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ABSTRACT

This paper introduces URAG-a framework with a unified retrieval
engine that serves multiple downstream retrieval-augmented gen-
eration (RAG) systems. Each RAG system consumes the retrieval
results for a unique purpose, such as open-domain question an-
swering, fact verification, entity linking, and relation extraction.
We introduce a generic training guideline that standardizes the
communication between the search engine and the downstream
RAG systems that engage in optimizing the retrieval model. This
lays the groundwork for us to build a large-scale experimentation
ecosystem consisting of 18 RAG systems that engage in training
and 18 unknown RAG systems that use the URAG as the new users
of the search engine. Using this experimentation ecosystem, we
answer a number of fundamental research questions that improve
our understanding of promises and challenges in developing search
engines for machines.
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1 INTRODUCTION

The vast majority of machine learning systems, including large
generative models, are designed as self-contained systems, with
both knowledge and reasoning encoded in model parameters. How-
ever, these models cannot work effectively for tasks that require
knowledge grounding [1, 48], especially in case of non-stationary
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Figure 1: A high-level overview of the URAG ecosystem. The
ecosystem consists of a shared search engine that serves
multiple RAG models, each performing its own task.

data where new information is actively being produced [49, 57]. As
suggested by Zamani et al. [57], this issue can be addressed when
machine learning systems are being enhanced with the capability
of retrieving stored content. For example, in retrieval-augmented
generation (RAG), as a special case of retrieval-enhanced machine
learning (REML) [57], systems consume the responses provided by
a retrieval model for the purpose of text generation [25, 26]. RAG
models demonstrate substantial promise across various applications,
including open-domain question answering [6, 20, 25, 44, 60], fact
verification [46], dialogue systems [8, 45, 53], machine translation
[4], and personalized generation [37, 38].

In the RAG literature, the retrieval component is often imple-
mented using either of the following two approaches:

(1) Employing an off-the-shelf retrieval model that does not require
training for the downstream RAG system: in this category, RAG
systems either use APIs from commercial web search engines
[29], term matching retrieval models [11], such as TF-IDF and
BM25, or neural ranking models trained on relevance annota-
tions provided as an external resource [25];

(2) Training a retrieval model given the feedback from the down-
stream RAG system through knowledge distillation [15] or end-
to-end optimization [35].

As expected, the latter category offers the current state-of-the-
art performance for various tasks [17, 52]. From an IR perspective,
in this category, the downstream RAG model is the only “user” of
the search engine. This paper takes a step further by relying on an
important lesson learned by the IR community since the creation
of web search: achieving an effective retrieval model can be achieved
through aggregating large-scale implicit feedback (e.g., clicks) ob-
tained across users [42]. Following this lesson, we aim to develop
URAG, a framework for training a single unified search engine for
multiple RAG systems conducting various downstream tasks (see
Figure 1). We define a training guideline, in which the search engine
and its users—multiple downstream RAG systems—engage in an
optimization process, in which RAG systems submit queries and the
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search engine solicits feedback for a number of returned documents
in their response. Each downstream RAG model identifies a utility
function (any arbitrary evaluation metric; differentiable or not) and
uses it for providing scalar feedback to the search engine.

Using such a generic optimization guideline by URAG, we imple-
ment a large-scale experimentation ecosystem that enables address-
ing important research questions in this area. In more detail, we
implement a set of 18 RAG systems that use different large language
model (LLM) architectures, conduct different tasks, consume dif-
ferent number of retrieved documents, and/or trained on different
datasets. We consider three diverse tasks of open-domain question
answering, fact verification, and slot-filling for relation extraction.
Six datasets related to these tasks from the knowledge-intensive
language tasks (KILT) benchmark [31] are used for training and
evaluation. In addition to these 18 RAG models that engage with
our unified search engine for optimization, we consider another set
of 18 RAG models with distinct properties as the new users of URAG
that do not engage in optimization and are partially or entirely un-
known to the search engine. These models may use different LLM
architectures, introduce new tasks, and/or use a new dataset for
a known task. Using such a rich ecosystem, we aim at answering
the following fundamental research questions that we believe are
essential to understand the potential of developing search engines
for machines. Note that given the scope of these research questions
and space limitation, we limit this study to reranking optimiza-
tion, in which the search engine retrieves documents using BM25
and optimizes a personalized cross-encoder reranker based on the
feedback received from the downstream RAG models.

RQ1: How does unified reranking perform compared to train-
ing individual rerankers for each RAG model? Our exper-
iments demonstrated that unified reranking performs either on
par or significantly better than the same reranking model being
trained for each downstream RAG model individually. In more
detail, improvements are statistically significant for 61% of down-
stream models and there is no statistically significant performance
degradation across the 18 RAG models that engage in the training
process. This critical finding suggests that developing a unified
search engine for machines is a promising research direction for
the IR community to pursue further.

RQ2: How does unified reranking perform compared to train-
ing rerankers using the feedback obtained from all RAG sys-
tems that use the same dataset? This research question helps
us understand if unification across datasets and tasks can lead to
downstream performance improvement. Our experiments suggest
that again training a unified reranker performs on par or signifi-
cantly better than the ones that are trained based on the feedback
provided by all RAG models that use the same dataset. In more
detail, 39% of downstream RAG models in our experiments observe
statistically significant improvement, while the majority observe
no significant differences. These results are particularly important
as they show knowledge transfer can occur across datasets.

