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ABSTRACT

GENERATIVE INFORMATION RETRIEVAL FOR THE REAL WORLD

SEPTEMBER 2026

HANSI ZENG

B.S., NANKAI UNIVERSITY

M.A., UNIVERSITY OF WISCONSIN MADISON

M.S., UNIVERSITY OF UTAH

Ph.D., UNIVERSITY OF MASSACHUSETTS AMHERST

Directed by: Professor Hamed Zamani

Information retrieval (IR) offers external knowledge for search systems and applications

built with large language models (LLMs). This dissertation studies generative information

retrieval (GIR), where each document is assigned a unique document identifier (DocID)

and retrieval is performed by generating DocIDs from a query. GIR connects retrieval with

sequence generation. To be useful, it must scale to large corpora and decode identifiers

efficiently.

The first part studies GIR as a standalone retriever. Chapter 3 introduces RIPOR, which

constructs relevance-aware DocIDs through residual quantization and trains the generative

model with prefix-oriented ranking optimization. On MSMARCO, a benchmark with 8.8

million passages, RIPOR substantially improves over previous GIR models and narrows

the gap with strong dense retrievers. Chapter 4 introduces PAG, which combines set-based

lexical identifiers with sequential identifiers. PAG uses simultaneous decoding to estimate

document-level relevance before autoregressive decoding, improving MRR@10 by 15.6%

over RIPOR with a 10× smaller beam and 22× lower query latency on a single A100 GPU.

The second part studies retrieval in agentic search. In this setting, an LLM-based search

agent repeatedly issues search queries, reads retrieved evidence, and updates its reasoning

before answering. Good retrieval is therefore not just relevant in isolation; it must help the

agent solve the task. Chapter 5 presents CoSearch, a reinforcement learning framework that

vi



jointly trains a reasoning agent and a generative document ranker. CoSearch uses semantic

grouping and a composite reward to train the ranker from multi-turn rollouts. Experiments

on seven QA benchmarks show consistent improvements over strong baselines, achieving

+6.6% relative F1 over Search-R1 with a 7B agent and +10.0% with a 3B agent.
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CHAPTER 1

INTRODUCTION

Information Retrieval (IR) is the mechanism through which modern AI systems access

information beyond what is stored in their parameters or immediately available in their

input. It has long supported large-scale search, recommendation, and enterprise information

access. The rise of large language models (LLMs) has made this role even more central.

LLMs can generate fluent and useful text, but they cannot reliably memorize all current,

domain-specific, or long-tail knowledge. For many knowledge-intensive tasks, they must

retrieve external evidence before they can reason or answer accurately. In this sense, retrieval

is no longer only a user-facing search technology; it is also the knowledge interface that

grounds generative models in external information.

In most LLM systems, this connection between retrieval and generation is implemented

by placing a conventional retriever outside the generative model: documents are stored

in sparse or dense indexes, and the model receives retrieved text only after search has

been performed. Generative Information Retrieval (GIR) explores a different formulation.

It keeps the goal of retrieval the same, but changes how documents are represented and

selected. Each document is assigned a unique document identifier (DocID), and a generative

model is trained to produce the DocIDs of relevant documents conditioned on a query.

The appeal of GIR comes from bringing retrieval into the same generative modeling

framework that underlies modern foundation models. A generative retriever estimates

relevance by modeling the probability of a DocID conditioned on the query, rather than by

applying a fixed similarity function to independently encoded query and document vectors.

This gives the model a more expressive way to learn query-document relevance. More

importantly, retrieval and natural-language generation can share the same model backbone,

making it easier to unify retrieval with language tasks such as reasoning and answering.

1



Recent reasoning models provide a useful example: generating reasoning before the final

answer often improves answer quality; similarly, a generative retriever can reason about the

information need before generating the DocIDs to retrieve.

However, the conceptual appeal of GIR does not by itself make it practical. The first

question addressed in this dissertation is whether GIR can work as a standalone retriever

at realistic corpus scale. Existing GIR models often struggle on large-scale IR benchmarks

containing millions of documents, where strong dense and lexical retrievers remain difficult

tomatch. They also rely on autoregressive constrained decoding, making inference sensitive

to beam size and therefore expensive at query time. Chapters 3 and 4 address these two

practical bottlenecks: Chapter 3 focuses on DocID construction and training objectives,

while Chapter 4 focuses on efficient decoding.

A separate but related question ariseswhen retrieval is used inside LLM-based reasoning

systems. In particular, a search agent does not simply consume a one-shot ranked list for

a fixed query; it invokes retrieval repeatedly while reasoning, searching, and updating

its intermediate state. In this setting, the usefulness of retrieved documents is ultimately

measured by whether they help the agent answer the question. Chapter 5 studies this setting

by jointly optimizing a reasoning agent and a generative document ranker.

1.1 Optimization in Generative Information Retrieval

At the level of optimization, GIR turns retrieval quality into a question of what identifiers

themodel learns to generate and how it is trained to rank them. Each document is represented

as a unique DocID, and the model retrieves by generating the DocIDs that are likely to be

relevant to a query [Tay et al., 2022, Wang et al., 2022, Zhuang et al., 2022b]. During

inference, constrained beam search is typically used to decode the top-K valid identifiers,

which are then mapped back to documents.

Existing GIR methods mainly differ along two design dimensions. First, DocID designs

generally fall into two types: semantic-based DocIDs [Tay et al., 2022, Mehta et al., 2023,

2



Wang et al., 2022, Zhou et al., 2022, Zeng et al., 2024], which are derived from clustering or

quantization over document representations, and token-based DocIDs [Chen et al., 2022a,

Bevilacqua et al., 2022, Li et al., 2023b, Zhang et al., 2024], which are constructed directly

from lexical features of the document. Second, training objectives vary between standard

cross-entropy loss [Tay et al., 2022, Mehta et al., 2023, Wang et al., 2022] and ranking-

oriented objectives [Li et al., 2023a, Zeng et al., 2024], including pairwise or listwise losses

that aim to better align generation probabilities with retrieval relevance.

The central practical obstacle is scalability. Empirical studies show that GIR models

often underperform strong dense retrieval baselines and, in some cases, even traditional

lexical methods such as BM25 [Robertson and Zaragoza, 2009, Robertson et al., 1994]

when evaluated on datasets containing millions of documents, such as the MSMARCO 8.8

million passage ranking benchmark [Campos et al., 2016, Pradeep et al., 2023a]. These

observations indicate that naively reformulating retrieval as generation does not guarantee

competitive performance at scale.

Chapter 3 addresses this scalability challenge. Through analysis, we identify two main

sources of performance degradation: suboptimal DocID construction and misalignment

between ranking objectives and autoregressive decoding dynamics. First, existing DocID

construction methods are typically independent of retrieval relevance. Semantic-based

identifiers derived from general-purpose embeddings capture linguistic similarity rather

than query-dependent relevance, which constrains the representational capacity of GIR

models once DocIDs are fixed. Second, commonly used ranking losses optimize full-length

DocID scores but do not explicitly account for the prefix-level pruning behavior induced

by constrained beam search. Since decoding is autoregressive, relevant documents can be

irreversibly discarded if their prefixes are assigned low scores in early decoding steps. This

mismatch between training objectives and inference dynamics further limits scalability.

To address these challenges, we propose two complementary techniques. We introduce

relevance-based DocID construction, in which document representations are learned with

3



retrieval-aware objectives before being decomposed into structured identifiers. In addition,

we propose prefix-oriented ranking optimization, a training strategy that explicitly enforces

relevance discrimination at the prefix level to better align model learning with autoregressive

decoding.

Together, these methods significantly improve the effectiveness of generative retrieval

on large-scale benchmarks and establish a scalable foundation for GIR.

1.2 Decoding in Generative Information Retrieval

While relevance-aware DocID construction and prefix-oriented ranking optimization

substantially improve the effectiveness of GIR, they do not remove the decoding bottleneck.

The core challenge arises from the autoregressive nature of DocID generation [Tay et al.,

2022, Zeng et al., 2024].

During inference, constrained beam search [Tay et al., 2022, Zeng et al., 2024, Wang

et al., 2022] is used to decode the top-K DocIDs. At each decoding step, prefixes are

expanded according to next-token probabilities, and low-scoring prefixes are pruned. Unlike

natural language generation, where multiple alternative sequences may be semantically

acceptable, retrieval admits no such redundancy. Each relevant document corresponds to

exactly one identifier. If the prefix of that identifier is pruned during beam search, the

document cannot be recovered.

Retrieval effectiveness is highly sensitive to beam size [Zeng et al., 2024]. Increasing

the beam size reduces the risk of pruning relevant prefixes and improves ranking quality.

However, larger beam sizes require substantially more forward passes through the generative

model, leading to notable increases in query latency. Even with large beams, autoregressive

decoding may still fail to match brute-force scoring where all documents are evaluated. This

leads to an effectiveness–latency dilemma: small beams make inference fast but sacrifice

ranking quality, while large beams improve quality only by making retrieval much slower.

To address this limitation, Chapter 4 revisits the interaction between decoding and
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representation design. Instead of relying only on local next-token scores over sequential

DocIDs, we introduce PAG, a hybrid decoding framework that brings lexical-style document

scoring into GIR. The key idea is to estimate which documents are promising before the

model commits to a sequence of DocID tokens. Inspired by the bag-of-words assumption

in classical retrieval models, PAG augments each document’s sequential DocID with a set-

based lexical identifier whose token order does not matter. The set-based identifier supports

simultaneous decoding, producing an approximate document-level relevance score in one

model pass. This score is then used to guide autoregressive generation of the sequential

DocID, helping beam search retain prefixes that lead to promising documents instead of

relying only on local next-token probabilities.

Experimental results show that integrating lexical retrieval signals into GIR improves

effectiveness and reduces query latency. These findings suggest that lexical and generative

retrieval can be unified within a coherent framework in which lexical signals provide global

guidance and generative modeling provides compact and differentiable indexing.

1.3 Unifying Reasoning and Generative Information Retrieval

The previous sections focus on improving the effectiveness and efficiency of GIR as

a standalone retrieval paradigm. Chapter 3 studies optimization strategies that improve

the scalability of GIR on large-scale benchmarks, while Chapter 4 addresses the decoding

bottleneck by integrating lexical retrieval signals to improve inference efficiency. Together,

these advances establish GIR as a practical retrieval framework that can operate on realistic

corpora containing millions of documents.

While these results demonstrate that generative retrieval can serve as a competitive

search engine, modern LLM systems increasingly rely on retrieval in a different role. In

many knowledge-intensive tasks, LLM-based search agents interact with external search

systems during problem solving [Trivedi et al., 2023a, Jin et al., 2025, Li et al., 2025b].

Instead of issuing a single query and retrieving documents once, the agent generates queries
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iteratively, observes retrieved information, and updates its reasoning before producing a

final answer. This multi-step search-and-reasoning loop is often referred to as agentic

search. In such settings, the retrieval system functions as an interactive tool that supports

multi-step reasoning and information gathering.

Most existing approaches treat the retrieval component in such systems as a fixed module

and focus primarily on optimizing the LLM (the main agent) [Jin et al., 2025, Li et al.,

2025a, Sun et al., 2025a]. In these pipelines, the search engine is typically pre-trained on

retrieval datasets and remains unchanged during interaction with the agent. As a result, the

retrieval system is optimized for general document relevance rather than for the downstream

objective of the agent. This mismatch can lead to suboptimal behavior in agentic search

tasks: at a given reasoning step, the agent may issue a sub-query that targets the information

needed next, but an imperfect fixed retriever may fail to surface the evidence that would

support that step.

These observations motivate a different perspective in which the search engine is treated

as a trainable agent that can be optimized jointly with the main agent. Through repeated

interactions between the two agents, the system generates diverse multi-turn exploration

trajectories that provide rich training signals for both components.

Chapter 5 studies this setting by jointly optimizing a reasoning agent and a generative

retrieval component for agentic search tasks. The main agent performs multi-turn reasoning

and query generation in a ReAct-style loop [Yao et al., 2023b] before producing the final

answer. For each issued sub-query, the retrieval component returns documents that serve as

observations for the main agent to continue its reasoning process. The resulting interaction

trajectories provide training signals for both reasoning and retrieval. The main agent is

trained on the correctness of the final answer, while the retrieval component is optimized

using signals derived from both trajectory success and document ranking quality. Through

this joint optimization process, retrieval is no longer treated as a fixed tool, but as an adaptive

component of the reasoning system. On seven QA benchmarks spanning single-hop and
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multi-hop questions, the most direct comparison is with a Fixed Ranker baseline that uses

the same generative ranker but keeps it frozen during RL training. Joint optimization

improves average token-level F1 from 0.553 to 0.568 with a 7B agent and from 0.460 to

0.471 with a 3B agent, showing the benefit of adapting the retrieval component during agent

training.

The broader goal of this dissertation is to make GIR useful under the conditions in

which retrieval systems are actually used in the real world. This begins with standalone

retrieval. A generative retriever must search over large corpora and return results fast

enough for query-time use. Chapters 3 and 4 address these two practical constraints: first by

improving DocID construction and optimization so that GIR becomes effective on large-

scale IR benchmarks, and then by reducing its dependence on large beam sizes so that

decoding becomes substantially faster. Yet real information seeking is often not finished

once a ranked list is returned. For many complex questions, the user ultimately wants an

answer, a synthesis, or a report, while the intermediate search steps should be handled by

the system. Chapter 5 studies this broader setting by optimizing GIR as part of a search

agent, where retrieval supports the intermediate evidence gathering and reasoning needed

to answer the user’s question.

1.4 Contributions

The main contributions of this dissertation are as follows:

1. Relevance-aware DocID construction and prefix-oriented ranking optimization

for scalable generative retrieval (Chapter 3). We introduce RIPOR, a framework

that derives document identifiers from retrieval-oriented representations via residual

quantization and trains the generative model with a prefix-aware ranking loss that

explicitly accounts for beam search pruning dynamics. On MSMARCO Dev, using

the full MSMARCO corpus with 8.8M passages, RIPOR improves MRR@10 over
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the strongest prior GIR model from 0.255 to 0.333, a 30.6% relative gain. This brings

generative retrieval close to competitive dense retrievers such as TAS-B (0.344).

2. Hybrid simultaneous-autoregressive decoding for efficient generative retrieval

(Chapter 4). We propose PAG, a framework that augments each DocID with a set-

based identifier that can be decoded in a single step to approximate document-level

scores, then conditions autoregressive decoding on these scores. This reduces the

beam size required for competitive retrieval by 10×, yielding a 22× improvement in

query latency on a single A100 GPU while achieving a 15.6% relative improvement

in MRR@10 over the previous best generative retrieval model. PAG also matches

or outperforms strong dense retrievers while requiring 7.7× less memory for corpus

indexing.

3. Joint optimization of a reasoning agent and a generative ranker for agentic

search (Chapter 5). Wepropose CoSearch, a framework that jointly trains a reasoning

LLM and a generative document ranker using GRPO. To enable this, we introduce

a semantic grouping strategy that clusters sub-queries across rollouts to form valid

GRPO groups without additional sampling, and a composite reward that combines

ranking quality with trajectory-level answer correctness. On seven QA benchmarks,

CoSearch achieves +6.6% relative F1 over Search-R1 with a 7B agent and +10.0%

with a 3B agent, showing that co-optimizing retrieval and reasoning is a promising

direction for building more capable agentic search systems.
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CHAPTER 2

BACKGROUND AND RELATEDWORK

Information retrieval is commonly formulated as a ranking problem. Given a query and

a corpus, a retrieval system assigns relevance scores to candidate documents and returns an

ordered list. Classical lexical models such as TF-IDF and BM25 estimate relevance from

term matching and term statistics. Neural retrieval models instead learn representations

for queries and documents, allowing relevance to be computed in a learned vector space.

Many modern retrieval systems combine these ideas in a retrieve-then-rerank pipeline: a

fast first-stage retriever produces candidates, and a more expressive reranker refines their

order.

This chapter uses this standard retrieval pipeline as the starting point. It first reviews

neural embedding models and reranking methods, which provide the main reference point

for modern retrieval systems. It then turns to Generative Information Retrieval (GIR), where

the model retrieves documents by generating document identifiers rather than by comparing

query and document representations in an index. In this setting, DocID quality is a key

factor. A DocID is not only a name for a document; it is also the target sequence the model

must learn and the search path that decoding must follow. The final part reviews retrieval-

augmented generation and search agents, where retrieval models are used inside LLM-based

systems.

2.1 Neural Embedding Models

Neural embedding models form the foundation of modern information retrieval systems.

They are widely used in applications such as recommender systems and ad hoc retrieval, and

they also serve as a critical component in emerging search agents. The quality of retrieval

directly affects the performance of the entire system and its downstream components. If
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relevant information cannot be retrieved at the early stage, subsequent reasoning modules

cannot compensate for the missing knowledge.

Embedding-based retrieval models are typically deployed in the first stage of retrieval,

where the goal is to efficiently retrieve relevant candidates from collections containing

millions or even billions of documents. In this setting, both efficiency and effectiveness

must be considered. Although these two dimensions are often in tension, embedding-based

methods provide a practical balance between them.

From the perspective of efficiency, embedding-based models pre-compute document

representations and store them in an index. With the support of optimized infrastructure

such as FAISS [Johnson et al., 2019] and approximate nearest neighbor (ANN) search

algorithms [Xiong et al., 2021a], retrieval can be performed with high throughput during

inference. As a result, large-scale candidate retrieval typically does not become a system

bottleneck.

In terms of effectiveness, neural embedding models have benefited from large-scale

language-model pre-training and supervised retrieval data. Transformer-based encoders

acquire broad textual representations during pre-training [Devlin et al., 2019], and datasets

such as MS MARCO [Campos et al., 2016] and Natural Questions [Kwiatkowski et al.,

2019] provide direct supervision for query-document matching. This enables embedding

models to capture semantic relatedness beyond exact term overlap [Xiong et al., 2021b],

model diverse query intents [Zeng et al., 2023], and reasoning-oriented matching [SU et al.,

2025]. This progress builds on a long line of classical retrieval work that made lexical

evidence effective at scale. Term weighting and probabilistic retrieval models, including

TF-IDF and BM25 [Sparck Jones, 1988, Robertson et al., 1994], use exact query-term

evidence and collection statistics to estimate relevance. Stemming [Porter, 1997], query

expansion and relevance feedback [Lavrenko and Croft, 2001], and language-modeling

approaches with probabilistic smoothing [Ponte and Croft, 1998, Lafferty and Zhai, 2001,

Zhai and Lafferty, 2004] further reduce different forms of mismatch between queries and
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documents. Neural embedding models extend this tradition by learning query and document

representations from data, providing a complementary way to model semantic relatedness

while preserving the efficiency required for first-stage retrieval.

Embedding-based retrieval models can be broadly categorized into two types. The first

is dense embedding models, including single-vector and multi-vector approaches [Xiong

et al., 2021b, Karpukhin et al., 2020c, Khattab and Zaharia, 2020]. The second is sparse

embedding models, which represent texts using high-dimensional sparse vectors aligned

with the vocabulary space [Formal et al., 2021b, Zeng et al., 2025].

2.1.1 Dense Retrieval

Dense retrieval, also known as dual-encoder or bi-encoder retrieval, encodes queries and

documents independently into a shared low-dimensional embedding space using pre-trained

large language models, such as BERT or more advanced models including Qwen [Yang

et al., 2025] and LLaMA [Dubey et al., 2024].

Dense retrieval systems are fine-tuned using supervised retrieval data, which typically

consists of a query paired with positive documents and a set of negative documents. The

training objectives can include pairwise losses [Xiong et al., 2021b], listwise losses [Khattab

and Zaharia, 2020], or contrastive losses [Gao and Callan, 2022]. Contrastive loss can be

viewed as a special case of listwise loss. Due to its strong empirical performance and ease

of implementation, it has become the most widely adopted objective in practice.

When teacher models are available, dense retrievers can be further improved through

knowledge distillation. Teacher models may include cross-encoder rankers [Zeng et al.,

2022], larger dense retrieval models, or complementary retrieval systems such as sparse

retrievers [Zhang et al., 2022]. These teachers provide soft supervision signals to guide

the training of the student retriever. Prior work shows that knowledge distillation can

substantially improve small dense models, enabling them to approach the performance of

large models or cross-encoder rerankers on in-domain benchmarks [Hofstätter et al., 2021,
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Zeng et al., 2022]. However, it has also been observed that performance gains obtained

through distillation on in-domain data do not always transfer well to out-of-domain or zero-

shot retrieval settings [Zeng et al., 2025].

Formally, single-vector dense retrieval can be defined as

score(q, d) = sim(Eψ(q), Eϕ(d)), (1)

where Eψ and Eϕ are the query and document encoders, respectively, and sim is commonly

implemented as inner product.

In this formulation, queries and documents do not interact before encoding. Relevance

is computed only after both are projected into the embedding space. This architectural

property allows document embeddings to be pre-computed and stored in an index. During

inference, ANN search can be used to efficiently retrieve the top-ranked documents for each

query.

Despite their efficiency and strong empirical performance, single-vector dense retrieval

models exhibit representational limitations. Certain queries may not be well represented by

a single embedding vector. Multi-vector dense retrieval models such as ColBERT [Khattab

and Zaharia, 2020] are an alternative with more representation power. ColBERT represents

queries and documents using multiple token-level embeddings and computes relevance

through a late interaction mechanism based on a max-sum operator. This operator still

allows document-side embeddings to be pre-indexed, preserving efficient retrieval. Still,

multi-vector models require substantially more memory, incur higher computational cost,

and introduce additional implementation complexity than single-vector models.

