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Abstract

Open-domain question answering (ODQA) often requires integrating evidence from
multiple sources and reasoning across several steps. While recent work has made
progress on retrieval and reasoning independently, their combined optimization re-
mains challenging. Standard retrieval methods may fail to surface all relevant docu-
ments, while reasoning models can generate confident but incorrect answers when
evidence is incomplete, noisy, or inconsistent. This limits both accuracy and the relia-
bility of model predictions, particularly for multi-hop and compositional questions.

This thesis explores strategies to jointly enhance retrieval and reasoning for ODQA.
On the retrieval side, we introduce a dynamic answer frontier mechanism that pri-
oritizes candidate documents based on semantic consistency across multiple gen-
erated answers, guiding iterative document expansion over a retrieval graph. This
consistency-driven approach improves recall by promoting documents aligned with
the most reliable reasoning traces. On the reasoning side, we apply test-time scal-
ing (TTS), generating multiple candidate answers per question and training a verifier
model to select the most trustworthy one. The verifier evaluates both semantic cor-
rectness and grounding in retrieved evidence, mitigating the effects of misleading or
irrelevant documents.

We evaluate the proposed approach on two challengingODQAbenchmarks, MuSiQue
and 2WikiMultiHopQA, which require complex multi-hop reasoning and resist short-
cut solutions. Experimental results show that our method improves evidence recall
and downstream answer accuracy over strong baselines, including standard retrieval
pipelines and semantic uncertainty-based re-ranking methods. Qualitative analysis
reveals better handling of compositional queries, including temporal comparisons and
multi-hop relational reasoning, along with improved resilience to noisy retrievals and
reduced divergence from relevant evidence. The study also identifies remaining chal-
lenges, such as reliance on agreement as a proxy for correctness and the computa-
tional cost of TTS, pointing to future directions involving principled uncertainty mea-
sures, end-to-end feedback integration, and efficiency improvements for exploring
larger reasoning spaces. Together, these findings underscore the value of integrat-
ing semantic consistency-driven retrieval with verifier-guided reasoning selection to
advance robustness and trustworthiness in complex ODQA systems.
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1
Introduction

1.1. Background and Motivation
1.1.1. Open-Domain Question Answering and Its Challenges
Open-domain question answering (ODQA) systems answer natural-language ques-
tions by searching a large, unstructured corpus (e.g., the web or Wikipedia) for evi-
dence and then generating an answer. A typical pipeline retrieves candidate passages
and reasons over them to produce a final answer. Such traditional QA systems have
predominantly focused on answering simple, factoid-based questions, where answers
typically reside within a single document [75, 76, 54]. In recent years, large language
models (LLMs) have pushed ODQA performance forward by improving both retrieval
and generation. However, as real-world information needs become increasingly com-
plex, users pose queries requiring the integration and synthesis of evidence from mul-
tiple documents—a task known as Complex QA or multi-hop QA. This paradigm shift
is illustrated by recent benchmarks such as HotpotQA [89] and WikiHop [81], which
explicitly challenge systems to aggregate and reason across multiple documents.

Complex QA necessitates multi-step reasoning processes to aggregate and combine
pieces of evidence from different sources systematically, as demonstrated by models
evaluated on datasets like ComplexWebQuestions [66] and MultiRC [28]. This chal-
lenge is amplified by ambiguities, inconsistencies, and incomplete information preva-
lent in natural language texts [4], highlighting the need for robust reasoning capabili-
ties.

Consider the seemingly straightforward question in Figure 1.1: “Which city hosted the

1



1.1. Background and Motivation 2

first Summer Olympics after World War II?” Answering it correctly involves several
reasoning steps:

1. Identifying when World War II ended.

2. Determining which Olympics took place immediately after that date.

3. Extracting the host city for that edition.

No single document may contain all of these facts, and the required information may
be scattered across different sources. The system must retrieve relevant evidence for
each step and integrate it to produce the final answer. If retrieval misses one crucial
document, such as the year of the first post-war Olympics, then the reasoning process
can fail regardless of model capacity.

Figure 1.1: A complex ODQA example. Answering requires integrating facts from multiple retrieved
documents. Missing even one key piece can lead to an incorrect answer.

This points to two intertwined challenges. First, complex ODQA faces a bounded-
recall problem: retrieval typically admits only the top-k results, so useful evidence
outside that window is invisible to the reader module [72]. Second, even with the right
evidence present, LLMs can make reasoning errors—misinterpreting numbers, taking
spurious paths (“overthinking”), or producing a fluent but incorrect top-1 output.

1.1.2. Retrieval Challenges: Bounded Recall and Evidence Quality
Modern ODQA systems typically follow a retrieve–then–read pipeline: a retriever sur-
faces candidate passages from a large corpus, and a reader (often an LLM) synthe-
sizes an answer [36]. Retrieval has improved dramatically with dense encoders and
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late interaction models, yet complex questions expose old weaknesses in new ways.

The bounded-recall problem:

In practice, readers only see the top-k retrieved passages. Everything below that
cutoff is effectively invisible, regardless of how relevant it might be. This top-k gate
induces a bounded-recall problem. If the right evidence is not present in the final
ranked documents, the downstream reasoning step has to generate an answer from
incomplete context. For multi-hop questions—where one missed passage can break
the chain—this often determines success or failure. An illustrative example is shown
in Fig 1.2.

Why Bounded Recall Affects Complex Questions:

• Query mismatch. A single surface query often underspecifies multi-faceted
information needs, so essential passages never get scored highly enough.

• Redundancy vs. diversity. High-scoring passages can be semantically redun-
dant (near-duplicates), crowding out complementary pieces needed to complete
the reasoning chain.

• Cascade effects. Small retrieval misses lead to larger reasoning errors: with in-
complete context, the reader hallucinates links, overfits to partial cues, or defers
to priors [21].

Figure 1.2: Bounded recall in ODQA: a top-k gate hides potentially critical evidence from the reader.
Even strong rankers can miss complementary documents needed to complete multi-step reasoning.

1.1.3. Evidence quality under a fixed budget.
Even when relevant passages enter the top-k, their quality matters. Passages that
are long, noisy, or only tangentially relevant waste the reader’s limited attention win-
dow; overly similar passages reduce marginal utility; and numerically or temporally
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ambiguous snippets increase the chance of incorrect inferences. Dense retrieval [26]
and late-interaction architectures [29] improve ranking signals, but they do not directly
reason about what set of documents best supports the whole answer.

Why iterative retrieval helps, but is not enough:

Iterative or multi-step retrieval attempts to refine queries as partial answers emerge,
widening recall and improving coverage. This direction is promising as the system
forms a hypothesis, it can seek missing pieces. Yet without an explicit signal of what
is still needed, iterations can drift, add redundant context, or amplify early mistakes.
In short, better retrieval reduces (but does not remove) the risk that the reader must
reason from incomplete or noisy evidence.

1.1.4. Improving Reasoning Quality Beyond Retrieval
Even with high-quality evidence in hand, the reasoning stage can still fail. Large Lan-
guage Models (LLMs) can produce coherent explanations, yet for complex questions
the reasoning often contains gaps, unsupported steps, or subtle numerical mistakes.
This makes the top-1 output fragile and unreliable for tasks that require multi-step
logical processing.

Limitations of Relying on a Single Output

Relying on a single chain of thought (CoT) is risky for multi-hop or reasoning-intensive
questions. Small variations in decoding or the model’s focus can lead to different
intermediate steps, sometimes altering the conclusion entirely. In some cases, the
answer might be correct but the reasoning flawed, which can make the result hard
to trust. In others, most steps might be valid but a final calculation error leads to the
wrong answer. This brittleness means that one-off generations cannot reliably capture
the full reasoning potential of an LLM [79, 78].

Expanding the Solution Space via Test-Time Scaling

The shortcoming of relying on the top-1 output has motivated a more robust approach:
to expand the solution space at inference by sampling multiple reasoning paths for
the same question [64]. This process, known as test-time scaling, trades additional
inference compute for improved reliability (see Fig 1.3). The core idea is that gener-
ating many independent CoTs increases the likelihood that at least one of them will
be both logically sound and factually correct. This shifts the challenge from “finding
the perfect answer in one try” to “generating several plausible answers and choosing
the best one.” The latter is often easier because error elimination is generally more
reliable than error-free generation [7].
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Figure 1.3: Test-time scaling shifts the focus from increasing model size to increasing inference-time
compute, enabling expanded reasoning and better answer selection without modifying the model’s

parameters.

Verifier-Guided Selection of Reasoning Chains

Once multiple reasoning chains are available, a separate verifier model can be used
to select the most credible one [71, 7, 40]. Unlike simple majority voting, which favors
the most frequent answer, a verifier can assess each chain on factors such as logical
coherence, factual grounding in the provided evidence, and internal consistency. By
explicitly evaluating reasoning quality rather than frequency, verifier-guided selection
reduces the risk of selecting a flawed but popular chain. When combined with im-
proved retrieval, this approach strengthens both the evidence-gathering and reason-
ing stages, leading to more trustworthy final answers. This hypothesis is supported by
our experiments. Generating 10 reasoning paths per claim frequently yields at least
one path with correct reasoning, as reflected in the upper bound results in Table 5.5.

1.2. Research Questions
Building upon these insights, our approach aims to systematically investigate the fol-
lowing research questions (RQs):

• RQ1: How can answer-level feedback be incorporated into iterative retrieval
to improve the robustness and recall of multi-hop question answering systems,
compared to uncertainty-based feedback mechanisms?

• RQ2: How does test-time expansion of the solution space via multiple reasoning
paths affect the quality and consistency of final answers in complex question
answering pipelines?

• RQ3: How does the choice of verifier architecture impact the effectiveness of
chain selection in a test-time reasoning framework?
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By systematically exploring these research questions, this verification-centric method-
ology leverages iterative feedback loops and test-time scaling to significantly improve
complex QA systems, driving greater reliability and robustness in automated answer-
ing systems.

1.3. Scientific Contributions
This thesis makes the following contributions to the field of complex ODQA:

1. Dynamic answer-level feedback for iterative retrieval: We propose a re-
trieval framework that incorporates answer-level consistency as feedback for
document selection. Instead of relying solely on uncertainty-based heuristics,
the method dynamically adjusts the retrieval frontier based on semantic agree-
ment in generated answers, leading to higher recall and robustness in multi-hop
scenarios.

2. Integration of test-time scaling for reasoning enhancement: We adapt the
test-time scaling paradigm to ODQA by generating multiple diverse reasoning
chains for each question and selecting the most credible one. This expands
the solution space during inference without requiring retraining, improving the
reliability of final answers in reasoning-intensive cases.

3. Verifier-guided reasoning chain selection: We evaluate the use of verifiers
for selecting the most accurate reasoning chain from multiple candidates. Our
study compares fine-tuned smaller models with larger off-the-shelf LLMs, show-
ing that lightweight fine-tuned models can match or even outperform larger mod-
els in chain selection, offering a more computationally and financially efficient
alternative.

1.4. Thesis Outline
The remainder of this thesis is organized as follows. Chapter 2 reviews prior research
relevant to the challenges of retrieval and reasoning in complex open-domain ques-
tion answering. Chapter 3 presents the proposed approach in detail, including the
iterative retrieval framework with answer-level feedback, the application of test-time
scaling, and the use of verifiers for reasoning chain selection. Chapter 4 describes
the experimental setup, datasets, and implementation details used to address the re-
search questions. Chapter 5 reports the findings, analyzes their implications, and
relates them to existing literature. Finally, Chapter 6 summarizes the main contribu-
tions, highlights limitations, and outlines potential directions for future work.



2
Related Work

2.1. Complex Question Answering
Complex question answering (QA) systems are designed to address queries that can-
not be resolved by retrieving a single passage. Instead, these systems require multi-
hop reasoning. This means chaining information across multiple documents or sen-
tences to reach a correct answer. This represents a significant shift from traditional
single-hop QA benchmarks like SQuAD [54], where a single context span suffices, to
more demanding tasks like HotpotQA [89], WikiHop [80], and ComplexWebQuestions
[66], where answers depend on integrating scattered information. HotpotQA, for in-
stance, provides not only the answer but sentence-level supporting facts across two
or more documents, thus enabling explainable multi-hop reasoning.

The difficulty in complex QA stems from several intertwined factors. First, relevant
information is often distributed across multiple sources, requiring systems to locate
and connect disparate pieces of evidence. Second, these datasets often include dis-
tractor documents. These are passages that are topically similar but irrelevant to the
reasoning chain thus making the retrieval process more error-prone. Third, the rea-
soning process may require combining heterogeneous types of information, such as
numerical values, temporal facts, and relational knowledge, which challenges even
the most capable models. Lastly, multi-hop reasoning typically increases the risk of
error compounding: a single missing or incorrect piece of evidence in the early stages
can derail the entire reasoning chain.

Recent benchmarks have been specifically designed to evaluate these abilities. While
HotpotQA remains one of themost foundational datasets—with 113KWikipedia-based

7



2.2. Improving Retrieval for Complex Question Answering 8

questions requiring sentence-level supporting facts, it has been shown to suffer from
shortcut opportunities that undermine its multi-hop reasoning goals [46, 70]. As a re-
sult, newer datasets were introduced to better evaluate complex reasoning capabilities
and compositional generalization.

Among these, 2WikiMultiHopQA [16] was constructed by pairing Wikidata triples with
Wikipedia passages to ensure genuine multi-hop reasoning across both structured
and unstructured knowledge sources. It contains over 119K examples and enforces
reasoning paths explicitly, thereby requiring systems to traverse factual chains involv-
ing multiple entities and relations. Similarly, MuSiQue [69] was designed to challenge
models with compositional multi-hop questions derived from single-hopQA pairs. With
both ”single-hop hard” and ”multi-hop” versions and built-in adversarial distractors,
MuSiQue has emerged as one of the most rigorous benchmarks for evaluating cross-
sentence and cross-paragraph reasoning. These datasets present higher reasoning
difficulty and significantly reduce the effectiveness of shallow heuristics, forcing sys-
tems to perform genuine multi-step reasoning.

Beyond standard Wikipedia-based QA, researchers have begun incorporating cross-
format reasoning into benchmarks such as narratives, emails, and semi-structured
data. The MuSiQue-2Wiki combined setup [70] enables evaluation of models’ gen-
eralization across formats by mixing questions from both datasets, which results in a
performance variance of up to ∼ 15% depending on domain shifts.

