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Abstract

Numerical information shapes how people interpret real-world events, evaluate claims, and make de-
cisions. As Large Language Models (LLMs) and Retrieval-Augmented Generation (RAG) systems are
increasingly used for open-domain information seeking, their ability to reason reliably over quantities
has become critical. Yet, even when models retrieve relevant evidence and produce fluent chain-of-
thought reasoning, they still often reach incorrect conclusions by failing to reason about numbers in the
right contexts. This work investigates numerical scoping errors, an underexplored reasoning failure
where a model incorrectly binds a quantity to the wrong referent, time-frame, unit, population, con-
dition, or source. In high impact settings, a single mis-scoped number can change the meaning of
a conclusion, turning a statistic into a misleading financial signal, an unsafe medical recommenda-
tion, or a false public claim. This makes numerical scoping errors an important reasoning failure to
investigate. When performing numerical fact-checking (FC) and question-answering (QA), this work
identifies scoping errors as a common and consequential failure mode in generated LLM reasoning
traces across tasks. In human analysis, scoping errors appeared in 44.7% of numerical FC and 26.8%
of numerical QA traces, with 35.3% and 81.8% of these errors, respectively, judged to contribute to
incorrect final answers. To detect these failures at scale, this work develops a hybrid LLM-as-a-Judge
pipeline that decomposes reasoning traces into quantities, verifies whether each quantity is correctly
scoped based on its source type, and aggregates these quantity-level judgements into trace-level la-
bels. The pipeline achieves moderate agreement with human annotations, but can be expensive to
leverage. To explore more efficient alternatives, the hybrid pipeline’s scoping detection signal is dis-
tilled into smaller, conservative student models which process traces around 212 times faster. Finally,
this work evaluates whether scoping-aware reward signals can improve downstream performance in
a parallel test-time scaling setting, where the system chooses among multiple generated reasoning
traces, producing modest improvements, especially when combined with correctness-based selection.
Overall, this work shows that numerical reasoning failures are not merely errors of calculation but errors
of context. By making these contextual failures visible and measurable, this work takes a step toward
numerical reasoning systems that can support high-impact, real-world decisions not only because they
calculate correctly, but because they understand what their numbers mean.
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1
Introduction

1.1. Background & Motivation
Numerical information is central to how people interpret real-world events, make decisions, and eval-
uate claims [43]. News articles, public-health reports, financial documents, scientific summaries, and
policy debates frequently rely on quantities such as percentages, rates, dates, measurements, and
comparisons to state their case. Errors in these quantities can therefore have practical consequences:
a misread political statistic can change votes, a badly contextualized financial figure can influence in-
vestors, and an incorrect medical dosage can affect someone’s health.

This makes mixed numerical reasoning an important capability for language technologies. Unlike iso-
lated arithmetic problems, real-world numerical reasoning often requires models to combine natural-
language understanding with numerical understanding: identifying the relevant quantity, determining
what entity or condition it refers to, comparing it to other quantities, and sometimes performing calcu-
lations over evidence. Table 1.1 depicts such examples of complex open-domain numerical reasoning
and shows that such problems are multi-aspect: requiring multiple numbers and reasoning steps, often
domain-specific: concerning particular fields such as taxation and politics, and nuanced: with labels
and patterns that are not always deterministic. Existing benchmarks reflect this diversity and show
that numerical reasoning is not a narrow mathematical skill, but a recurring requirement across many
information-seeking tasks [53, 31, 9, 37].

Table 1.1: Examples of complex open-domain numerical reasoning in fact-checking (FC) and question-answering (QA): (top)
an FC claim whose evidence requires reasoning about and understanding a multi-aspect, domain-specific tax system proposed
in American politics to generate a nuanced label; (middle) an FC claim requiring multiple computational steps and temporal
contextualization to arrive at the final label; (bottom) a QA query which requires combining understanding of domain-specific

taxation terms in a time period in both tabular and textual formats to arrive at a numerical answer.

Task Instance

FC

Claim: “The expanded child tax credit in the Build Back Better Act has “no means testing,” so people making $200,000 and $400,000 would get “the same as someone making” $70,000.”
Evidences:
1. “while most democratic senators are in favor of the expanded child tax credit, uncertainty surrounding the build back better act is putting the potential of an extension in doubt…”
2. “the increased child tax credit is reduced by $50 for every $1,000 income above the thresholds. for instance, if you are filing for a single return and your annual income is $77,000, you will

only be eligible for $3,500 for each child under 6 years old and $2,900 for each child under 18 years old. this reduction only works on the increased tax credit amount. you will still be eligible
for at least $2,000 tax credit for every dependent below the age of 18 years old, so long as your annual income is less than $200,000 for individuals and $400,000 for married couples.”

Label: Conflicting

Claim: Nearly 1,000 people were shot and killed by police in the U.S. between April 2020 and April 2021.”
Evidences:
1. “seventy-three u.s. police officers were gunned down in 2021. during that same year, officers shot and killed roughly sixteen times more civilians. All countries…”
2. “reporting that 1,021 people were shot and killed by police in 2020. the small number of people at risk for violence by helping them”
Label: Supports

QA

Question: “As of December 31, 2008, what percentage of unrecognized tax benefits would not impact the effective if recognized?”
Evidences:
1. “notes to the consolidated financial statements the activity in the accrued liability for unrecognized tax benefits for the two years ended December 31 , 2008 was as follows:

(millions) | 2008 | 2007
balance at January 1 | $ 110 |$ 77
additions based on tax positions related to the current year | 12 | 21
additions for tax positions of prior years | 5 | 19
reductions for tax positions of prior years | -17 ( 17 ) | -5 ( 5 )
pre-acquisition unrecognized tax benefits | 20 | 2014
reductions for expiration of the applicable statute of limitations | -6 ( 6 ) | -5 ( 5 )
settlements | -21 ( 21 ) | -1 ( 1 )
currency | -4 ( 4 ) | 4
balance at December 31 | $ 99 | $ 110”

2. “if recognized, $ 89 million and $ 88 million would impact the effective rate as of December 31 , 2008 and 2007 , respectively.”
Answer: 10%

1
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The importance of open-domain numerical reasoning has become more pronounced with the rise of
LLM-based assistants and search systems. Users increasingly ask models questions that require
both retrieval and reasoning over diverse, real-world numerical evidence. Prior work shows that open-
domain numerical reasoning benchmarks remain challenging for neural and Large Language Models
(LLMs); for example Li et al. [31] reports that state-of-the-art models remain substantially below human
performance across arithmetic reasoning tasks. Improving numerical reasoning is necessary not only
for benchmark performance, but for the reliability of LLMs in high-impact real-world settings.

Chain-of-thought (CoT) prompting has substantially improved the performance of LLMs on complex
numerical and multi-step reasoning tasks by encouraging explicit intermediate reasoning steps [59].
These approaches have been further integrated into Retrieval-Augmented Generation (RAG) pipelines,
where external evidence is retrieved and combined with structured reasoning to address numerical
question answering and fact-checking tasks in domain-specific environments that exceed the model’s
parametric knowledge [17]. In addition, test-time scaling techniques have been proposed to give a
model more time to think, solving nuanced challenges by aggregating over multiple reasoning paths at
inference time [38].

Despite these advances, modern LLM and RAG systems continue to exhibit frequent reasoning failures,
particularly in real-world numerically grounded tasks [22, 46, 50]. In RAG-based numerical reasoning,
models must correctly associate quantities with their originating sources, conditions, and constraints,
often in the presence of noisy or heterogeneous retrieved evidence, which places particular demands
on precise reasoning. Empirical studies show that even state-of-the-art models produce incorrect nu-
merical conclusions, inconsistent intermediate steps, or answers that are unsupported by retrieved
evidence [5, 2], as illustrated in Figure 1.1. These failures persist even when models generate long
and seemingly coherent reasoning traces, suggesting that explicit reasoning alone does not guarantee
correctness [22, 3].

“[…] which 
averages to N44.5 
billion per month. 

This is significantly 
lower than N700 

million, so …”

ThinkingModel

“I remember that cumulative return is 
calculated by taking the ending value, dividing 
it by the beginning value, subtracting one, and 

then multiplying by 100 to get a percentage. 
[…] So the calculation would be (214 / 100) – 1, 

which is 1.214 – 1  = 0.214, or 21.4%”

ThinkingModel

Correct: Cumulative return = (New – Old) / Old. So 214 – 100 / 
100 = 114%. Also, 214 / 100 = 0.214, not 1.214.

Correct: N44.5 billion is significantly 
higher than N700 million. 

“The liability increased from 
$527 million on December 31, 

2004, to $711 million on 
December 31, 2005. Therefore, 
the liability was greater in 2005. 

[Final Answer]: YES”

ThinkingModel

Correct: Liability was not greater on December 31, 2004, so NO.

Context

“[Question]: was 
the fin 47 liability 

greater on 
December 31 2004 
than December 31

2005?”

Logical Error Parametric Memory Error & Arithmetic Error

Answer Inconsistency Error

Figure 1.1: Examples of reasoning failures in LLM reasoning traces on open-domain numerical tasks, demonstrating the
diversity of failure modes: (top left) a logical error where an incorrect magnitude comparison is drawn despite correct value

retrieval; (top right) a parametric memory error, where an incorrect formula is used, and an arithmetic error, where the ensuing
calculation is performed incorrectly; (bottom) an answer inconsistency error where a conclusion contradicts correct

intermediate reasoning.

While a growing body of work catalogs reasoning errors in LLMs, most analyses remain largely surface-
level and task-specific, offering limited organized insights [48, 2]. Existing taxonomies focus on surface-
level phenomena such as hallucination, arithmetic errors, or faithfulness violations, but lack an overar-
ching or intuitive typology that connects failure modes to underlying reasoning mechanisms [22]. As
a result, many failure analyses stop short of identifying actionable causes that can inform model or
system-level improvements.

Identifying and isolating specific reasoning failures is nonetheless critical for advancing LLM reliabil-
ity. Fine-grained error characterization has previously proven effective in improving model robustness,
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evaluation practices, and mitigation strategies across NLP tasks [66]. In the context of RAG-based
numerical reasoning, understanding which reasoning steps fail, and how, is a necessary prerequisite
for designing targeted interventions.