RQ3: How does “personalizing” search results for different
RAG systems impact the performance? We hypothesize that dif-
ferent RAG systems behave differently, thus “personalizing” search
results for each RAG model can be beneficial. To achieve this, we
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feed a task and model identifier for each RAG model to our cross-
encoder reranker, in addition to the query and document content.
We observe that 50% of downstream RAG models observe improve-
ments by including task and model identifiers in relevance scoring.
However, in the vast majority of cases, these improvements are not
statistically significant. Therefore, we do not find personalization
in our experimentation ecosystem substantially useful. We must
acknowledge that personalization often demonstrates its signifi-
cance as the number of users increases and here we only have 18
users (i.e., the downstream RAG systems that engage in training).
Therefore, this leaves several open questions for future work on
exploring personalization in the context of URAG.

RQ4: How does unified reranking perform for new (unknown)
RAG systems that use an observed (known) dataset? Ideally,
search engines should perform effectively and robustly for new
users. This would demonstrate the generalizability of the retrieval
model to unknown agents. To address this question, we introduce
three retrieval-augmented generation models based on PEGASUS
[58], Mistral [18], and Llama2 [47] to our experiments. These mod-
els did not engage in the optimization pipeline of URAG, thus are
unknown to our unified reranker. We demonstrate that unified
reranking significantly outperforms BM25 for all these new (un-
known) RAG systems and performs comparably with a reranker
that are trained on all other RAG systems that use the same dataset.

RQ5: How does unified reranking perform for a known RAG
system on a new (unknown) dataset that is similar to the
ones used during training? To address this research question,
we use the open-domain variant of the SQuAD dataset [33] as
a question answering data with short answers that is relatively
similar to some of the datasets used during training. We observe
that unified reranking leads to significant improvements compared
to BM25 and since the dataset is new, other reranking alternatives
are not applicable to this scenario.

RQ6: How does unified reranking perform for a known RAG
system on entirely new tasks? We take a step further and con-
sider evaluation sets that are not closely related to our training
datasets. For this purpose, we consider ELI5, an open-domain ques-
tion answering dataset with long-form (passage-level) answers, as
well as AY2 an entity linking dataset. Note that all datasets used
during optimization target short text generation tasks. We observe
that URAG outperforms BM25 in half of the cases and differences
are not statistically significant. This suggests that reranking docu-
ments using the current implementation of URAG should only be
employed when target downstream tasks are closely related to the
ones used during training.

RQ7: How does unified reranking perform for a new (un-
known) RAG system on a new (unknown) dataset that is
similar to the ones used during training? We evaluate retrieval-
augmented models based on PEGASUS, Mistral, and Llama2 on
SQuAD for answering this question. None of these models were
employed during training and as mentioned earlier, SQUAD is simi-
lar to some of the datasets used for training URAG. We observe that
reranking results using URAG can lead to statistically significant
improvements in this scenario. This emphasizes that the target task



Towards a Search Engine for Machines: Unified Ranking for Multiple Retrieval-Augmented Large Language Models

and data have more impact on the effectiveness of URAG, compared
to the downstream RAG system that consumes the retrieval results.

RQ8: How does unified reranking perform for a new RAG
system on an entirely new (unknown) task? This is the most
extreme case, where both the model architecture and the task are
unknown to the search engine. We test PEGASUS, Mistral, and
Llama2 on ELI5 and AY2 and observe that URAG struggles with
improving BM25 in this scenario. We mark the development of
robust and generalizable search engines for such scenarios as an
important research direction for further exploration.

RQ9: How does URAG perform when different amount of
training data is provided? We plot the learning curve for all 18
RAG models that are involved in our training pipeline and observe
that their performance often improves as more training data is
provided. This finding suggests that as we introduce more data and
more RAG systems to the URAG framework, we expect even further
performance improvement.

We believe that these findings deepen our knowledge and under-
standing for developing effective search engines for downstream
retrieval-augmented systems and smooth the path towards impor-
tant developments in this area. We open-source the URAG codebase
and release our trained model parameters.! Given the high cost of
training and building such an ecosystem, we expect that this public
release will substantially speed up research progress in this area.

2 RELATED WORK

Knowledge-Intensive Language Tasks. Unlike conventional
NLP tasks like natural language understanding [50, 51] and ques-
tion answering [28], where the task’s input alone is sufficient for
task completion, knowledge-intensive NLP tasks demand access to
external knowledge sources to retrieve essential information for
task execution. Petroni et al. [31] established KILT as a benchmark
for knowledge-intensive NLP tasks. Encompassing a wide range of
tasks such as open-domain question answering, fact checking, slot
filling, and entity linking, KILT provides a comprehensive evalua-
tion framework. The experiments conducted in this paper leverage
datasets sourced from the KILT benchmark.

Retrieval-Augmented Generation (RAG). RAG [25] is a para-
digm that integrates information retrieval (IR) and natural language
generation (NLG). This approach aims to enhance the quality and
relevance of generated content by leveraging external knowledge
sources during the generation process [3, 44]. Unlike traditional
large language models that rely solely on knowledge learned dur-
ing their pre-training, RAG systems dynamically fetch informa-
tion from a knowledge source using a retriever, allowing them
to generate contextually rich and factually accurate outputs [57].
RAG demonstrates versatility with numerous use cases and appli-
cations. It finds application in knowledge-grounding within textual
[16, 25, 31] or multi-modal [5, 12, 36, 39] problem domains. Addi-
tionally, RAG contributes to personalization efforts [37, 38] and
addresses challenges such as reducing hallucination [2, 43].

Ihttps://github.com/alirezasalemi7/uRAG
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Figure 2: An overview of interactions between RAG models
(also known as predictive models) and the unified search
engine.

