Lexical Routing

Instead of using the wasteful all-to-all routing or the inflexible heuristics-based static routing,
we would like our model to dynamically select which query and passage tokens should interact
with each other based on their contextualized representation, which we refer to as dynamic lezical
routing. Formally, the routing function (or router) routes each token to a set of lexical keys in
the vocabulary and is defined as ¢ : R© — RIYI where ¢ is the embedding dimension and V is
the lexicon of keys. For each contextualized token embedding, the router predicts a scalar score
for each key in the lexicon indicating how relevant each token is to that key. Given a query
token embedding v, and a document token vector vg,, the token level router representations
are wy, = P(vg;) and wq; = ¢(vg,), respectively. The elements in the router representations
are then sorted in descending order and truncated by selecting the top K query keys and top-L
document keys, which are {eqZ eg), e eqZ } and {6(1) egl ), e } for ¢; and d;, respectively.
In practice, we use K=1 and L=b5 as the default optlon which Wlll be dlscussed in Sectlon 5.3.5

and Sectlon 5.8. The corresponding routing weights for ¢; and d; are {wa ,w((]?), - ,wqi )} and

{w((ll), wy, , W, )}, respectively. The final similarity score is similar to Equation (5.3), but we
substitute the stafic lexical routing subset 7; with a dynamic key set predicted by the router:
Ei(k) ={j,1] e&z) = eql) 1<j<M,1<1<L} for each key 61(1 ) of the query token g;:
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N

K
slerd) =323 max (wff) - vg)" (wy - va,), (55)

. (k) J
i=1 k=1 JIEE;

Optionally, all [CLS] tokens can be routed to an additional semantic key to complement our
learned lexical routing. We then follow DPR [126] to train the model contrastively. Given a query
q, a positive document d*, and a set of negative documents D~ , the constrastive loss is:

exp(s(q,d™))
exp(s(q,d™)) + > exp(s(q,d™))’

d-e D~

Lo =—log (5.6)

such that the distance from the query to the positive document d* is smaller than the query to
the negative document d~—.

5.3.2 Router Optimization

To train the router representation ¢(q) and ¢(d), we adopt a contrastive loss such that the number
of overlapped keys between a query and documents are large for positive (q,d") pairs and small
for negative pairs (¢,d~). We first pool the router representation for each query and document
over the tokens. Given a sequence of token-level router representations {¢(v1), ¢(va), -+, d(var)},
the sequence-level representation is defined as:

@ = max o(v;), (5.7)
j=
where the max operator is applied element-wise. Similar to [67], We find max pooling works

the best in practice compared to other pooling methods. Subsequently, the contrastive loss for
training the router is:

exp(®g Py+)
L, =-1 L . 5.8
% ap(@T o) + 3 exp(PTD,) (58)
d- e D~
In addition, we follow SPLADE [08, 67] to initialize the router with the pretrained Masked

Language Modelling Layer (MLM). Without proper initialization, it is difficult to optimize the
router due the large lexical space and sparse activation. With the pretrained MLM initialization,
the router expands words with similar semantic meaning to sets of keys with large overlap at the
beginning of training, making the contrastive loss easier to optimize.
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5.3.3 Sparsely Activated Router Design

Softmax activation is commonly used for computing the routing weights in conditional computa-
tion models [64, |. However, softmax often yields a small probability over a large number of
dimensions (in our case, about 30,000) and the product of two probability values are even smaller,
which makes it not suitable for yielding the routing weights wéf) and w((il_) in Equation (5.5) as the
corresponding gradients are too small. Instead, we use the activation from SPLADE to compute

the router representation for a token embedding v;:
d(vj) = log(1 + ReLU(W7v; + b)), (5.9)

where W and b are the weights and biases of the Masked Language Modeling (MLM) layer of
BERT. The SPLADE activation brings extra advantages as the ReLLU activation filters irrelevant
keys while the log-saturation suppresses overly large “wacky” weights [202].

5.3.4 Regularization for Routing

{1 Regularization. Routing each token to more than one key increases the overall size of the
index. Therefore, we propose to use ¢; regularization on the router representation to encourage
the router to only keep the most meaningful token interaction by pushing more routing weights
to O:

1 B T
L= Ezzzqs(%)(k), (5.10)

where |V| is the number of keys, B is the batch size, and T is the sequence length. As shown in
Figure 5.7, CITADEL has a sparsely activated set of keys, by routing important words to multiple
lexical keys while ignoring many less salient words, leading to effective yet efficient retrieval.

Load Balancing. As mentioned in Section 5.2.2, the retrieval latency of COIL is bottlenecked
by frequently searching overly large token indexes. This results from the static lexical routing
where common “keys” have a larger chance to be activated, which results in large token indexes
during indexing. Therefore, a vital point for reducing the latency of multi-vector models is to
evenly distribute each token embedding to different keys. Inspired by Switch Transformers [(4],
we propose to minimize the load balancing loss that approximates the expected “evenness” of the
number of tokens being routed to each key:

VI

Ly =" fi-Dr: (5.11)
k=1
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pi is the batch approximation of the marginal probability of a token vector routed to the k-th
key:

B T
P = 1 ZZ ZeXp(Wk Vij + bk) (512)

g exp(Wivij + bir)’

where W and b are the weights and bias of the routing function in Equation (5.9) and v;; is the
j-th token embedding in sample 7 of the batch. f is the batch approximation of the total number
of tokens being dispatched to the k-th key:

B T
1
=5 ZZ I{argmax(p;;) = k}, (5.13)

where p;; = SOftHlaX(WT’Uij + b). Finally, we obtain the loss for training CITADEL:
L=Le+ L+ - Ly+P-Ls, (5.14)

where a > 0 and 5 > 0. The ¢; and load balancing loss are applied on both queries and documents.

5.3.5 Inverted Index Retrieval

CITADEL builds an inverted index like BM25 but we use a vector instead of a scalar for each token
and the doc product as the term relevance.

Indexing and Post-hoc Pruning. To reduce index storage, we prune the vectors with routing
weights less than a threshold 7 after training. For a key e in the lexicon V, the token index Z.
consists of token embeddings vg; and the routing weight ng for all documents d in the corpus C
is:

Ze = {wg, - va; lwg, >7,1<j < MVdeC} (5.15)

We will discuss the impact of post hoc pruning in Section 5.6.2, where we find that post hoc
pruning can reduce the index size by 3x without significant accuracy loss. The final search index
is defined as 7 = {Z.|e € V}, where the load-balancing loss in Equation (5.11) will encourage the
size distribution over Z. to be as even as possible. In practice, we set the number of maximal
routing keys of each token to 5 for the document and 1 for the query. The intuition is that the
documents usually contain more information and need more key capacity, which is discussed in
Section 5.8 in detail.
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Token Retrieval. Given a query ¢, CITADEL first encodes it into a sequence of token vectors
{qu}i]il, and then route each vector to its top-1 key e with a routing weight wg,. The final
representation wyg, -v,, will be sent to the corresponding token index Zp, for vector search. The final
ranking list will be merged from each query token’s document ranking according to Equation (5.5).

5.4 Experimental Setup

5.4.1 Datasets

The MS MARCO passages corpus has around 8.8 million passages with an average length of 60
words. TREC DL 2019 and 2020 contain 43 and 54 test queries whose relevance sets are densely
labelled with scores from 0 to 4. For out-of-domain evaluation, we use 13 datasets from BEIR,

which includes TREC-COVID [322], NFCorpus [32], Natural Questions [135]|, HotpotQA [376],
FiQA-2018 [203], ArguAna Counterargs Corpus [331], Touché-2020 [30], Quora', DBPedia-Entity-
v2 [86], SCIDOCS [52], FEVER |[311], Climate-FEVER [58], SciFact [332].

5.4.2 Baselines

All the baseline models below are trained and evaluated under the same setting of CITADEL
(e.g., datasets, hyperparameters, and hardware).

Sparse Retrievers. BM25 [267] uses the term frequency and inverted document frequency as
features to compute the similarity between documents. SPLADE [68, (7] leverages the pretrained
language model’s MLM layer and ReLU activation to yield sparse term importance.

Dense Retrievers. DPR [120] encodes the input text into a single vector. coCondenser |71]
pretrains DPR in an unsupervised fashion before finetuning.

Multi-Vector Retrievers. ColBERT [128, | encodes each token into dense vectors and
performs late interaction between query token vectors and document token vectors. COIL [72]
applies an exact match constraint on late interaction to improve efficiency and robustness.

5.4.3 Training

For CITADEL, we use bert-base-uncased as the initial checkpoint for fine-tuning. Following COIL,
we set the [CLS] vector dimension to 128, token vector dimension to 32, maximal routing keys
to 5 for document and 1 for query, @ and f in Equation (5.14) are set to be le-2 and le-5,
respectively. We add the dot product of [CLS] vectors in Equation (2.2) to the final similarity

https://quoradata.quora.com/First-Quora-Dataset-Release-Question-Pairs
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Models MARCO Dev TREC DL19 TREC DL20 Index Storage Latency (ms/query)
MRR@10 R@lk | nDCG@10 R@lk | nDCG@10 R@lk | Disk (GB) Factor! | Encode (GPU) Search (GPU) Search (CPU)

Models trained with only BM25 hard negatives

BM25 0.188 0.858 0.506 0.739 0.488 0.733 0.67 x0.22 x X 40.1
DPR-128 0.285 0.937 0.576 0.702 0.603 0.757 4.33 x1.42 7.09 0.63 430
DPR-768 0.319 0.941 0.611 0.742 0.591 0.796 26.0 x8.52 7.01 1.28 2015
SPLADE 0.340 0.965 0.683 0.813 0.671 0.823 2.60 x0.85 7.13 X 475
COIL-tok 0.350 0.964 0.660 0.809 0.679 0.825 52.5 x17.2 10.7 46.8 1295
COIL-full 0.353 0.967 0.704 0.835 0.688 0.841 78.5 x25.7 10.8 47.9 3258
ColBERT 0.360 0.968 0.694 0.830 0.676 0.837 154 x50.5 10.9 178 -

CITADEL 0.362 0.975 0.687 0.829 0.661 0.830 78.3 x25.7 10.8 3.95 520

Models trained with further pretraining/hard-negative mining/distillation

coCondenser 0.382 0.984 0.674 0.820 0.684 0.839 26.0 x8.52 7.01 1.28 2015
SPLADE-v2 0.368 0.979 0.729 0.865 0.718 0.890 4.12 x1.35 7.13 X 2710
ColBERT-v2 0.397 0.985 0.744 0.882 0.750 0.894 29.0 x9.51 10.9 122 3275
ColBERT-PLAID? 0.397 0.984 0.744 0.882 0.749 0.894 22.1 x7.25 10.9 55.0 370
CITADEL " 0.399 0.981 0.703 0.830 0.702 0.859 81.3 x26.7 10.8 3.21 635

! Factor: Ratio of index size to plain text size.
2 The PLAID implementation of ColBERT contains complex engineering schemes and low-level optimization such as centroid interaction and fast kernels.

Table 5.1: In-domain evaluation on MS MARCO passages and TREC DL 2019/2020. CITADEL™
is trained with cross-encoder distillation and hard-negative mining. The red region means
CITADEL/CITADELT is better than the method while the green region means that there’s no
statistical significance (p > 0.05). “x” means not implemented and ‘-” means not practical to
evaluate on a single CPU.

score in Equation (5.5). All models are trained for 10 epochs with AdamW [188] optimizer, a
learning rate of 2e-5 with 3000 warm-up steps and linear decay. Hard negatives are sampled from
top-100 BM25 retrieval results. Each query is paired with 1 positive and 7 hard negatives for
faster convergence. We use a batch size of 128 on MS MARCO passages with 32 A100 GPUs.

For a fair comparison with recent state-of-the-art models, we further train CITADEL using
cross-encoder distillation and hard negative mining. First, we use the trained CITADEL model
under the setting in the last paragraph to retrieve top-100 candidates from the corpus for the
training queries. We then use the cross-encoder? to rerank the top-100 candidates and score
each query-document pair. Finally, we re-initialize CITADEL with bert-base-uncased using the
positives and negatives sample from the top-100 candidates scored by the cross-encoder, with a
1:1 ratio for the soft-label and hard-label loss mixing [96]. We also repeat another round of hard
negative mining and distillation but it does not seem to improve the performance any further.

Zhttps://huggingface.co/cross-encoder/ms-marco-MinilM-L-6-v2
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Methods AA CF DB Fe FQ HQ NF NQ Qu SF SD TC T2 Avg.
Models trained with only BM25 hard negatives

BM25 0.315 0.213 0313 0.753 0.236 0.603 0.325 0.329 0.789 0.665 0.158 0.656 0.367 | 0.440
DPR-768 0.323 0.167 0295 0.651 0.224 0.441 0.244 0.410 0.750 0.479 0.103 0.604 0.185 | 0.375
SPLADE 0.445 0.201 0370 0.740 0.289 0.640 0.322 0.469 0.834 0.633 0.149 0.661 0.201 | 0.453
COIL-full 0.295 0.216 0.398 0.840 0.313 0.713 0.331 0.519 0.838 0.707 0.155 0.668 0.281 | 0.483
ColBERT 0.233 0.184 0392 0.771 0.317 0.593 0.305 0.524 0.854 0.671 0.165 0.677 0.202 | 0.453
CITADEL 0.503 0.191 0.406 0.784 0.298 0.653 0.324 0.510 0.844 0.674 0.152 0.687 0.294 | 0.486
Models with further pretraining/hard-negative mining/distillation
coCondenser 0.440 0.133 0.347 0.511 0.281 0.533 0.319 0.467 0.863 0.591 0.130 0.708 0.143 | 0.420
SPLADE-v2 0.479 0.235 0435 0.786 0.336 0.684 0.334 0.521 0.838 0.693 0.158 0.710 0.272 | 0.499
ColBERT-v2 0.463 0.176 0.446 0.785 0.356 0.667 0.338 0.562 0.854 0.693 0.165 0.738 0.263 | 0.500
CITADEL™ 0.490 0.181 0.420 0.747 0.332 0.652 0.337 0.539 0.852 0.695 0.147 0.680 0.340 | 0.493

CITADELT (w/oreg.) | 0.511 0.182 0.422 0.765 0.330 0.664 0.337 0.540 0.853 0.690 0.159 0.715 0.342 | 0.501

Table 5.2: Out-of-domain evaluation on BEIR benchmark. nDCG@10 score is reported. Dataset
Legend [12]: TC=TREC-COVID, NF=NFCorpus, NQ=NaturalQuestions, HQ=HotpotQA,
FQ=FiQA, AA=ArguAna, T2=Touché-2020 (v2), Qu=Quora, DB=DBPedia, SD=SCIDOCS,
Fe=FEVER, CF=Climate-FEVER, SF=SciFact.

5.5 Results

5.5.1 MS MARCO Passages Retrieval

We evaluate MS MARCO passages [220] and its shared tasks, TREC DL 2019/2020 passage
ranking tasks [54]. Following standard practice, we train CITADEL and other baseline models on
MS MARCO passages and report the results on its dev-small set and TREC DL 2019/2020 test
queries. The evaluation metrics are MRR@10, nDCG@10, and Recall@1000 (i.e., R@Q1K).

Table 5.1 shows the in-domain evaluation results on MS MARCO passage and TREC DL
2019/2020. We divide the models into two classes: ones trained with only labels and BM25
hard negatives and the others trained with further pretraining [71], hard negative mining [367],
or distillation from a cross-encoder?. CITADEL is trained only with BM25 hard negatives, while
CITADEL" is trained with cross-encoder distillation and one-round hard negative mining. The
default pruning threshold is 7 = 0.9. As shown in Section 5.6.2, 7 can be adjusted to strike differ-
ent balances between latency, index size and accuracy. In both categories, CITADEL/CITADEL™
outperforms the baseline models on the MS MARCO passages dev set and greatly reduces the
search latency on both GPU and CPU. For example, CITADEL" achieves an average latency of
3.21 ms/query which is close to DPR-768 (1.28 ms/query) on GPU, while having a 25% higher
MRR@10 score. CITADEL also maintains acceptable index sizes on disk, which can be further
reduced using product quantization (Section 5.6.3). Although not able to outperform several
baselines on TREC DL 2019/2020, we perform t-test (p < 0.05) on CITADEL and CITADEL™

3https://huggingface.co/cross-encoder/ms-marco-MinilM-L-6-v2
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against other baselines in their sub-categories and show there is no statistical significance. The
inconsistency is probably due to that we use the training data from Tevatron where each passage
is paired with a title.