This work focuses on a particular but underexplored reasoning failure: numerical scoping errors. Scop-
ing errors arise when a model incorrectly binds quantities, entities, or attributes to the wrong referents
[29], for example, assigning a statistic to an incorrect population, time frame, or measurement unit. Fig-
ure 1.2 illustrates two such cases of numerical scoping errors: in the fact-checking example, the model
conflates the scope of a percentage, reading 16% of Democratic-sponsored bills are substantive when
the correct reading is 16% of House-passed bills are Democratic-sponsored; in the QA example, the
model selects the wrong year’s balance from a table, confusing the 2014 and 2013 figures. Similar
phenomena have been noted implicitly in work on entity tracking, numerical grounding, and context
misalignment, but have not been systematically studied as a distinct failure class in RAG-based numer-
ical reasoning [29, 16].

Scoping Error Examples

“The number of Democratic-
sponsored bills – 55 –

accounts for just 16% of all 
House-passed bills [...]. 
When looking at the 55 

Democratic-sponsored bills 
[...], fewer than half –24 –

could be reasonably 
described as substantive.”

“When looking at the 55 
Democratic-sponsored 

bills, only 16% are 
considered substantive.”

Context Thinking

Model scoped the statistic incorrectly.

Correct: 16% of House-passed bills are 
Democratic-sponsored.

Model

“Table:

(in millions) | …| 2014 | 2013

Balance Jan 1 | … | 1701 | 1573

...

Balance Dec 31 | … | 1171 | 1701”

“The Balance 
December 31 for 

2014 is $1,701 
million.”

Correct: $1171 million is the Balance 
December 31 for 2014.

Fa
ct
-C

he
ck

in
g

Q
A

Figure 1.2: Numerical scoping error examples where a reasoning model (Deepseek-DistillQwen-7B; DeepSeek-AI et al. [13])
mis-scopes real-world statistics in the QUANTEMP numerical fact-checking dataset [53] and FinQA numerical question-answering

(QA) dataset [9].

Correct contextual scoping is especially critical in RAG-based numerical reasoning tasks, including
numerical question answering (QA) and numerical fact-checking (FC). In these settings, models must
correctly associate numbers with their originating sources, conditions, and constraints, even among
the natural noise retrieved. Errors in numerical scoping can lead to confidently stated but incorrect
conclusions, as shown in Figure 1.2, even when all required information is present in the retrieved
context. In high impact settings, a single mis-scoped number can change the meaning of a conclusion,
turning a statistic into amisleading financial signal, an unsafemedical recommendation, or a false public
claim, making the investigation of numerical scoping errors crucial for reliable LLM-based reasoning.

The goal of this research is to systematically characterize scoping errors in RAG-based numerical rea-
soning and to assess their role in broader reasoning failures. By treating scoping as a distinct and
measurable reasoning concern, this work aims to bridge the gap between descriptive failure analyses
and actionable improvements to numerical reasoning in LLMs and to demonstrate that failure charac-
terization can serve as a productive methodology for addressing reasoning errors more broadly.
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1.2. Research Questions
Specifically, this thesis aims to address the following research questions:

RQ1. What is one of the most common reasoning failures in RAG-based numerical reasoning tasks?
RQ2. How can scoping errors be reliably measured in RAG-based numerical reasoning settings?
RQ3. How can scoping errors be mitigated to improve numerical reasoning performance in RAG sys-

tems?

1.3. Scientific Contributions
The contributions of this work, derived from addressing the proposed research questions, are as follows:

1. Identified and characterized scoping errors in RAG-based numerical reasoning: through
qualitative & quantitative analysis of open-domain numerical reasoning traces, scoping errors
are identified as a prevalent and pestilent reasoning failure. Through an in-depth literature study
and further qualitative analysis, scoping errors are situated into a broad typology of reasoning
failures and taxonomized into different types of scoping errors.

2. Automatic structured measurement of scoping errors in RAG-based numerical reasoning:
numerical scoping errors are measured across open-domain numerical reasoning tasks using a
hybrid LLM-as-a-Judge pipeline and more efficient distilled variants. Measurement methods are
evaluated based on human agreement.

3. Evaluation of scoping-error-aware mitigation strategies: test-time scaling and reward mod-
eling strategies are customized to target scoping errors. Scoping error rates are reduced, while
modest downstream performance gains are observed. Potential limiting factors are identified and
discussed.

The code used to implement the experiments is publicly available at https://github.com/msmink01/
numerical-scoping-errors.git for reproducibility.

1.4. Thesis Outline
The report is laid out in the following way. Chapter 2 discusses current related work pertinent to the
research objectives of this study. Chapter 3 lays out the methodology used to perform numerical rea-
soning inference, detect numerical scoping errors, and use scoping-specific signals to select optimal
reasoning paths using test-time scaling techniques. Chapter 4 discusses the experiments conducted
and the implementation specifications used to answer the research questions. Chapter 5 discusses
the results obtained and situates them within the research questions and existing literature. Finally,
Chapter 6 concludes the thesis while discussing limitations and directions for future improvements.

https://github.com/msmink01/numerical-scoping-errors.git
https://github.com/msmink01/numerical-scoping-errors.git


2
Related Work

2.1. Chain-of-Thought in LLMs
Chain-of-Thought (CoT) prompting was introduced as a simple but powerful mechanism to elicit in-
termediate reasoning steps in LLMs, improving performance on multi-step, arithmetic, symbolic, and
logical reasoning [59]. Many works have adopted this approach and developed Large Reasoning Mod-
els (LRMs) trained or fine-tuned to explicitly reason before answering [46, 13]. Other works have
extended CoT beyond text-only reasoning to multimodal settings [58] and to tool-augmented architec-
tures such as retrieval in RAG pipelines [17, 2]. Despite these gains, CoT-based reasoning does not
reliably guarantee correctness. Multiple studies demonstrate that detailed reasoning traces can coexist
with incorrect conclusions, unsupported intermediate steps, and faithfulness violations [46, 22, 2]. In
numerical reasoning tasks, models often produce coherent-looking chains of thought that nonetheless
mishandle quantities, entities, or attributes [5]. This has led to growing skepticism that increased ex-
plicit reasoning monotonically improves accuracy, especially in real-world settings where context can
be noisy, irrelevant, or conflicting [46, 2]. As a result, recent work increasingly treats CoT as a fallible
reasoning process whose structure, length, and grounding require analysis.

2.2. Open-Domain Numerical Reasoning Tasks
Open-domain knowledge-intensive tasks require models to integrate external evidence with internal
reasoning to complete objectives that exceed their parametric knowledge [17]. Numerical variants
of these tasks introduce additional demands as models must correctly use quantities alongside their
noisy originating sources, conditions, and constraints, as seen in Table 1.1. This form of open-domain
mixed-modality reasoning differs from pure mathematical reasoning because the central challenge of
the task is not only to compute correct results, but also to identify which retrieved quantities are relevant,
preserve their source-specific context, and apply them under correct conditions.

FinQA [9] and TAT-QA [70] established numerical reasoning over hybrid tabular and textual financial
documents as a benchmark challenge and have since been widely used to evaluate how LLMs handle
multi-step arithmetic reasoning and evidence grounding across varying levels of complexity and rea-
soning depth [49, 5]. In the fact-checking setting, TabFact [8] established structured table-based claim
verification, while QUANTEMP [53] and its extension [55] shift to open-domain numerical claim verification
against noisy retrieved evidence, more closely reflecting real-world retrieval conditions. Recent work
on QUANTEMP has explored evidence retrieval pipelines [39] and test-time scaling [11], demonstrating
that both retrieval quality and reasoning strategy meaningfully affect numerical verification performance.
Despite this, reasoning failures in these settings remain frequent and poorly characterized, motivating
the focused analysis of this work.

5
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2.3. Reasoning Failure Typologies in LLMs
Although most LRM works report LLM failure rates and discuss the limitations of LRM processing, few
have proposed robust, generalizable, widely accepted reasoning failure typologies. Some works focus
on specific reasoning failures. Hallucination, generated content that is nonsensical or unfaithful to the
provided source content, has been widely recognized and studied in detail [22, 3]. Numerical scoping
errors are related to hallucinations because both involve a mismatch in evidence-grounded reasoning.
However, scoping errors are more specific: rather than fabricating a number, the model may copy a
correct quantity but bind it to the wrong context or use it in an ungrounded way. In this sense, scoping
errors can be locally grounded but globally unfaithful while hallucinations are often more global.

Other than hallucinations, there are many other investigated types of reasoning failures in open-domain
numerical reasoning, but few are examined in the context of a broader failure typology. Arithmetic-
specific and RAG-specific failure cases were studied in Boye and Moell [5] and Agrawal et al. [2],
respectively. Despite focusing on different settings, both works show that failures often stem from
incorrect problem representation, missed constraints, or plausible but unsupported reasoning paths.
They differ mainly in emphasis: Boye and Moell [5] highlights failures in mathematical problem solving,
while Agrawal et al. [2] highlights failures in question answering in RAG systems. These studies identify
important recurring patterns, but present them as task-specific error categories with little organization
rather than contextualizing them in a general reasoning failure typology.

Meanwhile, Song, Han, and Goodman [48] propose a broad reasoning failure typology that separates
informal (intuitive) failures from formal (logical) failures. It further separates unembodied reasoning
from embodied reasoning when interaction with a physical environment is (un)necessary. Although the
informal failure typology is well developed, the formal failure typology lists separate logical failures with
no real organization, placing a highly specific failure such as the reversal curse, where LLMs fail to
extrapolate the converse of certain logical relations, at the same level as holistic, non-specific failures
such as compositional reasoning. This work aims to build off of the reasoning failure typology proposed
in Song, Han, and Goodman [48] and the individual failure characterization studies, introducing more
organization and intuition while investigating the specific failure case explored in this work.

2.3.1. Scoping Errors
Scoping errors, or the incorrect binding of quantities, entities, or attributes to the wrong referents, have
been indirectly studied and measured throughout LRM literature. Lepori, Mozer, and Ghandeharioun
[29] frame contextualization errors as internal race conditions in the LLM where subject entities must be
contextualized early in the forward inference process for correct inference. Feng and Steinhardt [16]
analyze contextualization in language models (LMs), using causal mediation analysis to argue that
LMs assign binding vectors to entity-attribute pairs, thus contextualizing the entity. Kamoi et al. [23]
find that state-of-the-art LLMs struggle to detect context-faithfulness errors, a relative of scoping errors.
Other works explore scoping errors indirectly by analyzing context-memory knowledge conflicts [62]
or context inconsistency within faithfulness hallucination [22]. Most works directly examining scoping
errors do so in synthetic settings with white-box models and rarely analyze numerical scoping. This
work aims to specifically analyze and characterize numerical scoping errors in real-world numerical
reasoning contexts.