A pivotal element in RAG systems is the retriever, tasked with ob-
taining the required information for the large language model to exe-
cute its task [25]. Typically, a either sparse (e.g., BM25 [34]) or dense
retrieval models (e.g., DPR [20], Contriever [14], ColBERTv2 [41],
etc.) is employed to efficiently retrieve information from knowl-
edge sources. Subsequently, the large language model employs the
retrieved information to accomplish its task. Notably, In-Prompt
Augmentation (IPA) and Fusion-in-Decoder (FiD) [16] represent
prominent approaches in this context. In IPA, the retrieved informa-
tion is concatenated with the prompt, enabling the large language
model to fulfill the task. On the other hand, FiD involves encoding
each retrieved document and the prompt separately in the encoder
of an encoder-decoder LLM, followed by concatenation in the de-
coder to generate a unified answer drawing from the information
in all documents. For a more in-depth exploration of this approach,
refer to the work by Izacard and Grave [16].

Optimizing Retriever in RAG pipelines. Joint training of a re-
triever model and a large language model has been explored in var-
ious studies. Yang and Seo [54] focuses on optimizing the retriever
by leveraging the downstream performance of the LLM, using each
individually retrieved document to guide the retriever towards re-
trieving documents with higher scores. Conversely, Izacard and
Grave [15] adopts a different strategy by utilizing cross-attention
weights of the LLM instead of the downstream performance to dis-
till knowledge from the LLM to the retriever. Additionally, Sachan
et al. [35] introduces EMDR?, an end-to-end approach that employs
an expectation-maximization algorithm to optimize both the re-
triever and the LLM, maximizing the probability of generating the
ground truth answer conditioned on the documents retrieved by the
retriever. Moreover, Izacard et al. [17] presents a similar approach
to Izacard and Grave [15] and Sachan et al. [35], utilizing the docu-
ment’s posterior distribution according to the LLM, conditioned on
a single document, to perform distillation. Wang et al. [52] uses a
multi-armed bandit algorithm to for the joint training of a retriever
and reader. Most recently, Zamani and Bendersky [56] proposes
end-to-end RAG optimization through stochastic sampling without
replacement, approximated by gumbel-top-k sampling.

Our work diverges from prior research in two key aspects. Firstly,
we operate under the assumption that LLM parameters in down-
stream models are not accessible to the retrieval model. This stems
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from our conceptualization of the LLM as a user of the retrieval
model, akin to how humans interact with search engines. In this
analogy, search engines can only offer results to users and must
rely on user feedback (e.g., clicks) to refine themselves, without
altering how users engage with the results. Secondly, our focus
extends beyond previous studies by considering scenarios where
multiple LLMs use a shared search engine. Our objective is to opti-
mize the search engine to enhance the collective performance of
these diverse LLMs.

3 THE URAG ECOSYSTEM

Search engines are often designed for human users who submit un-
structured queries, such as keyword queries and natural language
questions. However, a paradigm shift is underway with the emer-
gence of machine learning models [57], especially large language
models, possessing strong linguistic capabilities, memorization,
and sometimes even reasoning to some extent [59]. In the current
paradigm known as REML [57], machines, e.g., LLMs, engage in
interactions with a retrieval model to acquire essential knowledge
for executing their designated tasks. Most REML systems nowadays
are in the form of retrieval-augmented text generation. Notably,
with the introduction of real-world RAG systems, such as Bing
Chat? and Google Bard,? humans now assume the role of users for
these applications [40, 57], marking a transition from their previous
role as users of web search engines. In this case, LLMs constitute the
primary users of search engines. Exploring the design of a search
engine capable of providing information to different LLMs based on
their needs, each tailored for specific tasks, represents a valuable
and promising research direction that this paper focuses on.

URAG Formulation. Let Ry denote a search engine parameter-
ized by 6 whose goal is to provide access to information from a
corpus C to a set of n RAG models. The set of RAG models, that
are essentially the users of Ry, is represented as M = {My, ..., My }.
For Ry, each M; is a black-box model and the search engine does
not have access to the architecture, configuration, or parameters of
RAG models. Each RAG model M; is designed to perform a specific
task T; that requires access to information from the corpus C. These
tasks are often called knowledge-intensive tasks. Each RAG model
M; operates by taking the input x and utilizing a communication
link to interact with the search engine Ry. Through this interaction,
the model produces an output denoted as 7y, representing the
result of the prediction process for the given input x. Formally,
im; = Mi(x;Rp). Inspired by the REML framework presented in
[57], Figure 2 illustrates the interactions and components in URAG.

The Optimization Guideline and Process in URAG. For each
query submitted by the RAG model M;, our goal is to develop a
search engine that delivers a search result that benefits the down-
stream task conducted by M;. Thus, we assume that M;s engage
in an optimization process with Ry with a pre-defined training
guideline:

(1) Each RAG model M; must have a training set Dj = {(x1, y1),
o, (xp;}» Yy | ) }> Where (xj,y;) denotes the j™ input and

Zhttps://www.bing.com/chat
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Table 1: A list of datasets from KILT [31] used in our experi-
ments. The validation data from KILT is used as test sets. The
first six datasets are used during the search engine training
process. The last three datasets, on the other hand, are only
introduced during inference to quantify generalizability of
URAG. * Given the large training set in the original T-REx
dataset, we only sampled 5% of data for training our models.

Dataset #train #test
open-domain QA (short answer)
Natural Questions 87,372 2,837
TriviaQA 61,844 5,359
HotPotQA 88,869 5,600
" fact verification |~
FEVER 104,966 10,444
~slot-filling relation extraction |
zsRE 147,909 3,724
T-REx 114,208 5,000
new data introduced during inference
SQuAD 87,599 10,570
ELI5 272,634 1,507
AY2 18,395 4,784

expected output. There is no need to share the data with the

search engine Ry.

For each (x,y) € D;, the RAG model M; must construct a

query g = QGEN(x) to be consumed by the search engine

Ry. The search engine returns a ranked list of documents in

response. Let Q; = {QGEN(x) : V(x,y) € D;} be a set of all

queries constructed from data points in D;.