5.5.2 BEIR: Out-of-Domain Evaluation

We evaluate on BEIR benchmark [310] which consists of a diverse set of 18 retrieval tasks across
9 domains. We evaluate on 13 datasets following previous works [277, 67]. Table 5.2 shows the
zero-shot evaluation results on BEIR. Without any pretraining or distillation, CITADEL manages
to outperform all baselines in their sub-categories in terms of the average score. Compared with
the distilled /pretrained models, CITADEL™ still manages to achieve comparable performance.
Interestingly, we find that if no regularization like load balancing and L1 is applied during training,
CITADEL' can reach a much higher average score that even outperforms ColBERT-v2. Our
conjecture is that the regularization reduces the number of token interactions and the importance
of such token interaction is learned from training data. It is hence not surprising that the more
aggressively we prune token interaction, the more likely that it would hurt out-of-domain accuracy
that’s not covered by the training data.

5.6 Performance Analysis

5.6.1 Number of Token Interactions

The actual latency is often impacted by engineering details and therefore FLOPS is often con-
sidered for comparing efficiency agnostic to the actual implementation. In our case, however,
FLOPS is impacted by the vector dimension in the nearest neighbor search which is different
across models. Therefore, we only compare the maximal number of dot products needed as a
proxy for token interaction per query during retrieval as shown in Table 5.3. The number of dot
products per query in CITADEL with pruning threshold 7 = 0.9 is comparable to DPR-128 and
much lower than ColBERT and COIL, which is consistent with the latency numbers in Table 5.1.
The reason is that CITADEL has a balanced inverted index credited to the £; regularization and
the load balancing loss as shown in Figure 5.3. By applying the load balancing loss on the router
prediction, CITADEL yields a more balanced and even index distribution where its largest index
fraction is 8 x smaller than COIL’s as shown in Figure 5.3.

5.6.2 Latency-Memory-Accuracy Tradeoff

Figure 5.4 shows the tradeoff among latency, memory, and MRR@10 on MS MARCO passages
with post-hoc pruning. We try the pruning thresholds [0.5, 0.7, 0.9, 1.1, 1.3, 1.5]. We could see
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Models | MRR@10 #DP x10°

ColBERT 0.360 4213
COIL-full 0.353 45.6
CITADEL 0.362 10.5
DPR-128 0.285 8.84

Table 5.3: Maximal number of dot products per query on MS MARCO passages. # DP: number
of dot products.

B coiL
CITADEL

Storage fraction

T
10° 10! 102 103 104
Indices (sorted in descending order of storage fraction)

Figure 5.3: Normalized disk storage over token indices in an inverted list of CITADEL and COIL.

that the MRR@10 score barely decreases when we increase the threshold to from 0.5 to 1.1, but
the latency decreases by a large margin, from about 18 ms/query to 0.61 ms/query. The sweet
spots are around (0.359 MRR@10, 49.3GB, 0.61 ms/query) and (0.362 MRR@10, 78.5GB, 3.95
ms/query). This simple pruning strategy is extremely effective and readers can see in Section 5.7
that it also yields interpretable document representations.

5.6.3 Combination with Product Quantization

We could further reduce the latency and storage with product quantization [119] (PQ) as shown
in Table 5.4. For nbits=2, we divide the vectors into sets of 4-dimensional sub-vectors and use
256 centroids for clustering the sub-vectors, while for nbits=1 we set the sub-vector dim to 8 and
the same for the rest. With only 2 bits per dimension, the MRR@10 score on MS MARCO Dev
only drops 4% but the storage is reduced by 83% and latency is reduced by 76%.
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Figure 5.4: Latency-memory-accuracy tradeoff on MS MARCO passages using post-hoc pruning.
7 is the pruning threshold.

Condition ‘ MRR@I10 Storage (GB) Latency (ms)

original 0.362 78.3 3.95
nbits=2 0.361 13.3 0.90
nbits=1 0.356 11.0 0.92

Table 5.4: Product Quantization. Pruning threshold is set to 0.9. nbits: ratio of total bytes to
the vector dimension.

5.7 Token Routing Analysis of CITADEL

Qualitative Analysis. We visualize CITADEL representations and the effect of posthoc pruning
in Figure 5.5. By increasing the pruning threshold, more keywords are pruned and finally leaving
the most central word “arrhythmia” activated. We provide another example in Figure 5.7. We can
see that a lot of redundant words that do not contribute to the final semantics are deactivated,
meaning all their routing weights are 0. For the activated tokens, we could see the routed keys
are contextualized as many of them are related to emoji which is the theme of the document.

Quantitative Analysis. We analyze CITADEL’s token distribution over the number of activated
routing keys for the whole corpus as shown in Figure 5.6. With ¢; loss, around 50 tokens per
passage are deactivated (i.e., all the routing weights of these 50 tokens are 0). As the pruning
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Threshold 1| Sample documents from MS MARCO Passages

0.0 All medications have side effects, including drugs to treat arrhythmias. Most of the side effects aren't serious and disappear
when the dose is changed or the medication is stopped. But some side effects are very serious. That's why some children are
admitted to the hospital to begin the medication. Medications for Arrhythmia

0.9 All medications have side effects, including drugs to treat arrhythmias. Most of the side effects aren't serious and disappear
when the dose is changed or the medication is stopped. But some side effects are very serious. That's why some children are
admitted to the hospital to begin the medication. Medications for Arrhythmia

1.3 All medications have side effects, including drugs to treat arrhythmias. Most of the side effects aren't serious and disappear when
the dose is changed or the medication is stopped. But some side effects are very serious. That's why some children are admitted to
the hospital to begin the medication. Medications for Arrhythmia

Figure 5.5: Tokens in grey (pruned) have zero activated keys while bold tokens have at least one
activated key. We leave out the expanded terms and routing weights due to space limit.
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Figure 5.6: Token distribution over number of activated experts per passage. 7 is the pruning
threshold.

Models ‘ Dev DL19 Latency (ms)
COIL-full 0.353 0.704 47.9
COIL-tok 0.350 0.660 46.8

CITADEL 0.362 0.687 3.95
CITADEL-tok | 0.360 0.665 1.64

Table 5.5: [CLS] ablation on MS MARCO passage. Dev: MRR@10. DL19: nDCG@10.

threshold increases, more tokens are deactivated, yielding a sparse representation for interpreting
CITADEL’s behaviours.
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Sample Document from MS MARCO Passages

remember
25 codes
created
dictionary
facebook emoticons
list ‘01 chats
and status
list
penguin
shark emoticon
Facebook
Emoticons

Figure 5.7: Token routing analysis of CITADEL. Grey tokens are deactivated, while bold tokens
are routed to at least one activated key (in blue).

5.8 Ablation Studies

Impact of [CLS] Table 5.5 shows the influence of removing the [CLS] vector for CITADEL
on MS MARCO passage. Although removing [CLS] improves the latency by a large margin,
the in-domain effectiveness is also adversely affected, especially on TREC DL 2019. Neverthe-
less, CITADEL-tok (w/o [CLS]) still outperforms its counterpart COIL-tok in both precision and
latency.

Number of Routed Experts. Table 5.6 shows the influence of changing the maximum number
of keys that each document token can be routed to during training and inference on MS MARCO
passage. As the number of routing keys increases, the index storage also increases rapidly but so
does the MRR@10 score which plateaus after reaching 7 keys. The latency does not increase as
much after 3 routing keys due to the load balancing loss.

5.9 Summary

This Chapter proposes a novel multi-vector retrieval method that achieves state-of-the-art perfor-
mance on several benchmark datasets while being 40x faster than ColBERT-v2 and 17x faster
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#Keys ‘ MRR@10 Storage (GB) Latency (ms)

1 0.347 93.6 1.28
3 0.360 136 14.7
) 0.364 185 18.6
7 0.370 196 204
9 0.367 221 19.6

Table 5.6: Number of routing keys for documents during training. No post-hoc pruning is applied.

than the most efficient multi-vector retrieval library to date, PLAID, on GPUs. By jointly op-
timizing for the token index size and load balancing, our new dynamic lexical routing scheme
greatly reduces the redundancy in the all-to-all token interaction of ColBERT while bridging the
word-mismatch problem in COIL. Experiments on both in-domain and out-of-domain datasets
demonstrate the effectiveness and efficiency of our model.
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Chapter 6

Sparsified Late Interaction with
Inverted Indexes

6.1 Overview

Pairwise token interaction [387, 143, 390] has been widely used in information retrieval tasks [210].
Interaction-based methods enable deep coupling between queries and documents, which often out-
perform representation-based methods |26, 39] when strong text encoders are absent. However,
with the rise of pretrained transformer models [57, |, representation-based methods such as
DPR [126] and SPLADE [68] gain more popularity as the pretrained representations capture rich
semantics of the input texts. Moreover, these methods can leverage established search libraries
such as FAISS [61] and Pyserini [167] for efficient retrieval. To combine the best of both worlds,
models such as ColBERT [128] and COIL [72] that leverage late interaction are proposed, where
the token interaction between queries and documents only happens at the last layer of contextu-
alized embeddings. Their effectiveness and robustness are demonstrated on various retrieval and
question-answering benchmarks. However, these models require token-level retrieval and aggre-
gation, which results in large indexes and high retrieval latency. Therefore, different optimization
schemes are proposed to improve efficiency in both time and space [270, |, making multi-vector
retrieval difficult to fit into off-the-shelf search libraries.

In this Chapter, we propose an efficient and compact approach called Sparsified Late Interaction
for Multi-vector retrieval with inverted indexes, or SLIM. SLIM is as effective as the state-of-the-
art multi-vector model ColBERT on MS MARCO Passages [226] and BEIR [310] without any
distillation or hard negative mining while being more efficient. More importantly, SLIM is fully
compatible with inverted indexes in existing search toolkits such as Pyserini, with only a few
extra lines of code in the pre-processing and post-processing steps. In contrast, methods such as
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Figure 6.1: (a) The naive SLIM implementation takes the expansion of each token as sub-
queries/documents. The token-level rankings are merged using scatter operations. (b) The ap-
proximate SLIM implementation first fuses the lower- and upper-bounds of scores for retrieval
using Equations (6.8) and (6.9); the candidate list is then refined according to Equation (6.4).

ColBERT and COIL require custom implementations and optimizations [276, | in order to be
practical to use. This presents a disadvantage because some researchers and practitioners may
prefer neural retrievers that are compatible with existing infrastructure based on inverted indexes
so that the models can be easily deployed in production.

In order to leverage standard inverted index search, SLIM projects each contextualized token
embedding to a high-dimensional, sparse lexical space |68] before performing the late interaction
operation. Ideally, the trained sparse representations of documents can be compressed and in-
dexed into an inverted file system for search. Our method is the first to explore using sparse
representations for multi-vector retrieval with inverted indexes to our knowledge. However, unlike
previous supervised sparse retrieval methods such as uniCOIL [166] or SPLADE [68], which com-
pute sequence-level representations for each query/document, deploying token-level sparse vectors
into inverted indexes is problematic. As shown in Figure 6.1a, the high-level idea is to convert each
sparse token embedding into a sub-query/document and perform token-level inverted list retrieval
before aggregation (e.g., scatter sum and max). However, this is incredibly slow in practice as
latency increases rapidly when the posting lists are too long.

Therefore, instead of using the naive approach, a more economical way is to approximate the
sparsified late interaction with a two-stage system. We first calculate the upper and lower bounds
of the sparsified late-interaction scores by swapping the order of the operators in late interaction
(see Section 6.2). In this way, the token-level sparse vectors are pooled before indexing to obtain
sequence-level representations for the inverted index, yielding fast retrieval speed. After retrieval,
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a lightweight score refinement step is applied, where we use the sparse token vectors stored using
Scipy [320] to rerank the candidate lists. As shown in Figure 6.1b, this two-stage design allows us
to optimize the latency of the retrieval stage without worrying about accuracy loss as the score
refinement will compensate for errors from the first stage. Experiments on MS MARCO Passages
show that SLIM is able to achieve a similar ranking accuracy compared to ColBERT-v2, while
using 40% less storage and achieving an 83% decrease in latency. To sum up, our contributions
in this paper are three-fold:

o We are the first to use sparse representations for multi-vector retrieval with standard inverted
indexes.

e We provide a two-stage implementation of SLIM by approximating late interaction followed
by a score refinement step.

e SLIM is fully compatible with off-the-shelf search toolkits such as Pyserini.

6.2 Efficient Approximation for Sparsified Late Interaction

ColBERT |[128] proposes late interaction between the tokens in a query ¢ = {q1,q2, -+ ,qn} and
a document d = {dy,da, -+ ,dp}:

M
s(g.d) = 3 max vy va,, (6.1)
=1
where vy, and vy, denote the last-layer contextualized token embeddings of BERT. This operation
exhaustively compares each query token to all document tokens. The latency and storage of
ColBERT are bloated as many tokens do not contribute to either query or document semantics,

and thus complex engineering optimizations are needed to make the model practical [277, |.

Unlike ColBERT, which only uses contextualized token embeddings for computing similarity,
SPLADE [68, 67] further utilizes the pretrained Mask Language Modeling (MLM) layer to project
each c-dimensional token embedding to a high-dimensional, lexical space V. Each dimension
corresponds to a token and has a non-negative value due to the following activation:

¢a; = log(1 + ReLU(W7vg, + b)), (6.2)

where ¢g4; € RIVI, vg, is the token embedding of the jth token of document d; W and b are the
weights and biases of the MLM layer. To compute the final similarity score, SPLADE pools all
the token embeddings into a sequence-level representation and uses the dot product between a
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Models MARCO Dev TREC DL19 TREC DL20 BEIR (13 tasks) Space&Time Efficiency

MRR@10 R@lk | nDCG@10 R@lk | nDCGQ@10 R@1k nDCG@10 Disk (GB) Latency (ms/query)
Models trained with only BM25 hard negatives from MS MARCO Passages
BM25 0.188 0.858 0.506 0.739 0.488 0.733 0.440 0.7 40
DPR 0.319 0.941 0.611 0.742 0.591 0.796 0.375 26.0 2015
SPLADE 0.340 0.965 0.683 0.813 0.671 0.823 0.453 2.6 475
COIL 0.353 0.967 0.704 0.835 0.688 0.841 0.483 78.5 3258
ColBERT 0.360  0.968 0.694 0.830 0.676 0.837 0.453 154.3 -
SLIM 0.358 0.962 0.701 0.824 0.640 0.854 0.451 18.2 580
Models trained with further pretraining/hard-negative mining/distillation

coCondenser 0.382 0.984 0.674 0.820 0.684 0.839 0.420 26.0 2015
SPLADE-v2 0.368 0.979 0.729 0.865 0.718 0.890 0.499 4.1 2710
ColBERT-v2 0.397 0.985 0.744 0.882 0.750 0.894 0.500 29.0 3275
SLIM*+ 0.404 0.968 0.714 0.842 0.702 0.855 0.490 17.3 550

Table 6.1: In-domain and out-of-domain evaluation on MS MARCO Passages, TREC DL
2019/2020, and BEIR. “-” means not practical to evaluate on a single CPU. Latency is bench-
marked on a single CPU and query encoding time is excluded.

query and a document as the similarity:
N M
s(q,d) = (max dy,)" (max éa,)- (6.3)

Here, max pooling is an element-wise operation and is feasible for sparse representations as the
dimensions of all the token vectors are aligned (lexical space) and non-negative. These two
properties play a vital role in the success of SPLADE and are also important for making SLIM
efficient, as we shall see later.

Similar to ColBERT’s late interaction, sparsified late interaction also takes advantages of the
contextualized embeddings of BERT’s last layer. But different from ColBERT, we first apply the
sparse activation in Equation (6.2) before calculating the similarity in Equation (6.1):

N

s(a.d) = > miax o, (6.4)

i=1

where ¢4, and ¢q, are the representations in Equation (6.2). However, as shown in Figure 6.1a,
to keep the token-level interaction, we must convert the sparse representation of each token in a
query to a sub-query and retrieve the sub-documents from the index. Moreover, the token-level
rankings need to be merged to yield the final ranked list using scatter operations, which further
increases latency.