2.4. Reasoning Failure Measurement Strategies in LLMs
Reasoning failure measurement in LLMs spans several levels of evaluation. At the output level, com-
mon metrics assess final answer correctness, completeness, faithfulness or groundedness to the pro-
vided evidence, and sometimes efficiency or conciseness of the reasoning process. More diagnostic
analyses go beyond outcome quality and attempt to identify specific error types, such as hallucinations,
unsupported claims, arithmetic mistakes, or other reasoning failures within generated traces.

Most works that identify and measure such specific reasoning failures in LLM outputs rely on human
annotation, either through expert labeling of error types in reasoning traces [23], span-level localization
of erroneous answer content [44], or manual qualitative analysis of reasoning traces [5, 2]. While
reliable, human annotation is costly and difficult to scale, and error detection itself remains challenging
even in benchmark settings with expert-labeled data [23]. Recent work has begun to automate error
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classification in RAG settings [30], but tends to target system-level RAG error categories rather than
fine-grained reasoning failures within individual traces.

The LLM-as-a-Judge paradigm [19] offers a scalable alternative by prompting an LLM to evaluate rea-
soning traces against defined criteria, and has been used to detect generated reasoning path errors
in literature [11, 44, 30, 45]. However, Kamoi et al. [23] find low recall, unreliable explanations, and
sensitivity to prompt changes across LLM-based error detectors, suggesting that general-purpose LLM
judges remain unreliable for error detection. Structured rubric-based evaluation could improve detec-
tion reliability by decomposing evaluation into explicit sub-criteria assessed independently, as in fine-
grained alignment evaluation frameworks [66]. In domain-specific settings, this approach has been
applied to legal reasoning [28], demonstrating that structured criteria enable detection of failure types
that holistic judges miss. This work applies a hybrid rubric-driven LLM-as-a-Judge pipeline to measure
specifically numerical scoping errors, using human evaluation for ground truth calibration and automatic
rubric-based measurement for scalable failure prevalence estimation.

2.5. Mitigation of Reasoning Failures in LLMs
Mitigation strategies for reasoning failures in LLMs can be grouped according to where they intervene
in the generation pipeline. Retrieval-side approaches improve the quality, relevance, or structure of the
evidence supplied to the model, which is central in RAG systems [6]. However, improving retrieval does
not directly address failures in how the model reasons over retrieved evidence, which is the focus of
this work. Reasoning-side failure mitigation approaches instead attempt to reduce errors by modifying
the generation model, inputs, inference procedure, or outputs after generation.

Model-level approaches modify the model itself through supervised fine-tuning, preference optimiza-
tion, or reward modeling. Preference-based methods such as Direct Preference Optimization (DPO)
train models to prefer higher-quality outputs without explicitly fitting a separate reward model [42], while
reinforcement learning methods use feedback from reward models to improve model behavior [4, 68].
Rubric-based rewardmodeling further attempts tomake the feedback signal more explicit by decompos-
ing broad response quality into criteria that can be optimized during training [61, 20]. These approaches
usually optimize general helpfulness, correctness, or grounding rather than targeting a specific reason-
ing failure type and are computationally expensive to use.

Input-level approaches modify the problem formulation given to the model before generation. These
methods include prompting strategies, problem decomposition, evidence restructuring, context com-
pression, or explicit marking of important entities [55, 26, 7]. Prompting strategies can also improve
reasoning by guiding the structure of intermediate steps [69, 10].

Inference-time approaches keep the generation model parameters and inputs fixed but alter how the
model reasons at test time. Some methods introduce explicit iterative verification, self-correction, or
retrieval loops [52, 14, 34], although other studies find that LLMs often fail to correct their own reasoning
errors without stronger verification signals [24]. Test-time scaling is a related inference-time strategy
that uses additional computation during inference, either within a single reasoning trajectory or across
multiple candidate traces.

2.5.1. Test-Time Scaling and Reward-Guided Selection
Test-time scaling increases the amount of computation used at inference time rather than during train-
ing [38]. It can be broadly divided into sequential and parallel approaches [47]. Sequential test-time
scaling allocates additional computation within a single reasoning trajectory, for example through it-
erative refinement or verification loops [47, 65, 14, 34]. Parallel test-time scaling instead samples
multiple independent candidate reasoning traces and selects or aggregates among them after genera-
tion [47, 38]. Parallel approaches are especially common in the literature because they are simple to
implement, naturally parallelizable, and directly compatible with answer aggregation methods such as
self-consistency [57] and verifier-guided selection [32, 25, 67, 47, 61].

Self-consistency is a simple form of parallel test-time scaling in which multiple reasoning paths are
sampled and their final answers are aggregated by majority vote [57]. Verifier-guided test-time scaling
extends this idea by scoring or filtering candidate traces before selecting a final answer, as done by
Chungkham et al. [11] in numerical fact-checking.
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Verifier-guided selection often relies on reward models, which can be divided into Outcome Reward
Models (ORMs) and Process Reward Models (PRMs) [32]. ORMs score a complete candidate output,
usually according to final correctness or overall response quality. PRMs instead score intermediate
reasoning steps, making themmore fine-grained but also more expensive to train because they require
step-wise process labels [32]. Recent work therefore explores methods for reducing the annotation cost
of PRMs, including automatically generated or sample-efficient process supervision [25, 67, 47]. In
contrast, ORMs are less fine-grained but easier to train and apply in parallel test-time scaling because
they only require output-level labels.

This thesis follows the parallel test-time scaling setting. However, instead of using only generic correct-
ness scores, this work uses scoping-error-aware signals to guide candidate trace selection in open-
domain numerical reasoning. This positions the work as a targeted form of verifier-guided test-time
scaling: the goal is not only to select traces that appear likely to be correct, but to prefer traces that
avoid a specific measured reasoning failure, namely numerical scoping errors.

2.6. Position of This Work
The previous sections show that existing work has studied reasoning failures, numerical reasoning,
open-domain reasoning, automatic error detection, and failure mitigation, but usually not in combina-
tion. Table 2.1 positions this thesis relative to representative prior work along dimensions central to
the research questions, including task setting, type of failure analysis, and presence of detection or
mitigation work. The comparison shows that existing studies usually cover only parts of the problem:
they either analyze broad reasoning failures, study numerical tasks, classify open-domain errors, auto-
matically measure failures, or mitigate failures at test-time. This thesis addresses this gap, operating at
the intersection of these directions by investigating numerical scoping errors in open-domain numerical
reasoning traces, detecting them automatically, and using scoping-aware signals for failure mitigation.

Table 2.1: Comparison of this thesis with representative related work across task setting, failure analysis, automatic detection,
and mitigation dimensions.

Work
Task Setting Failure Analysis Automatic

Failure
Detection

Failure
MitigationOpen-

Domain
Numerical Broad

Typology
Specific
Analysis

Song, Han, and Goodman [48]: Reasoning
failure survey

7 7 4 7 7 4

Huang et al. [22]: Hallucination survey 4 7 4 4 4 4

Boye and Moell [5]: Mathematical reason-
ing failures

7 4 7 4 7 7

Lepori, Mozer, and Ghandeharioun [29]:
Contextualization errors

7 7 7 4 4 4

Kamoi et al. [23]: Error detection in LLM re-
sponses

4 4 7 4 4 7

Leung et al. [30]: RAG error classification 4 7 4 4 4 4

Chungkham et al. [11]: Numerical claim ver-
ification TTS

4 4 7 4 4 4

This work: Investigating open-domain
numerical scoping errors

4 4 4 4 4 4

4: central focus of the work; 4: partially addressed, mentioned, or indirectly relevant; 7: not a main focus.



3
Methodology

This chapter describes the methodology used to identify, measure, and mitigate numerical scoping er-
rors in LLM reasoning traces. Its structure follows the research questions of this work. First, Section 3.1
introduces the inference pipelines used to generate reasoning traces for numerical veracity prediction
and question answering. Section 3.2 then defines and characterizes numerical scoping errors within a
broader reasoning failure typology. Section 3.3 describes how these errors are measured using human
qualitative analysis, a straight LLM-as-a-Judge, and a hybrid LLM-as-a-Judge pipeline. Finally, Section
3.4 presents how the resulting scoping-error signals are used for mitigation through test-time scaling
and learned reward models.

3.1. Inference Pipelines

Claim, 𝑐

Context Output

Inference 
Model, 𝑴

Veracity 
Prediction

Numerical 
QA

Few-shot 
Examples, 𝐹

Veracity 
Label, ො𝑦Question, 𝑞

Evidence 
Corpus

Evidences, 𝐸

Justification, 𝐽

Exemplar 
Corpus

Input

Final 
Answer, ො𝑎

Thinking, 𝑇

Retrieval & 
Re-Ranking

Retrieval

OROR

Figure 3.1: Overview of the inference pipelines used for veracity prediction (green) and numerical question answering
(orange). In both settings, task inputs, few-shot examples, and evidence are provided to an inference model, which generates

an intermediate reasoning trace, final prediction, and justification.

3.1.1. Veracity Prediction
The veracity prediction pipeline used for fact-checking numerical claims in the QUANTEMP dataset is
presented in Figure 3.1. Given a claim c, the top-k evidence E is retrieved and re-ranked from an
evidence corpus and the top-k few-shot examples F are retrieved from an exemplar corpus. Then the
claim, few-shot examples, and evidence are fed to an inference modelM , to generate the intermediate
thinking trace T , veracity label ŷ, and final justification J , where ŷ ∈ {True,False,Conflicting}. The
inference model is a pre-trained language model that exhibits language understanding, generation,

9
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and reasoning capabilities. Formally, the fact-checking pipeline can be represented as:

(T, ŷ, J) = M(c, F,E) (3.1)

3.1.2. Numerical Question Answering
The numerical question answering (QA) pipeline used for answering numerical questions from the
FinQA dataset is presented in Figure 3.1. Given a question q, the relevant document pages E are
provided from the source document, and the top-k few-shot examples F are retrieved from the exemplar
corpus. The question, examples, and evidence are then fed to an inference modelM , which generates
an intermediate reasoning trace T , predicted answer â, and final justification J . In contrast to veracity
prediction, the output space of the final answer is not restricted to a fixed set of class labels. Instead, â
can be any numerical value or binary answer. The inference model is a pre-trained language model that
uses the provided evidence to perform the required numerical reasoning and produce a final answer.
Formally, the numerical QA pipeline can be represented as:

(T, â, J) = M(q, F,E) (3.2)

3.2. Reasoning Failure Typology for Numerical Reasoning in LLMs
This work uses a broad reasoning failure typology, refined from other works [48, 46, 22, 5, 2, 15], to
situate numerical scoping errors within broader failures of LRM reasoning. Inspired by Song, Han, and
Goodman [48], this typology distinguishes between intuitive reasoning failures and logical reasoning
failures. This distinction is inspired by dual-process accounts of human reasoning [15] and provides a
useful way to separate failures that appear to arise from heuristic, belief-driven behavior from failures
that arise during explicit step-wise reasoning. For an overview of the typology and how scoping errors
are situated, see Figure 3.2.