(3) Each RAG model M; must identify a utility function UTILITY;
that quantifies the end-to-end performance of the model in
relation to its designated task T; and serves as a metric to mea-
sure the effectiveness of M; in performing its downstream
task. UTILITY; can be any arbitrary function, differentiable or
not, whose outputs will be provided as feedback to Ry for op-
timization. For simplicity, this paper assumes that UTILITY;
values are in the [0, 1] range.

—
S
~

According to the risk minimization framework, the primary goal
of the search engine Ry is to minimize the loss function defined
based on the received utility values from downstream models:

n

0* = arg min ! Z |QL| Z L(Rg(q;C), Uig) (1)

o "= q€Q;
where Ujq is computed by M; as follows:
Uiq = UtLrty; (y, Mi (x; Rg (QGEN; (x); 0))) 2

It is important to note that various methods exist for aggregating
utility across the users. For example, prioritizing utility enhance-
ment for specific users may be more important than others. Alterna-
tively, fairness or robustness could serve as criteria for aggregating
the overall system utility. However, in this particular problem, our
emphasis is on expected utility across inputs and users.
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Table 2: A list of RAG models used in our experiments for
training and evaluation.

Task Data Utility Func. LM
M; | open-domain QA NQ Exact Match ~ RA-T5
My | open-domain QA NQ Exact Match
Ms | open-domain QA NQ Exact Match ~ FiD
M, | open-domain QA  TriviaQA  Exact Match ~ RA-T5
Ms | open-domain QA  TriviaQA  Exact Match
Ms | open-domain QA  TriviaQA  Exact Match ~ FiD

My | open-domain QA HotPotQA Exact Match ~ RA-T5

Mg | open-domain QA HotPotQA Exact Match ~ RA-BART
My | open-domain QA HotPotQA Exact Match ~ FiD

Mg | fact verification FEVER Accuracy RA-T5

M1 | fact verification FEVER Accuracy RA-BART
My | fact verification =~ FEVER Accuracy FiD

M3 | slot filling zsRE Accuracy RA-T5

My | slot filling zsRE Accuracy RA-BART
Mis | slot filling zsRE Accuracy FiD

"My | slotfilling ~~ ~  TREx  Accuracy  RATS

M7 | slot filling T-REx Accuracy RA-BART
Mg | slot filling T-REx Accuracy FiD

4 SYSTEM IMPLEMENTATION AND SETUP
4.1 Training Data

As we will discuss later, different tasks and datasets are used for
training RAG models and providing feedback to Rg. A list of all
datasets is presented in Table 1. Three diverse open-domain ques-
tion answering datasets, i.e., Natural Questions (NQ) [22], TriviaQA
[19], and HotPotQA [55], are used in our experiments. The answers
for all questions in these datasets are in the form of short text. Hot-
PotQA focuses on questions that require multi-hop reasoning. One
dataset is used for fact verification, called FEVER [46], and finally,
two slot-filling datasets for relation extraction are used in our exper-
iments; zsRE [23] and T-REx [9]. All datasets are obtained from the
KILT benchmark [31]. Note that the last three datasets mentioned
in Table 1 are not used for optimizing Rg and they are primarily
employed for evaluating the generalizability of approaches.

Note that since the T-REx training set includes approximately 2.2
million samples, we randomly select 5% of them to train our models
to speed up experiments. It is important to note that labels for test
sets of these datasets are not publicly available. Therefore, as the
public validation set was not used for training or hyperparameter
tuning, we use the validation set directly to evaluate our models.

4.2 Downstream RAG Models for tRAG
Optimization

To have a comprehensive study, we consider a total of 18 diverse
RAG models during training in our experiments. Different RAG
models conduct different tasks, are trained using different resources,
are using different underlying models, and/or are consuming differ-
ent number of retrieved documents. Such diversity would enable
us to evaluate the generalizability of different approaches. The
downstream task conducted by models M; to My is open-domain
question answering. Models Mg, M1, and M;z deliver fact ver-
ification functionality to their users. Finally, models M3 to Mg
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perform slot filling for relation extraction. All RAG models are
listed in Table 2. Each of these models is trained on a different
dataset or uses a different large language model. We consider three
retrieval-augmented large language models:

(1) Retrieval-augmented T5 (RA-T5) is a language model based
on T5-small [32] with 60 million parameters that consumes
k documents per input via in-prompt augmentation based on
the following input format: “{input} context 1: {doc1}

. context k: {dock}”, where {input}is x and {doci} de-

notes the content of the i retrieved document. Our T5 model
has an input length limitation of 4096 tokens. Given this lim-
itation, we feed k = 10 documents to this model. Each RA-T5
model is fine-tuned on the corresponding training set. For exam-
ple, the RA-T5 model in M; is trained on the Natural Questions
dataset variant in KILT [31] (see data statistics in Table 1).
Retrieval-augmented BART (RA-BART) is BART-base [24] with
140 million parameters that uses the same augmentation ap-
proach for input format as RA-T5. BART goes under a different
pre-training process than T5, thus, would exhibit a different
behavior and performance. Additionally, it has an input length
limitation of 1024 tokens. Therefore, we use only k = 4 for aug-
menting BART using the results returned by Ry. Each RA-BART
model is fine-tuned on the corresponding training set.

(3) Fusion-in-Decoder (FiD) [16] uses a different augmentation
approach. Unlike RA-T5 and RA-BART that are based on in-
prompt augmentation, FiD first encodes the input and each
retrieved document separately and uses the concatenation of all
document encodings as cross-attention for the decoder. FiD can
thus only be done using encoder-decoder language models, for
which we used T5-small [32] in our experiments. We use FiD-
small in our experiments. The number of augmented documents
is set to k = 10 for FiD. Similarly, each FiD model is fine-tuned
on the corresponding training set.