Due to the impracticality of the naive implementation, a natural solution would be to approx-
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imate Equation (6.4) during retrieval. We first unfold the dot product in Equation (6.4):

Vi

ZmaxZ% v, (6.5)

where ¢g’f) is the kth elements of ¢4,. As each ¢, across different ¢; all shares the same lexical
space and the values are non-negative, we can easily derive its upper-bound and lower-bound:

N V] N |V

M M
> maX§ el ¢> <s(gd) <> 0D I}lgfc¢§f)¢$)7 (6.6)
=1 i=1 k=1

(6.7)

qi

k) _ { ((Ilf), if k£ = argmax gbg]f)
e = k

0, otherwise

Then, the lower-bound score s;(g, d) and upper-bound score s (g, d) can be further factorized as:

N V|

Z m]gx Z ql Z eq) max qﬁd );

N
sn(g:d) = Y ma ma ¢ Z bg)" max ax B, ) (6.8)

where both the sum and max operations will be element-wise if the targets are vectors. We see
that these two equations resemble the form of SPLADE in Equation (6.3), where queries and doc-
uments are encoded into sequence-level representations independently. In this way, Inauxj]\i1 ¢d; in
Equation (6.8) can be pre-computed and indexed offline. To approximate s(g,d) in Equation (6.5),
we use the linear interpolation between the lower- and the upper-bound:

SG(Q7d) =8 8l(Q7d) + (1 - 5) ’ 3h(Q7d)
N

=3 (B e+ (1 —B)bg) <m%x¢d> (6.9)

i=1

where s,(q, d) is the approximate score of SLIM and € [0, 1] is the interpolation coefficient. As
shown in Equation (6.9), we can first fuse the query representation before retrieval and finetune
the coefficient 5 on a validation set. It is worth mentioning that the approximation is applied
after the SLIM model is trained using Equation (6.4). During indexing, we use Pyserini [167]
to index the sequence level-representation max ~1 ¢a;, and use Scipy [320] to store the sparse
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token vectors. During retrieval, we use Equation (6.9) to retrieve the top-k candidates with the
LuceneImpactSearcher in Pyserini. For score refinement, we extract the stored sparse token
vectors for the top-k documents and use Equation (6.4) to refine the candidate list. This two-
stage breakdown yields a good effectiveness-efficiency trade-off, as we can aggressively reduce the
first-stage retrieval latency without too much accuracy loss due to the score refinement.

To further reduce the memory footprint and improve latency for the first-stage retrieval, we
apply two post-hoc pruning strategies on the inverted index to remove: (1) tokens that have
term importance below a certain threshold; (2) postings that exceed a certain length (i.e., the
inverse document frequency is below a threshold). Since all the term importance values are non-
negative, tokens with smaller weights contribute less to the final similarity. Moreover, tokens with
long postings mean that they frequently occur in different documents, which yield low inverse
document frequencies (IDFs) and therefore can be safely discarded.

In summary, the workflow of SLIM can be described as the following:

e Vector Projection and Sparsification: Each token embedding from a pretrained lan-
guage model (like BERT) is projected into a high-dimensional, sparse lexical space. This is
achieved using a transformation that includes a non-linear activation (e.g., ReLU) followed
by a logarithmic transformation to ensure non-negativity and sparsity. The transformed
sparse vectors for each token of the documents are then indexed using an inverted index
structure, which allows for efficient retrieval operations.

e Initial Retrieval Stage: The system retrieves a preliminary set of documents based on
the overlap of sparse token vectors between the query and the documents, using the inverted
index. Instead of directly computing the exact interaction scores between query and docu-
ment tokens, SLIM approximates these interactions using upper and lower bounds derived
from the properties of the sparse vectors. This is realized by aggregating the maximum val-
ues across the dimensions of the sparse vectors, which significantly reduces computational
overhead.

e Score Refinement: In the second stage of retrieval, a more precise score is computed for the
top candidates retrieved in the initial stage. This score refinement uses the actual sparse
vectors and a more detailed computation model to ensure accuracy. To further enhance
performance, the model employs pruning strategies to remove less important tokens based
on their contribution to the retrieval quality and their frequency across documents.

6.3 Experiments

We evaluate our model and baselines on MS MARCO Passages [220] and its shared tasks, TREC
DL 2019/2020 passage ranking tasks [51]. We train the baseline models on MS MARCO Passages
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Figure 6.2: Effectiveness-Efficiency trade-offs of SLIM (w/ and w/o score refinement) on MS
MARCO Passages.

and report results on its dev-small set and TREC DL 2019/2020 test queries following the same
setup in CITADEL [161]. We further evaluate the models on the BEIR benchmark [310], which
consists of a diverse set of 18 retrieval tasks across 9 domains. Following previous work [277, (7],
we only evaluate 13 datasets due to license restrictions.! The evaluation metrics are MRR@10,
nDCG@10, and Recall@1000 (i.e., R@1K). Latency is benchmarked on a single Intel(R) Xeon(R)
Platinum 8275CL CPU @ 3.00GHz and both the batch size and the number of threads are set to
1.

We follow the training procedure of CITADEL [161] to train SLIM and apply ¢; regularization
on the sparse token representations for sparsity control. SLIM is trained only with BM25 hard
negatives in MS MARCO Passages, while SLIM™™ is trained with cross-encoder distillation and
hard negative mining. For indexing and pruning, the default token weight pruning threshold is 0.5
and the IDF threshold is 3. We use Pyserini to index and retrieve the documents and use Scipy to
store the sparse token vectors (CSR matrix). For retrieval, the fusion weight 8 in Equation (6.9)
is set to 0.01. We first retrieve the top-4000 candidates using Pyserini’s LuceneImpactSearcher
and then use the original sparse token vectors stored by Scipy to refine the ranked list and output
the top-1000 documents.

Table 6.1 shows the in-domain evaluation results on MS MARCO Passages and TREC DL
2019/2020. SLIM and SLIM** manage to achieve accuracy comparable to ColBERT and ColBERT-
v2 on MS MARCO Passages. However, the results seem unstable on TREC DL, which is expected
as TREC DL has far fewer queries. For out-of-domain evaluation, the results are a little bit worse
than the current state of the art but still close to ColBERT. For latency and storage, SLIM has a
much smaller disk requirement and lower latency compared to ColBERT. For example, SLIM*+
achieves effectiveness comparable to ColBERT-v2 with an 83% decrease in latency on a single
CPU and using 40% less storage.

'CQADupstack, Signal-IM(RT), BioASQ, Robust04, TREC-NEWs are excluded.
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Next, we show that a two-stage implementation of SLIM provides a good trade-off between
effectiveness and efficiency. Figure 6.2 plots CPU latency vs. MRR@10/Recall@1000 on MS
MARCO Passages using IDF thresholding for SLIM (w/o hard-negative mining and distillation).
We set the minimum IDF threshold to {0, 0.5, 1, 1.5, 2, 2.5, 3} and first-stage retrieval candidates
top-k to {1000, 1500, 2000, 2500, 3000, 3500, 4000} before score refinement (if any). Without the
score refinement, the MRR@10 and Recall@1000 scores are high when the IDF threshold is small,
but effectiveness drops rapidly when we increase the IDF threshold to trade accuracy for latency.
In contrast, with the score refinement step, we see that with about 0.003 loss in MRR@10 and
0.01 loss in Recall@1000, latency improves drastically from about 1800 ms/query to 500 ms/query.
The reason is that the score refinement step, which takes a small amount of time compared to
retrieval, compensates for the errors from the aggressive pruning at the first stage, which shows
that our novel lower- and upper-bound fusion provides a good approximation of SLIM when the
IDF threshold is low, and that the score refinement step is important as it allows more aggressive
pruning for the first-stage retrieval.

6.4 Summary

In this Chapter, we propose an efficient yet effective implementation for multi-vector retrieval
using sparsified late interaction, which yields fast retrieval speed, small index size, and full com-
patibility with off-the-shelf search toolkits such as Pyserini. The key ingredients of SLIM include
sparse lexical projection using the MLM layer, computing the lower- and upper-bounds of the
late interaction, as well as token weight and postings pruning. Experiments on both in-domain
and out-of-domain information retrieval datasets show that SLIM achieves comparable accuracy
to ColBERT-v2 while being more efficient in terms of both space and time.
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Chapter 7

Robust Cross-Encoder Rankers with
Late Interaction

7.1 Overview

The two-stage retrieve-then-rerank pipeline has been the de facto design for many information
retrieval systems. Recently, both the retriever and the reranker systems have benefited from
the advancement in pretrained language models [168]. When using the pretrained models as
cross-encoders, the model views the query and document candidate together, allowing rich token
interaction via the attention mechanism at all hidden layers. However, all the information then
boils down to the representation of [CLS] token at the final stage, during the computation of
the relevance score between the query and the document. This raises the concern of whether the
single token representation is sufficient to capture all salient information.

MS MARCO BEIR Avg. Search

Model MRR@10 nDCG@10 Latency
monoBERT 0.390 0.467 1.18s
CELI 0.392 0.491 1.28s

Table 7.1: A preview of comparison between CELI and monoBERT. Detailed results are shown
in Table 7.2 and 7.3.

Pretrained language models have also been adopted in the retriever stage in various ways.
[126] pioneer in this direction and find that the [CLS] token embedding could well capture query
or document representations, whose similarity can be used to indicate the relevance level be-
tween the query and document. This line of methods [1206, |, named as single-vector dense
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retrievers, while being effective for the in-domain scenarios, is found to be less robust on the
out-of-distribution (OOD) datasets [310], possibly due to inadequate information at token-level
granularity. Methods such as further pretraining or adding token-level interaction have been ap-
plied to improve the OOD generalization, where multi-vector retrievers |12, , | perform
the best on both the in-domain and OOD effectiveness among neural retrievers [169]. This abil-
ity is usually credited to its design that computes the similarity score based on contextualized
embeddings of all tokens, which provides richer token interactions compared to the single-vector
dense retrievers.

Inspired by the success of token interaction in the retriever systems, we ask the question: Can
cross-encoder also benefit from additional token interaction when computing the final similarity?
In this work, we affirm this hypothesis, showing that additional token interaction in the final-
stage similarity computation indeed improves the OOD capacity for cross-encoders. We name our
method CELI (Cross-Encoder with Late Interaction), which incorporates a late interaction layer
into the current cross-encoder models. As shown in Table 7.1, CELI improves averaged nDCG@10
on BEIR by 5% (from 0.467 to 0.491), while not sacrificing the in-domain score (0.390 vs. 0.392)
and the search latency (1.18s vs. 1.28s). Extensive experiments show that the improvement is
consistent over larger-sized models and reranking candidates from various retrievers.

7.2 Late Interaction for Robust Cross-Encoder Ranking

monoBERT. monoBERT [231] is one of the first cross-encoders [199, 229] that apply pretrained
transformers in passage retrieval. Given concatenated query g and document d, the model com-
putes relevance scores sq g from the [CLS] representation on the final layer of BERT [57], formu-
lated as follows [168, 247]:

m(¢; d) = T W + b, (7.1)

where Ticrs] € RP is the [CLS] representation on the final layer, and W & RP*! and b € R are
the weight and bias for classification.

Some of the previous works term the models as “mono{BACKBONE}” when initialized from
non-BERT pretrained Transformers, such as monoELECTRA [217]. However, since the underly-
ing model structure remains the same, we refer to them all as monoBERT while specifying the
backbones where the models are initialized.

Mean-Pooling. To study whether the improvement of CELI is attributed to the interaction
between the query and the documents tokens, or simply the additional token information, we add
the Mean-Pooling method as a baseline. Instead of computing the similarity score based solely

62



on the [CLS] representation as in Eq. (7.1), it uses the mean representation of all the tokens:

n

sm(q,d) = % > (Tior,W + 1), (7.2)

7

where T}, is the final-layer representation of the i-th token, and n is the total number of tokens
in the input sequence. W € RP*! and b € R are the weight and bias for classification, same as
Eq. (7.1).

CELL In this work, we use the simplest version of late interaction proposed by [128]. We first
obtain the representation of each token in the query ¢ and document d:

vg, = Ty, W + by wvg, =Ty, W + 0, (7.3)

where ¢; and d; represent the i-th token of query ¢ and the j-th token of document d, respectively.
Similar to Eq. (7.1), T € RP refers to each token representation on the final layer. W € RP*Prok
and b € RPiwk are the weight and bias in a projection layer, projecting the Ty, to a lower
dimension Dy, < D.

With token representations v,, and vg;, the late interaction first computes the inner product
scores between all pairs of query and document tokens, then sums up the max similarity score for
each query token against all document tokens:

si(q,d) = Z Hbax(vg;vdj). (7.4)
a

Eq. (7.4) shares the same formulation as in the first-stage retrievers, and only differ in that the
token representations Ty, and Ty, embed information from both the query and document, whereas
in first-stage retrievers, they are computed independently from each other, with 7}, perceiving no
information from document d and vice versa.

During training, we compute the LCE loss on s, and s;, respectively:
L= lce(sm(% d+)7 Sm(Qa d;)a ceey Sm(q, d;))
+ lCB(Sl(q, d+)’ 5l(‘]7 d;)7 ceey Sl(q> dr:))v
where d* is the positive document and {d; }!" ; are the negative documents to the query q.

At inference time, we sum the two scores as the final relevance score, i.e., Sfina = Sm + 7.t

"'We have explored adding weighting terms for s,, and s., but only observed marginal gains. Thus we report
the simplest formulation here.
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7.3 Experimental Setup

All cross-encoders are trained on MS MARCO [226], a dataset composed of queries from Bing
search log and a collection of passages sourced from the general Web. It contains 8.8M passages,
over 500k query—document pairs for training, and 6980 queries for inference.

We implement the model based on Capreolus [378, 380], an IR toolkit for end-to-end neural
ad hoc retrieval. All training configurations follow [247]: We train MS MARCO for 30k steps
with a learning rate le — 5 and a batch size 16. We use linear warm-up on the first 3k steps,
then linearly decay the learning rate on the rest of the steps. Cross-encoders are trained on LCE

loss |73, | with 7 negative samples.? We experimented with three backbones, all available on
HuggingFace [361]: MiniLM [344],> ELECTRApase,” and ELECTRA apge [15].5
We use MS MARCO [226] for the in-domain evaluation and 13 datasets from BEIR [310] for

OOD evaluation, which covers 10 domains including Wikipedia, Finance, Scientific, Quora, and
SO on.

At the inference stage, we always rerank top-1k results from the first-stage retrievers. On

MS MARCO, we use TCT-ColBERT [175] as the retriever following [247]. On BEIR, we use
an extensive list of retrievers that covers the categories of sparse, single- and multi-vector dense
retrievers. Retrievers results are produced using Pyserini [167], BEIR [310], or ColBERT [128]

repository.’ Following the datasets standard, we report MRR@10 on MS MARCO and nDCG@10
on BEIR.

7.4 Results and Analysis

Table 7.1 provides a preview of the efficacy of CELI. In this section, we first demonstrate that such
improvement is consistent over different model sizes and the first-stage retrievers, then analyze
how the projected token dimension and the query length impact the improvement.

7.4.1 Model Size

Previous papers find that models with a larger number of parameters can better generate on
unseen distribution [227]. Motivated by this observation, we examine whether the improvement
brought by late interaction diminishes with increasing model sizes.

2We use Quadro RTX 8000 GPUs and A6000 for the experiments. On RTX 8000, the ELECTRApL.se models
took approximately 8 hours for cross-encoder training.

3microsoft/MiniLM-L12-H384-uncased

4google/electra—base—discriminator

5google/electra—large—discriminator

Shttps://github.com/stanford-futuredata/ColBERT
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MS MARCO BEIR

Backbone Model MRR@10  nDCG@10
monoBERT 0.390 0.467
MiniLM Mean-Pooling 0.390 0.481
CELI 0.392 0.491
monoBERT 0.400 0.481
ELECTRApase Mean-Pooling 0.402 0.483
CELI 0.402 0.494
monoBERT 0.413 0.507
ELECTRAarge  Mean-Pooling 0.412 0.516
CELI 0.413 0.524

Table 7.2: In-domain (MRR@10 on MS MARCO) and OOD (averaged nDCG@10 on BEIR)
scores of CELI and two baselines (i.e., monoBERT and Mean-Pooling).

Results show that the contribution of late interaction is consistent over model size. Table 7.2
shows in-domain and OOD scores with the models initialized from three different sizes of back-
bones: MiniLM, ELECTRA}p,se, and ELECTRAlarge.7 The MS MARCO results rerank the top-1k
candidates from TCT-ColBERT, and the BEIR results rerank the top-1k candidates from BM25.

While we observe higher average scores on BEIR as the model size increases, echoing the pre-
vious finding that larger models demonstrate better OOD generalization ability, the improvement
brought by token information is consistent across the backbones. On all three models, CELI
consistently improves over the two baselines. Additionally, the in-domain scores on the other two
backbones are not affected as well, suggesting that the “free” gain is consistent over different model
sizes.