2.1.2 Sparse Retrieval

Sparse retrieval models originate from classical lexical retrieval methods such as TF-

IDF [Sparck Jones, 1988] and BM25 [Robertson and Zaragoza, 2009, Robertson et al.,

1994]. The underlying principle of lexical retrieval is that relevance between a query and
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a document can be estimated by measuring the overlap between query terms and important

terms in the document.

Before the emergence of BERT-based models, BM25 was widely considered the state-

of-the-art retrieval method. However, lexical retrieval models suffer from the semantic

mismatch problem. For example, semantically related terms such as “vehicle” and “car”

are treated as independent tokens in vanilla BM25, leading to zero overlap and therefore

zero contribution to the relevance score. Although techniques such as pseudo relevance

feedback (PRF) [Lavrenko and Croft, 2001, Abdul-Jaleel et al., 2004, Lv and Zhai, 2009]

have been proposed to mitigate this issue, these approaches often rely on strong assumptions

or introduce additional complexity, and they do not fully resolve the fundamental limitations

of lexical matching.

Earlier work on SNRM [Zamani et al., 2018] showed that a neural network can learn

high-dimensional sparse representations for queries and documents, and that the sparsity

of these representations makes them compatible with inverted-index retrieval. SPLADE

extends this idea by deriving sparse representations from transformer token logits [Formal

et al., 2021b]. In SPLADE, documents and queries are encoded using a transformer model,

and the output token logits are transformed and aggregated into a single vocabulary-aligned

vector. A log-based transformation stabilizes the magnitude of the logits, and max pooling

produces a sparse representation whose dimensionality typically matches the vocabulary

size of the underlying language model. Each dimension therefore stores the weight of a

specific token.

To ensure efficiency, sparsity is enforced using regularization techniques such as ℓ1

regularization [Zamani et al., 2018] or FLOPs-based regularizers [Formal et al., 2021b].

As a result, the high-dimensional representation becomes highly sparse. During inference,

retrieval can be performed using an inverted index [Formal et al., 2021b], leveraging decades

of optimization in index-based search systems while maintaining high efficiency.

Because the sparse representations are learned from supervised training data and operate
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at the subtoken level, they alleviate the semantic mismatch issue more effectively than

traditional lexical retrieval. Compared to dense retrieval, neural sparse retrieval achieves

comparable or even superior performance in IR benchmarks. In particular, sparse models

often demonstrate stronger zero-shot generalization [Zeng et al., 2025] and provide better

interpretability due to their explicit token-level weighting mechanism.

2.1.3 Fundamental Components for Improving Embedding Models

Neural embedding models are commonly trained with supervised contrastive learning

[Gao and Callan, 2022, Ma et al., 2024]. The objective encourages query representations

to be close to relevant documents while separating them from non-relevant ones in the

embedding space. A key factor that determines the effectiveness of contrastive training is

the choice of negative examples.

Prior work shows that hard negatives [Xiong et al., 2021b, Zhan et al., 2021, Zeng

et al., 2022], especially those retrieved by the model itself, substantially improve retrieval

performance. Yet, relevance annotations in large-scale retrieval benchmarks are usually

incomplete. Many relevant documents remain unlabeled due to annotation cost and coverage

limitations. As a result, some sampled negatives may in fact be relevant, leading to the false

negative problem. This issue can introduce biased gradients and hinder model optimization.

To mitigate this effect, Qu et al. [2020] attempt to improve negative sampling by filtering

potentially mislabeled negatives using stronger ranking models or more reliable relevance

estimators, or by using larger in-batch negatives.

Knowledge distillation (KD) [Ren et al., 2021, Hofstätter et al., 2020, 2021, Zeng et al.,

2022, Hinton et al., 2015] has also become a standard technique for improving embedding

models. In this setting, a stronger teacher model, such as a cross-encoder reranker or a

larger retrieval model, provides supervision to a more efficient student retriever. Instead of

relying solely on human-annotated relevance labels, KD transfers soft relevance signals

produced by the teacher. This partially alleviates the incomplete labeling problem and
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enables the student model to benefit from the teacher relevance distribution. Common

objectives include minimizing KL divergence between their score distributions [Santhanam

et al., 2022, Zeng et al., 2025], as well as pairwise or listwise ranking losses that approximate

the teacher’s ranking behavior.

Beyond training objectives, strengthening the representational capacity of retrievers

through mid-training or pre-training has shown promising results. One line of work creates

large-scale pseudo query–document pairs to mid-train embedding models with retrieval-

oriented supervision [Gao and Callan, 2022, Shen et al., 2023]. Another direction introduces

reconstruction-based objectives, where a single embedding is trained to recover the original

text, encouraging it to encode richer semantic information. A third approach adapts decoder-

only language models into embedding-based retrieval models with lightweight architectural

changes, such as replacing causal attention with bidirectional attention. Recent work in this

direction [BehnamGhader et al., 2024, Zeng et al., 2025] shows that retrieval models can

benefit from the scale and representation strength of large pretrained language models.

Taken together, embedding-based methods define the practical reference point for this

dissertation. They are effective, efficient, and supported by mature indexing infrastructure.

GIR must therefore offer more than a different formulation; it must show that generation

can support retrieval at realistic scale and with competitive efficiency.

2.2 Generative Retrieval Models

Generative Information Retrieval (GIR) departs from the conventional “index-then-

retrieve” paradigm adopted by sparse and dense retrieval models. Instead of encoding

documents into embedding spaces and performing ANN search, GIR reformulates retrieval

as a sequence generation problem. Each document is assigned a unique document identifier

(DocID), and a sequence-to-sequence model is trained to directly generate relevant DocIDs

conditioned on a query.

This formulation eliminates the need for explicit similarity computation over an index
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during inference and enables retrieval to be modeled entirely within a generative framework.

It also makes DocID design one of the core problems in GIR. Good identifiers preserve

useful structure from the corpus, so that related documents can share generation cues.

Poorly organized identifiers instead force the model to learn retrieval through labels that

are difficult to predict and difficult to search.

2.2.1 Document Identifier Construction

Because DocIDs define the output space of the model, their construction directly affects

retrieval performance. In most existing approaches, DocIDs are fixed during fine-tuning,

thereby serving as a representational bottleneck that determines how easily the model can

associate a query with the right documents.

Existing DocID construction strategies can be broadly categorized into two groups:

Semantic-based DocIDs. They are constructed by organizing documents according to

their semantic representations. Typical approaches apply quantization [Zhou et al., 2022,

Rajput et al., 2023, Zeng et al., 2024, Chen et al., 2023a] or hierarchical clustering [Tay

et al., 2022, Mehta et al., 2023, Wang et al., 2022, Sun et al., 2023a, Jin et al., 2024] on

document embeddings. For example, hierarchical clustering methods build a tree structure

over document representations, and each document is assigned a root-to-leaf path encoded

as a sequence of discrete tokens. Such identifiers aim to preserve semantic locality, so that

documents with similar meanings share common prefix structures.

Token-based DocIDs. They are directly derived from document content, which may

incorporate document titles [Chen et al., 2022a,b, Lee et al., 2022, De Cao et al., 2021],

n-grams [Bevilacqua et al., 2022, Li et al., 2023b,a, Wang et al., 2023, Chen et al., 2023b],

URLs [Zhou et al., 2022, Ren et al., 2023], or salient terms [Zhang et al., 2024]. Compared

to semantic-based identifiers, token-based DocIDs often preserve lexical signals but may

lack global structural organization across the corpus.
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2.2.2 Training Objectives

Early generative retrieval models [Tay et al., 2022, Mehta et al., 2023, Bevilacqua et al.,

2022, Wang et al., 2022] optimize the sequence-to-sequence model using cross-entropy loss

to predict the target DocID tokens. Under this formulation, retrieval is treated purely as

conditional language modeling.

Subsequent research demonstrates that ranking-oriented objectives can further improve

effectiveness. For instance, learning-to-rank losses [Li et al., 2023a, Zeng et al., 2024] are

introduced to better align the generation process with retrieval evaluation metrics. Also,

data augmentation strategies, such as generating pseudo queries [Zhou et al., 2022, Zhuang

et al., 2022b, Wang et al., 2022], have been shown tomitigate distribution mismatch between

index construction and query-time generation.

2.2.3 Inference and Search Algorithms

At inference time, generative retrieval requires constrained decoding to generate valid

DocIDs. Methods such as constrained beam search or FM-index-based decoding [Tay et al.,

2022, Zeng et al., 2024, Bevilacqua et al., 2022, Li et al., 2023b] are employed to restrict

the output space to valid identifiers. The decoding strategy plays a critical role in balancing

efficiency and effectiveness, particularly when the identifier space is large.

2.2.4 Scalability and Limitations

While generative retrieval has promising performance on relatively small-scale datasets,

such as NQ-320K [Tay et al., 2022] and MSMARCO-100K [Pradeep et al., 2023a], its

scalability to large collections remains challenging. Recent studies report performance

degradation when scaling to full-sized benchmarks [Pradeep et al., 2023a], raising concerns

regarding identifier bottlenecks and decoding inefficiency.

RIPOR [Zeng et al., 2024] addresses some of these limitations by introducing relevance-

based DocID and prefix-oriented ranking optimization. RIPOR demonstrates competitive
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performance against strong dense retrieval baselines on the full MSMARCO benchmark

with 8.8 million passages.

Despite these advances, generative retrieval still faces open challenges in scalability,

decoding efficiency, and representation flexibility. These challenges motivate the methods

proposed in the subsequent chapters. Chapter 3 focuses on identifier construction and

training objectives, while Chapter 4 focuses on the decoding procedure that turns model

scores into ranked retrieval results.

2.3 Neural Reranking Models

The embedding retrieval models reviewed earlier form the first stage of most practical

search systems. Their effectiveness is tied to an efficient scoring interface: documents are

encoded in advance, queries are encoded at run time, and relevance is computed through

inexpensive operations such as inner products between query and document representations.

This design makes large-scale search feasible. Yet it constrains the expressiveness of first-

stage relevance scoring: themodel must estimate relevance from independently constructed,

indexable representations and a simple similarity operation. This constraint leads to a

practical limitation: first-stage retrieval is efficient enough to search the full corpus, but its

simplified scoring function can limit ranking accuracy and weaken zero-shot generalization

across heterogeneous domains [Thakur et al., 2021].

This tradeoff motivates the multi-stage retrieval pipeline. The first-stage retriever is

responsible for high-recall candidate generation over the full corpus, while a reranker applies

a more expressive model to a much smaller candidate set. Cross-encoder rerankers based

on BERT [Nogueira and Cho, 2019] jointly encode the query and document, allowing

attention to operate directly across their tokens. This richer interaction is expensive to

apply to every document, but it is effective once candidate generation has narrowed the

search space. Sequence-to-sequence rankers such as monoT5 [Nogueira et al., 2020] and

RankT5 [Zhuang et al., 2022a] further cast ranking as a text generation or sequence modeling
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problem.

More recently, LLMs have been used as listwise rankers that consider multiple candidate

documents together and produce an ordered list [Sun et al., 2023b, Pradeep et al., 2023b].

These models extend the same retrieve-then-rerank logic: the first-stage retriever supplies

the candidate set, and the reranker uses a stronger model to make more fine-grained ranking

decisions. This background also prepares Chapter 5, where a search agent begins from

candidates returned by a fixed retriever and trains a document ranker to select evidence that

improves downstream answering.

2.4 Retrieval-Augmented Generation and Search Agents

The previous sections mainly discuss retrieval models in the standard single-step setting:

given a query, the system returns documents that are relevant to that query. This abstraction

is central to information retrieval, and it is the setting studied by Chapters 3 and 4. However,

many information needs require more than one retrieval step. Complex questions often

require decomposition into sub-questions, evidence from multiple sources, and synthesis

of intermediate findings before producing an answer. This need is reflected in multi-hop

QA benchmarks such as HotpotQA and 2WikiMultiHopQA [Yang et al., 2018, Ho et al.,

2020].

In these settings, the user’s need is broader than finding a relevant document. The

desired output may be a direct answer or a concise summary; when the question requires

multiple steps, the system may also need relevant information for each intermediate sub-

question. Retrieval therefore begins to function as a tool for reasoning: a search agent can

invoke it step by step, use the returned evidence to update its state, and decide what to search

for next.
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2.4.1 Retrieval-Augmented Generation

Retrieval-augmented generation (RAG) captures the answer-oriented side of this shift.

A traditional search system returns a ranked list of documents for a user. In RAG, retrieved

documents serve as evidence for a language model, which generates a response conditioned

on that evidence [Lewis et al., 2020, Guu et al., 2020, Borgeaud et al., 2022, Karpukhin et al.,

2020b]. The user-facing output is therefore an answer or summary, even though the system

still relies on document retrieval internally.

RAG changes what retrieval is used for, but it does not necessarily change the search

process itself. Standard RAG pipelines usually retrieve a fixed set of documents for the

original question and then generate from that fixed context. As a result, standard RAG

has limited ability to handle multi-step questions: it can condition generation on retrieved

evidence, but it does not by itself decide how to decompose the question, when to search

again, or what information is needed at a later step [Jiang et al., 2023].

2.4.2 Search Agents and Reinforcement Learning

Search agents address this limitation by making retrieval an action inside a multi-step

reasoning process. Instead of retrieving once and then answering, a search agent alternates

between reasoning, issuing queries, reading observations, and deciding what to do next.

Methods such as IRCoT [Trivedi et al., 2023b] and ReAct [Yao et al., 2023a] show that

interleaving reasoning with search can help models solve questions that require multiple

evidence-gathering steps. Work on self-reflective retrieval and iterative query generation

further develops this view of retrieval as an interactive tool rather than a static preprocessing

step [Asai et al., 2024, Shi et al., 2024b].

This interaction loop is often referred to as agentic search. It becomes useful when

the original question is too complex to be answered by a single retrieval call. The agent

may need to decompose the question into smaller information needs, some of which can be

pursued independently and others that depend on evidence found in earlier steps. Compared
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with a one-shot retrieval pipeline, agentic search gives the system greater flexibility: it can

decide when to search, what to search for, and how to use each observation as the reasoning

process unfolds. Each step can refine the agent’s intermediate state and guide the next search

until the system has gathered enough evidence to answer the user’s information need.

Training search agents has become an important direction because the desired behavior

is complex, sequential, and difficult to supervise directly. A successful trajectory may

involve long reasoning chains and many tool interactions, making it expensive to collect

human labels for every intermediate search decision. Reinforcement learning [Kaelbling

et al., 1996, Sutton et al., 1999] provides a natural way to optimize such behavior from

outcome-level signals, such as final-answer correctness, without token-level annotations for

each intermediate decision [Jin et al., 2025, DeepSeek-AI et al., 2025]. Recent RL-based

systems use verifiable rewards to teach search agents when to search and what to search

for [Jin et al., 2025, Li et al., 2025a,b, Sun et al., 2025b, Zeng et al., 2026]. Related tool-use

frameworks similarly train LLMs to decide when and how to invoke external tools [Schick

et al., 2023, Li et al., 2025c, Feng et al., 2026, Wang et al., 2025].

Most of these systems, however, focus on training the reasoning agent while leaving the

retrieval system fixed. A separate line of work adapts retrievers or rankers for downstream

generation, including LM-supervised retriever training [Guu et al., 2020, Shi et al., 2024a,

Salemi and Zamani, 2024], LLM-based listwise ranking [Sun et al., 2023b, Pradeep et al.,

2023b], and retrieval training for agentic search [Liu et al., 2026]. These directions show

that retrieval can be shaped by downstream use, but many agentic systems still assume that

the search engine or first-stage retriever is a fixed environment.

These developments motivate the final technical step in this dissertation. If retrieval

is repeatedly invoked by a search agent, retrieval quality should be judged not only by

standalone relevance but also by whether the returned evidence helps the agent solve the

task. Chapter 5 studies this setting by jointly optimizing the reasoning agent and the retrieval

component it uses.
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CHAPTER 3

OPTIMIZATION IN GENERATIVE INFORMATION RETRIEVAL

Generative information retrieval (GIR) has recently emerged as a new paradigm that

differs from embedding-based neural retrieval models. Instead of relying on an external

index built from dense or sparse document representations, GIR assigns each document

a unique identifier (DocID) and trains a sequence-to-sequence model to generate relevant

DocIDs autoregressively for a given query.

Intuitively, a DocID is a compact, generatable representation of a document. It turns a

document into a short sequence of discrete tokens that a sequence-to-sequence model can

produce one token at a time. The design of this sequence matters: the tokens should retain

information useful for identifying the document, and the prefixes should organize related

documents so that left-to-right generation can narrow the search space step by step. For

semantic DocIDs, this organization can be understood as a coarse-to-fine structure over the

collection: each generated token moves the model to a smaller region of documents, and a

useful identifier space places related documents on nearby paths. Figure 1 illustrates this

intuition with three length-three DocIDs. The two footwear documents, Nike football shoes

and Adidas basketball shoes, share the prefix 4-2, while the unrelated rice cooker document

follows a separate path, 1-7-3.

This prefix structure helps decoding by turning document selection into a coarse-to-fine

search. Once the model commits to a prefix such as 4-2, both footwear documents remain

reachable, and the final token only needs to distinguish between them. At the same time,

unrelated regions of the collection can be pruned early. The figure shows only three length-

three paths for illustration; in practice, a DocID space may contain millions or billions of

valid paths, and each DocID may contain four, eight, or more tokens. The goal is still to

make related documents easier to reach through related generation paths.
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Token 1 Token 2 Token 3

DocID Space

4 2
3

8

Nike football shoes

Adidas basketball shoes

1 7 3 Rice cooker

Figure 1: A length-three semantic DocID example. Related documents can share a prefix
and diverge only at later tokens, while unrelated documents follow different generation
paths.

Existing DocID designs instantiate this idea in two broad ways. Semantic-based DocIDs

first place documents in a learned representation space and then convert that space into

identifiers through hierarchical clustering or quantization, so documents close in that space

tend to receive related token sequences [Tay et al., 2022, Mehta et al., 2023, Wang et al.,

2022, Zhou et al., 2022, Rajput et al., 2023]. Token-based DocIDs derive the sequence from

observable document content, such as titles, n-grams, URLs, or salient terms, preserving

lexical cues that can anchor generation and search [Bevilacqua et al., 2022, Li et al., 2023b,a,

Wang et al., 2023, Zhang et al., 2024].

Tay et al. [2022] introduced the Differentiable Search Index (DSI), the pioneering work

showing that a generative model can retrieve by generating document identifiers. This

result established the basic GIR formulation: assign documents discrete identifiers, train

a sequence-to-sequence model to generate relevant identifiers from queries, and map the

generated identifiers back to documents. Later work extends this framework with new

DocIDs, pseudo-query augmentation, and retrieval-oriented training [Wang et al., 2022,

Zhuang et al., 2022b, Mehta et al., 2023].

Despite its conceptual elegance, GIR still faces clear scalability limits on large retrieval

benchmarks. Prior studies show that GIR often trails strong dense retrievers and, in some

cases, even classic lexical models such as BM25 [Pradeep et al., 2023a]. On the full

MSMARCO passage corpus with 8.8 million passages, for example, NCI reaches only about
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half the MRR@10 of competitive dense retrieval systems [Pradeep et al., 2023a]. Scaling

model size and augmenting training data with synthesized pseudo-queries partially reduce

this gap. However, these strategies do not fundamentally address the underlying limitations

of the generative retrieval paradigm. On the MSMARCO Dev set, a 110M-parameter

BERT-based dense retriever achieves MRR@10 above 0.333, whereas a substantially larger

T5-3B generative retrieval model attains only 0.267 MRR@10 [Pradeep et al., 2023a]. This

persistent performance gap calls into question the practicality of GIR for large-scale, real-

world retrieval scenarios.

This chapter studies the first practical obstacle for GIR: whether a generative retriever

can remain effectivewhen the corpus grows to millions of documents. We introduce RIPOR,

a framework designed to improve the scalability of generative retrieval on large-scale IR

benchmarks. The main idea is to align both what the model generates and how it is trained

with the retrieval task. First, we propose a prefix-oriented ranking optimization that aligns

the training objective with the autoregressive decoding process used at inference time. Since

constrained beam search prunes candidates based on prefix scores, relevant documents

can only survive decoding if their intermediate prefixes consistently receive higher scores

than competing prefixes. Our optimization explicitly models this requirement, thereby

reducing early pruning errors. Second, we introduce a relevance-based DocID construction

strategy that derives document identifiers from retrieval-oriented representations learned

on the target task. These representations are decomposed using residual quantization (RQ),

producing structured DocIDs that better reflect hierarchical relevance patterns. Experiments

demonstrate that both the prefix-aware optimization and the relevance-driven identifier

construction are critical to achieving strong performance. Together, these components

enable RIPOR to substantially narrow the performance gap between generative and dense

retrieval models on large-scale benchmarks.
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3.1 Introduction to Generative IR

In generative document retrieval, each document is symbolized by a unique identifier,

known as document ID or DocID for short. Pre-trained encoder-decoder models, such as

T5 [Raffel et al., 2019], are employed to generate a list of document IDs in response to a

given query. Let M represent a generative retrieval model that represents a document d

using the document ID cd = [cd1, c
d
2, . . . , c

d
L] of length L. Various methods are applied to

the DocID construction [Tay et al., 2022, Bevilacqua et al., 2022, Zhou et al., 2022]. For

instance, DSI employs the hierarchical k-means over the document embeddings obtained

from the pre-trained BERT model [Devlin et al., 2019]. Once the tree is built, each root-to-

leaf path is used as a unique document ID [Tay et al., 2022].