Reasoning 
Failures

Intuitive

Logical

Cognitive Skill 
Imbalance

Cognitive 
Biases

Social 
Understanding

Problem 
Representation

Problem 
Execution

Working memory, inhibitory control, cognitive 
flexibility, abstract reasoning, …

Content-related (unfamiliarity bias, matching bias, …), 
Presentation-related (order bias, paraphrase bias, …)

Implicit (inference about beliefs, intentions, norms, …), 
Explicit (collaboration, planning, communication, …)

Composition of Premises 
(ambiguity, consistency, irrelevance, …)

Premise grounding

Individual Premise (logical 

relation, entailment, reversal curse, …), Extractive & 
Parametric 

Scoping Errors

Symbolic manipulation 

Control failures (overanalysis, 

underanalysis, …) 

Extrapolative 
Scoping Errors

Arithmetic 
Errors

Looping Errors

Figure 3.2: Overview of the reasoning failure typology, refined from [48, 46, 22, 5, 2, 15], used to contextualize numerical
scoping errors. Failures are organized into intuitive and logical branches, with scoping errors positioned primarily as logical

failures that can arise during problem representation or problem execution. Arithmetic and looping errors are shown as related
but distinct failure modes.

3.2.1. Intuitive & Logical Reasoning Failures
Intuitive reasoning failures refer to cases where the model appears to rely on, and potentially misuse,
salient cues, prior assumptions, familiar patterns, or presentation-dependent heuristics rather than task-
specific processes, often in an impulsive or ungrounded manner. In numerical RAG settings, this may
include cases where the model favors a familiar statistic, follows a misleading surface form, or relies
on parametric knowledge despite contradictory retrieved evidence [5, 15, 48].

Logical reasoning failures refer to failures in the model’s explicit reasoning process. This work divides
logical reasoning failures into two categories. First, problem representation failures occur when the
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model constructs an incorrect or incomplete representation of the task or situation. These include fail-
ures in relevance identification, ambiguity resolution, consistency handling, logical relation understand-
ing, and scoping [2, 22]. Second, problem execution failures occur when the model acts incorrectly on
a represented problem, for example through arithmetic mistakes, unsupported premise use, constraint
violations, or mis-allocated reasoning effort [46, 22].

3.2.2. Numerical Scoping Errors as Representation Failures
Numerical scoping errors are positioned primarily as problem representation failures. They occur when
amodel binds a numerical quantity, entity, attribute, unit, time frame, or condition to an incorrect referent.
Thismeans that themodel may reason over a numerical value that is locally valid but globally misapplied
to the wrong context. For instance, a quantity may be taken from the evidence correctly, but then
attributed to the wrong year, company, country, subgroup, or claim component. This distinguishes
scoping errors from other reasoning failures like arithmetic errors, where the relevant quantities are
correctly scoped but the result is incorrectly computed.

The typology also captures why scoping errors can be difficult to isolate. A scoping error may originate
from intuitive bias, such as over-reliance on a salient number, or from logical failure, such as losing track
of a condition while combining multiple evidence statements. Once introduced, the error can propagate
into later reasoning steps and produce final answers or veracity labels that appear justified by coherent
but mis-scoped reasoning. For this reason, the typology treats scoping errors as potentially upstream
failures that can affect subsequent numerical reasoning.

Types of Numerical Statistics in Model Reasoning
To analyze scoping errors more precisely, this work first distinguishes between three types of numerical
statistics that may appear in model reasoning traces: extractive, extrapolative and parametric statistics.

Extractive statistics are numerical quantities that are taken directly from the task inputs, such as
the claim, question, evidence, or source document. These statistics may be copied verbatim or para-
phrased, but their numerical value is explicitly grounded in the provided input.

Extrapolative statistics are numerical quantities or outcomes derived from other statistics in the rea-
soning trace. These may result from arithmetic operations, comparisons, aggregations, unit conver-
sions, or other reasoning steps that combine or transform extracted quantities.

Parametric statistics are numerical quantities introduced from the model’s parametric memory rather
than from the provided inputs or from a derivation over other quantities. These statistics are not di-
rectly supported by the claim, question, evidence, or source document, and are therefore treated as
ungrounded unless they correspond to commonsense or task-independent knowledge required for in-
terpretation.

Types of Numerical Scoping Errors
Based on these statistic types, this work distinguishes between three types of numerical scoping er-
rors: extractive, extrapolative, and parametric scoping errors. See examples of each of these types of
scoping errors in Table 3.1.

Extractive scoping errors occur when an input-grounded statistic is misinterpreted or misapplied in
the model output. In these cases, the numerical value may be copied correctly, but its scope is incor-
rectly changed. For example, a statistic referring to one year, country, company, subgroup, condition,
or measurement unit may be used as if it referred to another. These errors are especially important in
RAG-based numerical reasoning because they can make the model appear evidence-grounded while
still misrepresenting the evidence.

Extrapolative scoping errors occur when the model derives a numerical statistic or conclusion by im-
properly combining, manipulating, or comparing other statistics. In these cases, the source quantities
may be individually grounded, but the operation connecting them is not valid under their respective
scopes. For example, a model may compare values from different time periods, aggregate quantities
from incompatible populations, or compute a difference between statistics that refer to different enti-
ties or units. The resulting derived statistic is therefore incorrectly scoped even if the individual input
numbers are correct.
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Parametric scoping errors occur when the model introduces a non-commonsense numerical statistic
from parametric memory and treats it as factual within the task context, despite the statistic not being
present in or derivable from the provided evidence. In these cases, the error is not simply that the model
hallucinated a number, but that it assigned that number a task-specific scope, such as a particular unit,
period, or population, without grounding. Parametric scoping errors are especially problematic in RAG
settings because they can override or contaminate evidence-based reasoning.

Table 3.1: Examples of numerical scoping error types identified in model reasoning traces for numerical fact-checking and
question-answering tasks. Mis-scoped numerical quantities are highlighted in red.

Scoping
Error Type

Claim / Question Evidence Model Thinking Explanation

Extractive:
due to am-
biguous or
missing in-
formation in
input

“Parliament is getting
KSh38 billion, the judi-
ciary is getting KSh18
billion, basically 50%
[of parliament’s alloca-
tion].”

“with regard to the judicial gov-
ernance of the judiciary, the su-
perior billion, with matters set-
tled having a value of KSh554
million.”

“The evidence mentions the ju-
diciary’s allocation as KSh554
million”

The statistic is present in the
evidence, but it is not clearly
scoped to the judiciary’s total
allocation. The model there-
fore maps an ambiguous ev-
idence quantity into a claim-
relevant quantity.

Extractive:
due to misun-
derstanding
the input

“Says under his util-
ity rate plan, ‘An es-
timated 50 percent of
our residential house-
holds will see a de-
crease in their water
and wastewater bills.’ ”

– “There’s no data supporting a
50% decrease in bills.”

The claim concerns the share
of households expected to
see a decrease, not the mag-
nitude of the decrease. The
model therefore mis-scopes
the percentage from a pop-
ulation share to a reduction
amount.

Extractive:
due to ignor-
ing existing
information in
the input

“Every taxpayer owes
about $130,000 to pay
off the national debt.”

“every american man, woman
and child with a $50,000 share
of this $16 trillion national debt”

“evidence states that every
American is considered to owe
a share of the $16 trillion debt,
but it doesn’t specify the exact
amount per person.“

The evidence does specify
a $50,000 per-person share.
The model therefore fails
to preserve the scope of
the amount as an individual
share.

Extrapolative:
due to com-
bining incom-
patible time
scopes

“Nearly 1,000 people
were shot and killed by
police in the U.S. be-
tween April 2020 and
April 2021.”

“seventy-three U.S. police of-
ficers were gunned down in
2021. During that same year,
officers shot and killed roughly
sixteen times more civilians.”
“1,021 people were shot and
killed by police in 2020.”

The model derives approxi-
mately 1,168 civilians killed in
2021 from 73 × 16, then adds
this to the full-year 2020 figure:
“Adding those together gives
us about 2,189 people for the
period.”

This mis-scopes full-year
statistics to the partial period
between April 2020 and April
2021, leading to an overesti-
mate of the true value.

Extrapolative:
due to com-
paring incom-
patible time
frames

“In 1999 Lagos was
generating N700
million in internally
generated revenue per
month.”

“lagos generated N267 billion
in the first six months of 2021,
a monthly average of N44.5 bil-
lion.”

“Lagos generated N267 billion
in the first six months of 2021,
which averages to N44.5 billion
per month. This is significantly
lower than N700 million.“

Aside from the arithmetic is-
sue of naming 44.5 billion
lower than N700 million, the
reasoning mis-scopes a 2021
revenue statistic as evidence
for a 1999 revenue claim.

Parametric:
due to an
ungrounded
parametric
statistic in-
troduced as
factual

“Molenbeek city in Bel-
gium has become the
first European city with
100 per cent Muslim
population. By 2021
Belgium will become
an Islamic country.”

“percent of the brussels popu-
lation and 7.5 percent of the
antwerp population is muslim”

“The evidence say that in Brus-
sels and Antwerp, only 2.5%
and 7.5% of the population are
Muslim.”

The 2.5% statistic is not
present in the evidence and
is not derived from another
input statistic. The model
therefore introduces an un-
grounded parametric statistic
and scopes it to Brussels.

Parametric:
due to a
parametric
statistic being
used without
considering
temporal
scope

“There are 278 Re-
publicans in Congress.
With Eric Cantor’s de-
feat, they are now all
Christian and all white
except for one black
senator, who was ap-
pointed.”

– “I know the U.S. Congress
has 254 Republicans and 281
Democrats. So, 278 Republi-
cans is incorrect.”

The comparison relies on a
parametric statistic that is not
grounded in the provided ev-
idence and is used without
regard to the relevant time
frame of the claim.

3.2.3. Relevance of Typology & Scoping Error Characterization
In the remainder of this work, the reasoning failure typology serves as the conceptual basis for iden-
tifying and analyzing numerical scoping errors in reasoning traces generated for veracity prediction
and numerical QA. Furthermore, the distinction of the different kinds of scoping errors informs future
processes for scoping error detection and analysis.
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3.3. Measuring Numerical Scoping Errors
Numerical scoping failures are difficult to measure because they are not directly observable from the
final answer alone: a reasoning trace can contain a scoping error while still producing the correct fi-
nal prediction. This necessitates the inspection of the claim/question, the provided evidence, and the
intermediate reasoning trace jointly. Furthermore, scoping errors often co-exist, are exacerbated by,
and exacerbate other reasoning failures such as arithmetic errors, reasoning control errors, and consis-
tency errors. The process of detecting scoping errors is cognitively demanding for human annotators
and difficult to accomplish with automatic judgement.