7.4.2 First-Stage Retriever

We then extend the experiments into an extensive list of first-stage retrievers, where the retrievers
are categorized as sparse, single-vector, and multi-vector dense retrievers.

Table 7.3 shows the results on BEIR reranking candidates from 9 different retrievers, covering
all three categories mentioned above. Looking at the averaged nDCG@10 on BEIR, we find that
late interaction consistently improves the OOD capacity when using retrievers of different natures,
bringing a similar degree of improvement of 0.02—0.03.

"MiniLM, ELECTRApase, and ELECTRA ,¢e have 33M, 110M, and 340M parameters respectively.
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Sparse Multi-vector Dense

Model

BM25 uniCOIL SPLADE ColBERT v2
monoBERT  0.467 0.426 0.469 0.467
CELI 0.491 0.452 0.492 0.493

Single-vector Dense

Model

DPR DPR

ANCE TCT TAS-B

(NQ)  (MS)
monoBERT  0.451 0.474 0.471 0.470 0.472
CELI 0.472 0.495 0.493 0.494 0.494

Table 7.3: Averaged nDCG@10 on BEIR, reranking the top-1k candidates from each retriever.
TCT: TCT-ColBERT. DPR (NQ/MS): DPR finetuned on NQ [138] or MS MARCO, respec-

tively.

Projected Token | MS MARCO BEIR
Dimension (Do) MRR@10 nDCGQ10

(1) Dok =1 0.3920 0.4890
(2) Dok = 32 0.3920 0.4914
(3) Dok = 128 0.3920 0.4910
(4) Do = 384 0.3900 0.4911

Table 7.4: MRR@10 on MS MARCO and nDCG@10 on BEIR of CELI with token representation
in different dimensions (Dyox in Eq. (7.3)). We report scores to 4 digits here as the values are
close in all conditions.

7.4.3 Token Dimensions

In first-stage retrieval, it is common to project the token representation into lower dimensions as
restricted by indexing storage space and search efficiency. However, the representations are com-
puted on the fly for cross-encoders, thus using token representations in higher dimensions brings
no additional storage cost and only minor searching latency in the context of cross-encoders. We
therefore examine whether using higher token dimensions D;ox brings additional improvements.

Results are shown in Table 7.4, where row (2) corresponds to the BM25 results reported in
Table 7.3. Comparing rows (1-4), we find that the token dimensions have little impact on the
OOD effectiveness: surprisingly, using dim = 1 already obtains 0.4890 on average BEIR as shown
in on row (1), while increasing the dimension to dim = 32 and onward only provides marginal
improvement.
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Figure 7.1: nDCG@10 improvement from late interaction on queries over different lengths. Each
point represents the average of nDCG@10 improvements over the query of the corresponding
length. The line is the least square polynomial fit of the points.

7.4.4 Query Length

Finally, we present our analysis of how the late interaction improves the OOD capacity of cross-
encoders, finding that query length is a prominent indicator of the per-query improvement. Fig-
ure 7.1 plots the distribution of nDCG@10 improvement by late interaction according to the query
length on Quora and HotpotQA, two datasets included in BEIR.® Specifically, each point repre-
sents the average of nDCG@10 improvements over the query of the same length (same coordinate
on the x-axis). We additionally plot an approximated polynomial line based on the points to
better reveal the relationship between the query length and the improvement on nDCG@10.

On both datasets, we observe a clear tendency that the late interaction brings higher improve-
ment on longer queries. While Figure 7.1 is based on results using BM25 as the retriever, we have
similar observations when reranking candidates from the other retrievers.

8Length determined as the number of query tokens delimited by whitespace.
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7.5 Related Work

[231] is one of the first cross-encoders that apply pretrained language models on the passage re-
trieval task. It considers retrieval as a classification task and uses transformer encoders following
the formulation of the next sentence prediction (NSP) pretraining task in BERT, where only the
[CLS] vector is used to classify the query—document pair and compute the relevant score. After-
ward, CEDR [199] proposes to incorporate fine-grained token interaction. However, it requires
extra complex computations at all layers, which brings difficulty to implementation and adds
higher computational overhead.

This line of cross-encoders has been studied and extended to other model architectures: [229]
and [395] build cross-encoders on encoder-decoder architecture (e.g., T5, [255]), and [197] extend
it to decoder-only architecture (e.g. LLaMA-2, [315]). Another line of cross-encoders reranks
the document candidates according to the query likelihood given a passage, usually based on
generative models [231, 272].

Recent works on first-stage retrieval have demonstrated the effectiveness of adding sparse
information into dense retrieval [12]. The combination of the token information and dense [CLS]
vector could also be done explicitly, by either adding the scores computed from [CLS] and token
information or concatenating aggregated token vectors to the [CLS] vector |72, |. The multi-
vector dense models could also be viewed under this category, where the token representation
vectors jointly contribute to the relevancy computation along with the [CLS] vector [128, |.

Our work is also connected to the interaction-based methods predating pretrained language
models, where the text relevance is usually predicted based on the fine-grained similarity matrix
between queries and document tokens [2906, , , |.

7.6 Summary

In this Chapter, we show that adding late interaction to existing cross-encoders brings visible
improvement to its OOD capacity without hurting in-domain effectiveness, even though the cross-
encoder already processes the token interaction in earlier layers. Extensive experiments on differ-
ent model sizes and first-stage retrievers show that this improvement is consistent, and according
to our analysis, the improvement is more prominent on longer queries. Our findings suggest that
boiling all information into the [CLS] token is a sub-optimal use for cross-encoders, and further
studies are required to better explore their capacities.
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Chapter 8

Multi-Step Query Expansion for
Cross-Encoder Rankers

8.1 Overview

Query expansion has been a core technique in information retrieval for over half a century [274,

, 1]. The goal is to increase the retrieval accuracy by adding additional terms to the query.
Conventional methods such as RM3 [111] leverage Pseudo-Relevance Feedback (PRF) to select
terms from the documents retrieved for the original query as expansions [158|. Recently, large
language models (LLMs) demonstrate their effectiveness in generating expansion terms for re-
trieval, which is known as generative query expansion [117, |. However, both methods or
their combinations are mainly considered for improving the recall and precision of first-stage re-
trievers, yet their influence on the generalization of second-stage, cross-encoder rerankers remains
under-explored.

This problem is interesting as additional terms usually contain more information about the
query, yet they are rarely used in cross-encoder ranking. A recent study from [350] explores
generative query expansion for different retrievers and rankers. They found that weaker models
benefit more from expansions while stronger rankers are hurt in most cases. This counter-intuitive
observation calls for further examination of current expansion methods and whether there is a
way to improve the results of strong rankers using query expansion. To verify the conclusion, we
also apply some popular query expansion methods to two state-of-the-art cross-encoder rankers,
RankT5 [395] and MonoT5 [229]. As shown in Table 8.1, the results are consistent with [350]
where we observe that the nDCG@10 scores of both rankers on TREC DL 2019/2020 and BEIR

are compromised using either PRF or LLMs. More results are shown in Section 8.4 and 8.5.

In this Chapter, we identify two important steps for successfully using query expansion in cross-
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Figure 8.1: A flowchart of our method including generation, filtering, and fusion to select high-
quality keywords for zero-shot ranking task with strong cross-encoder rankers.

Methods | DL19  DL20
RankT5pqee [397] 0.737  0.736
~w/ RM3 [11] 0.681  0.695
- w/ query2doc [311] 0.572  0.637
- w/ query2keyword [117] 0.690  0.688
- w/ Ours 0.751 0.752
MonoT5pase [229] 0.695 0.720
- w/ RM3 0.673  0.693
- w/ query2doc 0.473  0.613
- w/ query2keyword 0.672  0.682
- w/ Ours 0.724 0.730

Table 8.1: nDCG@10 on TREC DL 2019/2020. Directly applying existing query expansion meth-
ods on strong cross-encoder rankers can cause effectiveness deterioration.

encoder rankers, which are not well explored by existing work focusing on retrievers: high-quality
keyword generation and minimally-disruptive query modification. First, cross-encoder rankers
mainly aim to improve precision-related metrics such as nDCG@10 which are sensitive to noisy
keywords, while retrievers care more about recall where some low-quality expanded keywords are
less influential. Therefore, strong rankers such as RankT5 have higher demand on the generation
quality. Second, cross-encoder rankers are heavily based on token interactions, making them
sensitive to the distributional shift in queries (e.g., number of tokens, input formats) compared to
retrievers. Therefore, inserting documents in a query [341] might be less desirable.

In our experiments, we find that the most effective way is to first use an LLM to generate high-
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quality, short keywords through a reasoning chain [353]. We then follow self-consistency [3416] to
run the above process multiple times to filter noisy keywords and select top-k candidates, ensuring
the quality of the generated keywords. To mitigate distributional shift in query, we insert each
keyword independently with the query and use reciprocal rank weighting [53] to combine the rank-
ing results. Our pipeline manages to improve the nDCG@10 over the baselines for cross-encoder
rankers such as RankT5 [395] on both BEIR and TREC DL 2019/2020, while other baselines
that have been found effective for retrievers fail to improve such strong rankers. Our study pro-
vides a preliminary yet novel research foundation for researchers to explore query expansion for
cross-encoder rankers.

8.2 Related Work

Query Expansion and Fusion Early research on query expansion concentrated on utilizing

either lexical knowledge bases [27, 33, 323] or Pseudo-Relevance Feedback (PRF) [110, 270, 391].
Recent studies show that scaling up LLMs through pretraining with more extensive and higher-
quality corpora [15, 31, , | can result in higher capabilities. Researchers have used large

language models for generating keywords in the context of query expansion 311, 50, ) .

The effectiveness of query variant fusion has been proven in previous works. [21] pioneered the
fusion of multiple query variations into a single ranked list. 18] introduced Rank Biased Centroids
for effective query variation fusion. [24] furthered this by applying reciprocal rank fusion [53] and

CombSUM [21]| with double fusion.

LLM-Based Neural Rankers MonoBERT [231] stands out as one of first cross-encoders for
text reranking tasks. CEDR [199] introduces a more intricate approach by incorporating token
representations at all layers of the Transformer using pre-BERT neural rerankers. More potent
rankers based on LLMs have emerged to directly score the relevance between queries and docu-
ments [395, , |. Most recently, LLMs have showcased remarkable efficacy when tasked with
few /zero-shot text ranking such as LRL [198], RankGPT [304], RG-kL [394], RankVicuna [219],
and RankLlama [197]. Alternatively, they can perform pairwise comparisons between passages,
as demonstrated by PRP [251]. Despite the zero-shot effectiveness, the multiple decoding passes
render them slow and non-parallelizable.

8.3 Framework and Implementation

8.3.1 Cross-Encoder Ranking

Given a query ¢, the text retrieval or ranking task is to return a sorted list of documents
{di1,da,...,di} from a large text corpus C to maximize a metric of interest. In this paper, we
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assume a set of candidate documents {dy,ds, ..., d;} generated by a first-stage retriever are given
and focus on the second-stage reranker to re-order the candidate documents. The query-document
pairs are encoded together for fine-grained token-level interactions:

s(q,d) = ¢(concat(q,d)), (8.1)

where ¢ is the reranker and s is the similarity score. The “concat” function is implemented using
special tokens as indicators, such as “Question: ¢ Document: d”. In the following subsection, we
will introduce the framework we use for keyword generation and selection to improve the results
of cross-encoders.

8.3.2 High-Quality Keyword Generation

The first step of query expansion is to generate keywords {w1, wa, ..., w;} semantically similar to
the query g. There are generally two sources of signals: The classical approach which involves
corpus-based signals through Pseudo-Relevance Feedback (PRF) or more recent approaches lever-
aging signals from LLMs by prompting [ 17]. Notice that some LLM-based methods like Q2D [341]
and HyDE [75] generate much longer passages or documents rather than keywords, which drift too
much from the distribution of queries and deteriorate cross-encoder reranker effectiveness. In the
following components of this framework, we do not consider expansion other than keywords, but
will show the results of using excessively long expansion in Section 8.4. We explore four different
methods for keyword generation, including both LLM-based and PRF-based methods, as well as
their combinations:

e PRF-based methods like RM3 [111] to extract keywords from the retrieved documents
dy,ds, ...

e LLM-based methods to generate keywords wy, wa, ... like Q2K [117].

PRF + D2K, which uses an LLM to extract keywords wi, ws, ... from the retrieved docu-
ments di,ds, ....

e Q2D2K, which uses the LLM to generate detailed documents d}, d5, ... first and then selects
a set of keywords wy, wa, ....

PRF + D2K and Q2D2K are inspired by Q2D [341] and HyDE [75]. These methods are problem-
atic when the generated documents are directly used as queries for cross-encoder rankers due to
the query distribution shift, but are useful when the generated documents are summarized into
keywords for expansions. The assumption is that documents generated by a well pretrained LLM
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Methods AA  SF NQ Fe Qu HQ FQ CF BA SD T2 TN S1 DB NF RO TC ‘ BEIR Wiki+News

Rank T 0.323 0750 0565 0.826 0.814 0.732 0.414 0.255 0.541 0.174 0.383 0.43) 0.299 0.448 0.375 0.525 0.782| 0.508  0.557
- w/ RM3 0.330 0.722 0546 0.817 0.831 0.689 0.377 0.257 0473 0.165 0.360 0.443 0.291 0.393 0.358 0.481 0.746 | 0487  0.539
- w/ query2doc 0.271 0.671 0.511 0.810 0.749 0.640 0.300 0.184 0.358 0.140 0.275 0.419 0.231 0.367 0.331 0.447 0.716 | 0.437 0.502
- w/ query2keyword| 0.315 0.739 0546 0.841 0.807 0.725 0.381 0.257 0.500 0.168 0.353 0.470 0.280 0.398 0.365 0.496 0.741| 0493  0.556
- w/ Ours 0.324 0.752 0.577 0.846 0.822 0.744 0.412 0.261 0.542 0.176 0.390 0.454 0.292 0.452 0.377 0.541 0.781 |0.514* 0.570*

MonoT5pase 0.242 0.713 0.553 0.808 0.785 0.705 0.364 0.216 0.495 0.161 0.406 0.417 0.286 0.423 0.312 0.415 0.685| 0.470 0.519
- w/ RM3 0.249 0.698 0.544 0.817 0.799 0.666 0.354 0.219 0453 0.156 0.390 0.427 0.291 0.412 0.314 0.396 0.632| 0.465  0.511
- w/ query2doc 0.188 0.640 0.508 0.784 0.353 0.594 0.302 0.108 0.353 0.127 0.339 0.398 0.242 0.368 0.293 0.391 0.590| 0.392 0.459
- w/ query2keyword| 0.232 0.697 0.542 0.828 0.74 0.702 0.341 0215 0.449 0.156 0.378 0.453 0.284 0.397 0.293 0.359 0.642| 0455  0.517
- w/ Ours 0.240 0.720 0.569 0.831 0.793 0.719 0.369 0.223 0.499 0.163 0.404 0.431 0.288 0.443 0.313 0.420 0.671|0.476* 0.532*

Table  8.2: nDCG@10 scores on BEIR. TC=TREC-COVID, NF=NFCorpus,

NQ=NaturalQuestions, HQ=HotpotQA, FQ=FiQA, AA=ArguAna, T2=Touché-2020,
Qu=Quora, DB=DBPedia, SD=SCIDOCS, Fe=FEVER, CF=Climate-FEVER, SF=SciFact,
S1=Signal-1M, BA=BioASQ, R0=Robust04, TN=TREC-NEWS. x: pass the paired t-test
against the other baselines (p < 0.01).

can already answer the question or at least contain helpful keywords. The intuition is also sim-
ilar to recitation-augmented language models [305] where more knowledge can be elicited before
fulfilling the task.

As mentioned in Section 8.1, the precision-related metrics, which cross-encoder rankers aim to
optimize, are more sensitive to the noise in the expanded keywords. If there are noisy keywords
generated from the previous stage, the effectiveness of rankers are more likely to be affected
compared to retrievers. Hence, we argue that it is necessary to add a filtering stage in this
framework to remove noisy keywords and increase the reliability of the expansion. We leverage
self-consistency [346] in LLM literature for filtering. For LLM-based keyword generation methods
which involves stochasticity, we repeat the keyword generation method multiple times and select
the top-k keywords that have the highest majority votes (i.e., frequency). For deterministic
methods like RM3, we simply take the keywords with the highest RM3 keyword weights.