Overall, complex QA is challenging not merely because it requires identifying the cor-
rect answer, but because it demands integrating multiple, dispersed, and potentially
heterogeneous pieces of evidence into a coherent reasoning process. Addressing
these challenges requires not only sophisticated reasoning models but also retrieval
pipelines that can reliably surface all necessary evidence which we explore in detail
in the next section.

2.2. Improving Retrieval for Complex Question Answer-
ing

In complex question answering (CQA), the primary bottleneck often lies not in the rea-
soning capabilities of large language models (LLMs), but in the initial retrieval phase,
where essential evidence may be missed early on. This bounded-recall issue signif-
icantly hampers downstream reasoning, especially when the final answer depends
on assembling multiple, independently retrieved facts. Most question answering (QA)
systems today rely on a retrieve-then-read pipeline, where a retriever fetches relevant
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documents and a reader or language model extracts or generates an answer based
on them.

From a retrieval perspective, early methods can be broadly divided into sparse and
dense approaches. Sparse techniques such as TF-IDF [65], BM25 [59, 58], and
SPLADE [11] rely on lexical overlap between the query and candidate documents,
making them effective for single-hop queries where relevant terms appear explicitly.
However, these methods often fail when questions require semantic understanding
beyond exact keyword matching. Dense retrievers, such as the Dense Passage Re-
triever (DPR) [26] and ANCE [86], address this limitation by encoding queries and
passages into a shared vector space using neural encoders, typically BERT-based,
and ranking them via dot-product or cosine similarity. By capturing semantic simi-
larity, dense methods substantially improve recall. DPR, for example, often yields a
9-19 point gain over BM25 in open-domain settings. Nonetheless, early dense retriev-
ers were primarily designed for single-hop retrieval, limiting their effectiveness in truly
multi-hop question answering scenarios.

To overcome these limitations, multi-hop dense retrieval models were developed. Xiong
et al. [87] introduced a two-stage framework that retrieves passages with DPR in se-
quential hops conditioned on previously fetched evidence. Their approach achieved
strong performance on HotpotQA and the multi-evidence FEVER dataset [67], match-
ing earlier graph-based systems in accuracy while drastically reducing inference cost.
They demonstrated that multi-hop dense retrieval can avoid reliance on corpus-specific
signals such as hyperlinks or entity annotations, eventually making it more generaliz-
able across corpora.

In parallel, graph-based reasoning methods emerged to explicitly model relationships
between entities and passages. Models like QA-GNN [90] and Hierarchical Graph
Networks (HGN) [10] build entity or passage-level graphs, over which Graph Neural
Networks (GNNs) [61] propagate information. Attention mechanisms like GAT [74]
help these models weigh the importance of different neighbors. These architectures
select evidence paths and jointly predict answers and supporting facts. This helps
in improving interpretability and robustness. Other graph-augmented innovations like
PATHFID [91] and SeqGraph [55] convert reasoning chains into sequence prediction
or path-following problems over graph-structured evidence, attaining strong results on
HotpotQA and IIRC.

However, despite advances in retriever quality, even top dense retrievers still strug-
gle to capture all relevant evidence needed for complex, multi-hop questions. This
issue is especially critical when a single missing document can break the entire rea-
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soning chain. Researchers have explored Pseudo-Relevance Feedback (PRF) [37]
to address this. In PRF, the system uses documents from an initial retrieval round to
reformulate the query and retrieve again, thereby bridging vocabulary or representa-
tion mismatches. While this helps recall, PRF approaches often suffer from semantic
drift, where the reformulated query starts retrieving irrelevant or misleading content.
This makes them risky for QA tasks, where precision is just as important as recall.

To tackle this, more adaptive retrieval strategies have been introduced. These meth-
ods typically involve a two-stage setup: an initial retrieval followed by a re-ranking step
guided by signals from an external model or feedback loop. MacAvaney et al. [44],
for instance, proposed using retrieval graphs to support iterative re-ranking based
on document relationships. This approach expands the candidate pool beyond the
initial retrieval results by leveraging a corpus graph that encodes document relation-
ships. Their approach builds on the clustering hypothesis, which suggests that re-
lated documents are likely relevant to the same query. Instead of relying solely on
the top retrieved documents, Gar iteratively identifies and re-ranks the neighbors of
high-scoring documents based on their pre-computed similarity in the corpus graph.
This feedback loop allows the system to surface relevant documents that might have
been overlooked in the initial retrieval stage, leading to improvements in both preci-
sion and recall. Their experiments on the MS MARCO [3] dataset demonstrated that
Gar significantly enhances re-ranking effectiveness, particularly when combined with
neural ranking models such as monoT5 [49].

A similar strategy was proposed by Kulkarni et al. in their Lexically-Accelerated Dense
Retrieval (LADR) [31] framework which is a lightweight re-ranking system that reuses
ranking signals to limit cost. Unlike Gar, which focuses on leveraging document-to-
document relationships, LADR integrates lexical and dense retrieval signals to en-
hance re-ranking efficiency. The approach begins with a lexical retrieval step (e.g.,
BM25) to seed an initial document pool, followed by a dense retrieval exploration
where neighboring documents—determined through vector similarity—are included
for re-ranking. This hybrid approach bridges the gap between lexical and dense re-
trieval, allowing the system to capture relevant documents that might not share exact
lexical matches with the query. The authors introduced two variants: Proactive LADR,
where all neighboring documents are retrieved at once and re-ranked in a single step,
and Adaptive LADR, which iteratively refines the ranking by incorporating new doc-
uments in multiple stages. Their results showed that LADR achieves performance
on par with exhaustive dense retrieval while maintaining low latency (8ms per query),
making it suitable for real-world applications.
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Building upon these prior approaches, Rathee et al. introduced Quam (Query Affinity
Modelling) [56], an adaptive re-ranking method that enhances retrieval by incorporat-
ing a learned document affinity model. Unlike traditional methods that rely on fixed
similarity metrics, Quam leverages historical query-document relevance data to pre-
dict how likely two documents are to be co-relevant to the same query. By using this
learned affinity, the system constructs a more refined corpus graph, allowing for a
more targeted selection of candidate documents during the re-ranking process. Ex-
perimental results indicate that Quam achieves up to 26% improvement in recall, par-
ticularly in settings where the re-ranking budget is constrained. Furthermore, when
Quam was integrated into Gar’s pipeline, it led to additional gains in retrieval effective-
ness, demonstrating how learned document representations can significantly enhance
adaptive retrieval performance.

Retrieval-augmented generation (RAG) [36, 12, 14] represents another line of work,
merging a parametric transformer (often BART [35]) with a dense retrieval mechanism,
and jointly optimizing retriever and generator end-to-end. While initially designed for
single-hop tasks, RAG variants such as RAG-Token and RAG-Sequence extend the
approach to multi-hop QA. More recent generative retrieval approaches move beyond
static retrieval pipelines toward autoregressive, LM-driven retrieval. Generative Multi-
hop Retrieval [34], for example, alternates between generating intermediate queries
and retrieving corresponding passages, dynamically deciding when to stop. It is a
prominent example where an encoder-decoder model generates the next query string
(or document) based on prior context by avoiding rigid vector-space reformulation and
yielding improvements across five QA datasets. Moving further, Self-Critique Guided
Iterative Reasoning (SiGIR) [6] models adopt chain-of-thought-like branching com-
bined with self-evaluation scores to steer retrieval. While SiGIR is still emerging, the
broader paradigm of LM-based planner + retriever has been shown to improve over
rigid pipelines by 5-10 EM points on HotpotQA and IIRC, though SiGIR as described
remains future research needing formal publication.

An orthogonal effort integrates graph-based structures into retrieval, such as relation-
aware RAG models that fetch passages based on knowledge-graph cues and adap-
tively expand retrieval based on token-level uncertainty (e.g., ”stop early” decisions)
[23, 88]. These methods have shown consistent gains on HotpotQA’s explainability
scores (2-4 points higher EM) and improved recall on IIRC [39] by ∼ 7%.

Yet, most of these approaches still operate with a fixed retrieval budget and only use
relevance signals tied to the query, not the answers or the semantic content of the
documents themselves. This is where SUNAR (Semantic Uncertainty based Neigh-
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bourhood Aware Retrieval) [72] brings a different perspective. It targets the weakness
of standard retrievers by introducing an iterative, LLM-guided document exploration
method based on semantic uncertainty estimation and graph-based document neigh-
bourhoods.

SUNAR basically builds upon the clustering hypothesis. Rather than solely relying
on query-document similarity, it creates a neighbourhood graph (typically built with
ColBERTv2 embeddings) and explores this graph during retrieval. The innovation
lies in incorporating Answer Semantic Uncertainty (ASU). It is a mechanism where
multiple answer candidates are generated for a sub-question, clustered semantically
(using bidirectional entailment), and the number of unique semantic sets is used as a
proxy for answer consistency. Higher uncertainty signals greater ambiguity, prompting
the model to penalize the associated evidence documents. This strategy contrasts
with Pseudo-Relevance Feedback (PRF) methods, which are prone to semantic drift
by reinforcing initially retrieved (but potentially irrelevant) documents.

SUNAR is especially effective in multi-hop QA setups like 2WikiMultiHopQA [16] and
MuSiQue [69], where missing or contradictory evidence is common. By using the
model’s own generations as a feedback signal, SUNAR avoids some of the key pitfalls
of PRF such as drifting too far from the original intent and thus it significantly improves
recall without sacrificing quality. In fact, SUNAR was shown to outperform strong
baselines like SELF-ASK and ReAct by over 30% EM on 2WikiMultiHopQA. SUNAR’s
approach, using LLM-internal signals as retrieval feedback, takes a more semantic
and context-aware path. This aligns with recent findings in IR studies [43, 57], which
indicate that current retrievers fail to adapt when question phrasing drifts semantically
or when the evidence is lexically distant but semantically critical. SUNAR is part of
a growing trend of retrieval-enhancing strategies that treat the retrieval stage not as
a static, one-shot process, but as an iterative, feedback-driven loop. Related efforts
such as Adaptive Re-ranking with Corpus Graphs [44], Lexically-Accelerated Dense
Retrieval [31], and self-reflective retrieval agents like Self-RAG [2] share this goal.
However, SUNAR’s use of semantic answer variability as a feedback mechanism and
its principled integration of graph-based retrieval set it apart. As LLMs grow more
capable, methods like SUNARwhich exploit their internal reasoning for better retrieval,
offer a promising direction for robust, interpretable, and high-recall complex QA.

2.3. Test-Time Scaling and Verifier-Guided Reasoning
Test-time scaling refers to using extra compute at inference time to improve reasoning
outcomes in large language models (LLMs). Here, “extra compute” means increas-
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ing the number of reasoning paths explored for a given question, either by generat-
ing them independently or by adaptively refining them, and then selecting the best
outcome. Broadly, this can be done in two ways: parallel scaling, where multiple
outputs are generated in one batch and ranked or voted on [79, 7], and sequential
scaling, where outputs are generated in stages, with each step informed by feedback
from earlier generations [64, 25]. Parallel scaling is faster but may waste compute on
low-quality candidates, while sequential scaling can allocate compute more efficiently
but at the cost of latency. The simplest form of test-time scaling involves generating
multiple answers and using majority voting (also popularly known as self-consistency).
Themain aim of majority voting is to pick themost common answer. Wang et al. [79] in-
troduced Self-Consistency, showing that sampling several chain-of-thought (CoT) out-
puts and voting improves multi-step reasoning accuracy significantly. However, this
method comes with diminishing returns. The improvements plateau as more samples
are generated, and cost scales linearly with sample size. Another issue that Major-
ity Voting can face is that the method can consistently pick the wrong answer just
because it’s the most occuring one.

Recent advances in test-time scaling methods generally fall into two main categories.
The first line of work focuses onmodifying the proposal distribution, i.e., how themodel
generates its outputs [8, 33, 92, 63, 45, 52, 25]. These methods aim to guide the
sampling process to be more diverse, consistent, or likely to yield correct answers.
For example, through techniques like temperature tuning, beam search, or decoding
strategies that prioritize consistency. The second approach centers around training
reward models or verifiers that evaluate and select the best answer from a set of gen-
erated candidates [78, 64, 7, 40]. Instead of changing how outputs are sampled, these
methods improve what is ultimately chosen by learning to recognize better answers,
either based on final outcomes or the reasoning steps that lead to them. These fall
into two types:

• Outcome-based Reward Models (ORMs) score final answers directly, often
trained on human preferences or correctness labels [7].

• Process-based Reward Models (PRMs) evaluate each reasoning step in a
chain-of-thought, offering finer-grained feedback [40, 71]. PRMs have shown
better performance in math reasoning benchmarks like MATH, GSM8K, and
ProcessBench, as they identify logical errors early rather than just judging fi-
nal correctness [62, 40]. For instance, ThinkPRM [27] uses only 1% of data yet
matches or surpasses other verifiers on core reasoning tasks.

Training verifiers typically requires annotated chains-of-thought. PRMs need each
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step labeled as correct or incorrect, and ORMs need final responses scored or ranked.
Researchers have used crowd-sourced labeling (e.g., the PRM800K dataset [40]) or
synthetic data from expert LLMs to bootstrap training [27]. Once trained, verifiers
are used at test time in a search + verify pipeline. The base model samples multiple
CoT candidates. Each is scored by the verifier, either as a whole (ORM) or step-wise
(PRM). Out of these two, the top-scoring answer is selected. Such pipelines (e.g.,
ModelSwitch [5]) not only improve accuracy but also allocate compute more wisely,
sometimes outperforming much larger models with the same budget.

Recent work has formalized test-time scaling under a theoretical lens. They show
that a compute-optimal mixture of Best-of-N and verifier-assisted strategies can yield
much better performance than merely increasing model size, especially under a fixed
compute budget [64, 83, 95, 18, 96]. These mechanisms enable smaller or mid-sized
LLMs to match or exceed larger models like GPT-4 in complex reasoning tasks while
managing inference cost. The future likely lies in better verifiers (e.g., generative
PRMs like GenPRM [98]) and adaptive systems that balance sampling and verification
per query.



3
Methodology

3.1. System Overview

Figure 3.1: Overview of the two-stage pipeline consisting of retrieval and reasoning components.
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To tackle complex open-domain questions, our system adopts a two-stage pipeline
consisting of a retrieval stage followed by a reasoning stage. As illustrated in Fig-
ure 3.1, the retrieval stage begins with decomposing the input question into simpler
sub-questions. For each sub-question, relevant documents are retrieved and subse-
quently re-ranked using a cross-encoder to obtain the top-k evidences. These cu-
rated evidences form the basis for the reasoning stage, wherein the original question
is paired with the retrieved context to generate multiple candidate answers. A veri-
fier model is then employed to score these candidates, ultimately selecting the most
reliable answer. This modular design enables the system to both navigate multi-hop
reasoning and verify answer consistency using retrieved evidence.