This work therefore combines human qualitative analysis with LLM-as-a-Judge-based measurements.
Human analysis is used to ground the definition of scoping errors, estimate their prevalence in sampled
traces, and motivate the distinction between extractive, extrapolative, and parametric scoping errors.
LLM-as-a-Judge methods are then used to scale the measurement beyond the manually inspected
examples. Two judge-based scoping detection approaches are considered: a straight judge baseline
and a hybrid judge pipeline. The straight judge provides a simple baseline, while the hybrid pipeline
decomposes scoping error detection into traceable statistic-level decisions.

3.3.1. Human Qualitative Analysis
Human qualitative analysis was used to identify and characterize reasoning failures in generated model
traces. Samples were selected using stratified random sampling. For QUANTEMP, samples were strati-
fied by claim label and claim taxonomy class. For FinQA, samples were stratified by answer type and
value. This ensured that the analysis covered different task formats, answer forms, and numerical
reasoning settings.

The annotation target was the generated reasoning trace rather than only the final prediction. Anno-
tators inspected the task input, evidence, reasoning trace, final answer or label, and justification. To
identify the prevalence of some reasoning failures, annotators marked whether the trace contained a
numerical scoping error, arithmetic error, or looping error. A scoping error was identified when a numer-
ical quantity was bound to an incorrect referent during reasoning. This made it possible to distinguish
scoping errors from arithmetic errors, where quantities are incorrectly manipulated, and looping errors,
where the model impulsively repeats or cycles through reasoning without progress. See Appendix A
for the guidelines human annotators used to detect each type of error.

The qualitative analysis served three purposes. First, it provided an estimate of scoping error preva-
lence in model reasoning traces. Second, it informed the typology of extractive, extrapolative, and
parametric scoping errors. Third, it provided qualitative grounding for the design and validation of the
automatic measurement pipeline.

3.3.2. Straight LLM-as-a-Judge
As a simple automatic baseline, this work uses a straight LLM-as-a-Judge approach. Given the task
input claim or question x, evidence E, reasoning trace R, and ground truth answer y, a judge model
J directly predicts whether the trace contains numerical scoping errors ŝR, arithmetic errors âR, and
looping errors l̂R:

(ŝR, âR, l̂R) = J(x,E,R, y) (3.3)

where ŝR, âR, l̂R ∈ {0, 1} indicates whether the reasoning trace is judged to contain at least one scoping,
arithmetic, or looping error, respectively.

This approach is simple and scalable, but coarse. For finding scoping errors, a direct judgemust identify
relevant quantities, infer their intended scoping, compare their use in the reasoning trace against the
input, and decide whether an error occurred in a single step. As a result, the judgement is difficult to
interpret and does not explicitly identify which statistic caused the error. Furthermore, the direct judge
is directly given the ground truth answer, and thus is unusable for unlabeled inputs. For these reasons,
the direct judge is treated as a baseline rather than the primary measurement method.
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3.3.3. Hybrid LLM-as-a-Judge Scoping Failure Detection Pipeline
The primary scoping error detection method is a multi-step hybrid LLM-as-a-Judge pipeline. The design
is based on the observation that numerical scoping errors are usually tied to specific statistics in the
reasoning trace. Instead of judging the full trace in one step, the pipeline identifies statistics, classifies
their source, verifies their scoping, and aggregates statistic-level judgements into a trace-level scoping
error label.

Given a task input claim or question x, evidence E, and reasoning trace R, the pipeline first identifies
a set of candidate statistics QR:

QR = {q1, q2, . . . , qn}. (3.4)

Each statistic qi is then assigned a type τi:

τi ∈ {extractive, extrapolative, parametric}. (3.5)

Finally, each statistic is evaluated for whether it is used with the correct scope:

ŝi = Jτi(qi, x, E,R), (3.6)

where ŝi ∈ {0, 1, unknown} denotes whether statistic qi is judged to be scope-valid, mis-scoped, or
unknown, respectively. The type-specific judge Jτi applies different criteria depending on whether the
statistic is extractive, extrapolative, or parametric. Figure 3.3 presents an overview of this pipeline,
Figure 3.4 contains an example of the pipeline processing a numerical QA query, and more details are
provided in each subsection below.
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Figure 3.3: Overview of the hybrid LLM-as-a-Judge pipeline for measuring numerical scoping errors. The pipeline extracts
statistics from the task inputs and reasoning trace, classifies trace statistics as extractive, extrapolative, or parametric, verifies

their scope using type-specific judge calls, and combines statistic-level scoping judgements with normalized importance
weights to produce a trace-level scoping error label.
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Statistic Identification
Statistics are identified from both the output reasoning trace and the task inputs including the claim/ques-
tion and evidence. The reasoning trace statistics are the main objects checked for scoping errors, while
the input statistics are used to determine whether a reasoning trace statistic is extractive.

Numerical quantities are first extracted using the Stanford CoreNLP parse annotator [36]. The ex-
tracted quantities are then grouped and de-duplicated using information from the Stanford CoreNLP
tokenize, ssplit, pos, lemma, and ner annotators [36]. This produces a dictionary of candidate statis-
tics, where each group contains different mentions of the same or highly similar statistic. The output of
this step is a set of reasoning trace statistics QR and a corresponding set of input statistics QX .

Statistic Type Classification
Each reasoning trace statistic is classified according to its source. First, the statistic is compared with
the input statistics using the linguistic and similarity features extracted during statistic identification. If
the statistic matches an input statistic, it is labeled as extractive and enters the extractive verification
branch. If no match is found, the statistic enters the non-extractive branch.

In the non-extractive branch, an LLM-as-a-Judge determines whether the statistic is extrapolative or
parametric. A statistic is labeled as extrapolative if it is derived or computed from other statistics,
for example through arithmetic, comparison, aggregation, or transformation. A statistic is labeled as
parametric if it is introduced as an assumption or from the model’s parametric memory rather than from
the provided input or a derivation of other statistics.

Scope Verification
Scope verification is performed using type-specific LLM-as-a-Judge calls. For extractive statistics, the
judge receives the statistic, reasoning trace, and task inputs. It is instructed to locate the exact input
sentence or sentences containing the statistic, then evaluate whether the statistic is used in the rea-
soning trace with the same meaning and scope. The statistic is marked as mis-scoped if its unit, scale,
referent, time frame, population, condition, or surrounding context differs from the input. It is marked as
scope-valid only when the input fully supports the statistic’s use in the reasoning trace without added
assumptions.

For non-extractive statistics, the judge first confirms whether the statistic is extrapolative or parametric.
If the statistic is extrapolative, the judge identifies the input quantities used to derive it and checks
whether the derivation is valid under their scopes. An extrapolative statistic is marked as scope-valid if
the derivation is mathematically valid, the input quantities are compatible, and the resulting statistic is
representative of its inputs without unjustified unit, assumption, or scope mixing. It is marked as mis-
scoped if incompatible units are combined, if the derivation is ungrounded, or if the derived quantity is
applied outside the scope supported by its inputs.

If the statistic is parametric, the judge evaluates whether the statistic is acceptable background knowl-
edge or an unsupported factual claim. Parametric statistics are marked as scope-valid when they are
commonsense, generic, or explicitly stated as assumptions rather than task-specific facts. They are
marked as mis-scoped when they are specific, hard-to-know factual numbers introduced without evi-
dence, especially when they are assigned to a particular scope.

In all verification branches, the judge may return an unknown label when the statistic cannot be confi-
dently evaluated. The full prompts used for each judge call are provided in Appendix A.

Trace-level Aggregation with Statistic Weighting
After scope verification, statistic-level judgements are aggregated into a trace-level scoping error label.
A simple aggregation rule would mark a trace as containing a scoping error if any statistic is mis-scoped.
However, this can overestimate trace-level scoping failures when a mis-scoped statistic is incidental, re-
dundant, or unimportant to the reasoning. To reduce this issue, the pipeline first assigns an importance
weight to each statistic.

An LLM-as-a-Judge receives the list of statistics, reasoning trace, and task inputs, and assigns an
importance weight wi to each statistic. The judge is instructed to give high weight to statistics whose
removal or modification would likely change the final answer or justification, and low weight to statistics
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that are merely background, redundant, or briefly mentioned. Since the raw judge-assigned weights
wi may not sum to exactly one, they are automatically normalized as:

w̃i =
wi∑n
j=1 wj

, (3.7)

where n denotes across all the statistics for that reasoning trace. This ensures that the normalized
weights w̃i sum to one:

n∑
i=1

w̃i = 1. (3.8)

A trace R is then marked as containing a scoping error if at least one sufficiently important statistic is
judged to be mis-scoped:

ŝR = I (∃i : w̃i ≥ λ ∧ ŝi = 1) , (3.9)

where w̃i is the normalized importance weight for statistic qi, λ is the importance threshold, and ŝi = 1
indicates that the statistic qi is mis-scoped. This produces an interpretable statistic-level explanation
and a trace-level scoping error label ŝR. The importance weighting prompt is provided in Appendix A.

Figure 3.4 depicts an example of the pipeline used on a numerical QA query.

Claim / 
Question, 𝑥

Statistic 
Identification 
(Stanford CoreNLP)

*

Evidence, 𝐸 Reasoning 
Trace, 𝑅

Input 
Statistics, 𝑄𝑋

Trace 
Statistics, 𝑄𝑅

Statistic Type 
Classification

(Matching + Judge)

Extractive 
Statistics, 

𝑄𝑅,𝜏=𝐸𝑥𝑡𝑟𝑎𝑐.

Extrapolative 
Statistics, 

𝑄𝑅,𝜏=𝐸𝑥𝑡𝑟𝑎𝑝.

Parametric 
Statistics, 

𝑄𝑅,𝜏=𝑃𝑎𝑟𝑎𝑚.

Extractive Scope 
Verification

(Judge)

Non-Extractive 
Scope Verification

(Judge)

Statistic Importance 
Weighting

(Judge)

Extractive 
Scoping Errors, 
𝑄𝑅,𝜏=𝐸𝑥𝑡𝑟𝑎𝑐., Ƹ𝑠=1

Extrapolative 
Scoping Errors, 
𝑄𝑅,𝜏=𝐸𝑥𝑡𝑟𝑎𝑝., Ƹ𝑠=1

Parametric 
Scoping Errors, 
𝑄𝑅,𝜏=𝑃𝑎𝑟𝑎𝑚., Ƹ𝑠=1

Statistic 
Importance 
Weights, ෩𝑊𝑅

Trace-level 
Scoping Error 

Label, Ƹ𝑠𝑅

Trace-level 
Aggregation

(Arithmetic)

𝑥 : “what was the percentage 
change in the commercial 

mortgage loans designated 
for sale at fair value from 2008 

to 2009?”