8.3.3 Minimally-Disruptive Query Modification

One way to insert keywords is to directly concatenate them with the query. The concatenation
function we use is “Question: ¢ wy wo ...w; Document: d’. However, as mentioned in Section 8.1,
the increasing number of keywords or excessively long expansion may overwhelm the original
query, especially for cross-encoder models which rely more on query-document token-interaction.
In Section 8.4, we will show that even increasing the number of keywords to 3 will result in degraded
precision. To mitigate the distributional shift in query, another way is to concatenate each keyword
individually with the query and fuse the final ranking results together [189]. Inserting only 1
keyword is the minimally-disruptive expansion we found for cross-encoder, which is proved to be
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Methods ‘DL19 DL20 | BEIR Wiki+News

Q2D2K-fusion 0.751 0.752 | 0.514 0.570
Q2K-fusion 0.750  0.748 | 0.510 0.562
PRF + D2K-fusion | 0.745 0.733 | 0.510 0.565
RM3-fusion 0.741  0.737 | 0.510 0.560

Table 8.3: nDCG@10 score of Q2D2K, Q2K, RM3, and PRF + D2K with fusion based on RankT5.

very robust on multiple datasets. Specifically, the new similarity scoring function will be:

s(q,d) = Zai - ¢(concat (g, w;, d)), (8.2)

where the concatenation function concat(q, w;, d) is implemented as “Question: ¢ w; Document: d”
and «; is the weight for the expansion w;. We find this formulation more effective than concate-
nating all keywords at once as the number of keywords increases.

Previous works [393, 22| have also found that ensembling runs from different models or data
augmentation can be effective for ranking. After obtaining the candidate keywords, we concatenate
each keyword independently with the original query and then feed it in the cross-encoder ranker
model to rerank the top-1000 candidate documents retrieved by BM25 to get a ranked list. For
the fusion weights in Equation (8.2), we follow the previous work [53, 56| to weight the ranked
lists using the reciprocal rank of the top-1 document in retrieved list: «; = m where
Rank(d™, D;) is the rank of the top-1 document d™ retrieved for the original query in a candidate
list of expansion w;. Finally, we combine the ranking list of the original query in case all the
expansions are not helpful.

8.4 Experiments

Models and Datasets For the keyword generation, we use Flan-PaLM2-S [15]. For cross-
encoder ranking, we test two different rankers: MonoT5 [229] and RankT5 [395]. We reproduce
the MonoT5 model using the point-wise loss in [395]. For in-domain evaluation, we evaluate on

TREC DL 2019 and 2020 [54], containing 43 and 54 test queries, respectively. The relevance sets
are densely labelled with scores from 0 to 4. For out-of-domain evaluation, we evaluate on 17
datasets from BEIR.

Evaluation We report the nDCG@10 metric [118] as datasets in BEIR and TREC DL are
densely labeled, and the top-10 setting reflects the common use case in applications. Asthe LLM is
finetuned on instructions set which has large overlap with the Wikipedia and News corpus in BEIR,
we also report the average score on Natural Questions, FEVER, Climate-FEVER, HotpotQA,
TREC-News, and Robust04 datasets (Wiki+News) besides the main score.
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Inference Pipeline We use BM25’s top-1000 retrieval results as the candidates for reranking
using Pyserini [167]. For RM3, we use Pyterrier [200] to extract keywords from the retrieved
documents.

For keywords generation method Q2D2K, we follow the instruction template in Promptaga-
tor [56] and ask Flan-PaLM2-S to generate 2 documents based on the query and then extract 5
keywords for each document. We then repeat the process 3 times to obtain 30 keywords. For
keyword generation method PRF + D2K, we replace the generated documents by BM25 retrieved
documents. By default, we use Q2D2K as the keyword generation component. We then run
self-consistency and select the top-3 keywords from the keyword candidates and concatenate each
of them individually with the query before feeding them into the ranker.

For fusion, we use the reciprocal ranks of the top-1 document retrieved for the original query
in each expansion’s reranked list as weights. We finally fuse the aggregated expansion results with
the original reranking list from the cross-encoder ranker as regularization, with a coefficient of
0.3. Coefficients range from 0.1 to 0.3 work similarly but not included due to space limit.

Results Table 8.1 and 8.2 show the main results on TREC DL19/20 and BEIR benchmark,
where directly applying the query expansion pipeline in retrieval to cross-encoder ranker reranking
results in deteriorated effectiveness even with top-3 keyword concatenation, while our method
can improve over the original cross-encoder ranker scores on both TREC DL and BEIR. The
improvement on TREC DL and Wiki+News BEIR datasets are more significant compared to
other datasets in BEIR, which results from the instruction finetuning step of PaLM2 as previously
mentioned.

8.5 Ablation Analysis

RQ1: Whether to use LLMs or PRF for keyword generation? To compare the keyword
generation quality of different methods, we fix the keyword insertion and fusion procedure while
varying the keyword generation methods. Table 8.3 shows the comparison results. We can see that
the keywords generation quality is reflected in the nDCG@10 scores, where our Q2D2K method
manages to outperform other LLM or PRF based methods on DL 19/20 and BEIR, reflecting
higher keyword quality. Besides that, fusion is also very important for maintaining cross-encoder
ranker zero-shot effectiveness which will be discussed in detail in RQ2.

RQ2: How to use these keyword expansions? Figure 8.2 plots the number of keywords used
for ranking fusion and its influence on the final nDCG@10 score. We can see that the improvement
of our proposed method (which uses Reciprocal Rank Weighting) peaks at 3 expanded keywords
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Methods DL19 DL20 | BEIR Wiki+News

RankTbp,se 0.737  0.736 | 0.508 0.557
“+mean pooling 0.748 0.750 | 0.514 0.572
+reciprocal rank | 0.751  0.751 | 0.514 0.573
~+original query | 0.751 0.752 | 0.514 0.570

MonoTb5pase 0.695 0.720 | 0.470 0.519
+mean pooling 0.700  0.727 | 0.471 0.533
+reciprocal rank | 0.713  0.733 | 0.475 0.532

+original query | 0.724 0.730 | 0.476 0.532

Table 8.4: Incremental ablation on the keyword fusion process. Details are introduced in Sec-
tion 8.5.

Methods | DL19 DL20
Mean pooling 0.748 0.750
Reciprocal rank 0.751 0.751
Top-k overlap 0.741 0.750
Ranker’s entropy 0.729 0.746
KL divergence 0.741 0.749
WS distance 0.743 0.751

Table 8.5: Weighting methods for fusion on DL 19/20 based on RankT5. nDCG@10 scores are
reported.
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Figure 8.2: nDCG@10 score on DL19 using different number of keywords for RankT5.

and gradually diminishes with the addition of more keywords. Although the generated keywords
are useful, they still bring noise which escalates as the keyword number increases.

Table 8.4 shows the ablation of the keyword fusion process, which mainly includes ranking
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average, reciprocal rank weighting, and combining with original query ranking results. Adding
mean fusion and reciprocal weighting consistently brings improvement to the model. As for
the original query fusion, we view it as an expansion and combine its ranking with the other
expansion’s ranking results using a default value of 0.3 for zero-shot evaluation. The improvement
is less consistent as we did not perform hyper-parameter search on the fusion coefficient due
to zero-shot evaluation, but instead use a default value of 0.3 for combining with the original
query ranking results. Figure 8.2 also shows that fusion is more robust compared to keyword
concatenation as the keywords increase.

Table 8.5 shows different fusion methods we tried on TREC DL 19/20. Mean pooling and
reciprocal rank weighting are reported in Table 8.4. For top-k overlap, we take the overlap between
the original query’s candidate list and the other expansion’s candidate lists as weights for «; in
Equation (8.2). For ranker’s entropy, we normalized the retrieved scores into a distribution for
each expansion and use the reciprocal entropy of the distribution as weights. For KL divergence
and Wasserstein distance, they are similar to the ranker’s entropy except that they calculate the
distances between the original query’s distribution and the other expansion’s distributions. We
also take the reciprocal of this distance as weights for fusion. We can see that among all the fusion
techniques, the reciprocal rank weighting method has the best nDCG@10 scores on both DL 19
and 20, demonstrating the robustness of this simple fusion method.

8.6 Summary

In this Chapter, we examine the possibility of improving the generalization of cross-encoder rankers
using query expansion based on the study of [356]. Our solution is to leverage an LLM to generate
high-quality, concise keywords through a reasoning chain and individually evaluate the ranking
scores of each expansion before aggregating them together. We observe significant improvement
on BEIR and TREC DL 2019/2020 over directly using the popular query expansion methods.
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Chapter 9

Certified Error Control for Two-Stage
Relevance Ranking

9.1 Overview

A two-stage relevance ranking architecture has been an indispensable component for knowledge-
intensive natural language processing tasks such as information retrieval (IR) [210] and open-
domain question answering (OpenQA) [11]. Such a system usually consists of a high-recall first
stage that retrieves a set of documents from a massive corpus and a high-precision reranker that
improves the ranking of the retrieved candidate sets. The first-stage retrieval, often implemented
by approximate nearest neighbor search [121] or inverted index search [167], is quite efficient while
the second-stage reranking usually has high latency due to the trend of using over-parameterized
pretrained language models and large candidate set sizes. Previous work in early exiting proposed
to predict the ranking score using only a partial model [363, , 35| or prune the candidate
set before reranking [312, (6] to trade accuracy off against speed. However, such methods lack
accurate error control which can not provide guarantees to satisfy the exact accuracy constraints
specified by users.

In this Chapter, we focus on candidate set pruning methods of early exiting for two-stage
relevance ranking, and we show that a simple score-thresholding method can yield predictions with
certified error control using the prediction sets theory [359, , , 19]. Instead of predicting a
single target, prediction sets will yield sets that contain the desired fraction of the population with
high probability. Moreover, we allow users to specify the error tolerance of their custom metrics
and our method will return the pruned set of candidates that satisfies the constraints with a finite
sample guarantee. Our method makes no assumption about the data distributions and models,
except that the calibration data are exchangeable with the test data. Fig. 9.2 illustrates the
calibration and test procedures for certified error control of candidate set pruning.
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Figure 9.1: Comparisons between certified and empirical error control methods on MS MARCO
Passage vl. Coverage: Percentage of 100 independent runs that satisfies a pre-specified
MRR@10>0.35 (the dotted line).

Challenges. However, directly applying prediction set methods to relevance ranking can be
problematic. Unlike classification, where the true label will be eventually included in the predicted
set as the set size grows, in relevance ranking, users care more about the rank of the positives.
Therefore, a rank requirement from users might not always be satisfied as the ranking system
might not be good enough to rank the positive documents correctly no matter how large the
candidate set is.

Contributions. To this end, we propose to correct the coverage level pre-specified by the user
if the constraints are impossible to satisfy, and it is up to the user to decide whether to abandon
the prediction or accept the corrected results. Empirically, we evaluate our method on IR and
OpenQA benchmarks, including MS MARCO Passage v1 [226] and Quora [310]. We also test
different combinations of retrievers and rerankers for the two-stage relevance ranking system under
both in-domain and out-of-domain settings. Fig. 9.1 shows the results of certified and empirical
error control methods using different ranking systems on MS MARCO Passage v1, and we can
see that the empirical method fails to provide the required coverage while our method succeeds to
meet the requirement (see Thl. 9.3 for more details). For example, if we pre-specify MRR@10 >
0.38, we can reduce the average candidate set size from 1000 to 27, increasing the reranking speed
by 37x while satisfying the constraint with 90% empirical coverage. We further confirm that the
risk-confidence correction of our method is able to consistently correct the risk/confidence when
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Figure 9.2: Calibration and test procedures of candidate set pruning with certified error control.
During calibration, we use the confidence region and desired risk « to find the threshold =Y
During testing, we use the threshold to prune the retrieved documents, which guarantees control
of the expected loss under a with probability 1 — 6.

the pre-specified conditions are impossible to achieve.

To better understand this concept, imagine the user is searching for “winter boots” on an online
shopping site. The site initially pulls up thousands of boots. To speed up the process and not
overload the system, we use a reranking system with set pruning to quickly narrow down these
thousands of boots to just 30. It does this while ensuring that the best options are still in those
30 boots with high probability, so the user does not miss out on great products. This way, the
user gets fast and accurate results without sifting through thousands of options. If the system
judges that finding the desired boots in the 30 search results is unrealistic, it will automatically
correct the probability guarantee or the pre-specified conditions.

To sum up, our contributions are three-fold:

e We propose the first certified error control method of candidate set pruning for relevance
ranking, providing a guarantee to satisfy user-specified constraints with high probability.

e We propose a risk-confidence correction method to adjust constraints that may be otherwise
impossible to satisfy for ranking tasks.

e Our method achieves consistent results under both in-domain and out-of-domain settings.
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With at least 90% coverage, our method returns a candidate set size less than 50 with
1 ~ 2% accuracy drop for most two-stage ranking systems.

9.2 Related Work

Early exiting for relevance ranking. Early exiting [364, , 365] is a popular latency-accuracy
tradeoff method in document ranking. [363] and [297] proposed to output the question-document
similarity score at earlier layers of a pretrained language model, while [192] and [35] proposed to
use a set of decision trees in the ensemble for prediction. [36] proposed optimization strategies
that allow short-circuiting score computations in additive learning systems. [312] presented a
boosting algorithm for learning such cascades to optimize the tradeoff between effectiveness and
efficiency. Despite their popularity, the above early exiting methods mainly use fixed rules for
efficiency-accuracy trade offs without performance guarantees.

Prediction sets and cascade systems. Prediction sets are essentially tolerance regions [359,
, |, which are sets that contain the desired fraction of the collection with high probability.
Recently, tolerance regions have been applied to yield prediction sets for deep learning mod-

els [241, 19]. In addition, conformal prediction [328, | has been recognized as an attractive
way of producing predictive sets with finite-sample guarantees. In retrieval, structured prediction
cascades [3571] optimize their cascades for overall pruning efficiency, and [66] proposed a cascade

system to prune the unnecessarily large conformal prediction sets for OpenQA. However, confor-
mal prediction is only suitable for metrics like recall. Other works on inverted file systems also
provide correctness guarantees on keyword and document pruning [233].

9.3 Background

9.3.1 Notation
In the rest of the paper, we will use upper-case letters (e.g., @, D,...) to denote the random
variables, script letters (e.g., Q,D,...) to denote the event space, and lower-case letters (e.g.,

q,d,...) to denote an actual value of a random variable in its event space. Specially, we use X’
to denote the space of all possible subsets in X where X’ = 2%,

9.3.2 Two-Stage Relevance Ranking

Given a question g, the relevance ranking task is to return a sorted list of documents from a
large text corpus to maximize a metric of interest. Particularly, in a two-stage ranking system,
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a first-stage retriever generates a set of candidate documents {dy, da, ..., dy} for the second-stage
reranker to re-order the candidate lists.

Retrieval

Dense Retrievers encode the question and documents separately and project them into a low-
dimensional space (e.g., 768 dim, which is “lower” than the size of the corpus vocabulary). Rep-

resentative methods include DPR [126], ANCE [367], ColBERT [128], and MeBERT [191].
Lexical /Sparse Retrievers use the corpus vocabulary as the basis for vector representations.
Static methods include tf-idf [275] and BM25 [267]. Contextualized methods include SPLADE [65],
DeepCT [55], Deeplmpact [208], and COIL |72, 166].

Despite their differences, all the above methods can be viewed as a logical scoring model [165].
Let ng : @ — R"™ be an arbitrary function that maps a question to an n dimensional vector
representation, and let np : D — R™ be an arbitrary function that maps a document to an
n dimensional vector. The similarity score s, between a question ¢ and a document d can be

defined as:

Sv(q7 d) = ¢(77q(Q)a nd(d»v (91)
where ¢ is a metric that measures the similarity between encoded vectors of n(q) and n(d), such

as dot product or cosine similarity.