3.2. Neighbourhood Aware Retrieval (NAR)
Most existing retrieval pipelines in open-domain QA rely on a static set of top-k doc-
uments retrieved in the first stage. However, this can limit performance when the
initial retrieval fails to surface useful or diverse evidence. To address this, we adopt
the Neighbourhood Aware Retrieval (NAR) framework [44], which iteratively re-ranks
and expands the document pool by leveraging a neighbourhood graph over the cor-
pus. The key idea is that documents close in the semantic space are more likely to
provide complementary evidence for answering a complex question [22]. As shown
in Figure 3.2, the NAR pipeline alternates between scoring document batches (us-
ing re-ranking), and expanding the candidate pool via nearest neighbors from a pre-
computed graph. This allows the retrieval process to progressively move toward better
evidence.

In our implementation, we apply NAR at the sub-question level, where the LLM first
decomposes the original question and generates follow-up sub-questions. Each sub-
question is processed independently through the NAR loop to gather high-quality sup-
porting documents. These sub-questions and their corresponding batches of retrieved
documents form the basis for downstream answer generation and consistency check-
ing.

Building upon this framework, we introduce Frontier Aware Iterative Retrieval (FAIR)
— a new re-ranking strategy designed to reward answer consistency and confidence
across iterations.

3.3. Frontier Aware Iterative Retrieval (FAIR)
While NAR helps overcome the limitations of first-stage retrieval by incorporating local
document neighbourhoods for expansion and re-ranking, it does not account for the
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Figure 3.2: Neighbourhood Aware Retrieval (NAR) pipeline.

consistency of answers across different batches of documents in the FAIR setup. So,
NAR lacks a mechanism to estimate and reinforce confidence in answers that repeat-
edly emerge from different evidence contexts. As a result, even if multiple retrieved
batches independently support the same answer, NAR does not explicitly leverage
this agreement to guide subsequent retrieval steps.

To improve the quality of evidence used for complex question answering, we intro-
duce FAIR (Frontier Aware Iterative Retrieval). It is a re-ranking strategy that collects
confidence for answers in the frontier across varying batches of documents and uses
this information to rescore the candidate evidence. FAIR retains and promotes docu-
ments that reinforce the current answer frontier, thereby increasing the likelihood that
later iterations retrieve complementary and corroborative evidence. FAIR is built on
the same underlying infrastructure as SUNAR but diverges in its scoring logic. While
SUNAR penalizes documents that contribute to semantic uncertainty, FAIR avoids
penalization altogether and instead selectively rewards evidence that drives conver-
gence towards a consistent answer frontier. So basically, it selectively boosts the
scores of documents that strengthen the current answer frontier. This type of distinc-
tion is especially important when working with LLMs, which are often stochastic and
prone to minor lexical variations in output. Penalizing documents because of slight in-
consistencies across generations may result in unfair suppression of genuinely helpful
content. Thus, FAIR’s design makes it more robust to LLM generation variance and
avoids unfairly downgrading helpful documents that may have received inconsistent
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answers due to model randomness.

FAIR implements the NAR pipeline, as shown in Figure 3.2. Given a complex question,
it decomposes the problem into simpler sub-questions and retrieves a batch of doc-
uments using a sparse retriever such as SPLADE. These are passed to a re-ranker
that selects the top candidates. The corresponding neighbourhood in the document
graph is then explored via a KNN expansion module, allowing the retrieval of semanti-
cally related documents. As this cycle repeats, FAIR updates document scores based
on their contribution to consistent LLM-generated answers. Figure 3.3 represents the
FAIR pipeline.

It is a novel method that integrates document re-ranking with a dynamic answer fron-
tier, which is maintained and updated over time. This frontier consists of one or more
highly supported answers and serves as a running estimate of the system’s current
belief about the correct response to a sub-question. At each iteration, FAIR rewards
those documents whose answers align with the current frontier and ignores others,
allowing it to build answer confidence through iterative consistency checks.

Figure 3.3: Frontier Aware Retrieval (FAIR) pipeline.



3.3. Frontier Aware Iterative Retrieval (FAIR) 19

3.3.1. Working of FAIR

Algorithm 1 FAIR: Frontier Aware Iterative Retrieval
Input: QuestionQ, sub-question sq, initial document poolD, batch size b, document
graph G, cross-encoder ψCE, language model ϕLLM

Output: Final re-ranked document set R+

1: R+ ← ∅ ▷ Final re-ranked result set
2: C ← D ▷ Candidate pool
3: N ← ∅ ▷ Neighbor pool
4: F ← ∅ ▷ Initial answer frontier
5: while |R+| < k do
6: B ← top-b documents from C
7: {a1, . . . , ak} ← ϕLLM(sq, B) ▷ Generate k answers using LLM
8: C ← σ({a1, . . . , ak}) ▷ Cluster answers via entailment
9: TopK← top-k clusters in C by frequency
10: Update F using TopK ▷ Replace weakest entry if needed
11: if |F| = 1 then
12: multiplier ← 2
13: else
14: multiplier ← 1
15: end if
16: for all d ∈ B do
17: score← ψCE(sq, d)×multiplier
18: Store score
19: end for
20: R+ ← R+ ∪ B
21: C ← C \B
22: N ← N ∪ (Neighbours(B,G) \R+)

23: C ←

{
D if C = N

N if C = D

24: end while
25: return R+

Notation: We denote the language model generation function as ϕLLM , the answer clus-
tering operation as σ, and document scoring using a cross-encoder as ψCE . The answer
frontier F is updated iteratively based on the most frequent semantic clusters to promote
consistency in the re-ranked result set R+.

As shown in Algorithm 1, the retrieval takes place in the following manner. We begin
with an initial sub-question sq derived from a complex queryQ, and an initial document
pool D retrieved via a sparse retriever. The re-ranking loop operates over batches of
size b, using a cross-encoder model ψCE for scoring and a language model ϕLLM for
generating candidate answers. The algorithm maintains three working sets: a can-
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didate pool C, a neighbor pool N , and a final re-ranked result set R+, all initialized
accordingly. Additionally, a dynamic set F is maintained to represent the current an-
swer frontier, which reflects the most consistent answers observed so far.

At each iteration, the algorithm selects the top-b documents B ⊆ C and passes them
along with sq to the LLM. This results in a set of k generated answers:

{a1, a2, . . . , ak} ← ϕLLM(sq, B) (3.1)

These answers are then semantically clustered into groups of equivalent meaning.
Clustering is carried out using bidirectional entailment checks to group paraphrases
into consistent semantic clusters. Formally, we denote this operation as:

C ← σ({a1, a2, . . . , ak}) (3.2)

where σ is the clustering function that merges semantically equivalent answers.

From the resulting clusters C, the top−k most frequent clusters are selected and used
to update the answer frontier F . If a newly observed answer cluster is not already in
the frontier and is supported more strongly than the weakest frontier entry, it replaces
the weaker entry. The update logic ensures that F always contains the up to k most
dominant answers observed across document batches, effectively forming a bounded
confidence set. This evolving frontier allows the system to track convergence of an-
swers over time.

The consistency of the answer frontier is then used to modulate document scores. If
the frontier contains only a single answer (i.e., |F| = 1), this indicates high agree-
ment among model generations. In such cases, documents in the current batch are
rewarded by doubling their score:

multiplier =

2 if |F| = 1

1 otherwise
(3.3)

Each document d ∈ B is then scored by the cross-encoder, conditioned on sq, and
adjusted by the multiplier:

scored = ψCE(sq, d)×multiplier (3.4)

This reward mechanism encourages the inclusion of documents that promote answer
consistency without explicitly penalizing documents that do not, avoiding potential
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over-pruning of relevant but underrepresented evidence.

After scoring, the current batch B is added to the final re-ranked set R+, and removed
from the candidate pool C. The graph G, constructed offline using dense retrieval
similarity (e.g., via ColBERT or SPLADE embeddings), is then used to expand the
document pool. Specifically, the neighbors of documents in B that have not yet been
added to R+ are inserted into the neighbor pool N :

N ← N ∪
(
Neighbours(B,G) \R+

)
(3.5)

To ensure broader exploration of the document graph and mitigate potential stagna-
tion, the candidate pool C is alternated between the original document pool D and
the neighbor pool N . When the current candidate pool is exhausted, the update is
performed as follows:

C ←

D if C = N

N if C = D
(3.6)

This alternation mirrors the expansion mechanism used in SUNAR [72], enabling the
retrieval system to incrementally discover new but semantically relevant documents
not surfaced by the initial sparse retriever.

The process continues until the re-ranked set R+ contains k documents. These doc-
uments, now scored with consistency-aware feedback, are passed to the reasoning
module of the QA system for final answer synthesis.

FAIR thus introduces a principled method for promoting documents that reinforce con-
sistent model behavior, without prematurely excluding evidence that may become rele-
vant in later stages. By dynamically maintaining a small frontier of supported answers
and adjusting scores based on global consistency rather than local uncertainty, FAIR
offers a robust and interpretable alternative to purely uncertainty-based document re-
ranking.

3.3.2. Answer Generation and Final Reasoning
Once the final re-ranked document set R+ has been constructed using the FAIR pro-
cedure, the system proceeds to the answer generation stage. For each sub-question
sqi derived during the decomposition phase, we select the top-l documents (where
l = 10) from R+ and prompt the language model to generate an answer ai. This is
repeated for all sub-questions in the decomposition chain.

While this sequential reasoning approach enables step-by-step synthesis of interme-



3.4. Answer Selection via Test-Time Scaling and Verifier Models 22

diate answers, we observed that it may suffer from cascading errors. Since the final
answer is typically generated using only the result of the last sub-question and its corre-
sponding evidence, any mistakes in earlier steps can propagate and lead to incorrect
conclusions.

To mitigate this issue, we incorporate a post-hoc correction mechanism inspired by
the Meta Evidence Reasoner (MER) proposed in SUNAR [72]. The idea behind MER
is to revisit the entire reasoning trajectory and combine it with top-ranked evidence
from across all sub-questions to re-evaluate the original query. Specifically, once we
have obtained the full sequence of intermediate reasoning pairs:

(sq1, a1), (sq2, a2), . . . , (sqn, an)

we aggregate the top-l evidences retrieved during each step and concatenate them.
This combined evidence set, along with the original complex question Q and the rea-
soning path, is passed once more to the LLM. The final answer is generated in a single
pass, allowing the model to revise earlier steps and resolve contradictions, if any.

This simple correction mechanism significantly improves answer quality in practice,
especially on complex multi-hop questions where factual coherence across reasoning
steps is essential. As also noted in SUNAR, MER serves as an effective fallback
strategy that allows the model to reconsider all available evidence before committing
to a final output. In our pipeline, we find that combining FAIR with MER provides a
robust and interpretable method for final answer generation that is both consistent and
context-aware. The prompt used is shown in Figure A.1 in the Appendix.

3.4. Answer Selection via Test-Time Scaling and Veri-
fier Models

Once the top-k evidences are retrieved for a given question, the reasoning stage is
tasked with synthesizing them into a correct and well-justified answer. However, even
with strong evidence, the first reasoning attempt from an LLM is not guaranteed to be
correct. Factors such as stochastic decoding, incomplete utilization of provided ev-
idence, and subtle reasoning errors can cause a top-1 output to fail. For instance,
self-evaluation guided beam search reveals how uncertainty propagates across inter-
mediate steps and undermines chain consistency [84]. Other studies show that even
when a model correctly answers a question, its accompanying chain-of-thought may
be logically incoherent or partially unsupported [47]. Furthermore, errors introduced
late in a reasoning chain can disproportionately affect the final answer—a vulnerabil-
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ity termed “late-stage fragility” [93]. Together, these findings indicate that relying on a
single chain is brittle, especially for multi-hop or reasoning-intensive tasks.

To mitigate this risk, we adopt test-time scaling (TTS). It is a strategy that shifts the
problem from “finding the perfect answer in one shot” to “generating multiple plausible
answers and selecting the best one.” Instead of relying on a single chain of thought, we
sample multiple reasoning paths for the same question, thereby expanding the space
of candidate answers. This increases the likelihood that at least one candidate is both
logically valid and factually correct [79, 64, 7]. Test-time scaling operationalizes this
idea by trading additional compute for greater answer reliability. The selection step
then becomes a matter of identifying the most trustworthy candidate, which can be
done via majority voting or, as we explore later, with a trained verifier.

3.4.1. Majority Voting
In majority voting, after performing test-time scaling, we aggregate its outputs. More
concretely, for each question q, the LLM is prompted k times (typically k = 10) using
the same set of retrieved documents. This produces a set of candidate answers:

Aq = {a1, a2, . . . , ak} (3.7)

We then perform majority voting over these k outputs to determine the final answer.
This involves grouping semantically equivalent answers and identifying the most fre-
quently occurring one. Formally, we define a function σ that clusters equivalent an-
swers into sets:

C = σ(Aq) = {C1, C2, . . . , Cm} (3.8)

where each cluster Ci ⊆ Aq contains answers that are semantically similar (typically
judged by exact match or normalized string equivalence).

The final answer a∗q is then chosen as the representative of the largest cluster:

a∗q = argmax
a∈Aq

|{ai ∈ Aq | ai ∼ a}| (3.9)

where ∼ denotes semantic equivalence (e.g., ignoring casing, punctuation, or minor
rewordings).

This procedure is illustrated in Figure 3.4, where multiple LLM outputs are grouped
and the most common answer is selected. While simple, this approach leverages the
natural variability of LLM generations to improve stability at inference time.
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Figure 3.4: Illustration of the majority voting approach. Given a question and supporting evidence,
the LLM generates multiple candidate answers. These are grouped by textual similarity, and the most

frequently occurring answer is selected as the final prediction.

3.4.2. Training Verifier Models for Answer Selection
Having discussed majority-vote and self-consistency based mechanisms for combin-
ingmultiple reasoning chains, we now turn to amore sophisticated and reliablemethod:
verifier-based test-time scaling.

In the classic self-consistency (majority-vote) approach [79], multiple reasoning paths
are sampled and their final answers are aggregated by frequency. Although widely
adopted, this strategy has notable limitations:

• It assumes that the most commonly generated answer is always correct, which
can fail when multiple chains converge on the same incorrect reasoning.

• It ignores the quality of individual chains and often overlooks minority but correct
chains.