@

~

All retrieval-augmented models listed in Table 2 are fine-tuned
separately. We use the AdamW optimizer with a weight decay of
1072 and a learning rate of 5 x 107> for 10 epochs. Linear warmup
is applied to the first 5% of training steps. The effective batch size
is set to 64, achieved through gradient accumulation. Each model
is trained using different computation resources, including up to
8 A100, 1080ti, and 2080ti Nvidia GPUs. We employ BM25[34],
implemented in Pyserini [27], to retrieve documents for the training
of the aforementioned models. To train the models, a seq2seq loss
(i.e., cross-entropy between the predicted token’s probability and
the ground truth token distribution) is employed.

As detailed in Section 3, each RAG model is required to define
a utility function that assesses its performance. To select the util-
ity function for our RAG models, we adhere to the recommended
metrics outlined by the KILT benchmark [31]. Thus, we choose the
evaluation metric of each dataset as the utility function for the mod-
els that perform their task on that dataset. Table 2 illustrates the
utility functions assigned to the RAG models utilized in this paper.
In general, we employ Exact Match (EM) for short-form question
answering datasets, ROUGE-L for long-form question answering
datasets, and accuracy as the utility function for the remaining
tasks. For Exact Match, we follow the post-processing approaches
introduced by Rajpurkar et al. [33].
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4.3 Search Engine Implementation in URAG

We adopt a two-stage cascaded retrieval pipeline for implement-
ing Rg. A wikipedia dump provided by the KILT benchmark is
used as the unstructured knowledge source.* We adhere to the pre-
processing method outlined by Karpukhin et al. [20], where each
document is divided into passages, each with a maximum length of
100 words. Additionally, we concatenate the document title with
each passage to form the documents in the retrieval corpus. This
corpus consists of approximately 36 million passages.

We use Pyserini’s [27] implementation of BM25 with default
parameters for implementing the first stage that takes the query
string q and retrieves 100 documents. The second stage model is a
cross-encoder re-ranker that takes the query and document text as
input and produces a scalar as the relevance score. To “personalize”
the result of the retrieval model, we contextualize the cross-encoder
representation based on M; and its downstream task T;. Following
Nogueira and Cho [30], we use a linear projection over the repre-
sentation associated with the start token (i.e., [CLS]) to obtain the
relevance score, as follows:

sq = ENCODER[c1g)(tid;mid; q;d) - W (3)

where tid and mid represent the downstream task and model iden-
tifiers, respectively. The sign ; denotes concatenation with a sep-
aration token. W € RP*1 is a linear projection layer, where D
represents the embedding dimensionality of the encoder. In this
paper, we utilize the BERT-base [7] as the text encoder. Once all
the 100 documents are re-ranked, the top k documents are selected
as the model’s output, denoted as Lg. Here, the search engine logs
the query and the returned results for later use, e.g., using them for
optimization when the feedback from the RAG model is received.
For optimization, Ry solicits feedback one by one for each docu-
ment d € Lg. We then apply a threshold 7(4jq miq) to the feedback
U; received for each document; the feedback higher than or equal
to the threshold is considered as a positive feedback, negative oth-
erwise. Based on these feedbacks, we create a set of positive (Dgos)

and negative (Dgeg) documents for each query. We then apply a
binary cross-entropy loss function to train the cross-encoder model:

Lz_ﬁ Z( Z log o (sq) + Z logo(1-s4)) (4

9€Q deD{, deDl,

where Q is the set of all queries used for training. Note that we
randomly substitute the model ID and task ID with the “unk” token
for 10% of training samples. This aids the model in adapting to
new tasks and models during inference. The rationale behind this
approach is to train the model to correctly assign labels to samples
even when it lacks information about the specific task and model
being performed. For training Ry, we use Adam optimizer [21] with
a learning rate of 10~ for two epochs. Linear warmup is applied to
the first 5% of training steps. The effective batch size is set to 512,
which is achieved through gradient accumulation. Values of k = 32
and 7(yig mid) = 0.5 are consistently employed in all experiments.
The maximum input length for this model is set to 256 tokens.

“The retrieval corpus is available at https://dlfbaipublicfiles.com/ur/wikipedia_split/
psgs_w100.tsv.gz
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5 EMPIRICAL RESULTS AND FINDINGS

This section is dedicated to presenting supporting results that ad-
dress the research questions outlined in Section 1.

RQ1: How does unified reranking perform compared to train-
ing individual rerankers for each RAG model? The results
presented in Table 3 offer insights into answering this research
question. It is evident all reranking models applied to BM25 lead
to improved downstream performance for all 18 models we have
in our experiments. The only exception is the models trained and
evaluated on FEVER dataset for fact verification. As a point of
reference, we also compare the results with Contriever [14]-an
effective zero-shot dense retrieval models. Contriever consistently
underperforms BM25 for all downstream models M; to Ms.

Additionally, comparing the results obtained by Rerankerpified
and Reranker;, dividual in Table 3 shows that developing a unified
retrieval models for all retrieval-augmented models achieves a bet-
ter performance for 78% of models (i.e., 14 out of 18 models; all
except Mg on HotPotQA and Mje to M;s on T-REx). For the four
models that unified retrieval does not show improvement, we do
not observe statistically significant differences between model per-
formances. Thus, we can conclude unified retrieval performs on
par or significantly better than individual retrieval optimization
in almost all cases. Statistically significant improvement has been
observed in 11 out of 18 downstream models. Looking at the overall
performance, we show that unified retriever leads to statistically
significantly higher performance compared to individual retrievers.