Reranking

The reranker module is responsible for improving the ranking quality of the candidate documents
returned from the first-stage retrievers. We focus on recent neural rerankers based on pretrained
language models such as MonoBERT [230] and MonoELECTRA. The reranker could also be seen
as a logical scoring model. However, instead of using a bi-encoder structure, a cross-encoder
structure is often applied, where the question-document pairs are encoded and fed into a single
model together for more fine-grained token-level interactions:

sr(g,d) = ((concat(q,d)), (9.2)

where ( is the reranker that takes the question-document pair as input and outputs the similarity
score s,.. One way to implement the “concat” function is using special tokens as indicators, such
as [CLS] ¢ [SEP] d [SEP].
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9.4 Risk-Control Prediction Set for Ranking

9.4.1 Settings

Formally, given a question Q € Q, a set of documents D' € D’ retrieved by the first-stage
retriever ¢, and a relevance-judged set of gold documents D/, € D! we consider a pruning
function 7 : D' — P’, where P’ denotes the space of subsets of D’. We then use a loss function
on the pruned document sets that also depends on the reranker ¢, i.e., L(-,;() : D/, x P' = R, to
encode a metric of the user’s interest, and seek a pruning function 7 that controls the risk (i.e.,

error) R(T;¢) = E[L(D.,, T(D");()].

Definition 1 (Certified Error Control of Candidate Set Pruning). Let T : D' — P’ be a random
function. We say that T is a pruning function for reranker ( with certified error control if, with
probability at least 1 — §, we have R(T;() < a.

The risk level a > 0 is pre-specified by users, and the same goes for § € (0,1) where 0.1/0.01 is
often chosen as a rule of thumb.

Pruning Function and Risk Function

We use a calibration set to certify the error control of the pruning function and apply the certified
pruner during testing. Let {Q;, D, D/,,}™, be an ii.d. sampled set of random variables repre-
senting a calibration set of queries, candidate document sets, and gold document sets. For the
pruning function, we define a parameter A € A as its index, which is essentially a score threshold
with the following property:

A < A2 = T (d) C Th(d). (9.3)
Let L(D.,P';¢) : D, x P’ — R>p be a loss function on the pruned subsets. In ranking, we
could take, for instance, L(D,,, P';¢) = 1 — MRRQ10(Dy,, /), where MRR@10 is a popular
measurement of ranking quality and PCI is the reranked version P’ by (. In general, the loss
function has the following nesting property:

P{ C Py = L(D[,, P{;¢) = L(Dg, P3; C). (94)
That is, larger sets lead to smaller losses (i.e., monotonicity) [19]. We then define the risk of a
pruning function 7, to be

R(Tx;¢) = E[L(D},, P’ ¢)].
Confidence Region

In practice, to find the parameter A, we need to search across the collection of functions {7 }rea
and estimate their risks on the calibration set. However, the true risk is often unknown and the
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empirical risk function is often used as an approximation'

R(T3:0) ZL Lis T(D); €).

To compute the confidence region, we leverage the concentration inequalities and assume that we
have access to a pointwise confidence region for the risk function for each A:

Pr(R(Tx;C) < Ry (Tx;€)) > 14, (9.5)

where ﬁj{ (Tx;¢) is the upper bound of the empirical risk R(Tx;¢). [19] presented a generic
strategy to obtain such bounds by inverting a concentration inequality as well as concrete bounds
for various settings. For this paper, we use the Waudby-Smith-Ramdas (WSR) bound [351] which
is adaptive to variance.

We choose the smallest A such that the entire confidence region to the right of A falls below
the target risk level a following [19]:

Xﬁinf{)\eA:}T’,}(ﬁ/;() <o<,V)\’2)\}. (9.6)

In this way, 75 is a pruning function with certified error control. In the following sections, we
will discuss the problems of truncated risk functions in relevance ranking and how to modify the
certification for impossible constraints.

9.4.2 Truncated Risk Function for Ranking

In Section 9.4.1, we mentioned that the risk function is often related to the metrics that we care
about. For example, in ranking, metrics such as MRRQK are often used to assess the ranking
quality, where K is the maximal set size that we choose. For example, the MRR@10 score given a
set of questions {g; }", the positive document sets {d}}";, and the retrieved document candidate
sets {d,}™, is

1
MRR@10 = o
Z T ) "
where
;o\ f4oo, if r; > 10;
f(d;, dy,;) = { r;,  otherwise, o
and

19 Ywij

L& :rr;in( (d/ d, ))-

d,;; means the § positive document for query i and r(d}, d,,;;) means the rank of d/,;; in the

candidate set dj. If we use 1-MRR@I0 for the empirical risk function R(7}\; (), we can see that
the risk function and its upper-bound plateaus after a certain A value (Fig. 9.3b) due to the
threshold function in Eq (9.8). Therefore, naive certification will fail if the risk level is specified
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Figure 9.3: (Corrected) Confidence region of the risk function. (a) shows the risk function for
metrics like recall; (b) shows the risk function that is truncated in ranking. (¢) and (d) show two
different types of corrections: Either setting the risk level to the minimum of the upper bound or
increasing 0 to shrink the upper bound.

too low.

9.4.3 Correction for Risk Level and Confidence

To this end, we propose a safe certification method, which will automatically correct the risk
level & or the confidence 1 — § if the risk level specified by the user is too low. Given a specific
(a, d) pair, the basic idea is that if the minimum of the upper confidence bound ﬁ}'(T)\; ¢) over
all possible A values is bigger than the specified risk level «, we will either replace the risk level
with the best-possible minimal risk that we could achieve:

ae = inf R} (T5;0), (9.9)
AEA

where «. is the calibrated risk level as shown in Fig. 9.3c, or increase d to shrink the upper-
confidence bound until § = 1:

6ciinf{5e (0,1] : inf R} (75;¢) < a}, (9.10)
AEA

where &, is the calibrated significance level as shown in Fig. 9.3d. Therefore, the previous pruning
function found in Eq (9.6) does not necessarily hold for some specific («, d) values in ranking, and
we propose a new theorem for the corrected version of certification:

Theorem 1 (Correction of Certified Error Control). In the setting of Section 9.4.1, assume that
there exists a > 0 and § > 0 such that for every A € A, R;(T;\;C) > a. In this case, Ty is no
longer a pruning function with certified error control. Instead, with the corrected risk level o and
confidence 6. in Fq (9.9) and (9.10), there exists A € A such that,

Pr(R(T5;¢) < ac) > 19,
or

Pr(R(T;¢) < @) > 1 0.
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Retriever MARCO Quora

BM25 0.185 0.781
DPR 0.311 0434
UniCOIL 0.348  0.659

Table 9.1: In-domain (MS MARCO Passage v1) and out-of-domain (Quora) first-stage retrieval
test MRR@10 scores averaged over 100 random dev /test splits.

Retriever MARCO Quora
BM25+MonoBERT 0.369  0.840
DPR+MonoBERT 0.378 0.728
UniCOIL+MonoBERT 0.383 0.832
BM25-+MonoELECTRA 0.399 0.823
DPR-+MonoELECTRA 0.415 0.653
UniCOIL+MonoELECTRA 0.415 0.817

Table 9.2: In-domain (MS MARCO Passage v1) and out-of-domain (Quora) second-stage rerank-
ing (with evidence fusion) test MRR@10 scores averaged over 100 random dev/test splits.

In both cases, T5 is a pruning function with certified error control.

Proofs are provided in [162].

9.5 Experimental Setup

9.5.1 Datasets

In this paper, we evaluate our method on the following datasets: MS MARCO Passage v1 [220]
contains 8.8M English passages with an average length of around 55 tokens, which is a standard
retrieval benchmark for comparing in-domain results. Quora Duplicate Questions! [310] contains
522K passages with an average length of around 11 tokens and mostly consist of duplicate entity
questions that were found to be challenging for out-of-domain generalization of neural retrievers
like DPR [282]. The above datasets label documents with shallow judgments [381] for each query
and therefore MRR@10 is often used as the evaluation metric. Other datasets such as TREC DL
2019 [324] use metrics like nDCG, but such densely labeled data are very scarce and therefore
they are not suitable for finite-sample calibration, which we leave for future work.

1https ://quoradata.quora.com/First-Quora-Dataset-Release-Question-Pairs
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Methods MRR@10 Confidence Coverage Size

Methods MRR@10 Confidence Coverage Size

BM25 + MonoBERT (required MRR@10=0.350)

BM25 + MonoBERT (required MRR@10=0.780)

CEC 0.359 0.870 0.870 451 CEC 0.789 0.900 0.910 2
EST 0.350 - 0.540 139 EST 0.780 - 0.510 2
ERT 0.350 - 0.510 149 ERT 0.780 - 0.600 3
UniCOIL + MonoBERT (required MRR@10=0.550) UniCOIL + MonoBERT (required MRR@10=0.780)
CEC 0.360 0.900 0.900 15 CEC 0.790 0.900 0.900 16
EST 0.350 - 0.480 9 EST 0.780 - 0.560 13
ERT 0.352 - 0.460 7 ERT 0.782 - 0.640 14
DPR + MonoBERT (required MRR@10=0.350) DPR + MonoBERT (required MRR@10=0.620)
CEC 0.360 0.900 0.900 22 CEC 0.632 0.900 0.940 40
EST 0.350 - 0.500 11 EST 0.620 - 0.500 30
ERT 0.353 - 0.730 11 ERT 0.621 - 0.490 29
BM25 + MonoELECTRA (required MRR@10=0.380) BM25 + MonoELECTRA (required MRR@10=0.780)
CEC 0.389 0.894 0.910 602 CEC 0.790 0.900 0.900 3
EST 0.381 - 0.580 280 EST 0.780 - 0.460 3
ERT 0.381 - 0.550 246 ERT 0.780 - 0.560 2
UniCOIL + MonoELECTRA (required MRR@10=0.380) UniCOIL + MonoELECTRA (required MRR@10=0.780)
CEC 0.390 0.900 0.910 18 CEC 0.790 0.900 0.910 3
EST 0.380 - 0.520 13 EST 0.785 - 0.540 3
ERT 0.383 - 0.750 9 ERT 0.782 - 0.600 3
DPR + MonoELECTRA (required MRR@10=0.380) DPR + MonoELECTRA (required MRR@10=0.620)
CEC 0.389 0.900 0.900 27 CEC 0.634 0.900 0.950 282
EST 0.381 - 0.580 16 EST 0.620 - 0.530 155
ERT 0.382 - 0.580 17 ERT 0.620 - 0.540 149

Table 9.3: In-domain results on MS MARCO Passage vl (left) and out-of-domain results on
Quora (right). CEC: Certified error control. EST: Empirical score threshold. ERT: Empirical
rank threshold. Confidence: 1 — ¢, as in Eq (9.10). Coverage: Proportion of 100 runs that satisfy
the risk constraints. Size: Average candidate set size out of 1,000. See Section 9.6.2 for details.

9.5.2 Retrievers and Rerankers

For retrievers, we use DPR (dense retriever), BM25 (static lexical retriever), and UniCOIL (con-
textualized lexical retriever). For rerankers, we use two cross-encoder models, MonoBERT [230]
and MonoELECTRA [247]. Although some of these models are no longer state of the art, they
remain competitive and have been widely adopted by researchers in the community as points
of reference. For the pipeline, we use the retriever (e.g., DPR) to retrieve the top-1000 candi-
dates from the corpus, and then use the reranker (e.g., MonoELECTRA) to rerank the retrieved
candidate sets. We believe the above choices cover the basic types of modern two-stage ranking
systems; our approach is model agnostic and can be easily applied to other models as well. For
implementation, we use off-the-shelf pretrained models from Pyserini [167] and Caprelous [379].

Finally, for rerankers based on neural networks, we need to consider both in-domain and out-

87



1.0 —— Empirical Risk
Upper Bound

-10 -08 -06 -04 —0.2 0.0
A

Figure 9.4: Empirical risk function and its upper bound on one calibration-test data split.

of-domain situations, as it is possible that the reranker overfits to certain domains and has worse
out-of-domain effectiveness than the retriever. To solve this, we linearly interpolate the score of
the retriever ¢ and the reranker ¢ for each (¢, d) pair during reranking:

sp(q,d) =8 - ¢(nqg(q); na(d))+
(1 = B) - ¢(concat(q, d)),

which is known as evidence fusion [195]. The weight 5 € [0, 1] is searched on the calibration set for
the best MRR@10 score, such that the fusion model will consistently yield better ranking results
than both ¢ and ¢. Tbhl. 9.1 and 9.2 show the retrieval and reranking effectiveness with evidence
fusion under both in-domain and out-of-domain settings.

9.5.3 Baselines

We modify two empirical error control methods from [36] as the baselines:

Empirical Score Threshold (EST). A score threshold on the calibration set such that the
pruned MRR@10 just meets the required score.

Empirical Rank Threshold (ERT). Similar to EST, but we tune a threshold on the rank of
the documents to prune the candidate set instead.
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9.6 Results

9.6.1 Risk Function and Upper Bound

Fig. 9.4 shows the empirical risk function and its WSR upper bound of the pruning function 7y
on Quora using the DPR + MonoELECTRA ranking system. We can see that the empirical risk
function is a monotone function and the minimum of the risk is greater than 0, which is consistent
with the assumptions we made in Section. 9.4. In addition, we can see that the bound is very
tight, providing a good estimation of the true risk.

9.6.2 In-Domain Results

Empirically, if we set the risk threshold @ = 0.62 and confidence level 1 — § = 0.9, then there
should be at least 90% of independent runs (i.e., coverage) for which the MRR@10 score is greater
than 0.38 (i.e., 1 — ). To verify this, we mix the test set and dev set and then randomly sample
a calibration set of size 5,000 and a test set of size 6,980, repeating for 100 trials.

Tbl. 9.3 (left) shows the MRR@10 score, corrected confidence, empirical coverage, and average
candidate set size on MS MARCO Passage vl. We choose different performance thresholds for
different ranking systems such that the final reranking score is around 1 ~ 2% less than the highest
obtainable score, which is a very typical setting in real-world applications. We use § = 0.1 for all
experiments, but it could be corrected if the risk threshold is unable to be satisfied. For example,
for BM25 + MonoBERT, the confidence is corrected from 0.90 to 0.87, which is more consistent
with the empirical coverage.

We can see that our method achieves the required risk constraint with the required coverage
(i.e., confidence) for multiple ranking systems, while the average candidate set size is also drasti-
cally reduced from 1,000 to less than 50. In comparison, although they are able to obtain smaller
candidate set sizes, both empirical error control methods do not achieve the expected coverage.
Despite the fact that we can choose other thresholds to achieve better coverage, it is unclear how
much accuracy should be sacrificed in order to achieve the required coverage.

9.6.3 Out-of-Domain Results

We also test our method on Quora under an out-of-domain setting, where we use the retrievers and
rerankers trained on MS MARCO Passage v1 as the prediction models. We can see from Thl. 9.1
and Tbl. 9.2 that the out-of-domain retrieval and reranking results are drastically different from
the MS MARCO dataset, where BM25 outperforms the other neural retrievers. This is because
the Quora dataset mostly consists of duplicate, entity-based questions, which are naturally biased
toward static lexical retrievers.
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Figure 9.5: Trade offs between candidate set size and MRR@10 scores on MS MARCO Passage
v1 based on the DPR + MonoELECTRA ranking system. The empirical coverage for each point
is greater than 90%.

Similar to the in-domain experiments, we calibrate the pruning function on the calibration set
with 5,000 data points and test it on a test set with 10,000 data points over 100 trial runs. Tbl. 9.3
(right) shows the MRR@10 scores of different ranking systems. However, unlike the in-domain
setting, the ranking effectiveness of the first stage retrievers varies a lot under the out-of-domain
setting and it is hard to align the pruning results for intuitive comparison. Therefore, we set
different MRR@10 thresholds such that the effectiveness drop is around 1 ~ 10% to align the
results of different ranking systems. The results are similar to the in-domain experiments, where
the certified error control method manages to provide a performance guarantee while the empirical
method fails to do so. Our method also yields reasonable set sizes that are close to the empirical
baseline’s. This is consistent with our claims that our method does not make assumptions about
data distributions and prediction models, as long as the data from the calibration set and test set
are exchangeable.

9.6.4 Efficiency-Accuracy Trade offs with Certified Error Control

In this section, we investigate the guarantee of the overall trade offs between efficiency and ac-
curacy. Fig. 9.5 illustrates the efficiency-accuracy trade offs results on MS MARCO Passage v1
using DPR + MonoELECTRA. Similarly, we set the confidence level 1 —§ to be 0.9. Our method
(blue line) achieves the best MRR@10 score at around 20% of the original top-1000 candidate set
size, which is a very good trade off between accuracy and efficiency. In addition, the MRR@10
score of our method (blue line) is higher than the specified score threshold (orange line) with at
least 90% coverage, which further verifies the guarantee claims we made about our method. We
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Figure 9.6: Confidence correction on MS MARCO Passage vl using DPR + MonoELECTRA.
The x-axis represents different risk thresholds (i.e., @) and the y-axis represents the percentage.

can see that our method achieves a good trade off while satisfying different values of the risk level
.