• As highlighted in Mirror-Consistency [19], majority voting may miss subtle uncer-
tainties that alternative chains reveal.

Researchers have thus proposed augmenting aggregation with verification-basedmeth-
ods that evaluate the correctness of chains rather than just trusting their consensus.
For instance, Li et al., propose DiVeRSe, a verifier-driven weighted voting approach
that significantly improves accuracy across multiple reasoning benchmarks by dis-
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carding faulty chains before aggregation [38]. Similarly Vacareanu et al., introduced a
general-purpose verifier that weights chains based on confidence scores, outperform-
ingmajority-vote self-consistency on tasks like GSM8K and CommonsenseQA [73]. In
V-STaR, the research demonstrates that verifiers substantially outperform both stan-
dard self-consistency and iterative self-improvement strategies in math reasoning and
code generation settings [17].

Given these findings, we adopt verifier-based TTS in our retrieval-augmented pipeline.
Rather than relying on majority voting alone, we fine-tune verifiers to assign a confi-
dence score to each reasoning chain with respect to the question. At inference time,
the answer with the highest verifier score is selected. This approach is more robust to
noisy or spurious consensus and promotes reasoning chains that are both internally
consistent and grounded in evidence.

The remainder of this section details how training data for verifiers is constructed and
how fine-tuning is conducted to enable high-quality answer selection.

Training Data Preparation. We begin by sampling a subset of questions from the
training set, denoted by {q1, q2, . . . , qn}. For each question qi, we use its correspond-
ing gold evidences to prompt a language model multiple times, generating a set of
reasoning chains {ci1, ci2, . . . , cik}. Each chain cij concludes with a predicted answer
âij.

Let ai be the gold answer to question qi. We define a normalization function η(·) to
account for minor lexical variations. A binary label yij is assigned to each chain cij as
follows:

yij =

1 if η(âij) = η(ai)

0 otherwise
(3.10)

This results in a labeled dataset D = {(qi, cij, yij)}, which contains both correct and
incorrect reasoning chains for each question. Each training example consists of the
input string formed by concatenating the question and the reasoning chain:

[Question]: qi [Chain]: cij

The corresponding label yij supervises the model’s prediction for this input.

Importantly, evidences are not included in the input to the verifier during training. This
design choice is made to avoid excessive context length and reduce the risk of in-
troducing noise, as the reasoning chain itself typically contains the core logical path
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leading to the predicted answer.

Model Training. Each input (qi, cij) is tokenized and passed through a pretrained
encoder. We experiment with two architectures: a RoBERTa-based model and a
LLaMA-based model.

Rationale for model choice: RoBERTa [42] is a strong bidirectional encoder that
has consistently shown competitive performance on natural language understanding
tasks, making it well-suited for discriminative scoring of reasoning chains. In contrast,
LLaMA [68] is a generative, decoder-only architecture capable of capturing broader
contextual and reasoning patterns learned from large-scale pretraining. By including
both architectures, we aim to study whether reasoning-chain verification benefits more
from a bidirectional understanding model or a generative LLM fine-tuned for discrimi-
native tasks. This comparison has also been explored in prior verifier work [7, 78].

Architecture design: In both cases, we append a lightweight classification head—a
single linear layer—on top of the encoder’s pooled output representation. This design
is common in verifier models [7, 40], as it allows the base encoder to focus on ex-
tracting semantically rich features while the classification head maps these to a scalar
confidence score. The simplicity of this head also prevents overfitting, especially when
fine-tuning on relatively small verifier datasets, and has been shown to be effective in
tasks such as fact verification [48] and math reasoning verification [71].

Let zij denote the scalar logit output for example (qi, cij). This value is passed through
a sigmoid activation to obtain the probability that the reasoning chain is valid:

ŷij = σ(zij) =
1

1 + e−zij

The model is trained using the binary cross-entropy loss:

L = − [yij log ŷij + (1− yij) log(1− ŷij)] (3.11)

Here, yij is the ground-truth label, and ŷij is the model’s predicted probability. This
objective encourages the model to output high confidence scores for correct chains
and low scores for incorrect ones.

Over time, the verifier learns to internalize answer correctness patterns directly from
the natural language content of the reasoning chains, allowing it to act as an effective
reward model during inference. The overall data preparation process is shown in
Figure 3.5.
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Figure 3.5: Training data preparation pipeline for fine-tuning the verifier. For each question from the
training set, multiple reasoning chains are generated using gold evidences. Chains are compared
against the ground truth answer and assigned binary labels based on correctness. The labeled

examples are then used to fine-tune the verifier model.

3.4.3. Inference using Trained Verifiers
At test time, the trained verifier models are used to select the most reliable reasoning
chain for each question. Given a test question q and its corresponding top-k evidences
{e1, e2, . . . , ek} retrieved via the pipeline described earlier, we prompt the language
model k times to generate k different reasoning chains {c1, c2, . . . , ck}. Each chain
attempts to answer the original question using the given evidences.

To select the best among these chains, we use a verifier model ψ trained as described
in the previous subsection. For each chain ci, we form an input string by concatenating
the original question q and the chain:

xi = [Question]: q [Chain]: ci

This input xi is passed through the verifier ψ to produce a scalar score:

zi = ψ(xi)

which is interpreted as the model’s confidence in the correctness of the chain. The
chain with the highest score is selected as the final answer:

c∗ = argmax
i

ψ(xi) (3.12)

Unlike the majority voting baseline, which selects the most frequently occurring an-
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swer across generated chains, this verifier-based selection relies on deeper semantic
understanding captured during fine-tuning. The verifier can implicitly reason about
factual consistency and logical coherence, rather than relying purely on surface-level
frequency.

The overall inference process is illustrated in Figure 3.6, where the highest-scoring
chain is selected as the best reasoning path. This chain’s concluding statement is
extracted as the final answer to the original question.

Figure 3.6: Inference-time pipeline using a trained verifier. Given a test question and retrieved
evidences, multiple reasoning chains are generated using an LLM. Each chain is scored

independently by the verifier, and the chain with the highest score is selected as the final answer.
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Implementation Details and

Experiments

4.1. Datasets
To evaluate the retrieval and reasoning strategies proposed in this work, we use
two benchmark datasets that explicitly require multi-hop, compositional reasoning:
MuSiQue (MQA) [69] and 2WikiMultiHopQA (WQA) [16]. These datasets have
emerged as reliable alternatives to earlier multi-hop QA benchmarks, particularly due
to their resistance to shortcut strategies and their enforcement of deeper reasoning.
Examples illustrating the structure and type of questions in these datasets are pro-
vided in Appendix A.1.

4.1.1. MuSiQue (MQA)
MuSiQue, short for Multi-hop Questions via Single-hop Question Composition, was
introduced by Trivedi et al. (2022) to address critical flaws in prior multi-hop datasets.
Datasets like HotpotQA [89] and WikiHop [81] have been shown to allow shallow
heuristics and incomplete evidence chains to suffice for correct answer prediction
[46]. In contrast, MuSiQue constructs each question by combining two or more inde-
pendently sourced single-hop QA pairs that cannot be answered correctly unless the
model integrates evidence from both. This compositional nature ensures that models
cannot rely on isolated facts or entity co-occurrence.

Each question is accompanied by a small set of gold passages that support the answer,
along with a larger pool of challenging distractors. These distractors are topically

29
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similar but do not contain answer-relevant information, thereby increasing the retrieval
difficulty. In line with prior work [51], we restrict our evaluation to the 2-hop subset
of MuSiQue, which consists of 1,252 questions that require exactly two reasoning
steps. This filtered subset presents a clean and focused setting for studying multi-
step retrieval and inference.

4.1.2. 2WikiMultiHopQA (WQA)
2WikiMultiHopQA [16] is another multi-hop QA benchmark, constructed by pairing
Wikidata triples with corresponding Wikipedia passages. Questions in WQA are ex-
plicitly designed to require reasoning across multiple Wikipedia articles, typically in-
volving entities that are connected through intermediate facts or relations. The task
setup simulates real-world information-seeking scenarios where users ask compari-
son questions (e.g., “Who has more Olympic gold medals, X or Y?”), temporal ques-
tions (e.g., “Which event happened first?”), or complex fact-synthesis queries.

Each WQA question is paired with sentence-level supporting facts extracted from dif-
ferent documents, making it well-suited for evaluating document retrieval strategies
that must not only identify relevant passages but also preserve their contextual align-
ment. For our experiments, we use a randomly sampled set of 1,200 questions from
the development split, covering a broad range of question types and reasoning pat-
terns.

4.2. Hardware Configuration
The experiments were conducted across a combination of compute platforms, each
selected to meet the specific requirements of different components in the pipeline.

The bulk of our development and retrieval experiments were carried out on a dedicated
remote server located in Germany. The server runs on a Linux environment with an
AMD EPYC 7302P processor (32 cores, 3.0 GHz base clock) and is equipped with
two NVIDIA RTX 3090 GPUs. This machine offers ample memory capacity (256 GB
RAM) and high parallel throughput, making it suitable for both GPU-intensive tasks
and large-batch processing during document scoring and re-ranking

To train and fine-tune the verifier models, we used Kaggle’s GPU-accelerated note-
books 1, which provide access to dual NVIDIA T4 GPUs. Each T4 is based on the
Turing architecture and features 2,560 CUDA cores, 320 Tensor cores, and 16 GB
of GDDR6 memory. With a combined 32 GB of GPU memory, the dual T4 setup en-

1https://www.kaggle.com/
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ables larger batch sizes and supports deeper model architectures during fine-tuning.
Although T4s are not as powerful as A100 or V100 GPUs, they are well-optimized for
deep learning workloads and offer a good trade-off between cost-efficiency and com-
putational capability. In our experiments, both the RoBERTa-based verifier and the
LLaMA-3.2-3B model were trained on this setup using PyTorch, with mixed-precision
training enabled where applicable. All training and evaluation tasks were carried out in
interactive Kaggle notebooks, with environment management handled through Conda
and pip.

For scaling up the Frontier-Aware Iterative Retrieval (FAIR) experiments, particularly
for large-batch inference with LLaMA models, we utilized the DelftBlue supercom-
puter at TU Delft [1]. We ran jobs on compute nodes equipped with NVIDIA A100
GPUs (40 GB), leveraging SLURM job scheduling and local scratch storage for high-
throughput document retrieval and answer tracking. FAIR iterations were parallelized
across question batches to optimize GPU utilization under constrained wall-time limits.

4.3. Implementation Details
4.3.1. FAIR
Corpus Construction

To simulate open-domain QA, we construct a shared retrieval corpus by combining all
gold contexts from both datasets, along with their associated distractor passages. The
distractors are drawn using dense retrievers such as DPR [26] or SPLADE [11] and
are intentionally crafted to resemble relevant documents while lacking critical evidence.
This setup mirrors the protocol outlined in recent work by Khot et al. [30] and ensures
that the retrieval component of the pipeline must operate under noisy and challenging
conditions.

In total, the resulting corpus comprises 569,461 Wikipedia passages, serving as the
evidence base for both MQA and WQA evaluations. This corpus is used to assess
the robustness of retrieval strategies like SUNAR and FAIR under realistic and high-
entropy environments.

Retriever Setup

The first stage of the QA pipeline begins with document retrieval. It is a critical com-
ponent in any open-domain question answering system, particularly in multi-hop set-
tings where the reasoning chain is easily disrupted by missing or noisy evidence. In
this work, we adopt the same foundational retrieval design as SUNAR [72], which has
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been shown to outperform other dense and sparse retrievers in complex QA scenar-
ios.

For the initial retrieval stage, we use SPLADEv2, a sparsity-aware lexical expansion
retriever that has demonstrated strong recall in open-domain settings. SPLADE ex-
pands both the query and the documents using transformer-based contextual em-
beddings, enabling it to capture semantically relevant matches that go beyond exact
lexical overlap. SUNAR empirically found SPLADEv2 to outperform other off-the-shelf
dense retrievers commonly used in retrieval-augmented generation (RAG) pipelines
(see Table 8 in their Appendix), which motivates its use as the retrieval backbone in
this work as well.

To model document-document relationships and support neighbourhood-based re-
ranking, we construct a document graph following themethodology outlined in SUNAR.
Specifically, we use ColBERTv2 to generate document embeddings. ColBERTv2 is a
late-interaction retriever, whichmakes it particularly effective for capturing fine-grained
semantic relevance between long-form documents. This property is especially useful
when modeling the relationships among multi-paragraph Wikipedia passages.

A K-nearest neighbors (KNN) graph is constructed by performing a similarity search
over all document embeddings in the corpus. For each document, the top-100 nearest
neighbors are identified based on cosine similarity, and these links are used to build
the static document graph. At query time, the system retrieves the top-100 documents
using SPLADEv2 and applies neighbourhood-aware re-ranking by exploring the local
graph structure. During re-ranking iterations, only 10 neighbors per document are
explored to ensure computational efficiency and fair comparison with other baselines
that operate on a re-ranking budget of 1,000 documents.

For FAIR, we set the answer frontier size parameter k to 2, meaning that at each iter-
ation, only the two most frequent semantic clusters from the LLM-generated answers
are retained in the frontier. This choice allows the system to capture a small set of
dominant, semantically consistent answers while still accommodating alternative can-
didates if agreement is low. The value of k was chosen empirically to balance robust-
ness against noise with the ability to track multiple plausible answers.To score docu-
ment relevance during re-ranking, we use a cross-encoder model: nreimers/mmarco-
mMiniLMv2-L12-H384-v1 , which is also employed in SUNAR. This model computes
pairwise relevance scores between the query and each candidate document, provid-
ing higher-fidelity judgments than simple dot-product similarity.

Following SUNAR, we limit the final ranked list to the top-10 documents, which are
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passed as context to the language model for answer generation and reasoning. This
decision is grounded in their empirical findings: SUNAR compared different top-K
cutoffs and found that using more than 10 documents did not yield significant improve-
ments, while increasing inference cost (see Figure 3 in their Appendix). By adhering
to the same cutoff, this work maintains consistency with prior evaluations and ensures
fair comparability.

Relevance of Decomposed Prompting

The decision to use datasets like MuSiQue and WQA is further motivated by the grow-
ing body of research on modular reasoning, most notably the Decomposed Prompting
framework proposed by Khot et al. [30]. That work demonstrated that breaking down
complex questions into simpler sub-questions, each of which can be tackled inde-
pendently by a language model, leads to more interpretable and accurate solutions.
Importantly, they highlight that datasets like MuSiQue are particularly well-suited for
such decomposition-based methods, since each reasoning step in a question corre-
sponds naturally to a discrete inference module.