In conclusion, the discussion above suggests that our approach,
which leverages the feedback from all RAG models across all tasks
to optimize the search engine, is significantly superior to the al-
ternative of training a single retrieval model for each RAG model,
which is the current standard in developing RAG systems.

RQ2: How does unified reranking perform compared to train-
ing rerankers using the feedback obtained from all RAG
systems that use the same dataset? Instead of retrieval opti-
mization for individual models, one may suggest to train a retrieval
model for the downstream models that are using the same task
and dataset, which we call Rerankerg,i,set- Comparing the results
obtained by this approach and Reranker,ifeq in Table 3 suggest
that training a unified reranker across the feedback of all users on
average statistically significantly outperforms the reranker trained
on the feedbacks of models performing on the same dataset. In more
details, unified optimization performs better for 72% of models (i.e.,
13 out of 18 models; all models except M1, Mi1, M2, Mi7, and
M;g, that are all performing on either FEVER or T-REx datasets).
Note that there is statistically significant differences in My; and M2
users. However, in other cases, there is not a statistically significant
difference between the results for Myy, Mi7, and M;g. Consider-
ing overall performance across models, we observe statistically
significant improvements when using unified training.

In summary, the observations above indicate that for all down-
stream RAG models, leveraging feedback from all RAG models
across tasks for optimizing the reranking model is either on par
or significantly superior to the alternative approach of training a
retrieval model for each dataset. Therefore, retrieval models can
benefit from knowledge transfer across datasets and tasks for RAG.
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Table 3: Downstream performance obtained by 18 RAG models listed in Table 2 consuming different retrieval results. The
overal performance is the macro-average of the performance of 18 RAG models. Superscripts 1, 2, 3, 4, and 5 denote statisti-
cally significant improvements in the performance compared to BM25, Contriever, Reranker;, 4ividual, Reranker g,¢aset, and
Reranker,,ifeq W/0 personalization, respectively. We used McNemar statistical test for significant test (p < 0.05).

;Aofl;el Data & Metric BM25 Contriever | Rerankerjgividual Rerankergaiaset 55;:’;1;§Z;l2{iiz‘;tion Rerankerqified
M, NQ - EM 28.05 22.55 36.76 37.39 37.18 37.8212
M, NQ - EM 33.09 23.68 40.07 40.50 42.29 42.121234
M; NQ - EM 29.64 23.69 40.50 41.14 40.47 423712345
"My TriviaQA-EM | 5135 4433 | 5928 6025 | 6030 6068123
Ms TriviaQA - EM 57.52 48.49 64.76 67.23 67.30 68.12123
Ms TriviaQA - EM 60.48 49.30 67.44 68.63 69.14 68.741%23
"M;  HotPotQA-EM | 2751 1880 | 29.92 3091 | 3132 313313
Mg HotPotQA - EM 31.21 20.78 35.03 34.62 34.10 34.85124
Mo HotPotQA - EM 29.48 20.43 32.54 32.71 32.96 33.461234
My FEVER - Accuracy | 86.83 84.21 86.24 86.83 87.02 86.46°
My FEVER - Accuracy | 87.54 84.37 84.38 87.54 86.78 85.99%3
M FEVER - Accuracy | 87.04 86.74 86.02 87.04 87.21 86.55%3
M3 zsRE - Accuracy 55.37 38.77 60.39 59.98 61.41 61.0912%
Myg zsRE - Accuracy 51.42 29.05 59.29 58.96 60.92 60.581234
Mis zsRE - Accuracy 55.42 37.35 60.47 60.66 62.08 62.131234
"Myg  T-REx-Accuracy | 7088 5694 | 7358 7286 | 7370 729212
My T-REx - Accuracy | 75.16 58.30 80.04 80.18 79.64 79.9412
Mg T-REx - Accuracy | 78.88 65.06 80.78 80.34 80.86 80.2412
Overall - 55.38 45.15 59.86 60.43 60.81 60.85123%

RQ3: How does “personalizing” search results for different
RAG systems impact the performance? To assess the impact
of personalization on the search engine for each RAG model, an
experiment was conducted where a reranker was trained similarly
to unified reranker but without incorporating task and model IDs as
the input of reranker. The results of this experiment are illustrated
in Table 3. The results suggest that personalization leads to an
improvement on average across all users, but it is not significant.

More specifically, the improvements resulting from personaliza-
tion are most pronounced in the question answering tasks. This is
attributed to the similarity among most questions in these datasets,
making it challenging for the non-personalized model to discern
the specific task associated with a given query. Hence, personaliza-
tion aids the reranker in identifying the task for which the input is
intended and subsequently reranking the documents accordingly.
Conversely, the improvements in the slot filling tasks (i.e., T-REx
and zsRE) are smaller and for fewer users. Additionally, personal-
ization adversely affects performance in the FEVER dataset. These
observations indicate that while, on average, our approach for per-
sonalization was effective, there is potential for a further study on
how to effectively personalize the search engine for RAG models,
which is an important topic for future exploration.

RQ4: How does unified reranking perform for new (un-
known) RAG systems that use an observed (known) dataset?
We design an experiment in which we incorporate three new RAG
models with different architecture and pre-training process:

(1) Retrieval-augmented PEGASUS (RA-PEGASUS) uses in-prompt
augmentation with the PEGASUS language model [58] which
has 570 million parameters. We use the same input format as

Table 4: A list of RAG models used in our experiments for
evaluating generalizability of URAG. ELI5 is also an open-
domain QA dataset, but the expected outputs are longer (e.g.,
sentences or a paragraph) compared to other datasets.