𝑅 : “<think> Looking at the table: - For 2008, the 
fair value is $1,401 million. - For 2009, it’s $1,050 
million. To find the percentage change, I’ll use 
the formula: ((New Value – Old Value) / Old 
Value) * 100). Plugging in the numbers ((1,050 – 
1,401) / 1,401) * 100. – Calculating the 
difference: 1,050 - 1,401 = -315. Now divide that 
by the old value: -351 / 1,401 ≈ -0.2506”

𝐸 : “(in millions) | December 312012 | 312011
        commercial mortgages at fair value | 772 | 843”

𝑄𝑅  : 2008; $1,401 million; 2009; $1,050 
million; 100; -315; -0.2506

𝑄𝑋: 2008; 2009; December 
312012; 312011; 772; 843

𝑄𝑅,𝜏=𝐸𝑥𝑡𝑟𝑎𝑐.: 2008; 2009

𝑄𝑅,𝜏=𝐸𝑥𝑡𝑟𝑎𝑝.: -315; -0.2506

𝑄𝑅,𝜏=𝑃𝑎𝑟𝑎𝑚.: $1,401 million; 
$1,050 million, 100

𝐽𝑢𝑠𝑡𝑖𝑓𝑖𝑐𝑎𝑡𝑖𝑜𝑛: The table does not provide data for these years, specifically, only for 2012/2011.

𝑄𝑅,𝜏=𝐸𝑥𝑡𝑟𝑎𝑝., Ƹ𝑠=1: ∅

𝑄𝑅,𝜏=𝑃𝑎𝑟𝑎𝑚., Ƹ𝑠=1: $1,401 
million; $1.050 million

෩𝑊𝑅 : 2008: 0.14; 
$1,401 million: 0.26; 
2009: 0.14; 
$1,050 million: 0.26; 
100: 0.03; 
-315: 0.07; 
-0.2506: 0.1

Threshold (𝜆) = 1

2𝑛
= 0.071

Ƹ𝑠𝑅: 2008: 𝑇𝑟𝑢𝑒 ∨
$1,401 million: 𝑇𝑟ue ∨ 
2009: 𝑇𝑟𝑢𝑒 ∨  
$1,050 million: 𝑇𝑟𝑢𝑒 ∨ 
-0.2506: 𝐹𝑎𝑙𝑠𝑒
= 𝑇𝑟𝑢𝑒

𝑄𝑅,𝜏=𝐸𝑥𝑡𝑟𝑎𝑐., Ƹ𝑠=1: 2008; 2009

𝐽𝑢𝑠𝑡𝑖𝑓𝑖𝑐𝑎𝑡𝑖𝑜𝑛: The derivation is mathematically valid and representative of inputs.

𝐽𝑢𝑠𝑡𝑖𝑓𝑖𝑐𝑎𝑡𝑖𝑜𝑛: These number are too specific for parametric memory and aren’t grounded.

Figure 3.4: Example of scoping detection by hybrid LLM-as-a-Judge pipeline with a numerical QA query from FinQA [9]. The
pipeline extracts statistics from the task inputs x,E and reasoning trace R, classifies trace statistics QR as extractive,
extrapolative, or parametric, verifies their scope using type-specific judge calls, and combines statistic-level scoping

judgements with normalized importance weights to produce a True trace-level scoping error label.

3.3.4. Distilling the Hybrid LLM-as-a-Judge Pipeline into a Student Model
The hybrid LLM-as-a-Judge pipeline involvesmultiple judge calls and computationally intensive statistic-
level tasks. Tomake themeasurement of scoping errorsmore efficient, this work explores the distillation
of scoping-error labels from the hybrid LLM-as-a-Judge pipeline into smaller student models, further
detailed in Section 3.4.3.
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3.4. Mitigating Scoping Errors with Parallel Test-Time Scaling
The final part of the methodology evaluates whether numerical scoping errors can be mitigated through
parallel test-time scaling. Instead of changing the inferencemodel parameters, parallel test-time scaling
generates multiple candidate reasoning traces for the same task instance and then selects or aggre-
gates among them [38]. This allows the system to use external verification signals to prefer traces that
are more likely to be correct or less likely to contain scoping errors.

3.4.1. Candidate Trace Generation
Given a fact-checking claim or question-answering question x, few-shot examples F , and evidence E,
the inference model M generates K candidate outputs:

OK = {o1, o2, . . . , oK}, (3.10)

where each output ok consists of an intermediate thinking trace Tk, final prediction p̂k, and justification
Jk. For veracity prediction, the final prediction is a label p̂k ∈ {False,True,Conflicting}. For numerical
QA, the final prediction is an answer p̂k, which may be numerical or binary. The mitigation methods
differ in how they select a final output from OK .

3.4.2. Scoping Error Filtering with the Hybrid LLM-as-a-Judge Pipeline
In order to integrate scoping-aware scores, scoping-aware mitigation methods use the hybrid LLM-as-a-
Judge pipeline Hscope from Section 3.3.3 as a reward model. For each candidate trace ok, the scoping
verifier produces a trace-level scoping-error label:

ŝk = Hscope(x,E, ok), (3.11)

where ŝk = 1 indicates that candidate trace ok is judged to contain a sufficiently important scoping error,
and ŝk = 0 indicates that no such scoping error is detected. Candidate outputs are filtered by removing
traces with detected scoping errors:

Oscope
K = {ok ∈ OK : ŝk = 0}. (3.12)

This filtering method directly implements the hypothesis that removing traces with detected scoping
errors should improve downstream prediction quality. This method can then be combined with other
test-time scaling methods such as self-consistency or correctness verifiers to select the best reasoning
traces without scoping errors.

3.4.3. Learned Scoping-Aware Reward Models
The hybrid judge pipeline provides an interpretable process-level signal but requires multiple judge
calls and statistic-level analysis. To test whether this signal can be approximated more efficiently, this
work also trains outcome reward models (ORMs) from scoping detection pipeline-derived labels.

Scoping ORM
The scoping ORM is trained to predict whether a candidate output contains a scoping error. Unlike the
hybrid scoping detection pipeline, which evaluates individual statistics and aggregates their labels, the
scoping ORM Sϕ directly scores the full output:

zk = Sϕ(x, Tk, p̂k, Jk), (3.13)

where zk is the predicted scoping-error logit for candidate output ok. Given the binary scoping target
ŝk ∈ {0, 1}, where ŝk = 1 indicates that the hybrid judge pipeline detected a scoping error, the scoping
ORM is trained using binary cross entropy (BCE) with logits:
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Lscope = − 1

N

N∑
k=1

[ŝk log σ(zk) + (1− ŝk) log(1− σ(zk))] , (3.14)

where N is the number of candidate outputs in the batch and σ(·) is the sigmoid function. An important
note is that this model is not provided the evidence as one of its inputs, limiting its ability to detect
extractive scoping errors, but lowering the context length demands and computational costs for the
model. An ablation of this no-evidence design choice is presented in Appendix B. At inference time,
the scoping ORM can be used either to filter traces predicted to contain scoping errors or to rank traces
by predicted scoping quality. This tests whether a distilled reward model can capture the original hybrid
pipeline’s scoping signal without running the full hybrid pipeline. The prompt for this ORM can be seen
in Appendix A and further training details are provided in Section 4.5.

Multi-Task Correctness & Scoping ORM
Finally, this work evaluates a multi-task ORM trained to predict both general output quality and scoping
error risk. The motivation is that selecting traces solely for low scoping error risk may not be sufficient
if other failure modes, such as arithmetic errors or unsupported reasoning, remain. A multi-task reward
model Vψ therefore produces both a correctness logit rk and a scoping logit zk:

(rk, zk) = Vψ(x, Tk, p̂k, Jk). (3.15)

The multi-task ORM is trained with two BCE losses: a correctness loss Lcorrectness and a scoping-error
loss Lscope. Given the binary correctness target ck ∈ {0, 1} and scoping-error target ŝk ∈ {0, 1}, the two
losses are computed separately for the correctness and scoping heads. The final multi-task objective
combines them by unweighted addition, Lmulti = Lcorrectness + Lscope. An ablation for this multi-task
objective can be seen in Appendix B.

During inference, the multi-task model can select traces using a joint score:

p̂multi = arg max
p̂k:ok∈OK

(σ(rk)− ασ(zk)) , (3.16)

where p̂multi denotes the prediction from the selected candidate trace given the combined scores and
α controls the penalty assigned to predicted scoping errors. The combined model can also be used to
select traces using approximated scoping filtering and correctness Best-of-N:

p̂multi = arg max
p̂k:ok∈Õscope

K

σ(rk), (3.17)

where Õscope
K represents the set of candidate traces without a scoping error according to the multi-task

ORM:

Õscope
K = {ok ∈ OK : σ(zk) ≤ λ}. (3.18)

for some scoping threshold λ. Like the single-task scoping ORM, the multi-task ORM is not given the
evidence as input, limiting its ability to recognize extractive scoping errors, but lowering its context
length demands and computational cost. The multi-task ORM mitigation variant tests whether gen-
eral correctness verification is more useful when combined with a scoping-aware signal, even when
implemented efficiently. The remaining training details for this model can be seen in Section 4.5.

3.4.4. Overview of Scoping-Aware Mitigation Variants
Table 4.2 and Figure 4.1 contain overviews of all of the evaluatedmitigation variants, including those that
use scoping-aware signals. Overall, scoping-aware signals are emitted by the hybrid LLM-as-a-Judge
scoping detection pipeline from Section 3.3.3 and distilled either in a single-task ORM or multi-task
ORM, allowing the detection and handling of scoping errors in reasoning traces.



4
Implementation Details &

Experiments

4.1. Experimental Overview
This chapter describes the implementation details and experimental setups used to instantiate the
methodology introduced in Chapter 3, including dataset configurations, model settings, training setups,
evaluation metrics, hardware configurations, and more.

The experiments are organized around two main goals. First, measurement experiments estimate
the prevalence of reasoning failures, with a particular focus on numerical scoping errors, in model-
generated reasoning traces. These experiments include human annotation, a straight LLM-as-a-Judge
baseline, and the hybrid scoping error measurement pipeline, all described in Section 3.3. Second,
mitigation experiments evaluate whether test-time scaling and scoping-aware reward signals, detailed
in Section 3.4, can improve final task performance or preserve correct candidate traces.