Our approach builds directly upon this philosophy of compositionality. We use follow-
up decomposition to isolate and address intermediate reasoning steps, which then
inform both document retrieval (as in SUNAR and FAIR) and inference-time answer
selection. In doing so, we move beyond monolithic generation and instead promote
multi-stage, verifiable reasoning that better aligns with human-like problem solving.
Thus, both our dataset selection and retrieval design are shaped by the modularity
principles advocated in decomposition-based QA.

To perform decomposition, we use an instruction-style prompting setup where the
model is encouraged to explicitly ask and answer sub-questions before arriving at
the final answer. The prompt is constructed using a series of few-shot examples that
demonstrate how a complex question can be broken down into follow-up questions,
each producing an intermediate answer. The final output is expected only after all
intermediate reasoning steps are completed. A snippet of our prompt is shown in
Figure A.2 in the Appendix.

The decomposition prompt is used to guide the language model in breaking down a
complex question into a sequence of follow-up questions and intermediate answers.
This format encourages step-by-step reasoning and culminates in a final answer, align-
ing with the compositional structure of datasets like MuSiQue andWQA. This format is
applied across a diverse set of compositional question types—temporal comparisons,
causal reasoning, nested entity relations, and nationality comparisons thus allowing
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the model to learn how to reason step-by-step across a variety of patterns. At runtime,
the actual test question is appended at the end of this prompt structure, and the model
completes the chain of reasoning in a similar fashion. By standardizing decomposi-
tion in this way, we ensure consistency and interpretability across both training and
evaluation stages.

Model Configuration and Reasoning Setup

The FAIR retrieval framework relies on LLMs not only for final answer generation, but
also as an integral part of the iterative retrieval loop. We experiment with two LLMs
for meta-reasoning : LLaMA-3.1-8B-Instruct 2 and GPT-4o-mini 3. These models
are evaluated across both the MQA and WQA datasets under identical retrieval and
reasoning conditions.

For the iterative retrieval steps in FAIR, we use LLaMA-3.1-8B-Instruct, deployed
using the vLLM [32] inference engine. The model is configured with dtype="half"
to enable mixed-precision computation and reduce memory overhead. To support
large batch processing during document re-ranking, we set max_model_len and ma
x_num_batched_tokens to 50,000 tokens and allocate up to 80% of GPU memory
via gpu_memory_utilization=0.80. We also enable tensor parallelism across two
GPUs (tensor_parallel_size=2) and disable chunked prefill to optimize latency dur-
ing re-ranking. The model is run in eager mode for compatibility with vLLM’s batching
backend.

In each retrieval iteration, themodel receives a conversational prompt consisting of the
original or follow-up question along with the currently retrieved document batch. Sam-
pling is performed with a temperature of 0.3 and top_p = 1.0 (nucleus sampling), while
restricting generation to a maximum of 256 tokens. A stopping condition is defined
based on the presence of a specific intermediate tag, ensuring that partial answers or
unsupported hallucinations are filtered before contributing to the frontier update.

To evaluate the robustness of FAIR under different reasoning substrates, we also
perform parallel experiments using OpenAI’s GPT-4o-mini model. This model is ac-
cessed via the OpenAI API and configured with similar decoding parameters: temper
ature=0.3, top_p=1.0, and max_tokens=2048. For each question, the prompt com-
bines structured information from the table, textual evidence, and the question itself,
with a system instruction that enforces answer derivation through multi-step rationale
generation. We set the frequency penalty to 0.8 and the presence penalty to 0.6
respectively, discouraging repetitive or overconfident generations. Multiple answer

2https://huggingface.co/meta-llama/Llama-3.1-8B-Instruct
3https://platform.openai.com/docs/models/gpt-4o-mini
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candidates are sampled per query (n=self.top_n) to enable downstream selection
using verifier models.

The use of two distinct LLMs allows us to evaluate FAIR’s retrieval stability across gen-
eration styles—one open-source and instruction-tuned (LLaMA-3.1-8B-Instruct), the
other closed-source and commercially hosted (GPT-4o-mini). The underlying infras-
tructure for LLaMA-based experiments runs on multi-GPU servers and the DelftBlue
A100 cluster, while GPT-4o queries are executed remotely via API.

4.3.2. Test-Time Scaling with Verifier Models
Multi-Chain Generation

As discussed in 3.4.3, for each question in the test set, we generate 10 distinct reason-
ing chains, each consisting of step-by-step rationale followed by a final answer. These
chains are constructed using OpenAI’s GPT-4o-mini model with a temperature of 0.3,
ensuring diversity while maintaining factual coherence. The prompting format closely
follows that of the FAIR meta-reasoning framework, where the model is given both
the question and the previously constructed reasoning path, along with the top-k evi-
dences (retrieved using either SUNAR or FAIR). Few-shot examples are prepended to
the prompt to demonstrate the required format, using tags like [Answer]: and [Final
Answer]: to clearly delineate reasoning from conclusion.

Chain generation is performed for both the MuSiQue (MQA) and 2WikiMultiHopQA
(WQA) datasets, under two evidence settings: one using SUNAR’s retrieved evidence
as context, and the other using FAIR’s retrieved evidence as context. This setup en-
ables a controlled comparison of how different retrieval strategies interact with gener-
ation diversity and answer selection.

Chain Selection Using Prompt-Based Verifiers

Once the reasoning chains are generated, we use a verifier model to identify the
most trustworthy one. The verifier is prompted with the question and all ten candi-
date chains, formatted as a numbered list. It is then asked to evaluate each chain in
terms of logical consistency, factual accuracy, and directness, and to select the best
among them. The instruction is explicit: if multiple chains are valid, the verifier should
favor the most concise and question-aligned one.

We conduct this evaluation using two different verifier models:

• GPT-4o-mini (via OpenAI API)

• DeepSeek R1-7B, an instruction-tuned open-source model optimized for step-by-
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step reasoning

Both models are queried using the same prompt structure, with decoding temperature
set to 0.3 and top_p to 1.0, and the output is parsed to extract the selected chain index.
The final answer is then extracted from the chain using a regex pattern that targets
the [Final Answer]: tag.

This verifier-based re-ranking is applied to all generated chains across both datasets
and evidence settings. As we show in the results section, this slightly boosts cover-EM
scores compared to relying on the default chain or a majority-vote heuristic.

Verifier Training: RoBERTa and LLaMA

In addition to evaluating open-source and prompt-based language models for verifier-
based answer selection, we also trained two dedicated verifier models: one based
on RoBERTa and the other on LLaMA-3.2-3B. These models were trained to judge the
quality of reasoning chains by classifying whether a given chain led to the correct
final answer. The training dataset for both models was created by generating multi-
ple chains per question from the training split of the MuSiQue and 2WikiMultiHopQA
datasets, using GPT-4o-mini as the generator.

Training Data Construction

As discussed in 3.4.2, to construct the training data for verifier models, we generated
5 distinct reasoning chains for each question in the training split of the dataset, using
GPT-4o-miniwith few-shot prompting. This process was repeated for 5,000 questions,
yielding a total of 25,000 chains.

However, this initial dataset was imbalanced. Only 6,532 of the 25,000 chains were
labeled as incorrect, while the remainder were correct. To avoid bias during training,
we constructed a balanced dataset by sampling an equal number of correct chains.
This resulted in 13,064 chains in total (half correct and half incorrect), ensuring that
the verifier learned to distinguish strong reasoning paths from faulty ones rather than
defaulting to the majority class.

To prepare the data for training, we applied stratified sampling to split the balanced
dataset into training and validation sets while preserving label proportions. Specifically,
80% of the examples were used for training and the remaining 20% for validation.
Each training instance was formatted as a prompt combining the question and its
associated reasoning chain, with the label appended at the end. Validation instances
were formatted similarly, but with the label left blank, allowing the model to predict it.
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Split # Chains Correct Incorrect
Initial Generation 25,000 18,468 6,532
Balanced Dataset 13,064 6,532 6,532
Train (80%) 10,451 5,225 5,226
Validation (20%) 2,613 1,307 1,306

Table 4.1: Data composition and splits for training the verifier model. The Initial Generation set
contains all generated reasoning chains, labeled correct or incorrect based on gold answers. A

Balanced Dataset is created by downsampling the majority class, and then split into 80% Train and
20% Validation sets.

RoBERTa-Based Verifier

To train the RoBERTa-based verifier, we used Hugging Face’s Trainer API with robe
rta-base as the underlying model. The input format for each instance consisted of
the question and the corresponding reasoning chain, followed by a classification label
(correct or incorrect). During training, the model was optimized using AdamW with
a learning rate of 2 × 10−5 and a batch size of 16. Evaluation was performed every
500 steps, and the best model checkpoint was selected based on validation accuracy.
We also enabled early stopping with a patience of two evaluation intervals to prevent
overfitting. This training setup allowed the model to focus on distinguishing logically
consistent and semantically aligned chains from those that were either incorrect or
incoherent.

LLaMA-Based Verifier

The LLaMA-based verifier was trained using a similar dataset, but implemented in
a custom training loop outside the Hugging Face framework. We used the meta-l
lama/Llama-3.2-3B-Instruct model as the base, and added a lightweight binary
classification head on top. Tokenization was handled using the corresponding LLaMA
tokenizer, and input sequences were capped at 512 tokens. The training loop was
implemented in PyTorch, with a BCEWithLogitsLoss objective and a cosine learning
rate scheduler with 5% warmup. We used AdamW for optimization with a learning
rate of 1 × 10−3 and a batch size of 16. During training, the model’s performance on
the validation set was tracked, and early stopping was applied using validation loss as
the criterion. Unlike the RoBERTa setup, this model was trained outside of the Trans-
formers library and made use of a manually managed training loop to allow greater
flexibility in customizing components like the learning rate scheduler and model saving
routines.
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4.4. Evaluation Metrics
4.4.1. Quantitative Metrics
For quantitative evaluation, we use the cover-EM metric to measure answer correct-
ness. This metric, proposed by Rosset et al. [60], considers an answer correct if the
gold (ground-truth) answer is a substring of the model’s predicted answer. This offers
a relaxed and more robust evaluation compared to exact match, particularly in multi-
hop settings where answer phrasing can vary despite being semantically correct. We
follow the same cover-EM formulation adopted by recent work such as Press et al.
[51], allowing for a fair comparison to systems like SUNAR.

To evaluate retrieval quality, we report Recall@k, where a prediction is considered
successful if at least one gold evidence passage appears among the top-k retrieved
documents. This is calculated separately for both the SUNAR-based and FAIR-based
pipelines, giving us insight into how each method performs in isolating relevant con-
text. We report Recall@1 and Recall@10 for both the experiments, aligning with the
standard used in multi-hop open-domain QA benchmarks.

4.4.2. Qualitative Analysis
Alongside quantitative evaluation, we also conduct a qualitative analysis of the rea-
soning chains generated during inference. This is particularly important in multi-step
question answering, where accuracy metrics alone may fail to capture the nuances of
model behaviour. For example, a correct final answer may mask flaws in intermedi-
ate reasoning steps, such as unsupported claims, overlooked evidence, or incorrect
intermediate computations that would undermine the robustness of the model in a
real-world setting. Conversely, a logically sound and well-supported reasoning chain
may be penalized under strict evaluation criteria for superficial lexical mismatches or
differences in abstraction level between the model’s output and the gold answer.

To systematically capture these nuances, we adopt a grounded theory-inspired ap-
proach [82], applying the constant comparison method [15] to iteratively examine and
group individual reasoning instances into coherent categories. Here, each instance
refers to a full reasoning chain produced by the model for a given question, includ-
ing intermediate steps and the final prediction. By continuously comparing instances,
we identify recurring reasoning strategies, common failure modes, and qualitative im-
provements achieved by specific inference settings.

In some cases, models produce partially correct reasoning that fails only at the fi-
nal aggregation step, suggesting opportunities for targeted post-processing or inter-
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mediate verification. In others, the reasoning may drift away from the retrieved ev-
idence, highlighting limitations in retrieval relevance or in the model’s ability to stay
grounded. Such analyses also help detect cases where dataset annotation choices
such as overly strict string matching or ambiguous gold answers introduce apparent
errors that are not genuine reasoning failures.

Our qualitative analysis therefore complements the aggregate scores by revealing
where performance bottlenecks truly lie: whether in retrieval coverage, reasoning ro-
bustness, answer abstraction mismatches, or annotation inconsistencies. These in-
sights are critical for guiding future improvements, as they point to failure modes that
may not be apparent from quantitative metrics alone.
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Figure 5.1: Task performance of different retrieval methods on the WQA dataset in a zero-shot
setting performed using gpt-4o-mini.

Before diving into complex reasoning or verifier-based answer selection, it is impor-
tant to first assess the quality of retrieval alone (without any downstream re-ranking
or reasoning). To that end, we compare the effectiveness of FAIR against existing
methods like SPLADE and SUNAR in a simple zero-shot setup.

The idea is straightforward: given a question, we retrieve documents using each
method and ask a language model (GPT-4o-mini) to generate a direct answer with-
out any chain-of-thought reasoning or verification. This isolates the contribution of
retrieval quality in the overall QA pipeline.

40
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As shown in Figure 5.1, FAIR outperforms both SPLADE and SUNAR on the WQA
benchmark. In particular, FAIR achieves 46.43% cover exact match (cover-EM) ac-
curacy in this zero-shot setup, compared to 45.83% with SUNAR and 37.17% with
SPLADE. While the absolute gains over SUNAR may seem modest in this specific
configuration, they are consistent–and more importantly, they are backed by deeper
improvements in evidence quality, as we will explore shortly.

To further quantify FAIR’s ability to retrieve relevant information, we also evaluate Re-
call@k across both the MQA and WQA benchmarks. As shown in Table 5.1, FAIR
achieves the highest recall at the top-10 cutoffs across both datasets, even outper-
forming SUNAR. This demonstrates that FAIR does a better job at keeping gold evi-
dence passages “in play,” which in turn provides a stronger foundation for subsequent
reasoning modules.

Retriever MQA WQA
R@1 R@10 R@1 R@10

SELF-ASK(Re-Rank) 0.157 0.309 0.230 0.402
SELF-ASK(Retrieval) 0.152 0.240 0.205 0.399
SUNAR 0.284 0.459 0.287 0.606
Frontier Based Retrieval (FAIR) 0.254 0.490 0.288 0.629

Table 5.1: Retrieval performances on MQA and WQA.