As depicted in Figure 2, M is trained to generate document IDs autoregressively for any

given query q, meaning that it generates each DocID token cdi conditioned on previously

generated tokens, denoted by cd<i. Therefore, the model generates a conditional hidden

representation for the ith DocID token as follows:

hdi = Decoder(cd<i;Encoder(q)) ∈ RD.

where cd<i = [cd1, c
d
2, . . . , c

d
i−1] is fed to the decoder as its input and the encoded query vector

is used to compute cross-attentions to the decoder. In generative retrieval, each DocID

token is associated with a D-dimensional representation. Let Ei ∈ RV×D denotes a token

embedding table for each position i in the DocID sequence, where V is the vocabulary

size for DocID tokens, i.e., the number of distinct tokens for representing document IDs.

Therefore, the representation associated with each DocID token cdi is represented asEi[cdi ] ∈

RD. Note that the DocID token embedding matrices are distinct, thus Ei ̸= Ej : ∀i ̸= j.

Inspired by seq2seq models[Raffel et al., 2019, Chung et al., 2024, Ouyang et al., 2022],

existing generative retrieval models estimate relevance scores based on log-conditional
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Figure 2: An illustration of generative retrieval models.

probability as follows:

S(q, cd) = log p([cd1, c
d
2, . . . , c

d
L]|q)

=
L∑
i=1

log p(cdi |q, cd<i)

=
L∑
i=1

[
LogSoftmax(Ei · hdi )[cdi ]

]
where S(q, cd) denotes the scoring function for a query-document pair. In this chapter,

we instead adopt a conditional logit approach, due to its less expensive computation cost

and better alignment with our margin-based pairwise loss. We will further elaborate this

choice in Section 3.2.1. This approach is inspired by dense retrieval models that use dot

product similarity between query and document representations, and computes dot product

similarity between the token embedding vectors corresponding to the DocID and the hidden

vectors learned for each decoding position given the query and past decodings. In more

detail, this approach can be formulated as follows:

S(q, cd) = concat(E1[c
d
1], . . . ,EL[c

d
L]) · concat(hd1, . . . , hdL)

=
L∑
i=1

Ei[c
d
i ] · hdi .

Employing these scoring functions, generative retrieval models produce a ranked list of

documents using beam search with constrained decoding [De Cao et al., 2021], where the

top K valid DocIDs are generated according to the scoring function. Each of the DocIDs
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Figure 3: An overview of the RIPOR framework. The top two sub-figures illustrate the
novel components in RIPOR framework, detailed in Sections 3.2.1 and 3.2.2. The bottom
sub-figure presents the complete optimization pipeline.

is then mapped back to its original document. This results in a ranked list of K documents.

3.2 Methodology

The high-level overview of the RIPOR framework is illustrated in Figure 3. RIPOR

is built around two intuitions. First, DocIDs should be initialized from retrieval-oriented

representations, because the similarity that matters for retrieval is often query-dependent

rather than merely linguistic. Second, training should account for prefix survival, because

constrained beam search may falsely prune relevant DocIDs when their prefixes receive

low scores. Following these intuitions, the generative model M is first viewed as a dense

encoder and fine-tuned with a relevance-based objective. RIPOR then employs Residual

Quantization (RQ) [Chen et al., 2010] to derive a unique identifier for each document.

Subsequently, following Wang et al. [2022], Zhuang et al. [2022b], Pradeep et al. [2023a],

we leverage a seq2seq pre-training method using pseudo queries from the documents. Next,

we introduce rank-oriented fine-tuning to refine the parameters of model M . In the next

two sections, we describe the two major components in RIPOR: prefix-oriented ranking

optimization and relevance-based document ID construction. A detailed description of the

entire optimization pipeline is presented in Section 3.2.3.
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3.2.1 Prefix-Oriented Ranking Optimization

State-of-the-art generative retrieval models, such as LTRGR [Li et al., 2023a], adopt a

learning-to-rank loss for optimization. The objective is to ensure that S(q, cd+) > S(q, cd−)

for a training triplet of query q, relevant document d+ and irrelevant document d−. We posit

that this modeling is not optimal. A primary oversight is the intrinsic nature of beam search

that sequentially decodes document ID tokens from left to right.

Solely focusing on pairwise ranking for a full-length document ID does not guarantee

that relevant documents can survive the beam search eliminations in earlier decoding steps.

Therefore, we aim to develop a model that produces accurate scores at every decoding step.

Formally, we desire to satisfy the following criterion: Siprefix(q, cd+) ≥ Siprefix(q, cd−), ∀i ∈

[1, L], where Siprefix(q, d) denotes the relevance score produced by the generative retrieval

model for the first i tokens in the document ID: [cd1, cd2, . . . , cdi ].

MarginDecomposedPairwise Loss: Taking inspiration from MarginMSE [Hofstätter

et al., 2020], we use a pairwise loss for knowledge distillation as follows:

L(q, d+, d−) =
(
S(q, d+)− S(q, d−)− T(q,d+,d−)

)2
,

where T(q,d+,d−) denotes the golden margin, commonly predicted by a teacher model derived

from a cross-encoder [Nogueira and Cho, 2019]. Prior research [Hofstätter et al., 2020,

Zeng et al., 2022] reveals that this loss function often outperforms other pairwise losses

[Xiong et al., 2021a] by addressing data sparsity issues in large-scale retrieval benchmark

[Qu et al., 2020], utilizing pseudo-labels for unlabeled query-document pairs.

For generative retrieval, we extend the MarginMSE loss by modeling pairwise ranking

between prefixes of cd+ and cd− for each decoding step i:

Lirank(q, cd+ , cd−) =
(
Siprefix(q, cd+)− Siprefix(q, cd−)− αiT(q,d+,d−)

)2
. (2)
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Here, at each step i we re-weight the golden margin by multiplying with αi, which is a

weight we assign to each prefix position. The reason for this decision is that we emphasize

on the early decoding steps of the document IDs. With this motivation, αi should be a

monotonically increasing concave function w.r.t. i. Formally, αi values should satisfy the

following constraint: αi − αi−1 ≥ αi+1 − αi for every i. In our experiments, we use αi =
1
Z
(1−β

i
), whereZ = 1− β

L
is a normalization factor and β is a constant hyper-parameter. We

leave the exploration of other concave functions to future work. For efficiency reasons, we

only do prefix-oriented optimization for i = 4, 8, 16, 32 and thus set β = 2. This concave

formulation of αi emphasizes larger sub-margins in early steps, ensuring for any query q

that Siprefix(q, cd+) surpasses Siprefix(q, cd−). Moreover, as αL = 1, the predicted margin for

full-length DocID sequences aligns with the real margin, maintaining the fidelity of ranking

knowledge.

Progressive Training: To better learn representations aligned with the left-to-right

decoding characteristic of the beam search, we draw inspiration from curriculum learning

[Zeng et al., 2022, MacAvaney et al., 2020, Bengio et al., 2009, Matiisen et al., 2017]

and implement a progressive training strategy. The training process is initialized with the

shortest prefix. This allows the model to first focus on basic sequence representations and

build adequate capacity for the subsequent stages. As the training advances, the scope is

systematically extended to the longer prefixes, culminating in training on the full-length

sequence with length L.

During training on longer prefixes, we empirically found that the model tends to overlook

previously acquired knowledge related to shorter prefixes. To mitigate this catastrophic

forgetting issue, we employ multi-objective learning at each time step to ensure the retention

of knowledge from earlier stages. Given the training dataD = {(qj, d+j , d−j , T(qj ,d
+
j ,d

−
j ))}

|D|
j=1,
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we use the following multi-objective loss function:

∑
(q,d+j ,d

−
j )∈D

(
Lirank(q, d

+
j , d

−
j )︸ ︷︷ ︸

(1)

+
i−1∑
k=1

Lkrank(q, d
+
j , d

−
j )︸ ︷︷ ︸

(2)

)

In this loss function, term (1) is responsible for acquiring the pairwise rankings specific to

the current step i, while term (2) ensures the model retains the ranking knowledge from

previous prefixes. As mentioned earlier, for efficiency reasons, without loss of generality,

we only repeat this training process for i = 4, 8, 16, 32.

3.2.2 Relevance-Based DocID Construction

Generative retrieval models predominantly adopt a two-step optimization approach.

First, they initialize the document IDs by employing various methods such as hierarchical

k-means [Tay et al., 2022, Wang et al., 2022] or discriminative textual descriptions extracted

from documents [Bevilacqua et al., 2022, Li et al., 2023b,a]. In the subsequent step, they

optimize the model leveraging either cross-entropy loss [Tay et al., 2022, Bevilacqua et al.,

2022] or learning-to-rank loss [Li et al., 2023a], with fixed DocIDs obtained in the first

step. Given that the DocIDs remain immutable in this phase, they potentially become a

significant bottleneck, influencing the overall efficacy of generative retrieval models.

We argue that the design of DocIDs is crucial in two specific ways: First, it must

ensure the documents with inherent similarity possess correspondingly similar DocIDs.

Second, due to the characteristics of beam search for decoding in generative retrieval, these

DocIDs should encapsulate a hierarchical structure. Notably, the conception of similarity

in this context is nuanced; it is tied to specific queries and deviates from standard linguistic

similarities in natural language processing. Addressing these challenges, we introduce a

relevance-based method for initializing DocIDs. This approach is crafted to encapsulate

the query-document relevance nuances and the necessary hierarchical structure, ensuring

effective performance in generative retrieval tasks.
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Generative retrieval model as dense encoder: To capture the documents similarities

in terms of relevance, we design an optimization process inspired by dense retrieval models,

but by utilizing the encoder-decoder architecture in M . Specifically, we input document

content into the encoder and a special start token as input to the decoder. The document

representation is then derived from the first contextualized output embedding of the decoder:

d = Decoder(s0;Encoder(d)) ∈ RD.

Where s0 is the start token. Adopting a similar approach for queries, we determine their

representations. To optimize model M , we employ the MarginMSE loss [Hofstätter et al.,

2020] with multi-stage negative sampling introduced in Sec 3.2.3 in details.

Residual Quantization: Hierarchical k-means, used by several prior GIR models

for document ID construction [Tay et al., 2022, Wang et al., 2022, Pradeep et al., 2023a,

Zhuang et al., 2022b], does not explicitly minimize the distortion error between original

and approximated representations. As highlighted by Ge et al. [2014], there is a notable

inverse correlation between information retrieval metrics like MAP and the distortion error,

particularly for large-scale datasets. Motivated by this observation, we adopt quantization-

based techniques [Ge et al., 2014, Wang et al., 2014, Babenko and Lempitsky, 2014, Chen

et al., 2010] explicitly designed to minimize this distortion error. Among a myriad of

quantization algorithms, we select Residual Quantization (RQ) [Babenko and Lempitsky,

2014, Chen et al., 2010] due to its inherent advantages. Specifically, (1) its recursive

process captures the hierarchical document structure, aligning with the beam search strategy

inherent to generative retrieval, and (2) compared to methods like product quantization (PQ)

[Ge et al., 2014, Wang et al., 2014], it requires a shorter length of DocID to achieve a strong

performance, leading to memory and time savings during inference. Using M as our dense

encoder, we calculate the representation d for each document d. Subsequently, employing

RQ, we optimize the token embedding table {Ei}Li=1 to determine the optimal DocID cd =
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[cd1, . . . , c
d
L] for every document d. Upon optimization, each d can be approximated using a

sequence of token embeddings as:

d ≈
L∑
i=1

Ei[cdi ].

The trained model M alongside the embedding tables {Ei}Li=1 will serve as the initial

weights for subsequent optimization phases within generative retrieval.

3.2.3 Optimization Details

Our optimization process involves three distinct phases: (1) DocID initialization (2)

seq2seq Pre-training, and (3) rank-oriented Fine-tuning.

DocID Initialization: As described in Section 3.2.2, we first treat M as a dense

encoder. We optimize this encoder with multi-stage hard-negative training [Xiong et al.,

2021a]. In the initial stage, BM25 [Robertson and Zaragoza, 2009] retrieves the top K

documents for each query, where K = 100 in our experiments. We train the model on

these candidates using the MarginMSE loss [Hofstätter et al., 2020]. After this stage, we

obtain the dense representation d from M for each document and use nearest-neighbor

search to retrieve a new top-K set for each query. We then train the model again with

the same loss on the model-retrieved candidates. Finally, we apply residual quantization

(RQ) to obtain the DocID for each document. The trained model is denoted as M0, and the

embedding tables {Ei}Li=1 will be used as the initial weights for the next phase. Seq2seq

Pre-training To equip our model M with a comprehensive understanding of the corpus, we

incorporate a seq2seq pre-training phase. Instead of using the document d as input and

predicting its corresponding semantic tokens [cd1, . . . , cdL], we align with prior work [Wang

et al., 2022] and utilize pseudo queries associated with each document as input proxies for

DocID prediction. Specifically, by leveraging the doc2query model [Cheriton, 2019], we

generate Npseudo pseudo queries for every document. We then optimize the model using a
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cross-entropy loss, with the tokens from the relevant DocIDs serving as the ground-truth

labels. We denote the trained model in this phase as M1.

Rank-oriented Fine-tuning: We optimize the model with the pairwise loss described

above. Hard negatives are important for dense retrieval [Xiong et al., 2021a, Zhan et al.,

2021]. Reliable teacher supervision also improves ranking quality [Hofstätter et al., 2021,

2020, Zeng et al., 2022]. We therefore use multi-stage training. At each stage, the current

model mines harder negatives, which are then used to train the next stage.

Initial Fine-tuning: This stage is to warmup the generative retrieval model and provide

the high-quality negative samples to the later stages. We utilize the model M0 from Sec

3.2.3 as a dense encoder, we index each document via its embedded representation and

retrieve 100 documents for each query. We use the initialized DocIDs from Sec 3.2.3 to

map each retrieved documents to their corresponding DocIDs. The training data DR can

be constructed based on the negative samples and ground-truth query-DocID positive pairs.

Unlike our approach in subsequent stages, here we use the full-sequence LLrank defined in

Eq 2. Starting from M1 as an initial model, after training, the model is represented as M2.

Prefix-Oriented Ranking Optimization: Given a query q, we apply the constrained

beam search on the model M2 to retrieve 100 DocIDs, each of which is mapped back to

their corresponding documents. The documents serve as an augmented source of negative

samples, and we subsequently construct a training setDB in a manner similar to the previous

stage. The comprehensive training set for this stage consolidates data both from the nearest

neighborhood search and beam search, represented as D = DR ∪ DB. To optimize the

model, we utilize the progressive training described in Section 3.2.1. For each optimization

step i, we employ the multi-objective loss function described in Section 3.2.1. The trained

model in this section is denoted as M3.

Self-Negative Fine-tuning: To enhance the model’s effectiveness, we employ beam

search on M3 to establish a training dataset DBself . The model is then trained on the same

multi-objective loss function in the full-length setting (i = L), and denoted as M4.
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Table 1: Experimental results on MSMARCO and TREC Deep Learning Track Data.
Highest generative retrieval performances are boldfaced. Superscript ∗ denotes statistically
significant improvement compared to all generative retrieval baselines. Superscripts △

and ▽ denote significantly higher and lower performance compared to RIPOR. (t-test with
Bonferroni correction, p_value < 0.01). For dense retrieval models, the HNSW [Malkov
and Yashunin, 2016] index is used for ANN search.

Model MSMARCO Dev TREC DL 2019 TREC DL 2020
MRR@10 Recall@10 NDCG@10 Recall@10 NDCG@10 Recall@10

Generative Retrieval
DSI .045 .138 .163 .076 .150 .070
DSI-QG .105 .292 .320 .138 .328 .120
Ultron-PQ .117 .248 .331 .135 .342 .134
NCI-QG .153 .352 .403 .167 .394 .159
SEAL .127 - - - - -
MINDER .186 .383 .506 .201 .392 .144
LTRGR .255 .531 - - - -
RIPOR (ours) .333∗ .562∗ .628∗ .205∗ .631∗ .191∗

Sparse and Dense Retrieval Models (For Reference)
BM25 .185▽ .381▽ .512▽ .178▽ .477▽ .164▽

DPR .287▽ .539▽ .588▽ .195▽ .581▽ .182▽

ANCE .301▽ .545▽ .600▽ .262▽ .587▽ .174▽

MarginMSE .312▽ .552▽ .634△ .250△ .614▽ .193
tas-b .323▽ .557▽ .629 .200 .633 .227△

3.3 Experiments

3.3.1 Experiments Settings

Dataset We assess our retrieval models on the MSMARCO dataset [Campos et al.,

2016], comprising 8.8M passages and 532K training queries with incomplete annotations

(averaging about 1.1 relevant passages per query). We evaluate our models using three

datasets: (1) MSMARCO-Dev, with 7K queries and incomplete annotations, and (2, 3)

TREC DL 2019 & 2020: the passage retrieval datasets used in the first and the second

iterations of TREC Deep Learning Track [Craswell et al., 2019, 2021] with 43 and 54

queries, respectively. For evaluation, we report recall@10 for all datasets, as well as the

official metric for each dataset: MRR@10 for MSMARCO-Dev and NDCG@10 for TREC

DL 2019 and 2020.

Implementation DetailsWe employ the pre-trained T5-base model [Raffel et al., 2019]
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as the backbone for our generative retrieval model. For DocID initialization, we adopt the

residual quantization (RQ) implementation from Faiss [Johnson et al., 2019]. The length

of DocID L is 32 and the vocabulary size V is 256. Unlike prior work that adds an extra

code for repeated DocIDs [Rajput et al., 2023], we do not do so because we found the

possibility of repeated DocIDs to be extremely small. For seq2seq pre-training, the T5-

large doc2query model [Cheriton, 2019] generates 10 pseudo queries for each document.

We obtain the doc2query model by first train it on the MS MARCO training set using the

cross entropy loss described in the doc2query work [Cheriton, 2019]. The optimization

is done using Adam optimizer [Kingma and Ba, 2015], featuring linear scheduling and a

warmup ratio of 4.5% of total learning steps. For DocID initialization and rank-oriented

fine-tuning phases, we set the learning rate to 0.0001 with 120 epochs and batch size of 64.

For seq2seq pre-training, we set the learning rate to 0.001 with 250, 000 steps and batch

size of 256. We conducted all the experiments using 8 40GB A100 GPUs. The beam size

for inference is 1000.

Baselines We use the state-of-the-art generative retrieval models for comparison: DSI

[Tay et al., 2022], DSI-QG [Zhuang et al., 2022b], Ultron-PQ [Zhou et al., 2022], NCI-

QG [Wang et al., 2022], SEAL [Bevilacqua et al., 2022], [Li et al., 2023b] and LTRGR

[Li et al., 2023a]. We also select the competitive sparse and dense retrieval models for

reference: BM25 [Robertson and Zaragoza, 2009], DPR [Karpukhin et al., 2020c], ANCE

[Xiong et al., 2021a], MarginMSE [Hofstätter et al., 2020], tas-b [Hofstätter et al., 2021].

3.3.2 Experiment Results

Main Results The main experiments test whether the RIPOR can close the performance

gap between generative retrieval and strong retrieval baselines in large-scale IR corpora.

We report the performance of RIPOR and the baselines in Table 1. First, most generative

retrieval models, including DSI, DSI-QG, NCI-QG, SEAL, and MINDER, consistently

lag behind BM25 across all three evaluation sets. In contrast, the LTRGR model, which
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Table 2: Ablation study results on MSMARCO Dev. Superscript ▽ denotes significantly
lower performance compared to RIPOR (t-test with Bonferroni correction, p_value < 0.01).

MRR@10 Recall@10

-. RIPOR .333 .562

1. w/o prefix optimization .280▽ .475▽

2. w/o multi-objective learning .317▽ .532▽

3. w/o self-neg. fine-tuning .325▽ .543▽

4. w/o seq2seq pre-training .319▽ .539▽

5. replace with sentence t5 .192▽ .287▽

6. replace with PQ .112▽ .155▽

incorporates a learning-to-rank algorithm, manages to surpass BM25. These observations

underscore the importance of integrating learning-to-rank methodologies when designing

generative retrieval models. Second, RIPOR outperforms all generative retrieval baselines

consistently. When compared to the top-performing baseline LTRGR, RIPOR achieves a

30.6% improvement in MRR@10 on the MSMARCO Dev set and 94% enhancement in

NDCG@10 on the TREC-20 test set. Third, our RIPOR can obtain comparable results

to dense retrieval models. For instance, compared to ANCE, our model achieves 16%

improvement in terms of MRR@10 on MSMARCO Dev, 4.7% and 7.5% improvement

on TREC’DL 19 and 20 respectively in terms of NDCG@10. 1 Additionally, we provide

the experimental results on the small-scale dataset MSMARCO-1M, in line with previous

work [Pradeep et al., 2023a]. These results can be found in Table 13 in Appendix A.4.

Ablation Studies We conduct a thorough ablation study on the MSMARCO dataset to

investigate the impact of each component in RIPOR. We report results in Table 2.