4.2. Datasets & Evidence Configuration
Since the goal of this work was to evaluate numerical reasoning failures in real-world settings, datasets
were selected that require numerical reasoning across different task formats and real-world evidence
paradigms. QUANTEMP was used for numerical fact-checking, while FinQA was used for numerical ques-
tion answering. The two tasks differ in their output format, evidence structure, and reasoning require-
ments, allowing scoping errors to be studied across both classification-style and open-answer outputs,
tabular and textual evidence, and verification- and reading-comprehension-style numerical reasoning.

4.2.1. QUANTEMP
The QUANTEMP dataset [53] is a numerical fact-checking dataset comprised of 15, 514 numerical claims
sourced from various fact-checking platforms such as Politifact, Snopes, AFP, and others. Each nu-
merical claim is associated with gold standard evidence from human fact-checkers and categorized
into one of four claim taxonomies: statistical, temporal, interval, and comparison claims. The dataset
also includes an evidence corpus of 423, 320 snippets. QUANTEMP++ extends this setting by refining the
evidence corpus, retrieving open-domain evidence using decomposed claims, and reducing temporal
and gold-evidence leakage [55].

In this work, four evidence configurations are used for QUANTEMP-based experiments. The Gold setting
refers to the human fact-checker explanations provided with the original dataset. The Re-Ranked
setting refers to the top-3 evidence snippets from the QUANTEMP evidence corpus after top-100 BM25 and
top-3 re-ranking with the all-MiniLM-L12-v2 cross-encoder model [56]. The Filtered Search Results
setting refers to the top-10 cleaned open-domain BM25 evidence snippets from QUANTEMP++. Finally,
the Qrels setting refers to the final open-domain evidence recommended by QUANTEMP++ [55]. Both
QUANTEMP++ evidence configurations are included because the more processed Qrels setting does not
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always contain evidence for every claim. Due to computational and human-resource limits, only the
Gold & Re-Ranked evidence settings are used for human evaluation and test-time scaling experiments.

The QUANTEMP dataset is split into train, validation, and test sets containing 9, 935, 3, 084, and 2, 495
claims, respectively. The label distribution consists of 18.79% true claims, 57.93% false claims, and
23.27% conflicting claims. The claim taxonomy distribution consists of 7, 302 statistical claims, 4, 193
temporal claims, 2, 357 interval claims, and 1, 645 comparison claims.

For the main evaluation experiments, performance is reported on the QUANTEMP test split. Few-shot
examples are retrieved from the QUANTEMP validation split using top-2 BM25. For reward model training,
additional generated traces are created from sampled training queries as described in Section 4.5.1.
Human qualitative analysis used a stratified sample of generated traces, as described in Section 4.4.1.

4.2.2. FinQA
The FinQA dataset [9] is a numerical question answering dataset focused on financial reasoning over
real-world financial reports. It consists of 8, 281 question-answer pairs derived from publicly available
financial documents. Each question requires multi-step numerical reasoning over semi-structured evi-
dence such as tables and accompanying textual descriptions, and often involves arithmetic operations,
aggregations, or comparisons.

In this work, three evidence configurations are used for FinQA. The Whole-Document setting includes
the full page-level evidence associated with the question. The Re-Ranked setting uses the retrieved
evidence subset provided by the dataset, and the Gold setting uses the human-annotated supporting
evidence [9]. Due to computational and human-resource limits, only the Whole-Document evidence
settings are used for human evaluation and test-time scaling experiments.

FinQA is split into 6, 251 training set instances, 883 validation set instances, and 1, 147 test set instances.
The usage of these splits in the experiments is identical to QUANTEMP. In contrast to QUANTEMP, FinQA
does not define a fixed set of class labels. Instead, answers consist of numerical values or binary
yes/no responses. For this reason, FinQA predictions are evaluated using exact match after answer
normalization, as described in Section 4.7.1.

4.3. Model & Generation Setup
4.3.1. Inference Model
Because the analysis in this work requires access to intermediate reasoning traces, all inference ex-
periments use generative language models rather than classification-only natural language inference
models. Classification models commonly used for fact-checking, such as RoBERTA-Large-MNLI or
BART-MNLI, return final labels but do not expose the intermediate reasoning process needed for scop-
ing error analysis. Therefore, the inference setup is restricted to language models that generate both
a reasoning trace and a final prediction.

The main inference model used in this work is Deepseek-Distill-Qwen-7B with Q6_K quantization
[13]. This model was selected because of its accessible size, relatively widespread prevalence in LRM
literature, and ability to produce explicit reasoning traces suitable for process-level analysis. The model
is used to generate reasoning traces, final labels or answers, and final justifications for both veracity
prediction and numerical QA. To assess whether the observed results depend on this specific gen-
eration model, most experiments were additionally repeated with Deepseek-Distill-Llama-8B with
Q6_K quantization; ablation results for this secondary inference model can be found in Appendix B.

Inference was performed through LMStudio using a local API [51]. Unless otherwise specified, the
inference model was run with a context length of 8, 192 tokens, a maximum generation length of 2, 048
tokens, top-p of 0.9, temperature of 0.2, frequency penalty of 0, repeat penalty of 1.0, and flash attention
enabled. For test-time scaling experiments, stochasticity was increased by sampling candidate traces
using temperatures uniformly distributed across 0.2, 0.3, 0.4, and 0.5.

4.3.2. Judge Model
The LLM-as-a-Judge experiments use Qwen-2.5-14B-Instruct as the LLM judge [63]. This model
is used for both the straight LLM-as-a-Judge baseline and the hybrid judge pipeline. An instruction-
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tuned model was selected for judge tasks because these tasks require following structured prompts
and returning parseable outputs. The judge model is also distinct from the main inference models,
which reduces the risk of self-confirmation bias caused by using the same or very similar model family
for both generation and evaluation.

The judge model was run through LMStudio with Q4_K_M quantization, a context length of 16, 384 to-
kens, and a maximum generation length of 2, 048 tokens. Since judge outputs should be deterministic
and schema-compliant, the temperature was set to 0.0. Other decoding parameters were kept con-
sistent with the inference model where applicable. Invalid judge outputs were retried with a maximum
generation length of 4, 096 tokens.

4.3.3. Reward Models
Learned outcome reward models (ORMs) were initialized from Llama-3.2-3B [18] and hosted using
HuggingFace’s transformers library [60]. Three reward model variants were trained: a correctness
ORM, a scoping ORM, and a multi-task correctness and scoping ORM. The correctness ORM predicts
general output quality or correctness to rank candidate traces, the scoping ORM predicts whether a
trace contains a scoping error, and the multi-task ORM jointly predicts correctness and scoping error
risk scores.

For the single-task ORM variants, a simple linear prediction head was added on top of the base model
to return one logit. For the multi-task ORM, two separate linear prediction heads were added on top
of the shared base model, with one head predicting correctness and the other predicting scoping error
risk. The reward model inputs were truncated to a maximum sequence length of 1, 024 tokens. This
truncation occasionally removed later parts of the thinking part of long reasoning traces, but most traces
were within 1, 024 tokens.

4.3.4. Prompt Templates & Output Formats
All prompt templates are provided in Appendix A. The prompts were designed to produce structured out-
puts that could be parsed automatically. For inference, the prompts instructed the model to generate an
intermediate reasoning trace followed by a final prediction and justification, separated by standardized
tags. For fact-checking the final prediction was one of True, False, or Conflicting. For numerical QA,
the final prediction was a numerical value or a binary yes/no answer. Judge prompts were designed to
return structured JSON outputs so judge decisions could be extracted programmatically.

When an output could not be parsed into the required schema, it was marked as invalid. Invalid outputs
were excluded from metrics requiring a valid prediction and were reported separately through invalid-
ity rates. This distinction prevents malformed outputs from being silently ignored while still allowing
performance metrics to be computed over valid predictions.

4.4. Scoping Error Measurement Implementation
4.4.1. Human Annotation Setup
Human annotation was used to qualitatively validate the reasoning failure categories and provide a
reference point for evaluating automatic judge-based measurement. A total of 79 generated reasoning
traces were annotated. The sample consisted of 41 FinQA traces withWhole-Document evidence and
38 QUANTEMP traces with Re-Ranked evidence, selected using stratified sampling to cover both task
types and a range of answer categories.

One annotator labeled all 79 traces for the presence of three reasoning failures: numerical scoping
errors, arithmetic errors, and looping errors, to assess the relative prevalence of each error type in
numerical reasoning. See Appendix A for the guidelines used to identify each error type. The scoping
error labels were further used to evaluate the performance of the automatic scoping measurement
methods.

To assess agreement on scoping error labels, the scoping error annotation task was also assigned to
four additional annotators. After completing a small trial annotation round to assess understanding,
it was the idea that each additional annotator would label approximately half of the 79 traces for the
presence or absence of scoping errors. However, due to non-responses, only one additional annotator
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completed their labeling. Because there was only one additional annotator, agreement was computed
between the primary annotator and the secondary annotator on the half of the queries that had been
double labeled. Cohen’s kappa [12] was used to quantify pairwise agreement for the binary scoping
error labels, and was 0.312. This agreement is not very high, but upon manual inspection of labels,
disagreements were resolved and labels were updated.

4.4.2. Straight LLM-as-a-Judge Setup
The straight LLM-as-a-Judge setup was implemented to explore the relative prevalence of various rea-
soning failures for further analysis and as a coarse automatic baseline for reasoning failure detection.
The judge model received the task claim or question, evidence, generated reasoning traces, final pre-
diction, final justification, and ground-truth answer. It was then asked to determine whether the trace
contained a numerical scoping error, arithmetic error, or looping error, and whether each detected error
directly contributed to an incorrect answer.

The straight judge prompt did not include few-shot examples. This choice was made to avoid making
the judge overly sensitive to the specific failure patterns shown in examples and artificially inflating or
deflating estimated error prevalence. The full prompt template is provided in Appendix A.

The output of the straight judge was parsed into structured fields indicating whether each failure type
was present and whether it affected the final answer. Outputs that could not be parsed into the required
structure were marked as invalid. Across the entire test sets, the average invalidity rates of QUANTEMP
and FinQA across all evidence splits were 0.01% & 0.15%, respectively. The straight judge was evalu-
ated through human verification of a stratified subset of 79 judged traces, where judge decisions were
compared against human labels for the presence and type of reasoning failures.