5.1.1. Qualitative Analysis
While quantitative metrics such as Recall@k provide a broad view of retrieval effective-
ness, they do not always capture the qualitative differences in the types of evidence
retrieved. To further illustrate the strengths of FAIR over SUNAR, we present a com-
parative case study (Table 5.2) involving the following question:

Which film has the director who died first — Crimen A Las Tres or The
Working Class Goes To Heaven?

To answer this, the system must identify both directors and compare their dates of
death. FAIR succeeds in this instance by retrieving all the necessary facts: that
Crimen A Las Tres was directed by Luis Saslavsky, who died in 1995, and that The
Working Class Goes To Heaven was directed by Elio Petri, who died earlier, in 1982.
With this information clearly present in the evidence set, the model confidently returns
the correct answer: The Working Class Goes To Heaven.

SUNAR, on the other hand, fails despite retrieving some relevant passages. While it
does include multiple documents about Luis Saslavsky and accurately notes his death
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date, it fails to retrieve any document explicitly stating when Elio Petri died. Instead,
it retrieves indirect mentions of Petri through the lens of his filmography and collabo-
rations with actor Gian Maria Volonté, including a paragraph that confusingly focuses
on Volonté’s death in 1994. Lacking concrete evidence about Petri’s death, the model
incorrectly assumes that Luis Saslavsky died first, resulting in a wrong answer.

This example highlights a key advantage of FAIR’s approach: by maintaining an evolv-
ing answer frontier and rewarding evidence batches that produce consistent answer
candidates, FAIR encourages the retrieval of complementary information — in this
case, details about both directors. SUNAR’s uncertainty-penalization strategy, on the
other hand, does not explicitly reward such complementary coverage, leading it to
fixate on one entity and overlook the other. As a result, even in seemingly straight-
forward comparative questions, SUNAR can falter if the retrieval process lacks global
consistency.

Method Evidences

Question: Which film has the director died first, Crimen A Las Tres or The
Working Class Goes To Heaven? [Dataset: WQA]
FAIR [Evidence 1] The Working Class Goes to Heaven is a 1971 polit-

ical drama film directed by Elio Petri.
[Evidence 2] Crimen a las tres is an Argentine crime film directed
by Luis Saslavsky.
[Evidence 3] Luis Saslavsky was born in 1903 and died onMarch
20, 1995.
[Evidence 4] Elio Petri died in 1982.
[Final Answer]: The Working Class Goes To Heaven

SUNAR [Evidence 1] Crimen a las tres is an Argentine crime film directed
by Luis Saslavsky.
[Evidence 2] Luis Saslavsky was born in 1903 and died in 1995.
[Evidence 3] The Working Class Goes to Heaven is a 1971 film
directed by Elio Petri.
[Evidence 4] Gian Maria Volonté, who acted in Petri’s films, died
in 1994.
[Final Answer]: Crimen A Las Tres

Table 5.2: Qualitative comparison of evidences retrieved by FAIR and SUNAR for a comparative
temporal reasoning question. FAIR successfully retrieves and connects both death dates, while

SUNAR fails to find Petri’s death information and makes an incorrect prediction.

The previous example demonstrated FAIR’s advantage in handling comparative tem-
poral reasoning questions, where success depends on retrieving complementary facts
about multiple entities. FAIR’s frontier-based retrieval encouraged balanced cover-
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age of both directors’ death dates, enabling it to correctly answer the question, while
SUNAR’s uncertainty-penalization approach failed to capture the complete picture.

We now turn to an example from the MQA dataset, which further highlights FAIR’s
ability to gather all the critical facts needed for reasoning. In this case, the question
asks:

“What is the name of the food safety system of the federal agency that
regulates prescription drugs?”

To answer this question, a system must first identify the relevant federal agency — the
U.S. Food and Drug Administration (FDA) — and then retrieve the specific name of its
food safety system. This requires connecting two pieces of information: the agency
responsible for prescription drug regulation and the food safety system it administers.

FAIR handles this process effectively. It begins by confirming that the FDA regulates
prescription drugs, as seen in multiple supporting evidences. Crucially, it then re-
trieves a passage explicitly naming the Food Safety Modernization Act (FSMA) as the
FDA’s food safety system. This direct linkage between the FDA and FSMA makes
the reasoning step straightforward, allowing FAIR to confidently produce the correct
answer: Food Safety Modernization Act (FSMA).

SUNAR, in contrast, retrieves incomplete and somewhat unfocused evidence. While it
does correctly identify the FDA as the relevant agency, it fails to retrieve any document
explicitly mentioning FSMA. Instead, its evidence set contains tangential details about
prescription drug importation and regulatory practices, with no direct connection to the
FDA’s food safety framework. Lacking this crucial link, SUNAR defaults to producing
an incomplete and incorrect answer: FDA regulations.

This example illustrates how FAIR’s answer frontier mechanism rewards retrieval
batches that contribute complementary information, ensuring that all reasoning steps
are fully supported. SUNAR’s approach, while effective in some contexts, can result
in fixation on partial information (as seen in Table 5.3), leading to missing key facts
and ultimately producing an incorrect answer.
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Method Evidences

Question: What is the name of the food safety system of the federal agency
that regulates prescription drugs? [Dataset: MQA]
FAIR [Evidence 1]…FDA or U.S. Food and Drug Administration, is an

agency responsible for the control and safety of food and drugs.
[Evidence 2] The United States Federal Food, Drug, and Cos-
metic Act …gives authority to the FDA to oversee the safety of
food, drugs, medical devices, and cosmetics.
[Evidence 3] The Food Safety Modernization Act (FSMA)
…grants the FDA new authorities to regulate the way foods are
grown, harvested and processed.
[Final Answer]: Food Safety Modernization Act (FSMA)

SUNAR [Evidence 1] In the United States, there has been a push to legal-
ize importation of medications …while in most cases importation
of prescription medications violates FDA regulations.
[Evidence 2] Ben Goldacre has argued that regulators …such as
the FDA in the United States …advance the interests of the drug
companies rather than the public.
[Final Answer]: FDA regulations

Table 5.3: Qualitative comparison of evidences retrieved by FAIR and SUNAR for an MQA example.
FAIR successfully retrieves both the agency (FDA) and the food safety system (FSMA), while SUNAR

retrieves only partial information and misses the crucial FSMA mention.

Key Insight

Enhancing retrieval quality has a direct and measurable impact on end-to-end QA
performance. Even without additional reasoning or re-ranking steps, stronger re-
trieval ensures that more relevant evidence is available to the model, leading to
higher answer accuracy.
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5.2. Impact of Evidence Quality on Downstream Reason-
ing

Model MQA WQA
gpt-4o-mini
SELF-ASK 26.76 37.33
SUNAR 32.19 48.16
FAIR 33.06 48.53

LLaMA 3.1 (8B)
SELF-ASK 5.43 25.83
SUNAR 13.82 39.52
FAIR 16.30 42.30

DeepSeek-R1 (7B)
SPLADE only 15.10 42.13

Table 5.4: Single-shot chain-of-thought meta-reasoning results across different LLM substrates. FAIR
and SUNAR use their respective retrieval methods, while DeepSeek operates in a zero-shot setting
with SPLADE’s top-10 evidences and performs its own internal test-time scaling. In both cross-model

and same-model setups, FAIR’s retrieval consistently leads to stronger downstream reasoning
performance compared to SUNAR, and improves over DeepSeek despite the latter’s built-in TTS

mechanism.

Beyond direct retrieval metrics, it is also important to assess whether the improve-
ments in evidence quality offered by FAIR translate into gains for downstream reason-
ing tasks. Table 5.4 presents results for a single-shot chain-of-thought meta-reasoning
setup across theMQA andWQA datasets, comparing FAIR, SUNAR, and SELF-ASK
under different LLM substrates.

In the first setting, evidence retrieval and reasoning are decoupled: FAIR’s evidences
are retrieved using LLaMA-3.1-8B-Instruct but the reasoning step is carried out with
the stronger GPT-4o-mini model. Despite operating with retrieval from a smaller
model, FAIR still slightly outperforms SUNAR on both datasets. This is particularly no-
table given that SUNAR’s retrieval is powered by GPT-3.5-turbo1, a larger model than
the retriever used for FAIR in this setup. These results suggest that FAIR’s retrieval
strategy—by virtue of producing more complementary and targeted evidence—can
provide a quality advantage that compensates for the smaller retriever size, resulting
in better final reasoning accuracy.

In the second setting, both retrieval and reasoning are performed with the same LL
aMA-3.1-8B-Instruct model. Here too, FAIR maintains its advantage over SUNAR,

1https://platform.openai.com/docs/models/gpt-3.5-turbo
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achieving 42.30% on WQA compared to SUNAR’s 39.52%. This indicates that the
gains from FAIR’s frontier-aware retrieval mechanism are not confined to cross-model
pipelines, but also hold when reasoning is done with the same model used for re-
trieval. A plausible explanation for this trend is that FAIR’s frontier consistency mech-
anism increases the likelihood of retrieving complementary pieces of information that
address all aspects of the question, rather than over-concentrating on a subset of en-
tities or facts. This broader yet targeted coverage appears to reduce reasoning gaps
downstream, even when the reasoning model itself is relatively small. Conversely,
SUNAR’s uncertainty-penalization approach does not explicitly encourage such cover-
age, making it more susceptible to partial retrievals that limit reasoning effectiveness.

We also benchmark a third setting using DeepSeek-R1-7B, a reasoning model with a
built-in zero-shot test-time scaling mechanism. DeepSeek internally generates and
aggregates multiple reasoning chains before producing its answer. Supplied with
SPLADE-retrieved evidences, DeepSeek achieves 42.13% cover-EM on WQA sur-
passing LLaMA-3.1-8B-Instruct with SUNAR retrieval. However, FAIR still outper-
forms DeepSeek in the same dataset, despite DeepSeek’s internal TTS. This high-
lights a critical point: reasoning quality is fundamentally constrained by evidence
quality. Even a strong reasoning model cannot compensate for incomplete, redun-
dant, or tangential retrievals. FAIR mitigates this by promoting documents that re-
inforce consistent answers, ensuring that any reasoning process (be it single-shot,
verifier-assisted, or internally aggregated) operates over high-value, diverse, and rel-
evant context.

These results reinforce the central hypothesis of this work: improvements in retrieval
quality propagate through the QA pipeline, enhancing final answer accuracy even
when reasoning is performed by a stronger model or aided by built-in TTS mecha-
nisms. Retrieval optimization and reasoning optimization are not competing strategies
but complementary ones.

Having established that FAIR’s retrieval quality can translate into measurable reason-
ing improvements, we now turn to scenarios where reasoning performance is pushed
further through test-time scaling and the use of verifiers to select the best answers
from multiple reasoning paths.
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5.3. Verifier-Driven Gains in Multi-Chain Reasoning
Method MQA WQA

SUNAR FAIR SUNAR FAIR
Upperbound (Golden Evidences)
gpt-4o-mini 80.67 88.75
Upperbound (Ideal Verifier)
gpt-4o-mini 38.42 40.85 58.75 60.98
Single Shot Prompting (No TTS)
gpt-4o-mini 32.19 33.06 48.16 48.53
Prompt-based Verifier
gpt-4o-mini 35.75 (+11.06%) 35.81 (+8.32%) 53.67 (+11.44%) 54.84 (+13.00%)
DeepSeek 35.46 (+10.16%) 34.69 (+4.93%) 51.92 (+7.80%) 52.40 (+7.97%)
Majority Voting
gpt-4o-mini 34.03 (+5.72%) 34.69 (+4.93%) 50.50 (+4.86%) 50.63 (+4.33%)
Verifier (Best-of-N)
RoBERTa Verifier 35.22 (+9.41%) 35.41 (+7.10%) 53.67 (+11.44%) 54.67 (+12.65%)
LLaMA-based Verifier 34.37 (+6.77%) 34.90 (+5.57%) 54.25 (+12.65%) 54.50 (+12.30%)

Table 5.5: Cover-Exact Match (Cover-EM) performance on the MQA and WQA datasets under
different retrieval settings (SUNAR and FAIR) and answer selection methods. The table also reports
the Upperbound (Golden Evidences) score, representing the maximum attainable performance if
gold-standard evidences were provided, and the Upperbound (Ideal Verifier) score, which assumes
perfect chain selection given the retrieved evidences. Percentage gains (in green) are computed

relative to the Single Shot Prompting (No TTS) baseline.

In this part of the evaluation, the focus shifts from retrieval to what happens after the
relevant evidence has been gathered. Here we see howmultiple reasoning chains can
be leveraged at inference time, and how the choice of a final answer from these chains
impacts performance. The experimental setup for this has already been discussed in
4.3.2.

We begin this analysis by examining the performance of DeepSeek that incorporates
its own internal mechanism for test-time scaling in a zero-shot setting (as discussed
in the previous section). In our experiments, DeepSeek is paired with the top-10
SPLADE retrieved evidences, relying entirely on its built-in approach to generate and
select answers from multiple reasoning paths without the use of an external verifier.
While such implicit test-time scaling can provide a level of robustness, its effectiveness
is constrained by the model’s ability to accurately judge the quality of its own outputs,
a challenge that decoder-only models often face [85].

In contrast, explicit test-time scaling with a dedicated verifier separates the generation
and selection stages. Multiple candidate reasoning chains are first produced by the
reasoning model, after which a verifier, trained specifically to detect subtle factual or
logical inconsistencies, scores and ranks these candidates. This separation allows
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even smaller reasoning models to achieve higher final accuracy when supported by a
strong verifier and high-quality evidences.

The benefits of this explicit approach become more apparent when combined with
FAIR retrieval. FAIR not only increases the coverage of essential facts but also pro-
motes the retrieval of complementary evidences that collectively address all aspects
of the question. This leads to a more diverse and complete set of candidate chains,
which in turn increases the likelihood that a capable verifier will identify and select the
correct one. Consequently, the combination of FAIR retrieval with verifier-based test-
time scaling surpasses the performance of DeepSeek’s implicit scaling with SPLADE
retrieval, illustrating the advantage of decoupling reasoning from answer selection and
of supplying the verifier with stronger, more targeted evidences.

The Upperbound (Golden Evidences) in Table 5.5 captures the most optimistic sce-
nario possible. Here, the model is fed gold-standard evidences (human-annotated
supporting documents) rather than retrieved ones. The evaluation criterion is gener-
ous: if any of the ten generated answers is correct, the question is counted as correct.
This means we are isolating the generation ceiling — the maximum attainable perfor-
mance if retrieval were flawless and the verifier could, in principle, choose correctly
every time.