Beginning with Row 1, we can see the significance of incorporating prefix-oriented

ranking optimization. Its absence results in 19% degradation in MRR@10. Without using

the approach, the model fails to ensure every prefix of relevant DocIDs receives higher

scores than those of irrelevant DocIDs in response to a query. This increases the risk of

discarding the relevant DocIDs in the early steps of beam search, which, in turn, negatively
1HNSW index might slightly impact the performance compared to DR models using a flat index [Malkov

and Yashunin, 2016, Xiong et al., 2021a].
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Table 3: The retrieval performance for various DocID combinations on MSMARCO Dev
set.

Extra
Param.(M)L × V MRR@10 Recall@10

32 × 256 .333 .562 6.29
16 × 512 .307 .520 6.29
8 × 1024 .306 .535 6.29
4 × 2048 .273 .493 6.29
16 × 1024 .324 .554 12.58
8 × 2048 .319 .550 12.58
4 × 4096 .291 .528 12.58

Figure 4: Clusters of the relevant documents to 20 queries sampled from TREC DL. The
color indicates the query ID.

37



Figure 5: The retrieval performance for different prefix lengths in MSMARO Dev.

impacts information retrieval performance.

In Row 2, we infer the significance of incorporating multi-objective learning within the

prefix optimization. This inclusion results in a further improvement of 5% in MRR@10.

The enhancement can be credited to the approach’s efficacy in mitigating the forgetting

issue encountered during the progressive training’s latter stages. Notably, this methodology

introduces only a minimal addition to the loss computation, ensuring that there is no increase

in computational overhead during training.

Row 3 reports the results for RIPOR when self-negative fine-tuning is not used in the

final training stage. Incorporating this strategy yields a 2.5% enhancement in MRR@10

and a 3.5% boost in Recall@10. By strategically leveraging these hard negative samples,

we bolster the model’s capability, ensuring relevant DocIDs are consistently ranked higher

than potential high-scoring hard negatives, which subsequently elevates the model’s overall

effectiveness.

From Row 4, we note that by integrating seq2seq pre-training, RIPOR achieves a 4%

increase in MRR@10. This method allows the model to encapsulate document information

across the entire corpus, mirroring the indexing phase in dense retrieval models, and driving

the observed performance improvement.

From Row 5, when we do not treat the generative retrieval model as a dense encoder

and instead use sentence-T5 [Ni et al., 2022] to derive the hidden representation for each

document, substantial performance degradation occurs, with a 73% drop in MRR@10.
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Finally, in Row 6, substituting RQ with PQ results in a substantial performance decline,

with MRR@10 dropping from .333 to .112. While PQ is viewed as an effective quantization

algorithm in the dense retrieval domain, our results imply that it is less suitable for generative

retrieval. This limitation may stem from PQ’s inability to encapsulate the hierarchical

structure among documents, an attribute that has been shown to be crucial in generative

retrieval, especially when employing beam search.

3.3.3 Analysis and Discussion

The impact of DocID combination The configuration of the document identifier

(DocID), specifically its length L and vocabulary size V , influences the effectiveness of

model M . We examine this relationship by evaluating various performance metrics on the

MSMARCO Dev set, as detailed in Table 3. Firstly, when holding the extra parameters

constant (quantified by L × V × D), we observe that the increase in DocID length L

corresponds to enhanced performance in both MRR@10 and Recall@10. Secondly, while

maintaining a fixed DocID length and increasing the vocabulary size , there is a noticeable

improvement in performance metrics. For instance, whenL = 16, increasing the vocabulary

size from 512 to 1024 leads to the 5.5% improvement in terms of MRR@10.

The quality of document approximated representation In Section 3.2.2, we observed

the importance of relevance-based document similarities on the model’s performance. To

show that our model can capture these signals, we randomly select 20 queries from TREC

DL 19 and TREC DL 20, along with their corresponding relevant documents. We utilize the

approximated vector representation d̂ =
∑L

i=1 Ei[cdi ] and apply T-SNE [van der Maaten and

Hinton, 2008] to project the approximated representations of each document into a 2D space

for visualization. We studied clustering quality for different prefix lengths, specificallyL =

1, 2, 4, 8, 16, and 32, as illustrated in Figure 4. First, when L ≥ 8, those documents relevant

to the same query are located in their corresponding cluster, which indicates that our RIPOR

effectively draws relevant documents near each other while distancing the irrelevant ones.
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Second, the clustering quality is progressively improved when L increases. This might be

because when L increases, the distance between approximated vector d̂ and original vector

d diminishes, enabling the approximation to capture finer-grain information.

The influence of prefix-length The prefix length plays a pivotal role in the RIPOR

framework due to its influence on the distortion error between the original and approximated

vectors. While Section 3.3.3 provides a qualitative perspective on its effects in terms of

document similarities in a low-dimensional space, this section delves into its quantitative

impact on retrieval performance, as depicted in Figure 5. Referring to the left figure, which

displays different DocID combinations from RIPOR, several trends emerge. First, as the

prefix length L grows, there is consistent improvement in performance. Second, the rate

of this performance gain is more pronounced for shorter prefix lengths, since we observe

that the boost is more substantial when L ≤ 8 than when L > 8. Third, given an equal

prefix length, variants with a larger vocabulary size tend to perform better. From the right

figure which contrasts RIPOR with three other selected variants from the ablation study

in Section 3.3.2, we make the following observations. First, excluding the prefix-oriented

optimization invariably results in reduced performance. Second, the performance curve of

the “replace with sentence-T5” variant emphasizes the critical role of DocID initialization.

Compared to prefix-oriented optimization, DocID initialization might be more critical for

the model performance, since removing it leads to a larger performance drop. Third, product

quantization (PQ) seems less compatible with generative retrieval, given that its performance

barely increases whenL >= 8. The performance stagnation might be due to PQ’s weakness

in capturing the hierarchical nuances among documents, subsequently impacting the benefits

drawn from longer prefix lengths.

3.4 Summary

In this chapter, we introduced the RIPOR framework for improving the performance of

generative retrieval models on large-scale datasets. We employed a novel prefix-oriented
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ranking optimization method to harness the sequential nature of DocID generation, and

applied residual quantization for DocID construction on relevance-based representations.

On the MSMARCO passage dataset with 8.8 million passages, RIPOR surpasses the best

performing generative retrieval model by 30.6% in terms of MRR@10, and performs on par

with popular dense retrieval models. This work sets an important milestone in generative

retrieval research by demonstrating, for the first time, that generative retrieval models can

be trained to perform effectively at scale, paving the path towards their implementation in

real-world applications.

RIPOR improves what the model learns and how identifiers are constructed, but it

does not remove the local-search nature of constrained beam search. Even with improved

training objectives and relevance-aware DocID construction, beam search can still prune

relevant documents at early decoding steps, and increasing the beam size incurs substantial

latency costs. Chapter 4 therefore turns from training-time alignment to inference-time

decoding, introducing a hybrid simultaneous-autoregressive framework to guide generation

with document-level score estimates.
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CHAPTER 4

DECODING IN GENERATIVE INFORMATION RETRIEVAL

Chapter 3 demonstrated that generative information retrieval (GIR) can be substantially

improved through better training objectives and retrieval-oriented identifier construction.

In particular, RIPOR narrows the performance gap between generative and dense retrieval

models on large-scale benchmarks, showing that careful optimization and relevance-aware

DocID design can mitigate many of the shortcomings of early GIR systems. However,

we find that RIPOR’s effectiveness still depends heavily on the beam size used during

decoding. On MS MARCO Dev, RIPOR achieves only 0.170 MRR@10 with beam size

10, while increasing the beam size to 1000 raises MRR@10 to 0.333. This improvement

comes at a direct efficiency cost: a larger beam requires the autoregressive decoder to keep

and expand more partial DocID prefixes, which increases the number of model forward

computations and makes inference much slower. For retrieval systems, where latency is a

central practical constraint, simply increasing the beam size is therefore not a satisfactory

solution. This chapter introduces PAG, which first estimates document-level relevance

through simultaneous decoding and then uses those scores to guide prefix expansion during

autoregressive DocID generation. This guidance allows the model to use much smaller

beams while maintaining retrieval effectiveness.

The underlying vulnerability stems from the nature of beam search. As a local search

algorithm that expands and retains prefixes based solely on partial scores accumulated so

far, beam search can easily become trapped in locally optimal branches. Unlike open-

ended text generation, where diverse surface forms can convey similar meanings, generative

retrieval assigns a single document identifier to each document. Thus, once the correct

identifier path is pruned from the beam at any decoding step, no alternative trajectory exists

to recover the relevant document, regardless of how high its full-sequence score might
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have been. This irrecoverability creates a brittle sequential decoding problem where early

mistakes are fatal.

To address this limitation, we propose PAG, an optimization and decoding approach that

gives beam search a document-level view of where each prefix may lead before committing

to local next-token decisions. Each document is represented with two complementary

identifiers: a set-based identifier and a sequential identifier. The set-based identifier is

unordered, so PAG can use it to approximate document-level scores in one decoding step.

PAG then decodes the sequential identifier conditioned on the previous generations. The

hypothesis is simple: document-level scores from simultaneous set-based decoding can

help relevant prefixes survive early pruning. We therefore revisit both optimization and

decoding under this view.

Empirically, PAG establishes a new state-of-the-art for generative retrieval on standard

large-scale IR benchmarks. On the MSMARCO passage ranking dataset with 8.8 million

passages, PAG improves MRR@10 over RIPOR [Zeng et al., 2024] by 15.6%, while using a

10× smaller beam size and achieving a 22× improvement in query latency on a single A100

GPU. On the TREC Deep Learning Track 2019 and 2020, PAG improves NDCG@10 by

12.3% and 10.9%, respectively, over the previous best generative model. These gains come

from a three-stage optimization pipeline. The first stage trains set-based DocID generation,

the second trains sequential DocID generation, and the final stage jointly optimizes the

two identifiers in one model. Beyond its advantages over existing generative models,

PAG also demonstrates competitive or superior performance compared to effective dense

retrievers such as tas-b [Hofstätter et al., 2021], RocketQA [Qu et al., 2020], and TCT-

ColBERT [Lin et al., 2020], while requiring 7.7× less memory for corpus indexing. By

combining document-level lookahead with autoregressive generation, PAG demonstrates

that generative retrieval can be both effective and efficient at scale.
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4.1 Constrained Beam Search in GIR

Generative retrieval models often decode eachDocID autoregressively using constrained

beam search [Tay et al., 2022, Mehta et al., 2023, Zeng et al., 2024, Wang et al., 2022,

Zhuang et al., 2022b]. At each decoding step i, the beam search algorithm maintains the

top k prefixes with the highest probabilities (denoted by P topk
i , where |P topk

i | = k) and

expands each prefix by one token. Therefore, at each decoding step, many scored prefixes

are pruned due to their low probability. The constrained beam search algorithm additionally

uses a prefix tree [Tay et al., 2022] to keep track of valid next tokens for each prefix. The

prefix tree is built based on all DocIDs {cd : ∀d ∈ C}, where C is the corpus. Therefore,

constrained beam search ensures that every newly generated prefix belongs to at least one

valid DocID. This can be accomplished using the following masking function g, defined

for any sequence length 1 ≤ i ≤ L, based on the prefix tree:

g([c1, c2, · · · , ci]) =


0 if [c1, c2, · · · , ci] is a valid prefix.

−∞ if [c1, c2, · · · , ci] is not a valid prefix.

Therefore, at the ith decoding step, the constrained beam search algorithm assigns the

following score to expand each prefix cp<i = [c1, c2, · · · , ci−1] ∈ P topk
i−1 by one token:

s(cp≤i; q) = s(cp<i; q) + s(cpi ; q, c
p
<i) + g(cp≤i)

= s(cp<i; q) + Ei[cpi ] · h
p
i + g(cp≤i) (3)

Based on the scoring function, the top k expanded prefixes with highest probabilities

are maintained for the next step.

Pitfalls of (Constrained) Beam Search:

Beam search is a greedy local search algorithm that tends to get stuck into local optima

instead of the global optimum [Zhou and Hansen, 2005, Stahlberg and Byrne, 2019]. Even
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Figure 6: RIPOR effectiveness and latency across beam sizes on MS MARCO Dev. We
report retrieval effectiveness (MRR@10) and query latency of RIPOR [Zeng et al., 2024]
on MS MARCO Dev, a standard passage retrieval benchmark with 8.8M passages. The
experiment is conducted on a single A100 GPU with 80GB memory. Best viewed in color.

though beam search has been successfully used in natural language generation [Sutskever

et al., 2014, Graves, 2012], we hypothesize that it is not sufficient for developing effective

generative retrieval models. In language generation, there are multiple alternatives that can

be equally acceptable outputs, e.g., grammatically correct sentences with same semantics.

Hence, if a word token is dropped through beam search, it is likely that other equally good

word tokens be kept for the next decoding step. However, in generative retrieval, each

relevant document is represented with a unique DocID and if a prefix of this DocID is

pruned by the beam search decoding algorithm, there is no way to recover, and that relevant

document will not appear in the retrieval result list.

To empirically validate this hypothesis, we study RIPOR [Zeng et al., 2024], the strongest

generative retrieval model at the time. RIPOR uses constrained beam search for DocID

decoding. Figure 6 reports its effectiveness and latency under different beam sizes on

the MS MARCO Dev set [Campos et al., 2016]. Increasing the beam size substantially

improves RIPOR’s MRR@10, even though evaluation only considers the top 10 retrieved

documents. Yet beam size 1000 still does not match brute-force decoding, where every

document in the corpus is scored without prefix pruning. Large beams also increase query
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Figure 7: A visualization of the PAG framework. Left: Illustration of simultaneous
decoding guiding autoregressive generation with approximate document-level scores.
Right: illustration of the model M employing joint decoding of set-based and sequential
DocIDs.

latency, limiting the model’s practicality. These results suggest that many relevant prefixes

are pruned too early by constrained beam search, even when the beam is relatively large.

Motivated by these results, PAG uses the prefix tree to connect each partial DocID

with the documents it can still reach. It then guides autoregressive generation through

simultaneous decoding, as described in Section 4.2.1. We construct set-based and sequential

DocIDs for the two decoding procedures; the construction is introduced in Section 4.2.2.

We also use a three-stage training pipeline to adapt the model to joint decoding; details are

provided in Section 4.2.3. The high-level overview of the PAG framework is illustrated in

Figure 7.

4.2 Methodology

4.2.1 Planning-Ahead Constrained Beam Search

The prefix tree used in constrained beam search ensures that every expanded prefix

cp≤i at step i is a valid sequence, thus leading to a set of valid DocIDs once decoding

finishes. However, according to Equation (3), which is used in state-of-the-art generative

retrieval models, document ID prefixes are expanded solely based on the contribution of the

next-token score. The motivating experiments in Section 4.1 demonstrate that this is not

sufficient: the prefixes of many relevant documents are pruned in constrained beam search,
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even with large beam sizes. This section introduces a generative retrieval approach that

plans sequential decoding using efficient simultaneous decoding to approximate document-

level scores. These scores act as priors for sequential decoding, allowing the decoding phase

to keep tokens that are likely to lead to high relevance scores once decoding is complete.

Simultaneous Decoding: We introduce simultaneous decoding, which produces a

score for each document in one decoding step, using ssimul(q, d). The next subsection

incorporates this document-level score into sequential decoding of autoregressive models.

To this aim, for each document d ∈ C, we construct a new type of set-based DocIDs td,

consisting of a set of tokens {td1, td2, · · · , tdm}, where m is the set size for each document d.

Note that m is a constant for all documents and is a hyper-parameter. Unlike cd, td is a set

and there is no particular order for tokens in td, hence they can be decoded simultaneously.

To compute the simultaneous decoding scores for a given query q, we feed the query

text to the generative model M and obtain the contextualized representations:

Q = Decoder(Encoder(q), q) ∈ R|q|×D.

Here, |q| is the query length and D is the output embedding dimensionality for each token.

Let VT denote the vocabulary size for DocIDs in simultaneous decoding, and Esimul ∈

RVT×D denote the associated embedding matrix. Inspired by Formal et al. [2021b,a], we

apply log-saturation and max pooling operations to compute a weight per DocID token.

hq = MaxPool
(
log(1 + Relu(Esimul ·QT ))

)
∈ RVT (4)

Then the document-level simultaneous relevance score for every (q, d) pair is then

computed as:

ssimul(q, d) =
m∑
i=1

hq[tdi ] (5)
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ssimul(q, d) can also be written as ssimul(q, td).

Guiding Autoregressive Generation through Simultaneous Decoding: PAG uses

simultaneous document scoring as priors for computing prefix scores in autoregressive

generation. In other words, for decoding any prefix, we consider the maximum approximate

document score that can be associated with that prefix as prior. There exist other aggregation

functions, such as mean(·) or min(·), to consume here, however, we empirically found

max(·) superior. Let D be a set of top n documents with the highest scores, according to

Equation (5). We rewrite Equation (3) as:

s′(cp≤i; q) = max
d∈D

c
p
≤i

ssimul(q, d) + s(cp≤i; q) (6)

= max
d∈D

c
p
≤i

ssimul(q, d) + s(cp<i; q) + Ei[cpi ] · h
p
i + g(cp≤i)

where Dcp≤i
= {d ∈ D|cp≤i = cd≤i} is a subset of all documents from D with the prefix of

cp≤i. This modified scoring function conditions the next token decoding on an approximate

of (future) resultant document score through simultaneous scoring. This can minimize the

impact of aggressive document ID pruning in the original beam search algorithm. Based on

the modified prefix scoring function, we propose a novel decoding method for generative

retrieval and term it as planning-ahead constrained beam search. This decoding process is

illustrated in Algorithm 1.

Computational Cost of Decoding: To assess the computational costs of sequential and

simultaneous decoding, we use Floating Point Operations (FLOPs). Sequential decoding

mainly incurs costs from multiple forward calls of the generative model M . Assuming a

beam size of k, a sequential DocID length L, and Pm FLOPs per forward call of M , its total

FLOPs are approximately:

Pseq = L · k · Pm.
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In contrast, simultaneous decoding uses a single forward call of M , plus the computations

needed to score the corpus using Equation (5). If the corpus size is |C|, its total FLOPs are:

Psimul = Pm + |C| ·m.

The difference is therefore:

∆P = Pseq − Psimul = Pm · (L · k − 1)− |C| ·m.

Assume M is T5-base, a common backbone for generative retrieval [Zeng et al., 2024,

Mehta et al., 2023, Tay et al., 2022, Wang et al., 2022]. This model requires approximately

7.5 × 109 FLOPs per forward call. On MSMARCO, which contains 8.8 million passages,

simultaneous decoding is therefore faster than sequential decoding. The latency comparison

in Table 6 empirically supports this analysis. This chapter focuses on million-scale retrieval.

At billion scale, brute-force simultaneous decoding may become slower. Approximate

search techniques may be needed to maintain efficiency [Jégou et al., 2011, Johnson et al.,

2019]. We leave this direction for future work.

4.2.2 DocID Construction

We can envision multiple approaches for constructing the sequence- and the set-based

document identifiers. Without loss of generality, in the following, we describe the approach

used in this chapter.

Sequential DocID Construction: We follow the approach of relevance-based DocID

initialization introduced in RIPOR [Zeng et al., 2024] to construct the sequential DocIDs

(i.e., cds), in which we treat the generative model M as a dense encoder. We utilize the

encoder-decoder architecture of M by feeding a document text to the encoder and a start

token to the decoder. The document representation is then obtained by the contextualized
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Algorithm 1 Planning-Ahead Constrained Beam Search
Require: Generative retrieval modelM , query q, beam size k, retrieval corpus C, set-based

DocIDs {td}d∈C , sequential DocIDs {cd}d∈C , vocabulary size for each token embedding
V , sequential DocID length L.

1: Pre-compute document-level scores for every td: ssimul(q, td) using Eq. (5), and select
the top n documents to construct the set D.

2: Find every possible prefix c∗≤i and the resultant set Dc∗≤i
from D. Based on that,

construct a dictionary T , where the key is c∗≤i and the value is max
d∈Dc∗≤i

ssimul(q, td).

3: B1 ← {< 0, 0,BOS >}
4: for i = 1 to L do
5: B ← ∅
6: for (s, s′, cp<i) ∈ Bi do
7: for cpi ∈ V do
8: cp≤i ← [cp<i, c

p
i ], max

d∈D
c
p
≤i

ssimul(q, td)← T [cp≤i]

9: Apply Eq. (6) and B.add
(
< s(cp≤i; q), s′(c

p
≤i; q), c

p
≤i >

)
10: end for
11: end for
12: Bi+1 ← B.top(k) based on the s′(·). (the second element)
13: end for
14: return BL+1 (the third element is DocID, and the second element is corresponding

relevant score)
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output representations of the decoder:

d = Decoder(s0,Encoder(d)) ∈ RD (7)

where s0 is the start token. We use M as the dense encoder and obtain a representation

d for each document d. We then apply residual quantization (RQ) [Chen et al., 2010] to

learn token embedding tables {Ei}Li=1. The resulting DocID for each document is cd =

[cd1, . . . c
d
L]. This optimization process makes each representation d approximated by a

sequence of token embeddings:

d ≈
L∑
i=1

Ei[cdi ]

Set-Based DocID Construction: The sequential DocID cd captures the document’s

semantic information by applying the RQ on derived dense representation d. In the realm

of IR, it is well-acknowledged that combining the semantic and lexical information of

documents would enhance the retrieval system performance [Chen et al., 2022c, Lin et al.,

2020, Wang et al., 2021, Lin and Ma, 2021, Zhang et al., 2022]. With this motivation,

we set VT to the vocabulary size of our generative model M , and Esimul to the embedding

table in M . Hence, the tokens {td1, td2, . . . tdm} for each set-based DocID td will be directly

constructed based on the tokenized document content. There exist various methods to score

and extract the representative tokens from documents [Sparck Jones, 1972, Lin and Ma,

2021, Formal et al., 2021a,b]. For the scoring part, the traditional methods, such as TF-IDF

[Sparck Jones, 1972], weight each token using the corresponding term statistics, e.g., term

frequency and inverse document frequency. With the recent advancement of neural lexical

models [Formal et al., 2021a], the term importance scores can be directly learned from the

supervised training data.