9.6.5 Confidence-Risk Correction

In Section 9.4.3, we mentioned that it might be impossible to achieve the risk threshold if it is
specified too low in ranking tasks. Our solution approaches this problem by correcting either the
risk threshold a or the significance level § as shown in Fig. 9.3c and 9.3d. In practice, the risk
threshold correction is rather straightforward: if the risk is lower than the minimal upper bound
over all A\, we just reset the risk threshold to the minimal upper bound as shown in Eq (9.9).
For the confidence correction, we need to fix the risk threshold and shrink the upper bound by
increasing the significance ¢ until the confidence (1 —¢) is 0 as shown in Eq (9.10). Fig. 9.6 shows
the confidence correction of our method. We use the DPR+MonoELECTRA ranking system
whose best reranking MRR@10 score is 0.41 on the dev small set, meaning that the minimal risk
is around 0.59, and the minimal UCB of the risk function is around 0.61 (the vertical line). From
right to left, we can see that the confidence does not change too much until the risk passes 0.6137.
As the risk threshold decreases, the confidence (the orange line) also gradually decreases, which
is consistent with the empirical coverage (the green line).
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9.7 Summary

We present a theoretically principled method for candidate set pruning of two-stage ranking sys-
tems, allowing users to control a customized loss under the desired threshold with high probabil-
ity. We further propose to correct the risk threshold or confidence level if the desired risk cannot
be achieved given the ranking system. Experiments performed under in-domain (MS MARCO
Passage vl) and out-of-domain (Quora) settings show that our method provides a consistent
performance guarantee to candidate set pruning across multiple ranking systems.
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Chapter 10

Nearest Neighbor Speculative Decoding

10.1 Overview

Large language models (LLMs) have demonstrated strong potential as multi-task solvers, excelling

in a wide range of applications [31, 15, , 0]. Despite their advanced capabilities, LLMs fre-
quently encounter the problem of hallucination, particularly when dealing with long-tail knowledge
that is less represented in their training data [125, 10]. To address this limitation, retrieval aug-

mentation incorporates information retrieval and nearest neighbor search from a non-parametric
data store to enhance evidence-based and situated reasoning with LLMs. The resulting semi-
parametric LMs exhibit reduced tendency to generate unsupported content [127, 31, , , 10].

However, the effectiveness of retrieval-augmented language models (RALMSs) in ensuring ac-
curate and reliable content generation varies. The widely used in-context retrieval-augmentation
(RA) regime [259, , | softly biases the LM output distribution by prepending retrieved
content to the input, which does not reliably guarantee faithful attribution of information. Ap-
proaches such as kENN-LM [127] modify the LM output with a non-parametric token distribution
derived from nearest-neighbor matches in a corpus, which provide more direct attribution but have
also been shown to degrade the quality of text generation [313]. Additionally, retrieval augmen-
tation can significantly increase the generation latency due to the time required for the retrieval
processes to complete and the subsequent expansion of the LM’s context.

In this Chapter, we propose Nearest Neighbor Speculative Decoding (NEST). This new semi-
parametric language modeling approach is capable of incorporating real-world text spans of arbi-
trary length into the generations of an off-the-shelf LM, leading to improved quality and latency.
NEST extends the standard KNN-LM approach, which interpolates the output distribution of an
LM using the distribution of possible next tokens retrieved from a corpus [127]. It conducts an
additional passage retrieval step at the beginning to limit the need to store and search over all
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tokens in the corpus, offering a balanced trade-off between search accuracy and efficiency. At each
inference step, NEST performs content generation with three sub-steps:

1) Confidence-based interpolation. We use a novel Relative Retrieval Confidence (RRC)
score to measure the uncertainty of the token retriever and use it as the interpolation coefficient
of the output probability mixture. This enables flexible adaptation of the LM’s output to different
downstream tasks through dynamic interpolation with the token retrieval results.

2) Dynamic span selection. Inspired by the Copy Generator (COG) [112], NEST selects not
only the best token predicted by the mixture probability, but also extends to the span contining
from that token in the corpus when the token retrieval confidence exceeds a predefined threshold.

3) Relaxed speculative decoding. If a span of more than one tokens is selected, it under-
goes evaluation based on the mixture probability. Through a rejection procedure similar to that
in speculative decoding [151], only a prefix deemed highly likely by the mixture probability is
accepted.

Evaluated on various free-form generation tasks—including question answering, text comple-
tion, and factuality-aware generation—using Llama-2-Chat models [315] of different sizes, NEST
demonstrates superior performance compared to both the base LM and the standard ANN-LM
under a zero-shot setting. For example, combined with NEST, the Llama-2-Chat 70B model
demonstrates 42.3% improvement of ROUGE-1 on WikiText-103 and 21.6% improvement of
FACTSCORE on Biography. Furthermore, NEST performs competitively with respect to in-context
retrieval-augmentation on MMLU, Pile-of-Law, and TruthfulQA. We further demonstrate that the
two approaches can be combined to enhance generation quality and attribution. Additionally, by
generating multiple tokens at each time step, NEST significantly improves the efficiency of long-
form generation. For Llama-2-Chat 70B, it achieves a 1.8 speedup in inference time without
compromising attribution or fluency.

10.2 Background

10.2.1 Problem Definition

Given an input z, a mixture model M predicts the output y consisting of segments {y1, y2, ..., yr}.
In our setting, M may produce multiple tokens at a time step ¢, and therefore y; indicates the
t-th segment consisting of at most n tokens where 1 < |y;| < n. Let {wgl),wt@), vy wgn)} be the
tokens in segment y;, we use pa(w|x, y<¢) to denote the distribution of the next token, and use

(1)

pm(w = w£1)|x, Y<t) to denote the probability of w; ’ of the next segment y;.
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10.2.2 Nearest Neighbor Language Models (kINN-LM)

The mixture model M involves a pretrained LM and key-value datastore (K,V) that enables
approximate nearest neighbors search without further training or finetuning.

Key-value datastore. To create the datastore (K, V) using the LM for a corpus D, let f(-) be
the mapping from input sequence c to the hidden states h of the LM at some fixed layer. Let w
be the next word of ¢ in the corpus D. For a sample (¢;, w;) in D after segmentation, we define
the i-th key-value pair (k;,v;) in (K, V) as (hi, w;), where h; = f(¢;). The whole datastore is thus
defined as the set of all possible key-value pairs in D:

(’C, V) = {(hi,wi)\(ci, wi) S D} (10.1)
The size of the datastore (K,V) is proportional to the total number of tokens in corpus D. This
brings difficulty in scaling the size of the corpus and the model, which may require massive storage
space and computational resources.

Probability interpolation. During inference, the language model outputs the token distribu-
tion ppyv(w|z, y<¢), together with the hidden state ¢;. The model uses ¢; as a query to search the
datastore (/C, V) and retrieve the r-nearest neighbors 7 according to the similarity s(q, k) between
a query ¢ and a key k. The final non-parametric distribution pg.NN(w|x, y<¢) is computed using
a softmax function over the similarity of all retrieved neighbors:

Prenn (W], ycr) o Y Ty, exp(u- s(gr, ki), (10.2)

(ki,vi)Eﬂ'
where p is the inverse temperature. We use 1/4/dim(q;) for p in practice where dim(g;) is the
hidden state dimension. This is similar to computing attention in the Transformer model [319)].

For similarity s(q, k), we follow [127] and use the negative squared ¢ distance. Items not in 7 are
assigned with 0 probability based on the indicator function I,—,,.

Finally, the next token is sampled from the mixture distribution paq of the non-parametric
distribution pp Ny and the parametric distribution pry using a fixed hyper-parameter A € [0, 1]:

pm(wlz, y<r) = X prv(wlz, y<i) + (1 = A) - peonn (W@, y<i)- (10.3)

10.3 Nearest Neighbor Speculative Decoding

10.3.1 Two-Stage k-NN Search

As mentioned in Section 10.2.2, maintaining a token-level key-value store can be expensive in
terms of both latency and storage. To provide a better trade-off between latency and accuracy,
we adopt the two-stage design, which is widely applied in information retrieval and search engines.
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Figure 10.1: The NEST approach first locates the tokens in the corpus using the LM hidden states.
The retrieval distribution pg.ny is dynamically interpolated with ppy based on the retriever’s
uncertainty A;. The token and its n-gram continuation are then selected from the mixture distri-
bution p4, while the final span length is determined by speculative decoding to remove undesired
tokens. The spans incorporated in the final generation provide direct attribution and amortize
the generation latency.

First-stage passage retrieval Given the corpus D, we segment the documents into separate
passages of less than m tokens each. We then encode the corpus and use a hybrid retrieval system
to select the relevant passages, as dense retrievers are good at handling semantics in queries [120]
and sparse retrievers are good at lexical matching [282].

Second-stage k-NIN token search After obtaining the top-b retrieved passages {d1, da, ..., dp}
at time step ¢, we use the encoder f(-) of LM to encode the prefixes of all tokens as keys as shown
in Figure 10.1. The key-value datastore (IC,V) therefore is created on the fly. Similarly, we use
the negative squared /o distance as the similarity function and ¢; as the queries to search for the
top-r nearest neighbors 7 in (K',V').

The two-stage design provides a trade-off between search latency and accuracy and the passage-
level index only takes a fraction of the token-level index in Section 10.2.2. In addition, the first-
stage passage search also acts as a filter to remove deceptively similar tokens in non-relevant
contexts.
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10.3.2 Confidence-Based Output Interpolation

Similar to Equation (10.3), we linearly interpolate the language model’s distribution pr,\ and non-
parametric distribution p, NN using a coefficient \; for a time step ¢ in generation. The difference
is that we use the token retrieval score to compute \s:
M=o ((mmMM - a> /r> : (10.4)
max; |s(qe, ki)|
where o is the sigmoid function and the min-max ratio expresses the uncertainty of the k-NN
component. We use the sigmoid activation to re-center and re-scale this uncertainty, where « is
the offset and 7 is the scale for the sigmoid function. We refer to this method as Relative Retrieval
Confidence (RRC).

If the downstream task does not involve generation, such as perplexity evaluation and multi-
choice tasks, our method will end at Equation (10.4). The mechanisms introduced in the following
sections are only applied to generation, including token/span selection and post-hoc revision.

10.3.3 Dynamic Span Selection

Directly sampling tokens from the mixture distribution p¢ might escalate the exposure bias since
the seemingly coherent tokens might be retrieved from completely different sources. To maintain
coherence, we extend the context of the current sampled token by using its n-gram continuation
in the corpus. Given the current time step ¢, we first select the next token w; from the mixture
distribution prq. However, the sampled token w; may correspond to multiple retrieved w; (i.e.,
the value v;), in the neighbors 7 which have different n-gram continuations. We use a simple

(1)
t

max-pooling strategy to select the starting token w;’ of the n-gram from 7

1
w = argmax  pean(w = wil, y<) (10.5)
{wi|wi:wt,wi€7r}

The corresponding n-gram for time step ¢ is {w,gl), w?), s wgn)} where n is fixed hyper-parameter.
The final output is determined by the interpolation coefficient A; in Equation (10.4):

. Wy, if Ay > 6; (10 6)
= {wEl),w§2), ...,wgn)}, otherwise. '

where 9§ is a threshold and 4 is the segment output at time step t.
10.3.4 Relaxed Speculative Decoding
Despite the dynamic selection, the hyper-parameter n is hard to control over different tasks. To

produce spans with adaptive length, we take inspiration from [I151], where we use M to revise
the proposed n-gram. However, the proposal distribution ¢(w|z,y<;) is unknown besides the first
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token wgl). Therefore, we use a relaxed version of speculative decoding that upper bounds the
acceptance probability. The probability of accepting the token wt(z) in a span is:

0 paa(w = wl | &,y w w?, wl )

P(accept token w;"”) = min | 1, t - t(l)’ t(2)’ - t(i_l) , (10.7)
’quj}ixp/\/((w ’x7y<t7wt 7wt 7'”7wt )

where v € (0, 1] is the relaxation factor, which is referred to as “leniency” by [151]. The smaller

v is, the less often M rejects the draft. If token wgz) is rejected, we will remove all the tokens
from wt(i) to wt(n), and then re-select a token wt(i) from the distribution p¢ without going through
the span selection. The computation for processing multiple tokens can be parallelized and NEST
can thus maintain the latency or even accelerate the generation. Moreover, suppose all tokens
in the draft are not rejected. In that case, we will directly fetch the n-gram’s continuation in
the corpus and use it for the next draft proposal until rejection, removing the reliance on the

hyper-parameter n.

Once the n-gram is accepted, the corresponding parts are masked in the corpus and will
never be used again in this generation. This is to prevent the k-NN component from repetitively
retrieving the same segments in a small key-value store (K', V).

10.4 Experiments

We evaluate NEST and other baselines on various tasks including text completion, question-
answering, fact-verification, and multi-choice tasks, providing a comprehensive picture of factu-
ality, fluency, and attribution of NEST in different domains. In all experiments, we focus on
evaluating instruction-following models. We use Llama-2-chat under a zero-shot setting, where
we remove the few-shot demonstrations from the instructions to simulate the realistic usage of
these models.

10.4.1 Benchmark Datasets

Text completion. WikiText-103 [211] is a standard benchmark for language modeling, ex-
tracted from the set of verified articles on Wikipedia. Pile of Law [91] is a growing dataset of
legal and administrative data. We use the datasets' from Huggingface and further split the test
data into validation and test sets. For language modeling, we report the perplexity score. For
free-form generation, we report ROUGE-1, 2, L [163] and MAUVE [244].

"https://huggingface.co/datasets/pile-of-law /pile-of-law /tree /main
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Question answering. We select four knowledge-intensive question-answering datasets, includ-
ing Natural Questions (NQ) [138], TriviaQA (TQA) [122], HotpotQA (HQA) [376], and MedM-
CQA (MQA) [239]. Since the in-context demonstrations are removed for free-form generation, we
use answer-level recall (i.e., Hit@1) [126] which checks if the output contains any correct answers
instead of exact match.

Fact verification. We evaluate a biography-generation task [221] and Truthful QA [177] which
is a benchmark for testing false beliefs or misconceptions. We use FACTSCORE [221] for biography.
For TruthfulQA, we follow [177] which uses the difference between the max similarity to a true
reference answer and the max similarity to a false reference answer for BLEU and ROUGE-1.

Closed-set tasks. MMLU (Massive Multitask Language Understanding) [92] benchmark covers
57 subjects across STEM, the humanities, the social sciences, and more. We report the macro
accuracy for each domain.

10.4.2 Implementation

Knowledge Sources. Wikipedia (CC BY-SA 3.0): For tasks except text completion on Pile
of Law, we use the Wikipedia 2021 dump released by [115] as the knowledge source and follow
the same pre-processing procedures in RA-DIT [175], yielding ~33M passages with each less than
200 tokens. Pile of Law (CC BY-NC-SA 4.0): We use the training split from Huggingface and
select only the English data. We then follow the same procedure applied in Wikipedia, yielding a
corpus containing ~15M passages after filtering.

Inference setting. ANN-LM and NEST share the same first-stage retriever. We use DRAGON+ |
and BM25 [267] to encode the segments into dense and sparse vectors, respectively. Given the
input, we query both the dense and sparse indexes at the same time and retrieve their corre-
sponding top-(b- 1) passages. We linearly interpolate the similarity scores between the two search
results (also known as fusion) and sort them before selecting the top-b passages. The number of
passage candidates b is set to be 40 and the scaling factor [ is set to be 100. For RA, we use the
top-3 passages in the prompt due to the context window limit. We further combine NEST and
RA since they are independent methods. Greedy decoding is used during generation.

Evaluation setting. For text completion tasks and perplexity evaluation, we use 128 tokens as
the prefix and the consecutive 256 tokens as the target. For the other tasks, we use 128 tokens as
the max generation length for question answering and 512 for fact verification. For retrieval-based
models, only the prefix will be used for retrieval. Hyper-parameters of all baselines and NEST are
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tuned on the dev set of WikiText-103, NQ, and Biography. Each baseline uses the same hyper-
parameters for all tasks evaluated. We first tune the related hyper-parameters for perplexity and
then tune the rest for generation metrics to reduce the search space.

10.4.3 Baselines

Base LMs. We evaluate publicly available, instruction-tuned language models, Llama-2-chat
series?, with model sizes ranging from 7B, 13B to 70B.