The Upperbound (Ideal Verifier) is conceptually similar but uses actual evidences
retrieved by SUNAR or FAIR. The same generous “at least one correct chain” rule is
applied, but now the context is constrained to whatever the retrieval stage produced.
This upper bound therefore reflects the combined effect of retrieval coverage and rea-
soning diversity, assuming an oracle verifier that never makes a wrong selection.

An interesting pattern emerges here. For WQA, the gap between the two upper
bounds is relatively small, suggesting that when using high-quality retrieval (as in
FAIR), most of the essential information is already present, which perhaps helps in
better reasoning. In MQA, however, the gap is significantly larger. Our interpretation
is that MQA’s multi-hop structure, with its longer and often noisier reasoning chains,
makes retrieval quality a much stronger bottleneck. Even an ideal verifier cannot
compensate if the retrieved set is missing key bridging facts or if the evidences are
fragmented across multiple documents that never appear together in a single chain.
We return to this point later in Section 5.4, where we break down specific MQA error
cases.

When we move from these theoretical limits to actual verifiers, the trade-offs become
more pronounced. The RoBERTa-based verifier stands out: across both datasets, it
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achieves results that are nearly on par with GPT-4o-mini, despite being far smaller
and faster. This is a critical insight. GPT-4o-mini, while powerful, is computationally
expensive for large-scale deployment. A compact discriminative model like RoBERTa
offers a practical, cost-efficient, and scalable alternative without sacrificing much ac-
curacy. In operational terms, this means that once a verifier of this quality is trained,
we could run large inference batches at a fraction of the computational and financial
cost.

Q:Where was the director of Ronnie Rocket born?
Single-shot

Pred: United States
Gold: Missoula, Montana

Test-time scaling (10 chains)

Answer Count

Missoula / Montana 8
United States 2

Verifier pick: Missoula, Montana

Single-shot predictedUnited States (wrong). Multiple chains producedMissoula, Montana,
which the verifier selected correctly.

Figure 5.2: Test-time scaling improves accuracy by sampling multiple reasoning chains and letting
the verifier pick the best one.

The LLaMA-based verifier performs respectably but consistently trails RoBERTa. One
plausible explanation lies in the nature of the task itself. Selecting the best reasoning
chain from a set of candidates is a discriminative classification problem rather than
a generative one. Architectures such as RoBERTa are pretrained using masked lan-
guage modeling (MLM), which has been shown to produce contextualized represen-
tations that are highly effective for downstream classification and ranking tasks [9, 42].
This pretraining paradigm directly encourages the model to capture bidirectional de-
pendencies and to make fine-grained token-level distinctions, both of which are useful
when identifying subtle factual or logical inconsistencies between candidate answers.

By contrast, LLaMA is an autoregressive decoder-only model optimized for left-to-right
generation. While suchmodels excel at producing coherent and contextually plausible
text, their representations are not inherently tuned for discriminative decision-making
[53, 77]. Without substantial task-specific adaptation, generative models may be less
sensitive to small but critical factual mismatches or reasoning errors that distinguish
a “good” chain from a superficially coherent yet incorrect one. Similar observations
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have been made in verifier-oriented studies, where discriminative encoders consis-
tently outperform decoder-only models of similar size when applied to answer selec-
tion or ranking tasks [7, 40]. This architectural bias likely explains the performance
gap observed here, despite both models being fine-tuned on the same verification
dataset.

The performance of DeepSeek as a verifier is another point worth discussing. While
DeepSeek is marketed as a reasoning-optimized model, its results here lag behind
both prompt-based and discriminative verifiers. There are several factors that could
explain this. First, DeepSeek is primarily optimized for producing reasoning, not for
evaluating and ranking existing reasoning. Second, as discussed earlier in this sec-
tion, decoder-only generative models often lack calibration when judging their own or
others’ outputs— a well-known issue in verifier tasks [85]. Third, the prompts we used
were adapted from generative settings and may not fully exploit DeepSeek’s strengths
for discriminative ranking. Without specialized tuning for this exact decision-making
role, its ability to catch subtle logical flaws or factual mismatches may be limited.

5.3.1. Qualitative Analysis
Temporal Ordering Resolution (Date Comparison)

Following the methodology in Section 4.4.2, we analyzed 30 samples to define a tax-
onomy of improvements in verifier-selected output sequences. The most common
category, Temporal Ordering Resolution, accounted for 60% of cases. These ques-
tions are solved by extracting two or more dates from the evidence and comparing
them. Single-shot chains often miss one date or skip the comparison, leading to er-
rors, especially when distractor documents contain similar names or irrelevant tempo-
ral information.

Unlike single-shot prompting, TTS does not rely on a single reasoning path; instead, it
generates multiple candidate chains, increasing the chance that at least one captures
all necessary details. The verifier then favours chains that explicitly extract all rele-
vant dates and perform the correct chronological comparison. In the example shown
in Figure 5.3, the single-shot approach fails to locateWhitaker’s death date due to con-
fusion from distractors, whereas TTS with verifier correctly extracts both death dates
(1698 and 1916) and concludes Fleetwood Sheppard died first. This pattern illustrates
how verifier-driven selection can systematically reduce reasoning failures caused by
partial or incomplete evidence usage.
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[Claim]: Who died first, Fleetwood Sheppard or George William Whitaker?

[Evidence]:
1. Fleetwood Sheppard (1 January 1634 – 25 August 1698).
2. George William Whitaker (25 September 1840 – 6 March 1916).
3. Frederick Arthur Whitaker (1893 – 1968), British civil engineer.
4. Curtis Sheppard, American boxer, no recorded death date.
5. William Whitaker (1629 – 1672), English ejected minister.
6. William Whitaker (1923 – 1995), English footballer.

Reasoning without TTS (Single-shot Prompting)
[Prediction]: Uncertain
[Reasoning]: Misses Whitaker’s death date due to distractors with similar
surnames. Unable to compare both dates, so fails to determine who died
first.

Reasoning with TTS + Verifier
[Prediction]: Fleetwood Sheppard
[Reasoning]: Extracts both death dates (1698 and 1916) from relevant ev-
idence. Compares them and concludes Fleetwood Sheppard died first.

Figure 5.3: Example of Temporal Ordering Resolution (Date Comparison). Relevant evidence is
highlighted in blue. Single-shot prompting fails due to distractors, whereas TTS + Verifier correctly

extracts and compares dates to identify Fleetwood Sheppard as the earlier death.

Familial Relationship Reasoning

Another frequent improvement pattern, observed in 8 out of the 30 analyzed cases
(26.6%), involves reasoning over genealogical links between entities. We refer to this
as Familial Relationship Reasoning. These questions typically require identifying
an entity’s relative (e.g., paternal grandmother) by traversing a short chain of family
connections. For instance, answering “Who is Blanche of Portugal’s (1259–1321)
paternal grandmother?” requires (i) identifying her father, King Afonso III of Portugal,
and (ii) determining that Afonso III’s mother was Urraca of Castile.

Single-shot prompting often fails in such cases due to the presence of distractor en-
tities in the retrieved evidence (see Fig 5.4). When only one reasoning chain is gen-
erated, any incorrect early step such as associating the subject with the wrong family
branch propagates to the final answer without correction.

Test-time scaling (TTS) improves robustness here through two mechanisms. First,
generating multiple reasoning chains increases diversity in entity linking paths: some
chains may follow distractor passages, but others correctly trace the lineage. Second,
the verifier filters for logically complete and internally consistent chains, often favoring
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those that explicitly identify the intermediate relative before producing the final an-
swer. As a result, TTS greatly increases the likelihood that at least one chain avoids
distractors and executes the correct multi-step reasoning, making it more resilient than
single-shot prompting for this class of questions.

[Claim]: Who is Blanche Of Portugal (1259–1321)’s paternal grandmother?

[Evidence]:
1. Blanche of Portugal (1259–1321) was the daughter of King Afonso III

of Portugal and his second wife Beatrice of Castile.
2. Afonso III of Portugal was the son of King Afonso II of Portugal and

Urraca of Castile.
3. Urraca of Castile (1148–1211) was queen consort of León.
4. Other biographies of unrelated historical figures.

Reasoning without TTS (Single-shot Prompting)
[Prediction]: Queen Maud of Savoy
[Reasoning]: Correctly identifies Blanche’s father but incorrectly links to an
unrelated grandmother, likely due to confusion from distractor biographies.

Reasoning with TTS + Verifier
[Prediction]: Urraca of Castile
[Reasoning]: Explicitly resolves both hops — identifies Blanche’s father
(Afonso III), then finds his mother (Urraca of Castile) — yielding the correct
answer despite distractors.

Figure 5.4: Example of Familial Relationship Reasoning. Relevant evidence is highlighted in blue.
Single-shot prompting fails due to an incorrect link in the family chain, whereas TTS + Verifier

correctly traces the paternal line to Urraca of Castile.

The majority voting baseline provides a useful contrast. It is appealing in its simplic-
ity — no extra model, just count and choose — but its inherent weakness becomes
clear in multi-hop QA. If the majority of chains converge on an incorrect conclusion
(often with high internal consistency), majority voting will confidently amplify the wrong
answer. In fact, in several qualitative cases we examined (an example shown in Fig
5.5), the majority answer was wrong because the reasoning model made the same
early incorrect assumption in multiple chains, leading to a consistent but incorrect fi-
nal answer. This limitation makes majority voting brittle in domains where plausible
distractors are common and nuanced reasoning steps are critical.



5.3. Verifier-Driven Gains in Multi-Chain Reasoning 53

Question: Where did the director of Border (2018 film) graduate from?

Answer Count Tag
Unknown 4 Majority vote

(wrong)
Stockholm University 2 Wrong
National Film School of Denmark 1 Gold / correct
Denmark and Sweden 1 Wrong
National Film School in Denmark 2 Wrong

Takeaway: Majority voting selected Unknown (4), which is incorrect, while the gold answer Na-
tional Film School of Denmark appears only once.

Figure 5.5: Majority voting can fail when the most frequent answer is wrong.

Overall, these results highlight a key finding: the quality of the verifier directly impacts
the effectiveness of test-time scaling. Even small improvements in verifier accuracy
can meaningfully close the gap to the upper bound, particularly when retrieval is al-
ready strong. FAIR’s advantage in retrieval indirectly benefits this stage as well —
higher-quality evidence leads to more high-quality chains, which in turn increases the
likelihood that a competent verifier, whether GPT-4o-mini or RoBERTa, will pick the
correct one.

Key Insights

1. Verifier-based test-time scaling (TTS) outperforms single-shot prompting and
majority voting by filtering out chains with subtle factual or logical errors, and
selecting those that are complete and internally consistent.

2. High-quality retrieval (e.g., FAIR) amplifies TTS gains by providing more di-
verse and complementary evidence, increasing the likelihood that a capable
verifier will select the correct reasoning chain.

3. Lightweight BERT-based verifiers (e.g., RoBERTa) can match or even sur-
pass large reasoning-oriented models when trained on high-quality data, as
their strong discriminative representations are well-suited for detecting subtle
reasoning flaws.
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5.4. Analysis of Error Sources in MQA dataset
5.4.1. Answer Granularity Mismatch: Broad vs. Specific Labels

Question: Which film has the director died first, Crimen A Las Tres or
The Working Class Goes To Heaven?
Gold Answer: sports league
Verifier Prediction: National Football League (NFL)

Figure 5.6: Example of abstraction-level mismatch between gold answer and verifier prediction.

One notable source of error contributing to the large gap between the upper bound
(ideal verifier) and the upper bound with golden evidences in the MQA dataset is not
necessarily a failure in retrieval or reasoning, but rather a mismatch in the expected
level of abstraction for the final answer.

For instance, consider the example as shown in Fig 5.6. The question is: “What is
the league of the Carolina Panthers an example of?” The gold answer here is sports
league, which is in fact a broad category. The verifier, however, predicts National
Football League (NFL), which is a perfectly correct and highly specific instantiation
of the gold label. From a human perspective, the prediction is accurate. The NFL is
indeed a sports league. However, under the dataset’s strict evaluation criteria, the two
strings are not considered equivalent, and the prediction is marked as incorrect.

This mismatch illustrates a subtle challenge in open-domain QA evaluation: the model
can retrieve high-quality evidence and perform correct reasoning, yet still fail accord-
ing to the scoringmetric because it returns an entity-level answer rather than a category-
level one. In this example, the FAIR retrieval pipeline had already surfaced all the rel-
evant details — that the Carolina Panthers are a professional American football team
in the NFL — and the reasoning model built a logically sound chain to arrive at NFL.
The “error” is purely one of abstraction granularity.

Such cases inflate the gap between the ideal verifier’s performance and the golden
evidence upper bound, particularly in datasets like MQA that mix factoid and concep-
tual questions. This suggests that part of closing the gap may require integrating
controlled answer type generation or post-processing mechanisms that map specific
entities to their broader categories when appropriate.
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5.4.2. Misaligned Gold Annotations: Temporal Granularity Errors

Question: What year did the Japanese get to the city where Wang Yue
died and the rest of Guangdong province?
Gold Answer: November 5
Verifier Prediction: 1938

Figure 5.7: Example of annotation misalignment in the MQA dataset, where the gold answer format
does not match the explicit information requested in the question.

Another contributing factor to the observed gap between the upper bound (ideal veri-
fier) and the golden evidence upper bound in the MQA dataset stems from inconsis-
tencies or misalignments in the gold annotations themselves. A representative exam-
ple is illustrated in the Figure 5.7. In this case, the question is: “What year did the
Japanese get to the city where Wang Yue died and the rest of Guangdong province?”
The phrasing of the question explicitly requests a year. The retrieved evidence and
the reasoning chains produced by the verifier correctly identify 1938 as the year in
which Japanese forces entered Guangdong province and reached Foshan, the city
where Wang Yue later died.

However, the gold answer provided in the dataset is November 5, which specifies a
month and day rather than a year. From a semantic standpoint, this does not align with
the intent of the question and creates an artificial mismatch. The model’s answer is
factually correct with respect to the question, but it is nevertheless marked as incorrect
under the dataset’s cover-EM evaluation criterion.

This type of error differs from the “answer abstraction mismatch” discussed in the pre-
vious subsection. Here, the failure is not due to the model producing an answer at an
incorrect level of generality, but rather because the reference label is itself ill-suited to
the question being asked. Such misalignments introduce noise into evaluation results,
potentially inflating the perceived gap between system performance and the golden
evidence upper bound. In cases like this, no amount of improved retrieval or reason-
ing will yield a match unless additional answer normalization or gold-label correction
is performed.
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5.4.3. The Role of Annotator Intent in Evaluation Outcomes

Question: Which team is the highest goal scorer in EPL this season a
member of?
Gold Answer: Egypt national football team
Verifier Prediction: Liverpool FC

Figure 5.8: Example of team-affiliation ambiguity between gold answer and verifier prediction.