Similar to Equation (4), we take the document content d as the input to the encoder

and decoder of the model M to obtain the contextual representation hd ∈ RVT . Then we
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follow the SPLADEv2 training objective [Formal et al., 2021a] by linearly combining the

MargiMSE loss (retrieval-oriented objective) with FLOPs regularizer [Formal et al., 2021b,

Paria et al., 2020] to sparsify document representations. We describe the training process

in Section 4.2.3 in detail. The non-zero weights in hd represent the importance score of

the corresponding tokens. Hence, we select the top m tokens to form the set-based DocID

td = {td1, . . . tdm} for each document d.

4.2.3 PAG Optimization

The whole optimization process consists of three stages, the first two of which can be

trained in parallel. The first two stages are applied to make generative retrieval model

capable of predicting set-based DocIDs and sequential DocIDs, respectively. In the final

stage, we jointly train the two types of DocIDs together in a unified model, which makes

it suitable for the planning-ahead constrained beam search decoding introduced in Section

4.2.1.

Generative Retrieval Model for Set-based DocIDs: This stage contains two training

phases: (1) the pre-training phase is used for obtaining the set-based DocIDs and model

warmup; (2) the fine-tuning phase is used to train the generative retrieval model for set-

based DocIDs prediction.

Pre-training: To obtain the set-based DocIDs td, we first treat the generative retrieval

model M as a sparse encoder. Given any triple (q, d+, d−), where d+ and d− represent a

relevant and a non-relevant document for q. We follow the MarginMSE method [Hofstätter

et al., 2020] to obtain the teacher margin T (q, d+, d−) = ST (q, d+) − ST (q, d−) for each

triplet. Usually, the teacher relevance scores ST (q, d) for each (q, d) pair is derived from

the cross-encoder based teacher model [Hofstätter et al., 2020, 2021]. We obtain the sparse

representations for q, d+, d− using Equation (4). Based on the sparse representations, we

apply the training objective of Formal et al. [2021a] with MarginMSE loss and FLOPs

regularizer [Paria et al., 2020]. After pre-training, we can apply the “sparse encoder” to

52



obtain the sparse representation hd for every document d. Each non-zero element in the

sparse vector represents the important score for the corresponding token. We select top m

tokens for each document d as the set-based DocID td. We denote the trained model asM sp.

Fine-tuning: We first useM sp as the negative sampler to retrieve the top 100 documents

for each query q and denote the set as Dspq . We construct the training triples: (q, td+ , td−),

d− ∈ Dspq for fine-tuning the generative retrieval model. The model is initialized with M sp.

We use Equation (5) to compute the relevance score for each (q, d) pair. The loss function

for each triplet is computed as:

Lset(q, t
d+ , td

−
) =

(
ssimul(q, td

+

)− ssimul(q, td
−
)− T (q, d+, d−)

)2
Where T (·) is the teacher margin the same as in the pre-training stage. Motivated by the

self-negative training strategy [Xiong et al., 2021a, Qu et al., 2020, Zhan et al., 2021], we

use the trained model as negative sampler to sample top 100 documents, and merge the

negative document set with Dspq for each query q, then we apply the same Lset training loss

to fine-tune the model again, and we denote the trained model as M set.

Generative Retrieval Model for Sequential DocIDs: Similarly, this training stage

contains two phases. The first phase is to construct the sequential DocIDs and the second

phase is to fine-tune the generative retrieval model.

Pre-training: The goal of this stage is to obtain the sequential DocIDs cd. We follow

RIPOR [Zeng et al., 2024], which treats the generative retrieval model as a dense encoder

and applies RQ to the resulting dense representations. We train the model with MarginMSE

loss and a two-step training strategy. In the first step, negative documents are sampled from

the top 100 BM25 results. In the second step, negatives are sampled from the top 100 results

of the model trained in the first step. As introduced in Section 4.2.2, we obtain the dense

representation for each document d using Equation (7), and then apply RQ to obtain the

sequential DocIDs. This stage produces the trained model Mds and the token embeddings
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{Ei}Li=1.

Similar to RIPOR, this stage also contains a seq2seq pre-training phase. Specifically, we

use the doc2query model [Cheriton, 2019] to generate 10 pseudo-queries for each document,

then we take each of the pseudo-queries as input to model and predict the corresponding

sequential DocID using a seq2seq loss. The model is initialized with Mds and we denoted

the trained model as M s2s.

Fine-tuning: Similar to the previous fine-tuning stage, we construct the training triplets

by using the Mds to sample top 100 negative documents and denote the negative set as

Ddsq for each query q. We apply the multi-objective training loss in RIPOR [Zeng et al.,

2024] for prefix-oriented fine-tuning. The full-length relevance score between (q, cd) can

be computed via Equation (3.1). Similarly, the relevance score by generative retrieval model

produced by the first i tokens of cd: [cd1, . . . cdi ] can be computed via Equation (3). Given any

triplet (q, cd+ , cd−), we can use the modified MarginMSE loss for each prefix with length i:

Liseq =
(
s(cd

+

≤i ; q)− s(cd
−

≤i ; q)− αiT (q, d
+, d−)

)2
where αi is the monotonically increasing weight w.r.t i ranging from [0, 1], and αL = 1.

Refer to Zeng et al. [2024] for the details. Therefore, the multi-objective loss is:

Lseq =
∑
i∈SL

Liseq

SL is a set containing the sampled prefix lengths and L. The optimized model is termed as

M seq which starts from M s2s. Once M seq is trained, we use it as the negative sampler for

sampling top 100 documents for each query q, denoted as Dsq.

Unified Optimization: In this stage, we train a single model to predict both set-based

and sequential DocIDs. This makes the model compatible with the proposed planning-

ahead constrained beam search. We initialize M by averaging the weights of M set and

M seq. The training triples contain both identifier types: {(q, td+ , td−), (q, cd+ , cd−)}. The

54



negative sample set for each query q isDspq ∪Dsqq . We compute ssimul(q, d) using Equation (5).

To support document-level simultaneous relevance scoring, we slightly modify how M

generates the hidden representation for the next token cdi . Different from Equation (3.1),

we additionally feed the query content to the decoder:

hdi = Decoder(Encoder(q), q, cd<i) ∈ RD

Based on this, s(cd; q) is computed the same as Equation (3.1). Therefore, we use the

following objective to train the unified generative retrieval model for each triplet:

Lset(q, t
d+ , td

−
) + Lseq(q, c

d+ , cd
−
)

4.3 Experiments

4.3.1 Experiment Settings

Datasets. We assess our model on the MSMARCO passage retrieval benchmark, which

contains 8.8M passages and 532K train queries. Each training query contains 1.1 relevant

passages on average. We evaluate our model in three evaluation datasets: (1) MSMARCO

Dev with 6980 queries with incomplete relevance annotations; (2, 3) TREC-DL 2019 &

2020: the passage retrieval datasets are used in the first and second iterations of TREC Deep

Learning Track [Craswell et al., 2019, 2021], which contains 43 and 54 queries respectively

with a relatively complete relevance annotations done by TREC via pooling. For evaluation,

we use the official metric per dataset: (1) MRR@10 for MSMARCO Dev; (2) NDCG@10

for TREC-DL 19 and 20. We additionally follow Zeng et al. [2024] and use Recall@10 for

all the three datasets.

ImplementationDetailsWe use T5-base [Raffel et al., 2019] as the backbone model for

our generative retrieval modelM . For sequential DocID initialization, we apply the residual
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Table 4: Experimental results on MSMARCO and TREC Deep Learning Track Data.
Highest generative retrieval performances are boldfaced. Superscript ∗ denotes statistically
significant improvement compared to all generative retrieval baselines. Superscripts △ and
▽ denote significantly higher and lower performance compared to PAG for sparse and dense
retrieval models. (t-test with Bonferroni correction, p_value < 0.01). We use brute-force
search for dense retrieval models.
Model KD Mem. MSMARCO Dev TREC DL 2019 TREC DL 2020

MRR@10 Recall@10 NDCG@10 Recall@10 NDCG@10 Recall@10

Generative Retrieval Methods
DSI 7 0.03 .045 .138 .163 .076 .150 .070
DSI-QG 7 0.03 .105 .292 .320 .138 .328 .120
Ultron-PQ 7 0.84 .117 .248 .331 .135 .342 .134
NCI-QG 7 0.03 .153 .352 .403 .167 .394 .159
SEAL 7 - .127 - - - - -
NOVO 7 0.80 .126 .242 .258 .112 .310 .140
MINDER 7 12.16 .186 .383 .506 .201 .392 .144
LTRGR 7 12.16 .255 .531 .598 .238 .553 .182
RIPOR ✓ 1.06 .333 .562 .628 .205 .631 .191
PAG ✓ 3.27 .385∗ .670∗ .705∗ .267∗ .700∗ .236∗

Some Sparse and Dense Retrieval Methods (For Reference)
BM25 7 4.00 .185▽ .381▽ .512▽ .178▽ .477▽ .164▽

docT5query 7 13.00 .272▽ .536▽ .642▽ .247▽ .619▽ .224▽

ANCE 7 25.30 .330▽ .566▽ .648▽ .239▽ .646▽ .185▽

ADORE 7 25.30 .347▽ .611▽ .683▽ .264▽ .666▽ .214▽

RocketQA ✓ 25.30 .370 - - - - -
TCT-ColBERT ✓ 25.30 .335▽ .596▽ .670▽ .240▽ .668▽ .218▽

MarginMSE ✓ 25.30 .325▽ .581▽ .699▽ .250▽ .645▽ .203▽

tas-b ✓ 25.30 .344▽ .622▽ .717△ .255▽ .685▽ .230▽

cl-drd ✓ 25.30 .382▽ .651▽ .725△ .266 .687▽ .216▽
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quantization (RQ) implementation from Faiss [Johnson et al., 2019]. The sequential DocID

lengthL is set to 8 and the vocabulary size V is set to 2048. As for hyper-parameters used in

set-based DocIDs, the size of selected tokens (m) is 64. In the pre-training and fine-tuning

stages for set-based DocIDs, we set the learning rate to 0.0005 and use 100 training epochs.

The weights for the FLOPs regularization [Paria et al., 2020, Formal et al., 2021a,b] for

query and document representations are 0.01 and 0.008, respectively. In the dense encoder

pre-training and prefix-oriented fine-tuning stages for sequential DocIDs, the learning rate

is also set to 0.0005 and the training epochs are 50 and 150, respectively. The SL = {4, 8},

and the corresponding weights αis are {0.5, 1.0}. In the seq2seq pre-training stage, the

learning rate is 0.001 and the number of training steps is 250, 000. For the final unified

training stage, the learning rate is 0.0005 and the number of training epochs is set to 120. We

use Adam optimizer [Kingma and Ba, 2015] with linear warmup scheduling, the warmup

ratio is set to 4.5% of the total training steps. The beam size is 100, and the top 1000

documents are selected to form D for inference. The model is trained on 8 A100 GPUs

each with 40GB memory. For fair comparison in terms of efficiency, we use an A100 GPU

with 80GB memory for all models at inference.

Baselines We compare our model with the following generative retrieval models: DSI

[Tay et al., 2022], DSI-QG [Zhuang et al., 2022b], NCI-QG [Wang et al., 2022], Ultron-PQ

[Zhou et al., 2022], SEAL [Bevilacqua et al., 2022], NOVO [Wang et al., 2023], MINDER

[Li et al., 2023b], LTRGR [Li et al., 2023a] and RIPOR [Zeng et al., 2024]. To the best of

our knowledge, RIPOR provides the strongest performance among all generative retrieval

baselines. We also select the following competitive sparse and dense retrieval methods as

points of reference: BM25 [Robertson and Zaragoza, 2009], docT5query [Cheriton, 2019],

ANCE [Xiong et al., 2021a], ADORE [Zhan et al., 2021], RocketQA [Qu et al., 2020],

TCT-ColBERT [Lin et al., 2020], MarginMSE [Hofstätter et al., 2020], tas-b [Hofstätter

et al., 2021], and cl-drd [Zeng et al., 2022].
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4.3.2 Main Results

Comparison with Baselines: Table 4 reports the main comparison. PAG is compared

with prior generative retrievers, as well as strong sparse and dense retrievers. Across all

three datasets, PAG outperforms the generative baselines. Compared with RIPOR, PAG

improves MRR@10 on the MSMARCO Dev set by 15.6%. Both methods use knowledge

distillation, so the gain mainly reflects the benefit of adding set-based DocIDs for lexical

relevance scoring during decoding. PAG also uses beam size 100, which is 10 times smaller

than the beam size of 1000 used in RIPOR. This substantially reduces query latency and

supports the effectiveness of planning-ahead constrained beam search. Compared with

dense retrieval methods, PAG also achieves competitive or stronger effectiveness while

using less index memory. For instance, PAG improves MRR@10 by 11.9% over tas-b,

and on TREC-DL 2020, it improves NDCG@10 by 2.2%. PAG also uses 7.7× less index

memory than dense retrieval models. Ablation Studies. We conduct a thorough ablation

study on MSMARCO dataset to investigate the impact of each component in PAG. The

results are shown in Table 5.

Beginning with Row 1, eliminating ssimul(·) in Equation (6) causes a 10.3% drop in

MRR@10 and a 17.7% drop in Recall@10 on the MSMARCO Dev set. This drop shows

the value of simultaneous relevance scoring. Since set-based DocIDs are constructed from

lexical signals, they complement the semantic information captured by sequential DocIDs.

Row 2 further shows the importance of combining the two signals. Using only ssimul(·) for

retrieval decreases MRR@10 and Recall@10 by 27% and 9.1%, respectively.

Based on Rows 3 and 4, we can infer that the more effective M seq can boost the unified

generative retrieval model. For instance, applying seq2seq pre-training can lead to a 1.0%

improvement in MRR@10, while using the multi-objective loss for fine-tuning can result

in a 1.3% increase. Seq2seq pre-training applies the DocID prediction task over the whole

corpus mitigating the distribution shift between training and evaluation sets. The multi-

objective loss is designed for sequential decoding algorithms, which can reduce the risk of
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Table 5: Ablation study results on MSMARCO Dev. Superscript ▽ denotes significantly
lower performance compared to PAG (t-test with Bonferroni correction, p_value < 0.01).
itp. stands for interpolation.

Mem.MRR@10 Recall@10

PAG .385 .670 3.27

1. w/o adding ssimul(·) .349▽ .614▽ 0.50
2. Only ssimul(·) for search .303▽ .569▽ 2.77
3. w/o seq2seq pre-training .381▽ .660▽ 3.27
4. w/o multi-obj. learning .380▽ .663▽ 3.27

5. Only M set .322▽ .606▽ 2.77
6. Only M seq .339▽ .566▽ 0.50
7. Linear itp. of M set and M seq .360▽ .593▽ 3.27

8. Only M sp .378▽ .667▽ 35.28
9. Only Mds .365▽ .641▽ 25.30

making the relevant prefixes discarded from the beam.

The results in Rows 5 and 6 imply that using M set or M seq alone results in performance

degradation. Interestingly, when we linearly interpolate the lexical and semantic scores

together for the final relevance score, we observe significant performance gain where the

results are shown in Row 7. The simple post-hoc combination leads to 11.8% and 6.2%

improvements over M set and M seq on the MSMARCO Dev set. However, it still performs

worse than the original model. These findings illustrate the effectiveness of joint modeling

of lexical and semantic retrieval models.

Finally, as demonstrated by Rows 8 and 9, PAG achieves superior results over M sp and

Mds, improving the MRR@10 by 1.9% and 5.5% respectively. Notably, this performance

enhancement is accompanied by a significant reduction in memory usage - PAG requires

×10.8 and ×7.7 less memory compared to M sp and Mds. These imply the set-based and

sequential DocIDs can compress retrieval information near-losslessly.

4.3.3 Analysis and Discussion

The impact of beam size and number of selected sub-words: The selection of beam

size and number of selected sub-words m affects the effectiveness and efficiency of the
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Table 6: Effectiveness and efficiency with different m and k on MSMARCO Dev. The
experiment is conducted on an 80GB A100 GPU. Simul. D. and Seq. D. stands for
simultaneous and sequential decoding respectively. QL represents query latency (ms /
query).

Mem. Simul. Seq.
m, k MRR@10 Recall@10

16, 10 .342 .577 1.30 20 44
32, 10 .367 .626 1.94 22 44
64, 10 .379 .641 3.27 25 44
128, 10 .386 .645 5.96 31 44

16, 100 .355 .620 1.30 20 250
32, 100 .372 .652 1.94 22 250
64, 100 .385 .670 3.27 25 250
128, 100 .390 .664 5.96 31 250

model. A large beam size can reduce the risk of pruning the relevant prefixes out of the

beam and a large m might improve the model expressiveness by extracting more lexical

information from the document. However, it comes with the trade-off of increasing the

query latency and index memory. To quantify this, we report the results of different settings

of m and beam size k in Table 6. First, when k is fixed, an increase of m can show a

trade-off in retrieval performance and resource utilization. For instance, at k = 100, the

MRR@10 with m = 16 is 0.355, while it increases to 0.390 when m = 128, yielding

9.9% enhancement. However, this improvement comes at the cost of ×3.58 and ×1.55

increase in the index memory and query latency, respectively. Second, at a fixed value

of m, employing a larger k can enhance retrieval effectiveness. For instance, at m = 64,

increasing k from 10 to 100 improves MRR@10 by 1.6% albeit at the cost of×5.68 increase

in query latency. It is noteworthy that performance degradation is less pronounced than that

observed in RIPOR, as illustrated in Figure 6. This relative robustness can be attributed to

the use of planning-ahead constrained beam search in PAG, which re-weights each prefix by

a pre-stored document-level relevant score. Finally, we can observe that using simultaneous

decoding is much more efficient than autoregressive generation for retrieval and, hence does

not introduce too much overhead over the original beam search algorithm.

Comparison between RIPOR and PAG: We train a new RIPOR model with the same
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Figure 8: Results on MS MARCO Dev with different beam sizes. The comparison uses
prefix-level and document-level labels.

DocID configuration used in PAG (L = 8, V = 2048). In addition to the original document-

level relevance labels, we construct prefix-level labels where a prefix is treated as relevant

if it belongs to a relevant document for the query. We compare RIPOR and PAG under

different prefix lengths and beam sizes on the MSMARCO Dev set. The results are shown

in Figure 8. PAG consistently outperforms RIPOR under both prefix-level and document-

level labeling, and it is less sensitive to beam size. When the beam size is greater than 10,

PAG obtains nearly identical MRR@10 across different prefix lengths. In contrast, RIPOR

continues to improve as beam size increases. These findings show the effectiveness of

incorporating document-level scores into constrained beam search.

Additionally, RIPOR and PAG show different trends under prefix-level relevance labels,

as illustrated in the left sub-figure. In PAG, MRR@10 monotonically decreases as the prefix

length grows. RIPOR shows the opposite trend, except when the beam size is 10. This

difference occurs because simultaneous decoding gives PAG high Recall@10 for relevant

prefixes early in decoding. As prefixes become longer, relevant and hard-negative prefixes

become more similar, making them harder to distinguish. This characteristic results in the

decline of MRR@10 values as prefix lengths increase. Conversely, RIPOR lacks a similar

early-stage Recall@10 performance. It relies on a larger beam size (>10) and longer, more

expressive prefixes to achieve higher MRR@10 values.

The impact of combining set-based and sequential DocIDs: PAG can also be viewed

as a retrieve-then-rerank model. It first retrieves promising documents using set-based
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DocIDs, and then refines their scores as the sequential DocID is generated. We qualitatively

analyze retrieval effectiveness by examining the quality of set-based DocIDs. We randomly

sample 20 queries from TREC 2019 and 2020, and select all relevant documents for these

queries. For each document d with set-based DocID td = {td1, . . . tdm}, we obtain the

T5 embedding learned by PAG for each token, denoted as {ed1, . . . edm}. We compute the

document embedding as ed = 1
m

∑m
i=1 edi . We then apply T-SNE [van der Maaten and

Hinton, 2008]. The top panel of Figure 9 visualizes the resulting embeddings. Nearly all

documents with the same label, meaning relevance to the same query, are clustered together.

This shows that set-based DocIDs capture useful relevance information from document

content.

To better understand the reranking effect of combining set-based and sequential DocIDs,

we compare PAG with a variant that only uses set-based DocIDs for retrieval. We report

per-query ∆MRR@10 on MSMARCO and ∆NDCG@10 on TREC-DL 2019 and 2020.