Task Data Utility Func. LM
Mjig | entity linking AY2 Accuracy RA-T5
My | long-form QA ELI5 ROUGE-L RA-T5
Mz | open-domain QA SQuAD  Exact Match ~ RA-T5
Mpy | entity linking AY2 Accuracy RA-BART
M3 | long-form QA ELI5 ROUGE-L RA-BART
My | open-domain QA SQuAD Exact Match ~ RA-BART
Mys | open-domain QA NQ Exact Match ~ RA-PEGASUS
Mz | open-domain QA TriviaQA Exact Match ~ RA-PEGASUS
Mp7 | long-form QA ELI5 ROUGE-L RA-PEGASUS
Mpg | open-domain QA SQuAD  Exact Match ~ RA-PEGASUS
Mpg | open-domain QA NQ Exact Match ~ RA-Mistral
Mz | open-domain QA TriviaQA Exact Match ~ RA-Mistral
Msz; | long-form QA ELI5 ROUGE-L RA-Mistral
Mszy | open-domain QA SQuAD Exact Match ~ RA-Mistral
Msz3 | open-domain QA NQ Exact Match ~ RA-Llama2
Mszy | open-domain QA TriviaQA Exact Match ~ RA-Llama2
M3s | long-form QA ELI5 ROUGE-L RA-Llama2
Mz | open-domain QA SQuAD Exact Match ~ RA-Llama2

used by RA-T5 and RA-BART (see Section 4.2). PEGASUS has
a 1024 maximum token limit as its input; thus we limit this
model to consume k = 4 retrieved documents. RA-PEGASUS
models are also fined-tuned on the training set of the corre-
sponding datasets. The fine-tuning details are the same as
other retrieval-augmented models presented in Section 4.2.
Retrieval-augmented Mistral (RA-Mistral) also uses in-prompt
augmentation for Mistral LLM with 7 billion parameters [18],

2

~
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Table 5: The performance on downstream task obtained for
new (unknown) models applied to the datasets known to Ry.
Superscript ! and ? denote statistically difference between our
model and BM25 and Reranker g,¢a5ct, respectively (p < 0.05).

mgel Data & Metric | BM25 Rerankerg,t.set | Reranker,ified

Mas NQ - EM 33.38 45.08 45.297

Mg NQ - EM 15.15 21.36 21.251

M3 NQ - EM 11.13 16.53 16.56!
"My TQA-EM | 5353 6174 | 62397

Msg TQA - EM 44.74 50.40 50.19!

My TQA - EM 25.86 29.63 29.221

with no fine-tuning. Instead, to increase the diversity of mod-
els in our experiments, we use few-shot in-context learning
for this approach, where five training examples are presented
to the model in its prompt. Mistral can accept up to 32k to-
kens as input (including the few-shot examples). We feed
k = 5 retrieved documents to this model.’

(3) Retrieval-augmented Llama2 (RA-Llama2) uses an in-prompt
augmentation approach similar to RA-Mistral, but using
Llama2 with 13 billion parameters[47]. It also uses few-shot
in-content learning, but with two examples instead (due to
the input length limitation). Llama2 can accept up to 4096
tokens as input. RA-Llama2 uses k = 3 retrieved documents.®

To address this research question, we evaluate these models on
two existing datasets from our pipeline: Natural Questions (NQ)
and TriviaQA (TQA). These models are denoted as Mas, Mg, Moo,
Mz, Ms3, and Msy, as is presented in Table 4. Since these models
are new to our rerankers, their model and task ID is set to unknown,
thus no personalization is conducted for these models.

By comparing our unified reranking model with BM25 without
reranking in Table 5, we observe significant improvements in all
cases in comparison with BM25. The improvements range from 11%
to about 50%. Larger improvements are observed for the models
evaluated on the Natural Questions dataset, which was also the case
for the models used in our training process (see Table 3). Moreover,
an alternative approach involves leveraging Rerankerq,aset, which
has been trained using the feedbacks from multiple large language
models. The results of this alternative approach are also presented
in Table 5. The results reveal that, for certain users, Reranker,ifieqd
yields superior results, while for others, Rerankerg,i,set performs
better. Additionally, there is no statistically significant difference
in performance between these models, suggesting comparable ef-
fectiveness in leveraging feedback from multiple large language
models when it comes to serving a new large language model.

RQ5: How does unified reranking perform for a known RAG
system on a new (unknown) dataset that is similar to the
ones used during training? To study this question, we conduct
an experiment in which RA-BART and RA-T5 are employed as

SRA-Mistral uses the following prompt: <s>[INST] you are a helpful assistant.
following the answer patterns in the provided examples, answer the
question concisely using the hints without any explanation. {shot;} ...
{shot,,} [/INST] question: {input}? hint: {context;} ... {contextz}
answer:

SRA-Llama2 uses the following prompt: you are a helpful assistant. following
the answer patterns in the provided examples, answer the question
concisely using the hints without any explanation. {shot;} ... {shot,,}
question: {input}? hint: {context;} ... {contextg} answer:

Alireza Salemi and Hamed Zamani

Table 6: The performance for new (unknown) models applied
to the new datasets. SQuAD is a question answering dataset
with short answers, thus similar to the datasets used during
training such as NQ and TriviaQA. ELI5 focuses on long-
form question answering, a task fundamentally different
from datasets used during Ry training. AY2 is a dataset for
entity linking, which is not used for training Ry. Superscript
* denotes significant improvement over BM25 (p < 0.05).

;Aogel Data & Metric | BM25 | Rerankerified
My SQuAD - EM 35.91 41.19*
N SQUAD - EM 32.92 36.70*

"Myg  AY2-Accuracy | 7552 | 733
Moo AY2 - Accuracy 81.98 82.08

"My  ELI5-ROUGE-L | 1540 | 1542
My ELI5 - ROUGE-L | 23.42 23.24

Table 7: The performance for new (unknown) models applied
to new datasets that are unknown to Ry. Superscript * denotes
statistically significant improvement over BM25 (p < 0.05).