As illustrated in Figure 5.8, an example of annotation ambiguity arises with the ques-
tion: Which team is the highest goal scorer in EPL this season a member of?

In this case, the gold answer provided here is Egypt national football team, whereas
the verifier predicts Liverpool FC. On the surface, the verifier’s prediction aligns
closely with what most readers would reasonably infer — the question explicitly refers
to the English Premier League (EPL), which is a club competition, so “team” would
naturally be interpreted as the player’s club. Mohamed Salah, the top scorer in the
referenced 2018-19 EPL season, played for Liverpool FC at the time, making the ver-
ifier’s output contextually correct.

However, the gold label instead refers to Salah’s national team. This discrepancy likely
arises from a mismatch between the annotator’s intent and the question wording. It is
possible that the annotator expected the answer to reflect “any team” the player is a
member of, with a preference for national representation, or that they were attempting
to capture a broader fact about the player’s affiliations. In another interpretation, both
the club and the national team could be considered valid, but the dataset records only
one canonical answer (here, the national team) leading to the club-based prediction
being marked as incorrect under strict string matching.

This illustrates a subtle but important source of error in open-domain QA evaluation:
even when the reasoning process is sound and the retrieved evidence is directly rel-
evant, the answer may be judged wrong due to unclear or underspecified annotation
guidelines. For questions like this, without explicit disambiguation between club and
national teams, model predictions can diverge from the gold purely because of differ-
ing assumptions about the intended entity type.



6
Conclusion

6.1. Conclusion
This thesis set out to improve the robustness and effectiveness of complex open-
domain question answering (ODQA) systems by addressing two critical challenges:
the retrieval of relevant evidence, and the selection of reliable reasoning chains at
inference time. While recent work has made progress on each of these fronts in isola-
tion, this study explored their integration, examining how retrieval and reasoning can
be jointly optimized to produce more accurate and trustworthy answers.

The retrieval improvements were realized through the development of Frontier Aware
Iterative Retrieval (FAIR), an iterative re-ranking framework that rewards answer-level
consistency across document batches. By dynamically promoting documents aligned
with the most frequent semantic clusters of generated answers, FAIR increased the
diversity and complementarity of retrieved evidence while avoiding premature exclu-
sion of potentially useful documents. Experimental results showed consistent gains in
recall@k over SPLADE and SUNAR baselines, with downstream accuracy improve-
ments across multiple reasoning models. These findings confirm that encouraging
convergence in answer space during retrieval can surface evidence that might other-
wise remain undiscovered.

The second strategy focused on improving reasoning reliability at inference time. Here,
the concept of test-time scaling (TTS) was applied, generating multiple reasoning
chains for each question and using verifier-guided selection to choose the most plau-
sible answer. Both prompt-based verifiers and smaller fine-tuned models were evalu-
ated. Across MuSiQue and 2WikiMultiHopQA datasets, verifier selection consistently

57
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outperformed self-consistency baselines, particularly in scenarios where distractor
documents or noisy intermediate reasoning steps would otherwise mislead majority
voting. While larger prompt-based verifiers achieved the highest absolute accuracy,
smaller trained verifiers offered quite a favorable accuracy-cost trade-off.

Empirical results further revealed that evidence quality remains a significant bottle-
neck. Even the strongest reasoning strategies could not recover from critical missing
information in the retrieved set. Oracle experiments with golden evidence demon-
strated substantial headroom, underscoring the importance of continued advances in
recall-oriented retrieval methods.

Finally, a grounded theory-inspired qualitative analysis of reasoning chains identified
recurring error types and improvement patterns. This analysis highlighted both where
improvements occurred and why, from successful handling of distractors to robust
multi-hop reasoning in temporal and relational contexts, providing insights that quan-
titative metrics alone could not reveal.

Taken together, the contributions of this thesis demonstrate that coordinated improve-
ments in retrieval consistency and reasoning selection lead to tangible performance
gains in complex ODQA. By explicitly linking retrieval scoring to answer stability and
refining chain selection through verifiers, the methods presented here address both
the coverage and reliability challenges inherent in multi-hop question answering, while
also offering a framework for understanding and diagnosingmodel behaviour in greater
depth.

6.2. Limitations and Assumptions
This section outlines the main limitations and assumptions considered while designing
and conducting the experiments.

Reliance on Consistency as a Proxy for Relevance

The retrieval method assumes that high agreement among generated answers is a
reliable indicator of evidence quality. This is based on the intuition that when different
reasoning chains converge to the same answer, they are likely grounded in relevant
and supportive evidence. While this generally holds in practice, there may be cases
where the model consistently produces the same incorrect answer, especially if the
retrieved pool contains mutually reinforcing but factually wrong information. In such
cases, the consistency signal could unintentionally promote misleading documents.
Although this effect was not dominant in our experiments, it remains an underlying
assumption that could be examined in future work with additional safeguards.
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Computational Overhead of Test-Time Scaling

Generating multiple reasoning chains per query and applying verifier selection intro-
duces additional computational cost compared to single-shot inference. This includes
both the cost of producing multiple candidate outputs and the processing required by
verifiers to evaluate them. While smaller trained verifiers help to reduce the overhead,
the approach naturally trades off computation for improved robustness and accuracy.
In settings where computational resources are limited, this trade-off can be tuned by
adjusting the number of generated chains or selecting more efficient verification mod-
els.

Dataset Scope and Generalization

All experiments were conducted onMuSiQue and 2WikiMultiHopQA, twomulti-hopQA
datasets specifically designed to require compositional reasoning and to be resistant
to shortcut strategies. While these datasets provide a rigorous testbed for evaluating
the proposed methods, they may not capture the full variety of challenges present in
real-world ODQA scenarios, such as domain-specific terminology, noisy user queries,
or evolving knowledge bases. Consequently, further validation on a broader range of
datasets would help to confirm the generality of the findings.

Hyperparameter Choices

Several design parameters, such as the frontier size (k = 2) and the multiplier value
applied during consistency scoring, were selected empirically based on preliminary
experimentation. Although these choices yielded positive results in our experiments,
they were not exhaustively tuned through systematic ablation studies. It is possible
that alternative values or adaptive strategies could lead to further improvements, par-
ticularly when adapting the approach to different datasets or retrieval-reasoning con-
figurations.

6.3. Future Work
While the proposed methods demonstrate notable improvements in retrieval and rea-
soning for complex question answering, several promising directions remain for future
exploration.

Principled Uncertainty Measures for Retrieval and Re-Ranking

The current feedback mechanism for document re-ranking is based on answer con-
sistency, which serves as a practical proxy for evidence quality. However, more prin-
cipled uncertainty estimation methods could provide richer and more reliable feed-
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back signals. Approaches such as Bayesian inference, entropy-based confidence
measures, or calibration-aware scoring could be incorporated to better distinguish be-
tween truly uncertain predictions and confidently incorrect ones. Prior work has shown
that calibrated uncertainty metrics can better predict answer correctness and retrieval
quality in both LLMs and retrieval-augmented settings [41, 50, 20]. Such measures
could help mitigate cases where high consistency arises from systematic model bias
or homogeneous but misleading evidence.

End-to-End Feedback Integration Across the Pipeline

At present, the verifier and test-time scaling (TTS) stages operate independently from
earlier stages such as query decomposition, adaptive retrieval, and re-ranking. An
interesting avenue for future work is to integrate these components into an end-to-
end feedback loop, where verifier outputs and uncertainty signals are used to adapt
earlier stages dynamically. For example, verifier feedback could guide query decom-
position strategies, influence the selection or expansion of retrieval frontiers, or adjust
re-ranking priorities in real time. This closed-loop optimization could allow the entire
pipeline to operate more coherently, continuously refining both retrieval and reason-
ing stages based on downstream performance. Such end-to-end optimization has
been explored in multi-hop QA and retrieval-generation systems, where retrieval and
reasoning are trained jointly for better downstream accuracy [94, 24].

Improving the Efficiency of Test-Time Scaling

While TTS improves robustness by exploring multiple reasoning paths, its computa-
tional cost grows quickly with the number of candidate solutions. In this work, the
number of explored paths was limited to a relatively small set to maintain feasibility.
Future work could investigate more efficient search and selection strategies to scale
TTS to larger solution spaces without prohibitive cost. Potential approaches include
adaptive path pruning, fast explore-exploit algorithms, or lightweight approximations
of scoring functions. Although methods such as Monte Carlo Tree Search have been
explored in related contexts [95, 13, 97], they often remain computationally expen-
sive; thus, developing efficient yet effective exploration strategies remains an open
challenge.

6.4. Disclosure
In accordance with TU Delft’s publication guidelines 1, I acknowledge the use of AI-
assisted tools, including ChatGPT, to support the refinement of certain sections of

1https://www.tudelft.nl/library/actuele-themas/open-publishing/about/policies
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this thesis. The visual elements and icons used in figures were sourced from various
contributors on www.flaticon.com. All AI-assisted contributions have been critically
reviewed and revised to ensure accuracy, clarity, and alignment with the intended
meaning.
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Appendix

A.1. Datasets
A.1.1. WQA Dataset

Table A.1: Representative Question Types and Examples from the WQA Dataset

Question

People & Relations
Who is Wisigard’s father-in-law?
Who is the maternal grandfather of Antiochus X Eusebes?

Attributes & Facts
What is the date of death of Alexander Baring, 4th Baron Ashburton’s father?
What is the place of birth of the performer of the song If You Want To Be My
Woman?

Temporal (Dates/Times)
When did John V, Prince of Anhalt-Zerbst’s father die?
When was Britannicus’s father born?

Locations & Places
Where did the director of the film Vestire Gli Ignudi die?
Where was the place of death of the director of the film Mole Men Against the Son
of Hercules?
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Question

Comparisons & Selections
Which film has the director died earlier, Condemned Women or Faces in the Dark?
Which country is Audofleda’s husband from?

Causal (Why)
Why did Charis Wilson’s husband die?
Why did the director of the film Normande die?

Boolean
Are both Kaufland and Otrag located in the same country?
Are the directors of both films Der Blindgänger and Hotel Desire from the same
country?

A.1.2. MQA Dataset
Table A.2: Representative Question Types and Examples from the MQA Dataset

Question

People & Relations
Who did the screenwriter for Good Will Hunting play in Dazed and Confused?
Who played the girlfriend of Alex P. Keaton’s actor on Family Ties in Back to the
Future?
Who sings Home Alone Tonight with the singer of You Can Crash My Party Any-
time?
Who wrote “Turn Me On” by the performer of “Happy Pills”?

Attributes & Facts
What is the record label for the band which performed Pythons?
The group representing at least 70% of Jews worldwide and Italians may be genet-
ically similar due to what two factors?

Selections
Which county does Lloyd Dane’s birthplace belong to?

Numerical (Amounts)
How much did the Black Death reduce the population of the region offered aid by
the Marshall Plan?
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Question

How far is Hod Lisenbee’s place of death in TN from Nashville?
How far from Nashville in miles is the place of death of Felix Ives Batson?

Duration/Extent
How long lasting was the pact between Kravchuk and the person organizers wanted
to arrest?

A.2. Prompts
A.2.1. Meta-Reasoner Prompt

Meta-Reasoner Prompt

Instruction: Follow the given examples and, given the question and context,
reasoning path, think step by step, extract key segments from given evidence
relevant to the question and give rationale by forming your own reasoning path
preceded by [Answer]:, and output the final answer for the question using infor-
mation from the given evidences and give a concise precise answer preceded
by [Final Answer]:.

Exemplars: {}
Given the above examples and
Existing reasoner path: {Reasoning path from SUNAR},
the evidence: {top-l evidences across sub-questions}
and use the most relevant information for the question from the most relevant
evidence from the given Evidence; and form your own correct reasoning path
to derive the answer thinking step by step preceded by [Answer]: and sub-
sequently give the final answer as shown in the above examples preceded by
[Final Answer]: for the Question: {Test Question}.

Figure A.1: Instruction template for the meta-reasoner.

A.2.2. Iterative Retrieval Prompt
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MusiqueQA Prompt

Instruction:Follow the given examples and Given the question determine if
followup questions are needed and decompose the original question.

Exemplars :
Question: When does monsoon season end in the state the area code 575 is located?
Are follow up questions needed here: Yes.
Follow up: Which state is the area code 575 located in?
Intermediate Answer: The area code 575 is located in New Mexico.
Follow up: When does monsoon season end in New Mexico?
Intermediate Answer: Monsoon season in NewMexico typically ends in mid-September.
[Final Answer]: mid-September.

Question: What is the current official currency in the country where Ineabelle Diaz is a
citizen?
Are follow up questions needed here: Yes.
Follow up: Which country is Ineabelle Diaz a citizen of?
Intermediate Answer: Ineabelle Diaz is from Peurto Rico, which is in the United States
of America.
Follow up: What is the current official currency in the United States of America?
Intermediate Answer: The current official currency in the United States is the United
States dollar. [Final Answer]: United States dollar.

Question: Where was the person who founded the American Institute of Public Opinion
in 1935 born? Are follow up questions needed here: Yes. Follow up: Who founded
the American Institute of Public Opinion in 1935? Intermediate Answer: George Gallup.
Follow up: Where was George Gallup born? Intermediate Answer: George Gallup was
born in Jefferson, Iowa.
[Final Answer]: Jefferson.

Question: What is the sports team the person played for who scored the first touchdown
in Superbowl 1?
Are follow up questions needed here: Yes.
Follow up: Which player scored the first touchdown in Superbowl 1?
Intermediate Answer: Max McGee.
Follow up: Which sports team did Max McGee play for?
Intermediate Answer: Max McGee played for the Green Bay Packers.
[Final Answer]: Green Bay Packers.

Question: The birth country of Jayantha Ketagoda left the British Empire when?
Are follow up questions needed here: Yes.
Follow up: What is the birth country of Jayantha Ketagoda?
Intermediate Answer: Sri Lanka.
Follow up: When did Sri Lanka leave the British Empire?
Intermediate Answer: Sri Lanka left the British Empire on February 4, 1948.
[Final Answer]: February 4, 1948

Input : Based on above examples, given the Question: determine, Are followup
questions needed here ?

Figure A.2: Example of In-context learning for MusiqueQA (MQA) and 2WikiMultiHopQA (WQA)
through SELF-ASK based prompting of LLMs
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