The results are shown in the lower panels of Figure 9. For space, we merge the TREC-DL

2019 and 2020 query sets in this experiment. The plots show that most queries either benefit

from joint scoring or are not harmed by it. We acknowledge that not all queries benefit from

the joint scoring. Specifically, approximately 1000 out of 6980 queries in MSMARCO Dev

and 20 out of 97 queries in TREC-DL 19&20 see a decline in performance. This could be

attributed to combined scoring potentially introducing biases that negatively affect queries

that are better suited to lexical matching, typically captured by set-based DocIDs.

4.4 Summary

This chapter proposed PAG for generative retrieval decoding. PAG estimates document-

level relevance through simultaneous decoding and uses this signal to guide autoregressive

generation. Each document is represented by two identifiers. Set-based DocIDs follow the

bag-of-words assumption and support simultaneous decoding. Sequential DocIDs come

from relevance-based document representations and support autoregressive decoding. We
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Figure 9: Per-query analysis of PAG on TREC-19/20 and MS MARCO Dev. Above
Figure: clusters of relevant documents to 20 queries sampled from TREC-19/20, and the
color indicates the query ID. Below Figures: ∆ MRR@10 on MSMARCO Dev and ∆
NDCG@10 on TREC-19/20 between simultaneous+autoregressive decoding (PAG) and
simultaneous decoding alone for each query.

also introduced a three-stage training pipeline that adapts the model to joint decoding.

Experiments show substantial improvements over prior generative retrieval baselines in

both effectiveness and efficiency. Compared to RIPOR, PAG achieves a 15.6% relative

improvement in MRR@10 on the MSMARCO Dev set while using a 10× smaller beam

size, resulting in a 22× improvement in query latency on a single A100 GPU. PAG also

demonstrates competitive or superior performance compared to effective dense retrievers

such as TAS-B, RocketQA, and TCT-ColBERT, while requiring 7.7× less memory for

corpus indexing.

Togetherwith the results from Chapter 3, this chapter establishes that generative retrieval

can be both effective and efficient at scale. The next chapter moves to a setting in which

retrieval is repeatedly used by an LLM reasoning agent, and asks how the retrieval model

should be trained inside that loop.
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CHAPTER 5

UNIFYING REASONING AND GENERATIVE INFORMATION RETRIEVAL

Chapters 3 and 4 focus on GIR for standalone ad hoc retrieval: given a query, the system

returns a ranked list from a large fixed corpus. This chapter studies agentic search. In this

setting, an LLM-based search agent answers complex questions by interleaving reasoning

with search: it issues queries, reads retrieved evidence, updates its intermediate reasoning,

and decides what to search for next.

Search agents have become increasingly important for knowledge-intensive applications.

Large language models (LLMs) have strong reasoning capabilities, but they need external

evidence when questions require current, long-tail, or multi-hop knowledge. Retrieval-

augmented generation (RAG) [Lewis et al., 2020] addresses this limitation by allowing

models to access external knowledge through retrieval. While early approaches relied on

single-turn retrieval followed by answer generation, recent work has shown that search

agents—which iteratively reason, generate queries, and incorporate retrieved information—

yield substantially stronger performance on knowledge-intensive tasks [Trivedi et al., 2023a,

Khattab et al., 2021, Shi et al., 2024b]. Training such agents through reinforcement learning

(RL), where the reward is based on final answer correctness, has proven effective at teaching

them when and what to search [Jin et al., 2025, Li et al., 2025b, Zeng et al., 2026].

Despite this progress, a common assumption across existing agentic search systems

is that the retrieval model or search engine remains unchanged. The agent learns to use

retrieval, but the retrieval component itself does not adapt. Through analysis of RL-trained

search agents, we observe that many errors arise at the retrieval stage: at a given reasoning

step, the agent may issue a sub-query that targets the information needed next, but the

retrieval system fails to return evidence that would support that step, forcing the agent

to retry with reformulated queries or draw incorrect conclusions from noisy information.
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To quantify this gap, we conduct an oracle retrieval experiment in which we promote all

documents matching the gold answer to the top positions at each retrieval step. This simple

intervention consistently improves average F1 by +14.7% for a 7B-parameter agent and by

+26.8% for a 3B agent across seven QA benchmarks. These findings motivate the central

question of this chapter: can we jointly optimize the retrieval system alongside the multi-

turn reasoning agent, so that they learn to complement each other?

To address this question, we propose CoSearch, a reinforcement learning framework

that jointly trains a main reasoning agent and a generative document ranker for agentic

search. The main agent operates in a standard ReAct loop [Yao et al., 2023b], generating

thoughts and search queries. The generative ranker receives the main agent’s sub-queries

along with candidate documents from a fixed first-stage dense retriever, and selects and

reranks a subset for the main agent to observe; together, the retriever and ranker form the

retrieval system. The main agent and the ranker are trained simultaneously using Group

Relative Policy Optimization (GRPO) [DeepSeek-AI et al., 2025], with rewards derived

from the correctness of the final answer.

Applying GRPO to the ranker introduces two key technical challenges. First, GRPO

computes advantages over groups of responses generated from the same input prompt.

While this is naturally satisfied for the main agent—where multiple trajectories are sampled

from the same user query—the ranker receives different sub-queries across trajectories,

preventing direct grouping. We address this through a semantic grouping strategy that first

partitions ranker calls by answer availability and then clusters sub-queries by token-level

F1 similarity, forming valid GRPO groups without additional rollouts. Second, the ranker’s

effect on the final answer is indirect: good retrieval may still yield an incorrect answer

if reasoning fails, and vice versa. We design a composite reward combining a relevance

reward based on a ranking quality metric (Hit@k) with a trajectory-level reward reflecting

the final answer correctness, providing both immediate feedback on retrieval precision and

long-term signal on downstream utility. Both reward components are computed using rule-
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Existing: Single-Agent RL

Main Agent
(trainable)

Retriever
(fixed)

Ranker
(fixed)

Retrieval System

qt DN

ot (top-K)

r = F1(a, a∗)

GRPO → Main only

vs.
CoSearch

Main Agent
(trainable, πθmain)

Retriever
(fixed)

Ranker
(trainable, πθrr)

Retrieval System

qt DN

ot (top-K)

rmain, rrank

GRPO → Main + Ranker

Figure 10: Both panels share the same architecture: Main Agent→ Retriever→ Ranker.
Top: existing approaches treat the entire retrieval system as fixed ( ) and train only the main
agent. Bottom: CoSearch decomposes the retrieval system into a fixed dense retriever and
a trainable generative ranker ( ), jointly optimizing both the main agent and the ranker via
GRPO.

based metrics, requiring no expensive LLM annotations.

We evaluate CoSearch on seven QA benchmarks spanning single-hop and multi-hop

settings. Using Qwen2.5-7B-Instruct as the backbone for the ranker, and evaluating both

7B and 3B main agents, our method achieves the best average F1 among the evaluated

systems: +6.6% relative over Search-R1 with a 7B agent and +10.0% with a 3B agent.

These results demonstrate that jointly training the retrieval system and reasoning agent

is feasible and effective, and suggest that co-optimization of retrieval and reasoning is a

promising direction for building more capable agentic search systems.

5.1 Methodology

We present CoSearch, a framework that jointly optimizes a multi-step reasoning (main)

agent and a generative document ranker through reinforcement learning (RL) (see Figure 10).

We first formalize the framework (§5.1.1), describe the main agent optimization (§5.1.2),

and then detail our two core technical contributions: a semantic grouping strategy for

applying GRPO to the ranker (§5.1.3) and a composite reward design (§5.1.4).
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5.1.1 Problem Formulation

We formalize agentic search as a system comprising a reasoning (main) agent and a

retrieval system. Given an initial user query q0, the main agent πθmain interacts with the

retrieval system through a sequence of reasoning and retrieval steps to produce a trajectory:

y =
(
q0, τ1, q1, o1, τ2, q2, o2, . . . , τm, qm, om, τm+1, a

)
, (8)

where τt is the reasoning thought at step t, qt is the sub-query generated by the main agent,

ot is the observation (retrieved documents) returned by the retrieval system, and a is the

final answer.

In existing agentic search frameworks [Jin et al., 2025, Gao et al., 2025, Li et al., 2025a,

Zheng et al., 2025], the observation ot is provided by a fixed retrieval. In our framework, we

decompose the retrieval system into two stages and make the second stage trainable: a first-

stage dense retriever produces a candidate setDN ofN documents, and a generative ranker

πθgr then selects and ranks a subset DK ⊂ DN of K documents to form the observation

ot (see Appendix B.2 for the full algorithm and concrete examples). The dense retriever

remains fixed; the ranker is the trainable component. The joint optimization objective is:

max
θmain, θgr

ET∼πθmain , πθgr

[
r(T )

]
, (9)

where r(T )measures the quality of the final answer. Unlike existing approaches that freeze

the retrieval system and only optimize θmain, our framework makes ot a function of the

trainable ranker, enabling the ranker to be optimized end-to-end by downstream answer

correctness.
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5.1.2 Main Agent Optimization

The main agent is optimized over reasoning trajectories using GRPO [DeepSeek-AI

et al., 2025]. For each query q0, we sample G trajectories {yi}Gi=1 from the current policy.

The GRPO objective is:

JGRPO(θmain) = Eq0, {yi}Gi=1

 1

G

G∑
i=1

|yi|∑
t=1

mi,t min
(
ρi,t Âi, clip(ρi,t, 1−ϵ, 1+ϵ) Âi

) , (10)

where ρi,t = πθ(yi,t | yi,<t) / πθold(yi,t | yi,<t) is the importance sampling ratio and Âi is the

group-normalized advantage. Following Jin et al. [2025], we apply a loss mask mi,t that

equals 1 for tokens generated by the main agent and 0 for retrieved document tokens.

Reward. The main agent reward evaluates both answer correctness and format compliance:

rmain(q0, yi) =


sans, if f = 1,

−α, if f = 0,

(11)

where sans is the token-level F1 score between the predicted and gold answers, f ∈ {0, 1}

indicates whether the trajectory follows the required ReAct format [Yao et al., 2023b, Jin

et al., 2025], and α = 0.2 is the format penalty.

5.1.3 Ranker Optimization

At each search step t of the i-th rollout, the ranker receives a tuple (q0, q
(i)
t , DN), where

q0 is the original user query, q(i)t is the sub-query issued by the main agent, andDN is the top-

N documents retrieved by the dense retriever. The ranker first reasons about the relevance

of each candidate, then selects and ranks a subset of K documents to form the observation

o
(i)
t . We provide the detailed prompt and input–output examples in Appendix B.1.2. The

ranker is trained with GRPO using the same clipped surrogate objective (Eq. 10).

However, directly applying GRPO to the ranker introduces a fundamental challenge.
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GRPO requires multiple responses sampled from the same input prompt to compute group-

normalized advantages. For the main agent, this grouping is natural: all G trajectories

originate from the same query q0. For the ranker, however, the input includes the sub-query

q
(i)
t , which varies across rollouts—different reasoning paths produce different sub-queries.

Consequently, we cannot naively treat all ranker calls under the same q0 as a single GRPO

group.

A naive alternative would be to sample dedicated ranker rollouts for GRPO: for each

of the G · m sub-queries produced by the main agent, generate H independent ranker

responses and continue each resulting trajectory to completion to obtain a reward. However,

each ranker response alters the observation ot and consequently all downstream reasoning,

producing new sub-queries that themselves require H rollouts—cascading across m steps

into G ·Hm total trajectories, an exponential blowup that is clearly intractable.

Semantic grouping and filtering. We address the challenge by a key observation: though

sub-queries are not identical across rollouts, many are semantically equivalent—different

reasoning paths tend to ask similar sub-questions, differing only in surface-level phrasing.

For a fixed q0, the G rollouts produce a pool of sub-queries Q(q0) = {q(i)t | i ∈ [1, G], t ∈

[1, Ti]}. Before clustering, we partition Q(q0) by the answer-availability indicator Ians

defined in Section 5.1.4, which records whether the candidate set contains a pseudo-relevant

document. This keeps ranker calls from different reward regimes in separate pools. Within

each pool, we construct semantic groups G(q0) = {g1, g2, . . . , gM} using the following

greedy procedure. We iterate through the sub-queries and assign each query q to an existing

group gm if its token-level F1 similarity with the group’s representative query qrep
m exceeds

a threshold δ:

q ∈ gm ⇐⇒ F1token(q, q
rep
m ) ≥ δ, (12)

where δ is a similarity threshold. Token-level F1 treats each query as a bag of tokens and

computes the harmonic mean of precision and recall. If no existing group matches, a new

group is created with q as its representative. Groups with fewer than kmin members are
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discarded to maintain stable advantage estimation.

Each remaining group gm contains ranker calls with semantically equivalent inputs

under the same q0, forming a valid GRPO group. Advantages are computed within each

group using standard group normalization. This strategy incurs zero additional sampling

cost: we reuse the trajectories already generated for the main agent, rather than performing

separate rollouts for the ranker. We provide a detailed algorithm and an illustration in

Appendix B.3.

5.1.4 Ranker Reward Design

The ranker aims to help the main agent solve a multi-step reasoning task by providing

useful documents at each search step. However, reward design is non-trivial. A trajectory-

level reward based on the correctness of the final answer cannot accurately assign credit to

individual search steps, because each step’s contribution is mixed with subsequent retrieval

decisions and with the main agent’s reasoning, making the signal noisy and unstable. A

relevance-based reward also has an important limitation in our setting. Since pseudo-

relevance labels are constructed by matching documents to the gold answer, they fail to

supervise intermediate steps whose retrieved documents are useful for decomposition or

reasoning but do not directly mention the final answer. To address these two issues, we

use a composite reward that combines trajectory-level supervision with relevance-based

supervision.

Relevance reward. The reward rrel measures ranking quality with pseudo-relevance labels:

a document is labeled pseudo-relevant if it contains the gold answer. We compute rrel as the

average of Hit@k over a set of cutoff values K:

rrel =
1

|K|
∑
k∈K

Hit@k,

whereHit@k indicateswhether any pseudo-relevant document appears in the top-k positions
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of the ranker’s output.

Main agent reward. The main agent reward rmain follows the same definition as Eq. 11,

i.e., it is given by the token-level F1 score between the predicted and gold answers. Notice

that Eq. 11 assigns a penalty−α when the main agent violates the required format (f = 0).

In this case, we do not propagate this penalty to the ranker. Instead, we filter out such

trajectories and exclude them from reward computation and subsequent optimization.

Composite reward. Let Ians ∈ {0, 1} indicate whether the candidate set DN contains a

pseudo-relevant document, and let γ be a threshold controlling the reward composition.

The final ranker reward for format-valid trajectories is:

rrank =



rrel, f = 1, Ians = 1, rrel ≤ γ,

rrel + rmain, f = 1, Ians = 1, rrel > γ,

rmain, f = 1, Ians = 0, rrel = 0.

(13)

Format-invalid trajectories are excluded from ranker optimization, as described above.

The design follows three cases. When Ians = 1, a pseudo-relevant document exists in

the candidate set. If rrel is low (rrel ≤ γ), it indicates that the ranker fails to rank relevant

documents effectively. In this case, we rely solely on rrel for supervision, since incorporating

rmain would introduce noise from the main agent’s reasoning process. When rrel > γ, the

ranking is sufficiently strong, and we additionally incorporate rmain to capture whether the

retrieved documents contribute to the final answer. When Ians = 0, no pseudo-relevant

document exists in the candidate set, and we rely on rmain as the only available signal.

In sum, the rrank prioritizes ranking precision when a relevant document is available but

poorly ranked, adds trajectory-level credit when the ranking is already strong, and falls back

to answer correctness alone when no relevant document exists in the candidate set.
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5.2 Experiments

5.2.1 Experimental Setup

Datasets.Weevaluate on seven QA benchmarks spanning single-hop andmulti-hop settings:

PopQA [Mallen et al., 2023], Natural Questions (NQ) [Kwiatkowski et al., 2019], TriviaQA

(TQA) [Joshi et al., 2017], HotpotQA [Yang et al., 2018], 2WikiMultiHopQA (2Wiki) [Ho

et al., 2020], Musique [Trivedi et al., 2022], and Bamboogle [Press et al., 2023]. We use

the test splits from Search-R1 [Jin et al., 2025] for consistent comparison. Performance is

measured by token-level F1 score.

Baselines. We compare against Direct Inference, CoT [Wei et al., 2022], RAG [Lewis

et al., 2020], Search-o1 [Li et al., 2025a], Search-R1 [Jin et al., 2025], ZeroSearch [Sun

et al., 2025a], and two internal variants: (1) Retrieval Only, which removes the ranker and

directly uses the top-K documents from the dense retriever; and (2) Fixed Ranker, which

uses a ranker fine-tuned on a relevance-based IR dataset but kept frozen during RL training.

Implementation details. For the main agent, we evaluate both Qwen2.5-7B-Instruct and

Qwen2.5-3B-Instruct [Yang et al., 2024] to assess performance across differentmodel scales.

The ranker in CoSearch is based on Qwen2.5-7B-Instruct. We use the 2018 Wikipedia

dump [Karpukhin et al., 2020a] as the knowledge source and E5 base model [Wang et al.,

2024] as the first-stage retriever. During rollout, each query generates G = 8 trajectories

with up to 6 search calls per trajectory. The first-stage retriever returns N = 50 candidate

passages, from which the ranker selects the top K = 5. Training uses a learning rate of

1×10−6, rollout batch size of 512, and effective batch size of 128 for training, and sampling

temperature of 1.0. For semantic grouping, we set the similarity threshold to δ = 0.8 and

minimum group size kmin = 3. The composite reward threshold is γ = 0.5 and the Hit@k

cutoff set is K = {1, 3, 5}. Further details on training data and Fixed Ranker training are

provided in Appendix B.4.
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General QA Multi-Hop QA

Method NQ TriviaQA PopQA HotpotQA 2Wiki Musique Bamboogle Avg.

Qwen2.5-7B-Instruct
Direct Inference 0.279 0.504 0.215 0.292 0.304 0.118 0.372 0.298
CoT 0.198 0.456 0.150 0.244 0.264 0.095 0.310 0.245
RAG 0.420 0.689 0.387 0.371 0.244 0.148 0.296 0.365
Search-o1 0.345 0.526 0.248 0.316 0.286 0.126 0.422 0.324
Search-R1 0.556 0.681 0.539 0.576 0.547 0.272 0.558 0.533
ZeroSearch 0.562 0.693 0.521 0.575 0.559 0.291 0.572 0.539

Retrieval Only 0.564 0.728 0.508 0.572 0.556 0.320 0.574 0.546
Fixed Ranker 0.578 0.735 0.514 0.578 0.560 0.315 0.588 0.553
CoSearch 0.582 0.747 0.527 0.595 0.587 0.334 0.601 0.568
Oracle 0.680 0.764 0.684 0.626 0.584 0.393 0.652 0.626

Qwen2.5-3B-Instruct
Direct Inference 0.198 0.343 0.168 0.202 0.249 0.055 0.068 0.180
CoT 0.191 0.363 0.159 0.197 0.229 0.070 0.100 0.187
RAG 0.317 0.478 0.291 0.371 0.193 0.110 0.058 0.223
Search-o1 0.329 0.501 0.351 0.225 0.128 0.096 0.216 0.236
Search-R1 0.458 0.637 0.460 0.450 0.397 0.179 0.414 0.428
ZeroSearch 0.451 0.642 0.471 0.455 0.387 0.191 0.431 0.433

Retrieval Only 0.465 0.651 0.478 0.454 0.406 0.189 0.436 0.440
Fixed Ranker 0.515 0.697 0.483 0.474 0.411 0.195 0.448 0.460
CoSearch 0.538 0.714 0.489 0.478 0.428 0.193 0.457 0.471
Oracle 0.548 0.749 0.612 0.589 0.510 0.308 0.589 0.558

Table 7: Main results (token-level F1) on seven QA benchmarks. Results are grouped by
main agent backbone. The CoSearch ranker uses Qwen2.5-7B-Instruct in both settings.
Best non-oracle results are in bold; second-best non-oracle results are underlined. Oracle
(gray) is a diagnostic retrieval intervention that promotes answer-containing documents to
rank 1.

5.2.2 Main Results

Table 7 presents the full results across all seven benchmarks. We observe that:

Joint training achieves the best average performance.CoSearch achieves an average F1

of 0.568 with the 7B agent, outperforming Search-R1 by a relative 6.6%, Retrieval Only by

4.0% and Fixed Ranker by 2.7%. The gains are broad, although some individual datasets

are better served by Search-R1 or Fixed Ranker, indicating that jointly training the ranker

provides a robust average benefit. Among non-RL baselines, RAG improves over direct

inference by 22.5% (0.365 vs. 0.298), and Search-R1 further surpasses RAG by 46.0%
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Configuration Single-Hop Multi-Hop Avg

CoSearch (full) 0.619 0.529 0.568

(a) Reward signal
w/o rmain 0.612 0.508 0.560
w/o rrel 0.591 0.513 0.552
Replace Hit@k with nDCG@k 0.605 0.519 0.556
Replace Composite with LLM-as-judge 0.608 0.520 0.558

(b) Semantic grouping
w/o semantic grouping 0.595 0.503 0.549

(c) Architecture
Shared backbone 0.613 0.518 0.559
Cross-Encoder Ranker 0.601 0.501 0.551
3B ranker diverged (training crash)

Table 8: Ablation study. The main agent uses Qwen2.5-7B-Instruct. Scores are token-level
F1 scores. Each row changes one component of the full model. Averages are computed
over single-hop and multi-hop groups separately.

(0.533 vs. 0.365), confirming the value of iterative reasoning, yet our method improves

further by optimizing retrieval itself.