I\R/[l:fi;el Data & Metric | BM25 | Rerankergified

Mg SQUAD - EM 36.37 42.04"

M3y SQuAD - EM 13.01 15.18*

Msg SQUAD - EM 10.31 12.06*
"My ELIS-ROUGE-L | 19.84 | 1979

M3y ELI5 - ROUGE-L | 22.03 21.98

Mss ELI5 - ROUGE-L | 19.16 18.77

known models to the search engine for a new dataset, SQuAD
[33], which performs a known task (i.e., short-form open-domain
question answering). These models are encoded as M1 and Ma4 (see
Table 4). We use the open-domain variant of SQuAD [33] where the
gold passage associated to each question is unknown. The results
of this experiment are presented in Table 6. The results suggest
that when the new task is similar to the known tasks for the search
engine, as in the case of SQuAD being similar to short-form question
answering datasets used during training (i.e., NQ, TQA), significant
improvements can still be achieved in comparison with the baseline
(i.e., BM25). Note that the selection of baselines in this experiment
is influenced by the consideration that other reranker baselines
listed in Table 3 are customized for specific model or dataset; they
are not applicable to new models and datasets.

RQ6: How does unified reranking perform for a known RAG
system on entirely new tasks? To study this question, we con-
duct an experiment in which RA-BART and RA-T5 are employed as
known models to the search engine for new tasks. ELI5 [10] serves
as a long-form question answering task and AY2 [13] as an entity
linking dataset, which are new tasks for the search engine. These
models are denoted as Myg, My, My, and Mys (see Table 4). The
results of this experiment, presented in Table 6, suggest that when
tasks are considerably different from the ones observed during
training, unified retrieval as implemented in this approach is not
likely to help. Indeed, unified retrieval model demonstrates supe-
rior performance for some users; however, there is no statistical
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Figure 3: The performance of unified retrieval model using different percentages of training data. The dashed line indicates
that the model is trained on the full dataset. The far right plot demonstrate the overall average performance across all datasets.

difference between the unified retrieval model and the baseline.
This creates an important opportunity for future work to focus on
generalizability and adaptability of URAG to unknown tasks.

RQ7: How does unified reranking perform for a new (un-
known) RAG system on a new (unknown) dataset that is
similar to the ones used during training? To answer this ques-
tion, in this experiment, we utilize RA-PEGASUS, RA-Mistral, and
RA-Llama2 on SQuAD. These are models that did not exist at the
time of training Ry and SQUAD is a new (unknown) dataset for
Ry but related to NQ and TriviaQA. These models are encoded as
Mpag, M3z, and M3 (see Table 4). The results of this experiment are
displayed in Table 7. The findings indicate that when the task is
similar to those encountered during model training (e.g., SQuAD in
this case similar to NQ and TriviaQA in the training tasks), signifi-
cant improvements over the baseline can be achieved even though
the RAG model is unknown to the search engine.

RQ8: How does unified reranking perform for a new RAG
system on an entirely new (unknown) task? In the most ex-
treme case, both the task and the model are unknown to the search
engine. Here, we utilize RA-PEGASUS, RA-Mistral, and RA-Llama2
on ELI5 dataset as a new task that is relatively different from the
tasks used during training. These models are encoded as M7, M31,
and Mss. The results in Table 7 indicate that when the task is sub-
stantially different from those available during training, as is in ELI5
(i.e., long-form question answering), there is a drop in performance,
though not statistically significant.

RQ9: How does URAG perform when different amount of
training data is provided? We vary the amount of training data
obtained from each downstream RAG model to 25%, 50%, 75%, and
100% of the data used in other experiments. The results in Figure 3
show that even using 25% of the training data, our approach is
sufficiently effective to outperform the baseline trained on the
full datasets (i.e., Rerankerqataset) in average. This trend continues
when our approach consumes more data where it outperforms the
baseline significantly when trained on the full datasets.
Furthermore, for most users, augmenting the training data im-
proves the performance. Particularly noteworthy is the fact that for
the FEVER and T-REx datasets, the optimal performance is achieved
when utilizing 75% of the training data. Importantly, for the major-
ity of users, excluding M, Ms, M1, M11, and Mjz, our approach

either outperforms or performs equivalently to the baseline, trained
on the full datasets, by observing 50% of the training data. This
underscores the effectiveness of unified reranking, especially when
confronted with limited training data, for most users.

6 CONCLUSION & FUTURE WORK

We studied the promises and challenges in developing a search
engine for multiple downstream RAG systems. We introduced the
URAG ecosystem that enabled us to conduct large-scale experimen-
tation to answer some fundamental research questions in this area.
We showed that optimizing a unified reranker leads to significant
improvements compared to the current standard recipe-i.e., learn-
ing a retrieval model per downstream RAG model. We highlighted
the improvements observed by the unified reranker is generalizable
to new (unknown) models that are based on known datasets or
unknown datasets that are closely related to the ones used in the
training procedure. We further explained the challenges in person-
alizing rerankers for downstream RAG models and generalizing to
unknown downstream tasks.

This paper opens up a wide range of future research directions.
Through the proposed URAG ecosystem, future work can focus
on (1) optimal aggregation of feedback from various downstream
RAG models, (2) calibrating their feedback, (3) considering multiple
utility functions per downstream model, (4) expanding the work
to retrieval model optimization instead of reranking, (5) studying
novel regularization techniques for improving URAG generalization,
(6) studying online optimization of methods for URAG as down-
stream RAG models interact with the retrieval model, (7) exploring
interleaving and counterfactual learning approaches in the context
of URAG, (8) going beyond text generation and extending to a more
general REML scenario, and many more.
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