Two-Stage kNN-LM. We apply the two-stage strategy described in Section 10.3.1 to KNN-LM
as well, where we retrieve the top-b passages and encode a key-value datastore (K',)’) on the fly.

In-Context Retrieval Augmentation (RA). A common retrieval-augmentation method is
adding the retrieved evidence into the prompt. We perform retrieval given the only input instead
of retrieving new passages every k step due to the expense of refreshing the kv-cache.

10.4.4 Main Results

Table 10.1 shows the main results of NEST and other baselines. For language modeling, RA-
NEST is able to achieve the lowest complexity on both WikiText-103 and Pile of Law. For text
completion, RA has the best MAUVE scores and ROUGE scores in Wikitext-103 while RA-
NEST works better for 7B and 13B models on Pile of Law. We observe that for legal documents,
quoting the exact clauses from the source might be more favorable compared to Wikipedia.

For question-answering, RA-NEST tends to work better for smaller models (7B and 13B)
in general. The gap between base LMs and other methods diminishes for 70B LMs, which is
consistent with previous work where retrieval is found most useful for smaller models [31].

For fact-verification, NEST is able to outperform the base LMs but underperform RA in
terms of the FACTSCORE. RA-NEST is able to outperform RA for the 70B model. The degra-
dation for RA-70B is caused by generating shorter claims which is punished by the FACTSCORE.
On TruthfulQA, the semi-parametric LMs consistently outperform base LMs and RAs where in-
context retrieval seems to have a negative effect on the scores. This is because Truthful QA is an
adversarial dataset containing difficult questions where in-context RA is more susceptible to the
“evidence” in the prompt (e.g., astrology and myths). In contrast, NEST only interpolates the
results at the output level and therefore performs better in this case. The combination RA-NEST
is also affected by the in-context retrieval.

2https://huggingface.co/meta-llama,/Llama-2-70b-chat-hf
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Models Wikitext-103 Pile of Law

PPL(]) MAUVE RG-1 RG-2 RG-L Avg. Len | PPL(}) MAUVE RG-1 RG-2 RG-L Avg. Len
Llama-2-Chatyp 14.6 58.8 15.8 3.7 144 175.4 10.1 80.7 19.1 5.5 17.1 2114
+RA 7.2 74.6 35.7 23.1 344 204.5 7.1 84.7 23.1 8.9 21.1 222.0
+kNN-LM 9.8 82.5 23.7 7.7 21.7 238.2 8.8 81.1 194 5.7 174 214.3
+NEST 8.4 73.2 28.4 14.2 27.1 218.4 8.1 88.0 23.7 8.7 21.5 226.5
+RA-NEST 6.4 72.6 35.2 22.7 34.0 202.0 6.7 90.0 24.4 9.0 22.2 232.1
Llama-2-Chatq3p 12.0 75.9 19.9 4.9 18.0 218.4 8.2 72.8 17.5 5.3 15.7 181.7
+RA 6.5 91.5 38.9 24.2 37.2 249.3 5.9 86.6 23.6 9.1 21.5 228.7
+kNN-LM 8.6 76.3 23.7 8.2 21.9 238.5 74 71.5 17.7 5.3 15.9 183.7
+NEST 7.2 67.1 29.3 15.6 28.1 207.1 6.8 86.0 22.9 8.7 20.9 212.3
+RA-NEST 5.8 86.8 38.6 24.0 37.0 245.5 5.7 90.1 24.7 9.2 22.4 229.4
Llama-2-Chatzgp 9.9 88.6 229 6.2 20.8 239.6 6.9 93.4 23.0 7.1 20.7 250.1
+RA 5.3 91.6 40.5 26.1 38.8 235.9 4.9 95.5 26.3 10.1 24.0 253.2
+kNN-LM 7.1 83.6 26.1 9.6 24.1 253.9 6.3 94.4 23.1 7.2 20.8 251.3
+NEST 6.3 82.6 326 172 311 236.3 5.9 95.4 25.6 94 23.2 251.3
+RA-NEST 4.8 90.0 40.2 259 386 233.1 4.7 97.6 26.2 9.5 23.7 253.6
Models TQA NQ HQA MQA Avg.| TruthfulQA Biography MMLU

Answer-Level Recall ABLEU ARG-1| FS # Facts | Human. STEM Social Other Avg.

Llama-2-Chat7g | 61.1 389 30.6 9.3 35.0 | -0.02 042 |272 71.2 37.8 326 389 39.6 372
+RA 69.5 484 44.1 12.8  43.7 -0.34 0.18 |56.5 67.1 41.8 35.3  42.2 433 40.7
+kNN-LM 63.4 424 335 95 372 | 0.13 0.66 |30.6 59.8 38.0 33.1 392 40.1 376
+NEST 61.5 43.2 335 10.2 37.1 0.03 0.45 38.9 58.2 42.0 35.4 42.0 43.4 40.7
+RA-NEST 69.0 48.8 45.3 13.3 44.1| -0.32 021 551 57.7 37.9 32.7 393 398 374
Llama-2-Chatysg | 63.5 423 326 102 372 0.13 0.81 |28.8 499 41.5 35.0 40.2 438 40.1
+RA 709 51.6 44.6 14.0 453 | -0.16 0.25 |59.1 51.2 43.4 374 435 464 427
+kNN-LM 64.7 435 342 112 384 0.20 095 |31.1 46.1 41.4 347 406 442 402
+NEST 64.2 442 343 109 384 | 0.29 0.98 35.7 472 41.3 349 402 43.7 40.0
+RA-NEST 70.9 51.7 45.3 14.7 45.7| -0.14 0.25 584  52.4 43.5 37.7 43.5 46.7 42.8
Llama-2-Chat7og | 74.0 50.1 39.5 12.8  44.1 0.14 0.70 | 34.2 58.8 43.5 37.9 444 470 432
+RA 75.5 55.4 52.5 16.0 49.9| -0.13 0.40 |529 421 45.9 39.7 462 486 45.1
+kNN-LM 746 51.2 40.2 13,5 449 0.08 0.58 36.1 54.4 44.0 374 44.1 471 432
+NEST 742 51.6 414 13.8 452 | 0.17 0.70 41.6 56.2 43.8 38.0 444 478 435
+RA-NEST 75.4 55.2 524 16.3 49.8 | -0.19 0.31 59.2 53.8 45.8 39.7 46.2 48.9 45.1

Table 10.1: Results on text completion (upper table) and other tasks (lower table). Bold numbers
indicate the best performance. PPL: Perplexity. RG: ROUGE score. Avg. Len: Average genera-
tion length. ABLEU/ARG: The difference between the max score to correct references and the
max score to incorrect references. FS: FACTSCORE with length penalty.

For closed-set tasks, NEST is comparable to RA and RA-NEST manages to achieve the best
macro scores on average. Overall, NEST is able to outperform base LMs and ANN-LM’s on most
tasks while being on par with RA. The combination of RA and NEST further improves over the
two methods on some tasks. Despite the limited improvement, we will show that NEST is able to
provide better attribution and latency in the following sections.
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(a) Latency Breakdown. (b) Span length and FACTSCORE on Biography.

Figure 10.2: Latency-accuracy trade-off and breakdown on Biography using Llama-2-Chat
7T0B+NEST. As the relaxation factor v decreases, NEST tends to accept longer spans from the
corpus. We choose v = 5e — 2 in our main experiments, which accelerates the generation and
improves the FACTSCORE.

10.4.5 Latency Analysis

Latency breakdown. The combination of dynamic span selection and relaxed speculative de-
coding can improve the latency of the LLM generation by quick draft proposal and processing
multiple tokens at a time step. Figure 10.2a shows the latency breakdown of a NEST-70B model
(a =0.3,7 =0.1,6 = 0.5) for different relaxation factors on the Biography validation data. The
latency experiment is done on 8x A100 GPUs (for model parallelization) and 32 CPU threads (for
search). The batch size is set to 1. We use internal, research-purpose implementation of the base
Llama-2-chat model which did not optimize for latency. As we can see, the LM encoding time
takes about half of the latency, while the sum of the others takes the rest. Noticeably, the cost of
passage search and token index building stay relatively constant per query, while the others are
related to the number of tokens processed per time step. Still, even with extra retrieval overheads,
the slowest NEST model is faster than the base LM, showing the efficacy of span selection and
speculative decoding.

Latency-accuracy trade-off. To understand why NEST can accelerate generation, we first
show the latency-accuracy trade-off by tuning the relaxation factor in Figure 10.2b. The smaller
v is, the less often NEST rejects a segment retrieved from the corpus, which enables more tokens
to be processed in parallel. The average proposed span length in Figure 10.2a can increase from
5 tokens to 35 tokens at each time step as the relaxation factor gets smaller. Combined with
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Task | Models | Ratio (%) Length | Example (Generated by NEST-70B)

NEST 7B 93.4 18.4 Question: who sings does he love me with reba?
NEST 138 52.4 4.4 Answer: The song "Does He Love You" [1] is a duet
NEST 7o 58.8 4.3 between Reba McEntire and Linda Davis. It was
NQ RA-NEST 7 77.5 3.1 released in August 1993 as the first single from Reba’s
RA-NEST 138 33.2 3.0 compilation album Greatest Hits Volume 2. It is one of
RA-NEST 70 44.9 3.9 country music’s several songs about a love triangle. 2|
Question: Tell me a bio of Taral Hicks.
NEST 7 95.5 27.9 Answer: Taral Hicks (born September 21, 1974) is an American actress
NEST 138 53.9 10.6 and singer. Hicks is best known for her acting in such films as 1993’s
Bio NEST 708 58.6 7.0 American crime drama film A Bronx Tale and her singing in such work
RA-NEST 7B 50.3 5.1 as her 1997 [3| debut studio album This Time which peaked at No. 4 on
RA-NEST 138 48.5 5.9 Billboard Bubbling Under Hot 100 Singles. Raised in Teaneck,
RA-NEST 70 80.7 11.0 New Jersey, Hicks graduated from Teaneck High School in 1994 [3].
She is the younger sister of actress and singer D’atra Hicks.

Table 10.2: Attribution analysis. (Attribution) Ratio: Proportion of tokens that are taken from
the corpus. (Attribution) Length: Average length of consecutive spans in the generation that are
taken from the same document. Green: Segments taken from the corpus. Gray: Reference.

Figure 10.2a, we can reach the conclusion that fetching longer spans from the corpus results in
lower generation latency per query. For the accuracy, the FACTSCORE on Biography validation
data shows that there is a sweet spot around v = 5e —2 where both low latency and high accuracy
can be achieved at the same time.

10.4.6 Attribution and Qualitative Analysis

One of the most important features of NEST is providing attribution directly at a span level,
where the reference for the corresponding statement is accurate since it is directly taken from the
corpus. Table 10.2 shows the attribution ratio, average attributed span length, and two examples
for analysis. For NQ and Biography tasks, depending on the model and hyper-parameters in
Equation (10.4) and (10.7), the ratio of tokens that can be traced back to the corpus ranges from
33.2% to 95.5%. In addition, it is more desirable to have consecutive segments that come from
the same source so that consistent attribution can be provided, and the average length of spans
taken from the corpus ranges from 3.0 to 27.9 tokens. This feature provides span-level attribution
for most claims in the LLM generation. To our knowledge, neither of the baselines can achieve
the same granularity and preciseness for the attribution as NEST.
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10.5 Summary

This Chapter presents NEST, an inference-time revision method for LMs that improve their factu-
ality and attribution through nearest neighbor speculative decoding. Leveraging two-stage k-NN
search, relative retrieval confidence, dynamic span selection, and relaxed speculative decoding,
NEST improves both validation perplexity and free-form generation quality on nine different tasks.
Its performance can be further improved when combined with in-context retrieval augmentation.
With these results, we demonstrate that NEST is capable of generating text grounded to real-world
sources in low latency while maintaining fluency.
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Chapter 11

Conclusion and Future Work

This thesis has presented multiple efficient and robust solutions to the field of IR based on pre-
trained transformers. Throughout, we have explored different model architectures, compression
techniques, and training strategies that have significantly pushed the boundaries of modern IR sys-
tems. Our work has demonstrated substantial advancements in first-stage retrievers and second-
stage rerankers, where each model was evaluated under various scenarios to understand their
strengths and limitations, providing deep insights into their practical applications. The integra-
tion of IR and LLMs further addresses the issues of factual accuracy and source attribution in
generation. Specifically, our contributions can be summarized as follows:

¢ We implemented an unsupervised compression pipeline utilizing principal component anal-
ysis (PCA), product quantization, and hybrid search techniques. This pipeline has signifi-
cantly reduced the computational costs and improved the scalability of retrieval systems.

e We introduced individual training of dense retrievers for different tasks, enhancing robust-
ness by aggregating predictions at test time using uncertainty estimation. This approach
has been applied to cross-encoder rankers to improve reliability on out-of-distribution data.

e We developed CITADEL and SLIM methods for multi-vector retrieval, optimizing token
interactions to reduce computational demands while maintaining high retrieval accuracy.
CITADEL utilizes dynamic lexical routing, and SLIM integrates a sparsified late interaction
with inverted indexes, enabling compatibility with traditional bag-of-words systems.

e We improved the robustness of cross-encoder rankers by incorporating late interaction layers,
which significantly enhances performance on out-of-distribution data by optimizing token-
level interactions within documents. We also studied how to use query expansion to improve
the robustness of cross-encoder rankers by high-quality keyword generation and minimally
disruptive query modification.
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e We proposed a method for certified error control in two-stage relevance ranking systems,
enabling precise error control during candidate set pruning. This method uses a truncated
risk function to provide theoretical guarantees for error bounds, improving the reliability of
the candidate set pruning method.

o We developed the NEST approach, extending kNN-LM by adding a passage retrieval step at
the beginning, and dynamically adapting the output using confidence-based interpolation,
dynamic span selection, and speculative decoding. This method improves the generation
quality and reduces the latency of the LLM.

The integration of pretrained transformers with retrieval systems presents a powerful avenue
for improving the access and reliability of information across various domains. As this field
continues to evolve, the potential to redefine performance benchmarks and practical applications
of Al in IR is immense. These advancements will address the growing demands for efficient and
robust information retrieval systems across various digital platforms.

At the end of the thesis, we discuss several future directions for further research on the efficiency
and robustness of modern IR systems.

e Instruction-Following Retrieval: One of the most important capabilities of LLMs is being
able to follow the instructions of users given the prompt. Specifying the user’s intent in
the prompt will be a useful feature for the retriever as well to increase its robustness and
efficiency. For example, for the instruction “Find a sentence from a scientific paper to
check if the statement is correct or not”, instead of searching over the entire internet, the
retriever knows it only needs to look up scientific papers and therefore will only search
the relevant academic databases. This can drastically reduce search latency while avoiding
error accumulation of methods that use an intent classifier. Similar works [11, | and
benchmarks [235, | have shown that retriever models based on pretrained transformers
can follow simple instructions after finetuning, and yet challenges remain for more complex
intents and partially unfulfillable queries. It will be also interesting to see how to leverage
existing LLMs that understand instructions well and apply them for instruction-following
retrieval in zero-shot or few-shots.

e Interpretable Reranking beyond Relevance: The second-stage rerankers we explore in Chap-
ter 7, 8, and 9 are mostly based on encoder-only pretrained transformers such as BERT.
The common reranking paradigm is to feed the query and document jointly to the rerankers
and compute a relevance score for the query-document pair. However, it is sometimes hard
to interpret the relevance score as to which part of the document is useful for answering
the query. Recent works |65, | that leverage encoder-decoder or decoder-only pretrained
transformers can generate explanations along with the relevance scores to point out why the
documents are assigned with such scores. However, it is found that outputting relevance
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scores before the explanations performs better than the other way around, leaving room for
improvement in chain-of-thought style [353] reranking (i.e., generating explanations before
computing the score).

Planning for Retrieval in Generation: In Chapter 10, we showed that inserting retrieved
information into the LLM output can improve attribution and factuality. However, retrieving
at every step still consumes a considerable amount of latency. Therefore, it is tempting to
predict whether to retrieve at every step before retrieval and generation to save computation.
Recent work |12, | on planning for retrieval has shown that it is possible to skip some
retrieval steps during retrieval-augmented generation with a slight accuracy drop. The
challenges remain when the knowledge base changes or gets updated, as the planner can not
know whether the relevant information is in the knowledge base now, impeding its practical
deployment in real applications. It will also be interesting to see fast planners that make
decisions based on a coarse search of the knowledge base to determine whether there is useful
information in the corpus.
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