Weaker agents benefit more from retrieval improvements.With a 3B main agent paired

with a 7B ranker, CoSearch achieves a relative 10.0% gain over Search-R1, 7.0% over

Retrieval Only, and 2.4% over FixedRanker. Compared to the diagnostic oracle intervention,

CoSearch closes approximately 27% of the retrieval gap for the 7B agent and 26% for the

3B agent, confirming that end-to-end RL optimization meaningfully narrows the remaining

retrieval gap.

5.2.3 Ablation Study

Table 8 reports ablation results. On reward design, removing the trajectory-level reward

rmain reduces average F1 by a relative 1.4%, while removing the ranking-quality reward rrel

causes a larger drop of 2.8%, confirming that both components provide complementary

supervision: rrel supplies a direct signal on retrieval precision, while rmain captures whether

retrieved documents actually contribute to final answer correctness. Replacing Hit@k with
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Figure 11: Training and evaluation dynamics across 100 steps. (a) Validation F1 (avg. over
7 datasets) every 20 steps. (b) Ranking quality (Hit@5) at each training step; y-axis broken
to show Oracle = 1.0 above. (c) Average search turns per trajectory.

nDCG@k reduces performance by a relative 2.1%, and substituting the composite reward

with an LLM-as-judge yields a 1.8% drop—both confirming that our composite design is

effective and computationally lightweight.

Removing the semantic grouping and filtering strategy—treating all ranker calls sharing

the same initial query q0 as one group regardless of sub-query similarity—results in the

largest single-component degradation of 3.3% relative (0.568→ 0.549). This confirms that

mixing semantically heterogeneous sub-queries into a single GRPO group produces noisy

advantage estimates that impede ranker learning, and that the filtering step described in

§5.1.3 is critical for stable training.

Among architectural choices, a shared backbone degrades F1 by 1.6% due to conflicting

ranking and reasoning gradients. A cross-encoder ranker drops 2.9%: its pointwise scoring

is ill-suited for direct RL optimization. Scaling the ranker to 3B causes training to diverge

entirely—the smaller model cannot reliably produce valid permutation outputs over 50

candidates (see Appendix B.1.2).

5.2.4 Analysis

Figure 11 compares all four systems across three dimensions over 100 training steps.

Panels (a) and (b) reveal a clear positive correlation between ranking quality (Hit@5) and

downstream F1, with our ranker starting below the Fixed Ranker but steadily surpassing
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Figure 12: Ranker training dynamics across 100 steps. Pre-filter: statistics over all
semantic groups; post-filter: statistics over groups that pass the minimum-size filter
described in §5.1.3. (a) Main agent reward. (b) Relevance reward (Hit@5). (c) Composite
reward. (d) Average semantic group size.

it during training. Panel (c) shows that CoSearch and Oracle require fewer search turns,

suggesting higher-quality documents reduce the need for additional retrieval rounds.

Figure 12 tracks the ranker’s training dynamics. In panels (a) and (c), pre-filter rewards

eventually converge toward post-filter, suggesting the distributional gap is progressively

mitigated. Panel (b) shows pre-filter relevance reward rising steadily (from∼0.35 to∼0.50),

indicating genuine improvement in ranking ability. Panel (d) shows group size increasing

monotonically, with post-filter roughly twice pre-filter, reflecting increasingly consistent

sub-queries as the policy converges.

K Retrieval Only Fixed Ranker CoSearch Oracle

1 0.498 (−8.8%) 0.513 (−7.2%) 0.538 (−5.3%) 0.612 (−2.2%)

3 0.531 (−2.7%) 0.539 (−2.5%) 0.561 (−1.2%) 0.631 (+0.8%)

5 0.546 0.553 0.568 0.626
10 0.555 (+1.6%) 0.559 (+1.1%) 0.571 (+0.5%) 0.639 (+2.1%)

Table 9: Effect of the number of ranked documents K on Avg F1. The ranker selects
the top K from N=50 first-stage candidates. K=5 (bold) is the default used in Table 7.
Percentages in parentheses indicate relative change from K=5 for each method.

Table 9 examines howK affects performance. WhenK is reduced from 5 to 1, CoSearch

degrades by only 5.3%, comparable to Oracle (−2.2%) and far less than Retrieval Only

(−8.8%) and Fixed Ranker (−7.2%). Notably, CoSearch atK=3 (0.561) already surpasses

Fixed Ranker at K=10 (0.559), and increasing K from 5 to 10 yields diminishing returns

across all methods (+0.5% to +1.6%).
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5.3 Summary

In this chapter, we identified retrieval quality as a key bottleneck in agentic search,

with an oracle experiment revealing up to +26.8% relative F1 improvement, and presented

CoSearch, which jointly trains a reasoning agent and a generative ranker via reinforcement

learning with a semantic grouping strategy and composite reward. Experiments on seven

QA benchmarks show +6.6% relative F1 over Search-R1 with a 7B agent and +10.0% with

a 3B agent, demonstrating that joint optimization of reasoning and retrieval is both feasible

and effective. These results show that retrieval for search agents should be optimized

not only for standalone relevance, but also for how retrieved evidence supports multi-step

reasoning.
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CHAPTER 6

CONCLUSION

6.1 Summary

The first contribution of the dissertation is to make Generative Information Retrieval

(GIR) more practical for large-scale corpora. GIR represents documents with identifiers

and retrieves documents by generating those identifiers. Early GIR systems showed the

promise of this formulation, but they struggled on large retrieval benchmarks and relied on

expensive autoregressive decoding. Chapters 3 and 4 address these two limitations.

Chapter 3 introducedRIPOR to improve the scalability ofGIR. RIPOR creates relevance-

aware DocIDs through residual quantization and trains the generative model with prefix-

oriented ranking optimization. On MSMARCO (8.8M passages), RIPOR substantially

improves over prior GIR methods and narrows the gap to strong dense retrievers.

Chapter 4 introduced PAG to improve decoding efficiency. PAG uses set-based lexical

identifiers to estimate document-level relevance before sequential decoding, providing a

planning-ahead signal for constrained beam search. This reduces the dependence on large

beam sizes and improves query latency while maintaining strong retrieval effectiveness.

The second contribution studies retrieval optimization for search agents. In this setting,

an LLM-based search agent answers complex questions by interleaving reasoning with

search: it issues queries, reads retrieved evidence, and decides what to search for next

over multiple turns. Chapter 5 presented CoSearch, a framework that jointly trains the

reasoning agent and a generative document ranker with reinforcement learning. Across

seven QA benchmarks, CoSearch improves over strong agentic-search baselines, showing

that retrieval can be optimized as part of the reasoning system rather than treated only as a

fixed external tool.

Thus, the dissertation first improves GIR as a standalone large-scale retrieval model,
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and then studies how retrieval can be jointly optimized with reasoning in agentic search.

6.2 Limitations and Future Directions

This dissertation also leaves several open problems. One important direction is to

rethink what DocIDs should represent. In Chapters 3 and 4, DocIDs are constructed mainly

for document retrieval: they should help the model generate relevant documents for a

query and avoid pruning errors during decoding. If GIR is eventually trained together with

language modeling in a shared backbone, DocIDs may need to play a richer role. They may

need to serve not only as addresses of documents, but also as discrete symbols that preserve

enough semantic meaning for reasoning. For example, a model that reasons before retrieval

may need to use DocID tokens or prefixes as references to entities, topics, attributes, or

evidence types. A challenge for studying this direction is to build suitable benchmarks and

datasets that can evaluate whether joint modeling of retrieval and language tasks actually

improves both retrieval quality and downstream reasoning.

This also raises a representation challenge. A DocID optimized only for retrieval may

not be the best DocID for reasoning, generation, or recommendation. Retrieval-oriented

DocIDs should separate relevant from irrelevant documents; reasoning-oriented identifiers

should preserve interpretable semantic structure; recommendation-oriented identifiers may

need to encode behavioral or collaborative signals. It is not yet clear whether these objectives

are compatible, conflicting, or should be assigned to different parts of the identifier. Future

work should study constructing DocIDs that balance retrieval effectiveness with semantic

structure, and how to train models so that the meaning of these identifiers can be used by

the generative backbone rather than only decoded as final outputs.

Another direction is to move beyond text-only document retrieval. Many real search and

recommendation systems involve products, media, or entities whose relevance depends on

multiple sources of information. In product search, for example, textual descriptions are

only one part of the item representation; images, brands, prices, availability, reviews, and
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other metadata may all affect what a user considers relevant. Future GIR systems should

study how to build identifiers that integrate such heterogeneous evidence. This may require

multi-part DocIDs, modality-specific codebooks, or training objectives that preserve both

semantic content and task-specific signals such as personalization, visual similarity, or

structured product constraints.

Decoding efficiency remains central as retrieval collections grow. PAG reduces the

dependence on large beam sizes, but GIR still searches over a large discrete identifier space

at query time. Future work may combine autoregressive generation with more efficient

search procedures, such as learned pruning, approximate prefix search, cached document-

level scores, speculative decoding, or hybrid retrieval structures. The goal is not only to

reduce average latency, but also to make GIR decoding predictable and reliable enough for

practical search systems.

A broader long-term question is whether GIR can develop its own pre-training and post-

training paradigm. Current GIR systems are usually trained for specific retrieval benchmarks

and often use relatively small backbones, such as T5-base. A more ambitious direction is to

train generative retrieval models across retrieval, recommendation, and language tasks, and

to study how performance changes as both model size and training data scale. Such work

would clarify whether GIR has scaling behavior comparable to modern language models,

and whether unified generative modeling can support end-to-end training across search,

recommendation, multimodal retrieval, and natural-language generation.

For agentic search, Chapter 5 optimizes the generative ranker used by the agent, but the

first-stage retriever remains fixed. This leaves candidate generation outside the learning

loop. A natural next step is to optimize the retriever itself from agent interactions, so

that it can adapt to the sub-queries produced during multi-turn search before reranking

begins. This would make the full retrieval system, rather than only the final ranking stage,

responsive to the evolving information needs of the search agent.

Another open problem is the training signal for retrieval in agentic search. Although
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Chapter 5 combines relevance feedback with final answer correctness, the optimization is

still strongly shaped by outcome-level rewards. A correct or incorrect final answer may

depend on many factors beyond one retrieval decision, making credit assignment difficult.

With more computational resources, future work could introduce richer step-level rewards

that evaluate intermediate search actions, evidence usefulness, query reformulation, and

document ranking quality. More systematic ablations over these reward components would

clarify which signals most reliably improve retrieval inside multi-step reasoning.

The other direction is to reduce the separation between the search agent and the retrieval

model. Chapter 5 uses separate model backbones for the main agent and the generative

ranker, which gives strong performance but increases deployment cost because each search

step may require running both models. The shared-backbone ablation in Chapter 5 shows

that naive sharing hurts performance, suggesting interference between reasoning and ranking

objectives. Future work should study how to share computation without losing accuracy, for

example through better training schedules, modular adapters, or architectures that separate

reasoning and retrieval behavior while still using a common backbone.

Current agentic-search benchmarks used in the dissertation also remain relatively short-

horizon. The datasets studied in Chapter 5 require multi-hop reasoning, but the number of

search calls is small compared with more open-ended deep research tasks. In those settings,

an agent may need tens or even hundreds of tool calls, accumulating far more retrieved

evidence than can be handled by simply appending everything to the context. Long-horizon

agentic search therefore raises a context-management problem: the system must decide

what to keep, summarize, discard, revisit, and cite as the investigation progresses. Future

work on search agents should study retrieval together with memory and context management,

so that the agent can sustain long research trajectories without being overwhelmed by its

own intermediate evidence.

Overall, Chapters 3 and 4 show that GIR can be made more scalable and efficient on

large-scale retrieval benchmarks. Chapter 5 broadens the dissertation to agentic search,
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where retrieval quality is measured by its effect on reasoning. These results leave open

both system-level questions for GIR and learning questions for search agents.
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CHAPTER A

SUPPLEMENTARYMATERIAL FOR CHAPTER 3

A.1 The Comparison Between RQ and PQ

Table 2 demonstrates a significant decline in retrieval effectiveness when substituting

residual quantization (RQ) with product quantization (PQ). This decline can be attributed

to PQ’s limited capability in capturing the hierarchical structure crucial for the encoding

document semantics in generative retrieval models. Hierarchical structures range from

coarse-grained to fine-grained, significantly influencing the performance of (constrained)

beam search.

To assess the abilities of RQ and PQ in encoding coarse-grained document semantics, we

analyze labeled queries from the TREC-DL 2019 dataset, where each query is associated

with an average of 58.16 relevant documents. We compute the count of unique prefixes

of lengths {1, 2, 3, 4} for relevant document sets corresponding to each query. Table 10

presents these counts, showing that RQuses fewer unique prefixes than PQ at early positions,

indicating a more efficient representation of documents with similar relevance.

Table 10: Average unique number of prefixes for relevant documents.
Prefix Length RQ PQ

1 8.20 18.70
2 21.70 38.63
3 35.50 46.81
4 45.30 50.77

For finer-grained semantic distinctions, we analyze the diversity of codes at each position

for the same set of documents. Figure 13 plots the number of unique codes per position,

showing that RQ employs fewer codes in initial stages but diversifies more in later stages,

enhancing fine-grained semantic differentiation.
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Figure 13: Unique number of codes per position for documents relevant to the same query.

A.2 DocID Repetition

We only apply the residual quantization for constructing DocIDs. When L is set to 32

and V is set to 256, the encoding space is large enough to assign almost every document a

unique DocID. Based on the statistics, we construct 8,826,152 unique DocIDs for 8,841,823

documents in the MS MARCO dataset. The percentage of DocIDs that are mapped to

more than 1 document only accounts for 0.2% of the total number of DocIDs. Notably,

the MS MARCO dataset is not fully clean, i.e., it might contain duplicate documents.

For example, we have a DocID: 155-180-0-122-96-51-148-26-167-114-166-6-58-253-246-

16-248-166-240-172-161-176-200-226-1-222-223-151-60-250-105-203 that maps to two

documents with id ‘13184’, ‘13188’. The contents of these two documents are duplicates,

which is:

Ross Cameron is 52 years old. To be more precise (and nerdy), the current age as of right

now is 18981 days or (even more geeky) 455544 hours. That’s a lot of hours!

For those DocIDs that have more than 1 document, we quantitatively compute the term

overlap rate between these documents. For each duplicate (non-unique) DocID cdup, we

assume that all documents belonging to it are defined as D(cdup), the unigram set for each

document d is set to Uni(d), then the term overlap rate r is:

r =
1

|D(cdup)|(|D(cdup)| − 1)

∑
d1,d2∈D(cdup)

|Uni(d1) ∩ Uni(d2)|
|Uni(d1) ∪ Uni(d2)|
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Table 11: The training time of each round in the rank-oriented fine-tuning phase.
Rounds MRR@10 Recall@10 Time

Initial FT .280 .475 12 h
prefix-oriented FT .324 .543 56 h
self-neg FT .333 .562 14 h

The average of term overlap ratios r across all duplicated DocIDs is 92.5%. Considering

that the average number of unigrams per document is 42.2, the average number of overlapped

terms between any two documents belonging to the same DocID is 39. When the duplicated

DocID is retrieved, all the documents mapped to it will be retrieved and assigned the same

scores.

A.3 Training Time of RIPOR

We use 8 A100 GPUs with 40GB memory. Our training contains 3 phases: 1) DocID

initialization; 2) Seq2seq pre-training; 3) rank-oriented fine-tuning. DocID initialization

takes 34 hours, Seq2seq pre-training takes 20 hours, and rank-oriented fine-tuning contains

three rounds of training. We report performance and training time for the three rounds of

fine-tuning on MSMARCO Dev in Table 11.

Based on the table, each fine-tuning round can lead to a further performance boost. We

realize that the most time-consuming round is prefix-oriented fine-tuning, since it requires

progressive training with 4 steps i = 4, 8, 16, 32, and each step takes 14 hours. If we want to

reduce the total training time, we can remove the progressive training in the prefix-oriented

fine-tuning round, meaning that we only use the multi-objective loss function for i = 32.

Table 12 shows the performance and training time for the new variant.

A.4 Performance on a Smaller-Scale Sampled Dataset

Following the methodology of prior work [Pradeep et al., 2023a], we also create a

scaled-down version encompassing 1M passages. Initially, we include all passages relevant
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Table 12: The training time of each round when removing the progressive training in the
prefix-oriented fine-tuning round.

Rounds MRR@10 Recall@10 Time

Initial FT .280 .475 12 h
prefix-oriented FT - prog. train .319 .537 14 h
self-neg FT .333 .562 14 h

to the 532K training queries and the 7K Dev set queries, summing to 522K passages. The

rest are selected at random from the main collection, totaling 1M passages. The results

are shown in Table 13. We report these results for the sake of comparison with prior

work [Pradeep et al., 2023a], but do not recommend future work to use MSMARCO-1M,

since it is artificially constructed, in which 51.6% of documents are covered by the train

query set. In comparison, only 5.8% of documents are covered by the train query set in the

real MSMARCO-8.8M dataset.
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Table 13: Experimental results on the MSMARCO-1M subset. Results are reported on
MSMARCO Dev and TREC Deep Learning Track Data. Highest generative retrieval
performances are boldfaced. Superscript ∗ denotes statistically significant improvement
compared to all generative retrieval baselines. Superscripts △ and ▽ denote significantly
higher and lower performance compared to RIPOR (t-test with Bonferroni correction, p-
value < 0.01). For dense retrieval models, the HNSW [Malkov and Yashunin, 2016] index
is used for ANN search.

Model MSMARCO Dev TREC DL 2019 TREC DL 2020
MRR@10 Recall@10 NDCG@10 Recall@10 NDCG@10 Recall@10

Generative Retrieval
DSI .132 .201 .093 .041 .098 .035
DSI-QG .508 .726 .438 .351 .420 .327
NCI-QG .511 .720 .446 .354 .436 .326
SEAL - - - - - -
MINDER - - - - - -
LTRGR - - - - - -
RIPOR (ours) .580∗ .793∗ .531∗ .438∗ .529∗ .412∗

Sparse and Dense Retrieval Models (For Reference)
BM25 .418▽ .625▽ .270▽ .050▽ .279▽ .058▽

DPR .542▽ .775▽ .520▽ .344▽ .490▽ .335▽

ANCE .547▽ .779▽ .522▽ .336▽ .506▽ .340▽

MarginMSE .556▽ .781▽ .535△ .406▽ .539△ .392▽

TAS-B .573▽ .789▽ .545△ .423▽ .538△ .413
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CHAPTER B

SUPPLEMENTARYMATERIAL FOR CHAPTER 5

B.1 Agent Prompts

B.1.1 Main Agent Prompt

The main reasoning agent operates in a ReAct-style loop with a single search tool. At

each turn, the agent outputs a <reason> block followed by either a <tool_call> block (to

issue a search query) or an <answer> block (to finalize its response). The full prompts used

across all experiments are presented below.

You are a tool-augmented search agent for wiki-based factoid question answering.

Your task is to answer questions drawn from Wikipedia-style datasets.

The final answer is evaluated using exact match (EM) or token-level F1, so it must be short and precise.

You have ONE tool available:

- search(query: string) -> returns a list of Wikipedia passages

============================================================

CRITICAL OUTPUT FORMAT (MUST FOLLOW EXACTLY)

============================================================

For EVERY assistant turn, you MUST output EXACTLY TWO TAG BLOCKS in this order:

1) <reason> ... </reason>

2) EITHER:

(A) <tool_call> ... </tool_call>

OR

(B) <answer> ... </answer>

No other text is allowed outside these tags.

Do NOT output <tool_response>. The environment will provide tool results separately.

Allowed patterns:

- <reason> ... </reason>
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<tool_call> ... </tool_call>

- <reason> ... </reason>

<answer> ... </answer>

If you violate the format, your output is invalid.

============================================================

TOOL CALL JSON SCHEMA (STRICT)

============================================================

When calling the tool, the <tool_call> block MUST contain ONLY a valid JSON object:

<tool_call>

{

”name”: ”search”,

”arguments”: {

”query”: ”<string>”

}

}

</tool_call>

Rules:

- ”name” MUST be exactly ”search”

- ”arguments” MUST be an object

- ”query” MUST be a single string

- Do NOT add extra keys

- Do NOT wrap JSON in Markdown

- Do NOT include comments, trailing commas, or natural language

============================================================

GENERAL TOOL USAGE

============================================================

Use the search tool whenever additional evidence would help you determine the correct answer.

If you believe you already have sufficient information to answer correctly, answer directly.

You may use multiple search calls across turns.

============================================================

SEARCH GUIDELINES
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============================================================

- Write search queries that are clear and specific to what you want to confirm or find.

- After receiving evidence, reassess whether you can answer; if not, search again with a refined query.

============================================================

REASONING CONTENT REQUIREMENTS

============================================================

- Do NOT include tool JSON inside <reason>.

- Do NOT include <tool_call> or <answer> tags inside <reason>.

============================================================

ANSWER REQUIREMENTS (STRICT: SHORT ANSWER)

============================================================

Inside <answer>, you MUST:

- Output ONLY the final answer string

- Do NOT include explanations, reasoning, or extra text

- Do NOT include citations, sources, or formatting

- Use a concise canonical form (Wikipedia-style when possible)

Examples of valid answers:

- Paris

- 1997

- George Washington

- The Lord of the Rings

If the expected answer type is a person/place/organization/title/date, output only that span.

If multiple surface forms are possible, output the most standard form.

============================================================

INTEGRITY

============================================================

- Do not fabricate facts.

- If you are uncertain, use search to verify.

- If evidence is conflicting, search again with a query that resolves the conflict.

============================================================

BEGIN
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============================================================

Question: {question}

B.1.2 Ranker Prompt

The ranker receives the original user query q0, the sub-query qt issued by the main agent

at step t, and the top-N candidate documentsDN returned by the dense retriever. It outputs

a <reason> block containing its relevance analysis, followed by a <rerank> block listing

the selected K document indices in descending order of relevance (e.g., [3] > [1] > [5] >

[2]). The full prompt template is shown below.

You are a document ranking agent assisting a search-augmented reasoning system.

You will be given:

- An original user question

- A sub-query issued by the reasoning agent at the current search step

- A list of N candidate documents retrieved by a dense retriever,

each labeled [1], [2], ..., [N]

Your task is to select the K most relevant documents and rank them in descending

order of relevance to help the reasoning agent answer the original question.

============================================================

CRITICAL OUTPUT FORMAT (MUST FOLLOW EXACTLY)

============================================================

You MUST output EXACTLY TWO TAG BLOCKS in this order:

1) <reason> ... </reason>

2) <rerank> ... </rerank>

No other text is allowed outside these tags.

============================================================

REASON BLOCK

============================================================
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Inside <reason>, analyze the relevance of each candidate document.

Consider whether the document provides factual evidence that can help answer the

original question, taking the sub-query into account as additional context.

============================================================

RERANK BLOCK

============================================================

Inside <rerank>, list exactly K document indices in descending order of relevance:

<rerank>[id1] > [id2] > ... > [idK]</rerank>

Rules:

- Use only the provided document indices (e.g., [1], [3], [7])

- Select exactly K indices; do NOT select more or fewer

- Do NOT duplicate indices

- Do NOT include any explanation inside <rerank>

============================================================

BEGIN

============================================================

Original Question: {original_question}

Sub-Query: {sub_query}

Candidate Documents:

{documents}

B.1.3 Ranker Input/Output Examples

We present two concrete examples of ranker inputs and outputs at training step 100.

Each example shows the original question, the sub-query issued by the main agent at a

single retrieval step, the first five of the N=50 candidate passages (truncated), and the

ranker’s full output comprising a relevance analysis (<reason>) followed by a ranked list

of K=5 document indices (<rerank>).
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B.1.3.0.1 Example 1: answer-containing document present (Ians = 1), high composite

reward.

Golden answer: Harpswell. answer_in_docs = true, rrel = 1.00, rmain = 1.00, rtotal =

2.00.

Input (first 5 of 50 candidates shown):

Original Question: What town has an island with a community building built in 1911-12?

Sub-Query: island with community building built 1911-12

Passages (50 total):

[1] ”Bailey Island Library Hall”

Bailey Island Library Hall (locally just Library Hall) is a historic community building

at 2167 Harpswell Island Road...

[2] ”Bumpkin Island”

Bumpkin Island, also known as Round Island, Bomkin Island, Bumkin Island, or Ward’s Island,

is an island in the Hingham Bay area of the Bosto...

[3] ”Chocorua Island Chapel”

Although the camp had fallen into disrepair by that date, the chapel continued to provide

worship services for visitors and area residents. Ev...

[4] ”Gooden Grant House”

octagonal tower with turreted roof projects at the southwest corner, and a

partially-enclosed single-story porch wraps around the west and south sides...

[5] ”Cherry Grove Community House and Theatre”

almost 400 other such sites have been identified as candidates. Cherry Grove Community

House and Theatre The Cherry Grove Communit...

... [45 more candidates not shown]

Output:

<reason>

The Initial Query asks for a town with an island that has a community building built in

1911-12. Passage [1] directly mentions a community building built in 1911-12 and locates

it on Harpswell Island Road, making it the top choice. Passage [48] also fits the criteria

but contains less detailed information. Passages [2], [32] discuss islands but do not

mention a community building from that period. Passage [39] describes a small island with

no matching structure.

</reason>

<rerank>[1] > [48] > [2] > [32] > [39]</rerank>
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B.1.3.0.2 Example 2: answer-containing document absent (Ians = 0), ranker relies

on rmain.

Golden answer: yes. answer_in_docs = false, rrel = 0.00, rmain = 1.00, rtotal = 1.00.

Input (first 5 of 50 candidates shown):

Original Question: Are Naked Obsession and New York (1916 Film) from the same country?

Sub-Query: New York (1916 Film)

Passages (50 total):

[1] ”New York (1916 film)”

New York (1916 film) New York is a lost 1916 American silent comedy drama film directed by

George Fitzmaurice and starring Florence Reed...

[2] ”New York (1916 film)”

thus Oliver King becomes a benedict, and Reel 3 contains two views of a nude model.

New York is a lost 1916 American silent comedy drama film...

[3] ”Lights of New York (1916 film)”

Lights of New York is a 1916 American silent drama film directed by Van Dyke Brooke.

Produced by the Vitagrap...

[4] ”Lights of New York (1916 film)”

with him anyway. Lights of New York (1916 film) Lights of New York is a 1916 American

silent drama film directed by Van Dyke Brooke...

[5] ”The Pride of New York”

German officer and nurse in room where bed is shown including taking nurse to room and

excluding other young woman...

... [45 more candidates not shown]

Output:

<reason>

The Initial Query asks whether Naked Obsession and New York (1916 Film) are from the same

country. The Sub-Query targets New York (1916 Film). Passages [1] and [2] directly

describe this film and confirm its American origin, making them the top choices. Passages

[3] and [4] describe a different 1916 film (Lights of New York) that is also American but

less directly relevant. Passage [5] discusses yet another unrelated film and ranks lowest.

</reason>

<rerank>[1] > [2] > [3] > [4] > [5]</rerank>
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B.2 Two-Stage Retrieval System

At each retrieval step t, the two-stage retrieval system takes the original query q0, the

sub-query qt issued by the main agent, and the corpus C, and returns an observation ot

consisting of K ranked documents. The first stage is a fixed dense retriever that efficiently

recallsN candidate documents; the second stage is the generative ranker πθgr , which reasons

about candidate relevance and outputs an explicit ranked list. Algorithm 2 gives the full

procedure. For the prompt format and concrete input–output examples of the generative

ranker, see Appendix B.1.2.

Algorithm 2 Two-Stage Retrieval at Step t

Require: original query q0, sub-query qt, corpus C, retrieval size N , ranking size K
Ensure: observation ot = DK (top-K ranked documents)
1: DN ← DenseRetrieve(qt, C, N) {fixed retriever}
2: Ians ← 1[gold answer ∈ DN ] {used for composite reward, §5.1.4}
3: prompt← BuildPrompt(q0, qt, DN , K)
4: output← πθgr(prompt) {generative ranker produces ranked list}
5: DK ← ParseRanking(output, DN , K) {extract top-K documents}
6: return DK

B.3 Semantic Grouping Algorithm

ApplyingGRPO to the ranker requires grouping ranker calls with the same input prompt.

Since sub-queries vary across rollouts, we perform a two-level grouping: first split by

whether the candidate set contains the gold answer (Ians), then cluster within each split

by token-level F1 similarity. Figure 14 illustrates the procedure for a simplified example

with G=5 rollouts and up to 5 search steps per trajectory; in our experiments we use G=8

rollouts with up to 6 search steps. Algorithm 3 gives the full procedure.
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D1: Ragged Grid Matrix

q0 −→ G=5 trajectories with varying lengths

Traj1
|T1|=3

Traj2
|T2|=4

Traj3
|T3|=2

Traj4
|T4|=4

Traj5
|T5|=3

j=1

j=2

j=3

j=4

q1,1 q2,1 q3,1 q4,1 q5,1

q1,2 q2,2 q3,2 q4,2 q5,2

q1,3 q2,3 q4,3 q5,3

q2,4 q4,4

Cluster all
qi,j by F1

across trajs
and steps

Cluster 1 (5)

q1,1, q2,1, q3,1, q5,1, q4,2

Cluster 2 (4)

q1,2, q2,2, q4,3, q5,2

Cluster 3 (4)

q1,3, q2,3, q5,3, q4,4

q4,1, q3,2, q2,4 : group too small → excluded from GRPO

Each cluster → independent GRPO: Âi = (ri−µg)/σg

D1. Ragged grid matrix. Columns = trajectories (variable lengths → ragged bottom). All sub-queries qi,j are
clustered across trajectories and steps by token-level F1. Three clusters kept for GRPO; gray cells = group too small,
excluded.

Rollout

q0

qi,j : sub-query in

i-th traj, j-th step

T1 T2 T3 T4 T5

j=1

j=2

j=3

j=4

cluster by
F1 similarity

GRPO Groups
Group 1

q1,1 q2,1

q3,1 q5,1

q4,2

Group 2

q1,2 q2,2

q4,3 q5,2

Group 3

q1,3 q2,3

q5,3 q4,4

q4,1

q3,2 q2,4

size < kmin , discard

D2. Left: rollout G trajectories of varying length from q0; each dot is a sub-query qi,j colored by group membership.
Right: cluster all sub-queries by token-level F1 similarity into GRPO groups. Gray singletons (size < k) are discarded.

Figure 14: Semantic grouping for GRPO training. The illustration shows G=5 rollout
trajectories with up to 5 search steps each. Left: each dot is a sub-query qi,j (trajectory i, step
j) colored by group membership. Right: all sub-queries are first split by answer availability
and then clustered by token-level F1 similarity into GRPO groups; gray singletons (size
< kmin) are discarded before optimization.

B.4 Additional Implementation Details

B.4.0.0.1 Training data.

The RL training set consists of 51,200 questions drawn from four datasets: Natural

Questions (20,480 questions, 40%), HotpotQA (14,220, 28%), Musique (9,000, 18%), and

2WikiMultiHopQA (7,500, 15%). All questions are sampled from each dataset’s official

training split. For evaluation, we use the official test split of each benchmark, or the

evaluation split when no test split is available.

B.4.0.0.2 Fixed Ranker training.

The Fixed Ranker baseline is trained as follows. We randomly sample 50K queries

from MS MARCO and 50K from Natural Questions, then use e5-base to retrieve the top-50

documents for each query. Queries for which no relevant document appears in the top-50

are discarded, yielding 92,160 training queries. The ranker is trained with RL using the

same Hit@{1, 3, 5} composite reward and the same generative listwise output format as

the jointly trained ranker in CoSearch.
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Algorithm 3 Semantic Grouping for Ranker GRPO Training
Require: ranker calls O (from G rollouts of q0), similarity threshold δ, minimum group

size kmin
Ensure: UID-labeled ranker calls ready for GRPO
1: // Step 1: Split by answer availability
2: Partition O into Oeasy (Ians = 1) and Ohard (Ians = 0)
3: for each split B ∈ {Oeasy, Ohard} do
4: // Step 2: Greedy cluster by token-level F1
5: clusters← {} {cluster_id→ representative sub-query}
6: for each call o ∈ B do
7: q ← Normalize(o.sub_query)
8: matched← False
9: for each (c, qrep) ∈ clusters do

10: if F1token(q, q
rep) ≥ δ then

11: assign o→ cluster c; matched← True; break
12: end if
13: end for
14: if not matched then
15: create new cluster with q as representative; assign o→ new cluster
16: end if
17: end for
18: // Step 3: Discard small groups
19: Remove all clusters with |cluster| < kmin
20: // Step 4: Assign UIDs
21: for each surviving cluster c do
22: uid← {main_uid}_{easy|hard}_cluster_{c}
23: assign uid to all o ∈ c
24: end for
25: end for

B.5 Semantic Grouping Examples

Tables 14 and 15 present 20 sampled initial queries from the step-100 rollout along with

their sub-queries after semantic grouping and filtering. For each initial query, the G=8

rollout trajectories produce a pool of sub-queries; these are first split by answer availability

and then clustered by token-level F1 similarity with threshold δ=0.8. Column C indicates

the cluster index assigned to each sub-query. The table illustrates that multi-hop questions

naturally produce multiple distinct semantic clusters (e.g., one cluster for each sub-question

in a two-hop chain), while simpler questions tend to produce a single large cluster of near-
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paraphrases.

Table 14: Sub-queries after semantic grouping and filtering (Part 1

of 2). The examples are from training step 100. For each initial

query, sub-queries from G=8 rollouts are first partitioned by

answer availability and then clustered by token-level F1 similarity

(δ=0.8). Column C denotes the cluster index.

Initial Query C Sub-query

who has played the most

state of origins

0 who has played the most state of origins

1 current record holder for most State of Origin

appearances

2 most State of Origin appearances

2 most appearances in State of Origin

what is the host nation of

the 2004 summer olympic

g...

0 host nation of 2004 Summer Olympic Games

1 host nation of 2004 Summer Olympics

1 host nation of the 2004 Summer Olympics

What is the birth city of

Blessed John the

Fool-For-...

0 capital of former Soviet Union and country with

AGT show

0 capital of the former Soviet Union and country

with AGT

Continued on next page
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Table 14: Sub-queries after semantic grouping and filtering (Part 1

of 2, continued).

Initial Query C Sub-query

1 Blessed John the Fool-For-Christ birth city

1 Blessed John the Fool-For-Christ birth city

Azerbaijan

1 Blessed John the Fool-For-Christ birth city Baku

Azerbaijan

What race is the majority

of the population of the c...

0 The Unbeatables I production country

1 The Unbeatables I

1 The Unbeatables I produced

Who plays the writer who

mentioned The Angel Pub

in ...

0 Charles Dickens The Angel Pub

0 Charles Dickens The Angel Pub writings

0 Charles Dickens mentioned The Angel Pub

1 The Man Who Invented Christmas

Are Naked Obsession and

New York (1916 Film)

from th...

0 Naked Obsession

1 New York (1916 Film)

Continued on next page
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Table 14: Sub-queries after semantic grouping and filtering (Part 1

of 2, continued).

Initial Query C Sub-query

Standard Chartered Bank,

who sponsors the annual

Hon...

0 Standard Chartered Bank headquarters

1 Standard Chartered Bank sponsors Hong Kong

Marathon

on what day of the year is

the sun near the star reg...

0 when is the sun near Regulus (Alpha Leo) on the

calendar

0 when is the sun near Regulus (Alpha Leo) on the

exact date

0 when is the sun near Regulus (Alpha Leo) on the

year

1 day of the year when the sun is near Regulus

(Alpha Leo)

1 day of the year when the sun is near Regulus

(alpha leo)

1 exact day of the year when the Sun is near

Regulus (Alpha Leo)

who did the congress send

to london as a minister in...

0 who did the congress send to london as a

minister in 1784

Continued on next page
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Table 14: Sub-queries after semantic grouping and filtering (Part 1

of 2, continued).

Initial Query C Sub-query

1 who was sent as a minister to london by the

congress in 1784

1 who was sent as a minister to london in 1784

1 who was sent as minister to london by congress

in 1784

In what season of the 2017

year is the Netflix Germa...

0 Dark (TV series) 2017 release season

0 Dark (TV series) release schedule 2017

1 Dark (Netflix German series) season release

1 Dark Netflix German series 2017 release season

1 Dark Netflix German series release season

101



Table 15: Sub-queries after semantic grouping and filtering (Part 2

of 2). The examples are from training step 100. For each initial

query, sub-queries from G=8 rollouts are first partitioned by

answer availability and then clustered by token-level F1 similarity

(δ=0.8). Column C denotes the cluster index.

Initial Query C Sub-query

What part did The King of

Hollywood play in China

Seas?

0 The King of Hollywood China Seas

0 The King of Hollywood China Seas part

1 Clark Gable role in China Seas

1 Clark Gable’s role in China Seas

What is the Izzo

(H.O.V.A.) performer’s

record label?

0 Izzo (H.O.V.A.) performer record label

1 Jay-Z current record label

1 Jay-Z record label

Where was the place of

death of the director of

film...

0 director of film When A Man Sees Red 1934

0 director of film When A Man Sees Red 1934

Pursued

Continued on next page
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Table 15: Sub-queries after semantic grouping and filtering (Part 2

of 2, continued).

Initial Query C Sub-query

0 director of film When A Man Sees Red 1934

version

1 Frank Ellis death place

1 Frank Ellis place of death

1 place of death Frank Ellis

Who was born later, Dani

Pacheco or Agnė

Čepelytė?

0 Dani Pacheco birth year

1 Agnė Čepelytė birth year

Who is the operator of

Embassy of Northern

Cyprus in...

0 Embassy of Northern Cyprus in Istanbul

operator

0 Embassy of Northern Cyprus in Kemerhisar

operator

0 Embassy of Northern Cyprus in Samsun

operator

What town has an island

with a community building

bu...

0 island with community building built 1911-12

Continued on next page
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Table 15: Sub-queries after semantic grouping and filtering (Part 2

of 2, continued).

Initial Query C Sub-query

0 town with an island and a community building

built in 1911-12

0 town with island and community building built

in 1911-12

The M66 is a motorway in

Lancashire and Greater

Manc...

0 M66 motorway in Lancashire and Greater

Manchester

0 M66 motorway in Lancashire and Greater

Manchester, England

who plays the queen of

hearts in alice and

wonderland

0 who plays the Queen of Hearts in Alice and

Wonderland

0 who plays the Queen of Hearts in Alice in

Wonderland

0 who plays the Queen of Hearts in recent Alice in

Wonderland films

What nationality is the

director of film Porky’S

Rev...

1 James Komack nationality

Continued on next page
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Table 15: Sub-queries after semantic grouping and filtering (Part 2

of 2, continued).

Initial Query C Sub-query

What presenter of Market

Kitchen has won a Guild

of ...

0 Market Kitchen presenter Guild of Food Writers

award

0 Market Kitchen presenter who won Guild of

Food Writers award

0 Market Kitchen presenter won Guild of Food

Writers award

B.6 Oracle Retrieval Construction

The oracle retrieval experiment (Table 16) measures the performance gap caused by

imperfect retrieval. Unlike post-hoc analysis, the oracle trajectory is constructed online

during rollout: the agent’s reasoning at each step is conditioned on the (potentially modified)

observation, so improved retrieval at step t influences all subsequent reasoning and sub-

queries.
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7B Main Agent 3B Main Agent

Single Multi Avg Single Multi Avg

Standard 0.600 0.506 0.546 0.531 0.371 0.440

Oracle Retrieval 0.709 0.564 0.626 0.636 0.499 0.558

Rel. Gain +18.2% +11.5% +14.7% +19.8% +34.5% +26.8%

Table 16: Oracle retrieval gap (F1 score). Performance averaged over single-hop (PopQA,

NQ, TQA) and multi-hop (HotpotQA, 2Wiki, Musique, Bamboogle) benchmarks.

Concretely, given an initial query q0 with gold answer a∗, the agent generates a trajectory

step by step following Eq. 8. At each step t, the agent produces a reasoning thought τt and

sub-query qt, and the dense retriever returns a candidate setDN . LetD+ = {d ∈ DN | a∗ ⊆

d} denote the documents in DN that contain the gold answer. The observation presented to

the agent is:

ot =


D+ ∥ top-(K − |D+|) from DN \ D+, if D+ ̸= ∅,

top-K from DN , if D+ = ∅,
(14)

where ∥ denotes concatenation. When documents matching the gold answer exist in the

candidate set, we promote them to the top positions and fill the remaining slots with the

highest-ranked non-matching documents. For intermediate sub-queries where no retrieved

document matches the gold answer, we use the default retriever ranking unchanged. The

agent then observes ot, continues reasoning, and repeats until it produces a final answer a.

Algorithm 4 provides the full procedure.
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Algorithm 4 Oracle Retrieval Rollout
Require: Initial query q0; gold answer a∗; main agent πθmain; candidate set size N ; output

size K
Ensure: Oracle trajectory yoracle

1: t← 0
2: repeat
3: t← t+ 1
4: τt, qt ← πθmain(q0, τ1, q1, o1, . . . , τt−1, qt−1, ot−1) {agent reasons and generates sub-

query}
5: DN ← DenseRetrieve(qt, N)
6: D+ ← {d ∈ DN | a∗ ⊆ d} {gold-answer-matching documents}
7: if D+ ̸= ∅ then
8: ot ← D+ ∥ top-(K − |D+|) from DN \ D+ {promote to top}
9: else

10: ot ← top-K from DN {keep default ranking}
11: end if
12: until agent outputs final answer a
13: return yoracle = (q0, τ1, q1, o1, . . . , τm, qm, om, τm+1, a)

Model 0 1 2 3 4 5 6 Avg

Oracle 0.0 49.3 38.2 9.8 2.3 0.3 0.1 1.66
CoSearch 0.0 42.3 48.9 8.1 0.7 0.0 0.0 1.67
Fixed Reranker 0.0 4.2 35.7 54.5 5.6 0.0 0.0 2.62
Retrieval Only 0.0 33.2 40.4 16.3 7.9 1.8 0.3 2.05

Table 17: Search turn distribution (% of questions) at validation step 100. Avg is the mean
number of search turns per question.

B.7 Search Turn Distribution

Table 17 shows the full search turn distribution. CoSearch and Oracle concentrate 91%

and 87% of questions at 1–2 turns respectively, while Fixed Ranker pushes 55% of questions

to 3 turns, requiring significantly more retrieval rounds on average (2.62 vs. 1.67). This

confirms that higher-quality ranking reduces the number of retrieval steps needed to resolve

a question.
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