4.4.3. Hybrid Judge Pipeline Implementation
The hybrid LLM-as-a-Judge pipeline implements the scoping error measurement method introduced in
Section 3.3.3. The pipeline was designed to produce more interpretable scoping error labels by decom-
posing trace-level judgement into statistic-level extraction, classification, verification, and aggregation.
The same judge model as in the straight judge baseline, Qwen-2.5-14B-Instruct [63], was used for
the hybrid pipeline.

Statistic Extraction & Grouping
Candidate statistics were extracted from both the reasoning trace and task inputs. The reasoning trace
statistics are the quantities evaluated for scoping correctness, while the input statistics are used to de-
termine whether a trace statistic is extractive. Trace statistics were only extracted from the intermediate
thinking reasoning trace, not the final label or justification, to avoid duplicate statistics and to focus the
scoping error detection on the reasoning process itself. Input statistics were extracted from the claim
or question and evidence, while few-shot examples were excluded to avoid matching statistics from
unrelated problem settings.

Statistic extraction was implemented using a local Stanford CoreNLP server with the tokenize, ssplit,
pos, lemma, ner, and parse annotators [36]. A timeout of 600, 000 milliseconds was used for CoreNLP
statistic identification to enable the processing of long traces and evidence. Before parsing, text was
normalized to improve quantity extraction. This normalization removed model-specific reasoning tags,
standardized quotation marks, inserted spacing between numbers and adjacent unit, currency, or per-
centage symbols, and collapsed whitespace. For FinQA, table rows were deterministically converted
into natural-language sentences before extraction so that quantities in structured tables could be pro-
cessed by the same text-based extraction procedure.

Quantities were identified from CoreNLP constituency parses [36]. Candidate quantity mentions were
anchored on numerical cardinal number nodes, labeled CD by CoreNLP’s constituency parser, and
expanded to the nearest relevant quantity or noun phrase, labeled QP or NP. This allowed the extractor
to retain local context around numbers, for example distinguishing a bare number from a phrase such
as ”50 percent”, ”29 seasons”, or ”N44.5 billion per month”. When the reasoning trace or evidence
contained a high density of numbers and mathematical symbols, the text was split into smaller chunks
using punctuation before parsing to reduce CoreNLP parsing failures.
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After extraction, candidate numerical quantity mentions were normalized and grouped. Each men-
tion was converted into a normalized representation containing its quantity type, numerical value, unit,
approximation marker, and remaining unit-like text. Quantity types included percentages, monetary
values, general numbers, and other number-like expressions. Mentions were grouped when they had
compatible quantity types and sufficiently similar normalized values. Approximate quantities, such as
those introduced by words like ”about”, ”roughly”, or ”nearly”, were matched using a looser tolerance
than exact quantities. This produced a de-duplicated dictionary of input statistics QX and reasoning
trace statistics QR, where each statistic group preserved its quantity text, sentence location, sentence
context, and normalized metadata.

Statistics Type Classification & Scope Verification
Each reasoning trace was first compared against the extracted input statistics. If a sufficiently similar
input statistic was found, the reasoning statistic was treated as extractive and pushed to the extractive
verification branch. If no input match was found, the statistic was passed to the non-extractive branch,
where the judge determined whether it was extrapolative or parametric and verified its scope. Each
statistic-level verification returned a scope-valid, mis-scoped, or unknown label. To avoid overloading
the judges with too many statistics, reasoning trace statistics were passed to the judges in a batch size
of 20 and the results were aggregated. Exact prompts can be found in Appendix A.

Trace-Level Aggregation
After statistic-level verification, the pipeline aggregated statistic-level labels into a trace-level scoping
error label. To avoid marking an entire trace as erroneous due to an incidental or unimportant statistic,
each statistic was assigned an importance weight by a judge. The predicted weights were automatically
normalized to sum to one. A trace was marked as containing a scoping error if at least one mis-scoped
statistic exceeded the importance threshold. The threshold was set dynamically per trace as:

λ =
1

2n
, (4.1)

where n is the number of unique reasoning trace statistics being compared. This arbitrary threshold
marks a statistic as important if its normalized importance weight is at least half of the uniform weight
that would be assigned if all statistics were equally important. This threshold was arbitrarily chosen
after observing the relative prevalence of human-found and pipeline-found scoping failures. If any
intermediate step of the pipeline returned unparseable results, that step was first retried with a larger
maximum output length. Then, if the intermediate step still returned unparseable results, those statistics
were excluded from trace-level label aggregation.

The trace-level label produced by the hybrid judge pipeline was used in two ways. First, it served as a
measurement of scoping error prevalence in reasoning traces. Second, it was used as a supervision
signal for the learned scoping reward models described in Section 4.6.3. The hybrid judge pipeline was
evaluated through human verification of a stratified subset of 79 judged traces, where judge decisions
were compared against human labels for the presence of scoping failures.

4.4.4. Distilled Scoping Measurement
Using the scoping error labels from the hybrid LLM-as-a-Judge pipeline, several student models were
taught to recognize scoping errors in a more efficient manner. Model architecture and training pro-
cedures are detailed in Sections 4.3.3 and 4.5, respectively. During inference, a reasoning trace is
marked with a scoping error if the student model’s score is above an arbitrary threshold λ of 0.4. This
threshold was chosen arbitrarily after observing the relative prevalence of teacher-found and student-
found scoping failures. See Appendix B for ablations of λ. This signal is compared to the hybrid judge
pipeline and used for downstream performance estimation.

4.5. Reward Model Training
4.5.1. Training Data Construction
Reward models were trained using generated reasoning traces on training set instances with varying
temperatures. This allowed reward models to learn from variation across multiple candidates for the
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same underlying query. Training data was constructed separately for QUANTEMP & FinQA with the Re-
Ranked &Whole-Document evidence splits, respectively. Sample reward model prompt templates are
provided in Appendix A.

For each dataset, 2, 000 training queries were sampled using stratified sampling. These queries were
split into 1, 700 training queries and 300 mini-validation queries. Stratification was based on answer
type and answer for FinQA and taxonomy label and final label for QUANTEMP to preserve representative
diversity in the sampled training data. For each query, 12 candidate traces were generated using
Deepseek-Distill-Qwen-7B. Candidate traces were sampled with temperatures uniformly distributed
across 0.2, 0.3, 0.4, and 0.5.

After generation, traces were de-duplicated to remove near-identical outputs. De-duplication was per-
formed using cosine similarity (Appendix A) between embeddings produced by the all-MiniLM-L12-v2
embedding model [56]. Traces with cosine similarity greater than 0.97 were treated as duplicates. This
process removed around 29% of FinQA traces, and 20% of QUANTEMP traces.

The remaining traces were then labeled for correctness. Correctness labels were determined by match-
ing each candidate final prediction against the ground truth label using the same validation procedure
used for outcome-level evaluation, detailed in Section 4.7.1. The final datasets were sampled from the
remaining traces based on correctness label with stratified sampling, with the aim of having a training
dataset of around 10, 000 traces.

For FinQA the final reward-model training and mini-validation sets contained 10, 829 and 1, 902 traces,
respectively. For QUANTEMP, the final training andmini-validation sets contained 10, 924 and 1, 934 traces,
respectively. For an overview of the correctness and scoping distributions per set, see Table 4.1.

Table 4.1: Distribution of reward model training data after trace generation, de-duplication, and stratified sampling based on
correctness labels.

Dataset Split Total traces Correct Incorrect Scope-Valid Mis-Scoped
FinQA Train 10,829 4,846 5,983 8,317 2,512
FinQA Mini-validation 1,902 722 1,180 1,458 444
QUANTEMP Train 10,924 3,658 7,266 7,285 3,639
QUANTEMP Mini-validation 1,934 640 1,294 1,350 584

4.5.2. Training Procedure
All reward models were trained using parameter-efficient fine-tuning with LoRA [21]. The LoRA rank
was set to 8 and LoRA alpha was set to 16. Models were trained with a batch size of 12 using an AdamW
optimizer [33], a learning rate of 1 × 10−4, epsilon of 1 × 10−8, and random seed of 42. Training used
the PyTorch package implementation of binary cross entropy (BCE) loss for logits [40]. The maximum
number of epochs was set to 10, with early stopping patience of 2 based on loss on the mini-validation
set. A cosine learning rate scheduler was used with a warm-up period equal to 5% of the total number
of training steps.

To combine the correctness-ranking and scoping-error objectives in the multi-task ORM, this work per-
formed ablations between straight task combination and Soft Optimal Uncertainty Weighting (UW-SO)
[27] in Appendix B. For each batch, the separate BCE losses Lcorrectness,Lscope were computed for the
correctness and scoping heads. In straight task combination, the final loss Lmulti was:

Lmulti = Lcorrectness + Lscope.

In UW-SO, losses were detached and converted into inverse loss scores so the lower-loss task received
larger softmax weights:

w = softmax

(
1

τ

[
1

stopgrad(Lcorrectness) + ϵ
,

1

stopgrad(Lscope) + ϵ

])
, (4.2)

where w = [wcorrectness, wscope], τ = 5.0 is a softmax temperature to allow more even weighting, and
ϵ = 1 × 10−8 avoids division by zero errors. The final training objective in UW-SO was the weighted



4.6. Parallel Test-Time Scaling Experiments 25

sum of the two original non-detached losses:

Lmulti-uwso = wcorrectness Lcorrectness + wscope Lscope.

The weights wcorrectness, wscope were re-computed for each batch. Single task ORMs used only the BCE
loss for training, as defined in Section 3.4.3.

For the correctness ORM, the binary target indicated whether the candidate trace produced the correct
final answer or label. For the scoping ORM, the binary target indicated whether the candidate trace
contained a detected scoping error according to the hybrid judge pipeline. For the multi-task ORM, the
model jointly optimized correctness prediction and scoping error prediction using two prediction heads.
The training process recorded average training loss, training accuracy, validation loss, and validation
accuracy for each epoch. Learning curves of each ORM during training can be seen in Appendix B.

4.6. Parallel Test-Time Scaling Experiments
To evaluate scoping-aware verification signals, downstream performance of candidate trace selection
was compared with various verification signal baselines.

4.6.1. Test-Time Candidate Trace Generation
At test time, multiple candidate reasoning traces OK = {o1, o2, . . . , oK} were generated for each query,
where each output ok consists of an intermediate thinking trace Tk, final prediction p̂k, and justification
Jk. For QUANTEMP, candidate sets were generated with up toK = 12 traces per claim with the Gold and
Re-Ranked evidence splits, yielding 119, 760 generated candidate reasoning traces across inference
models. For FinQA, candidate sets were generated with up to K = 20 traces per question with the
Whole-Document evidence split, yielding 45, 880 generated candidate reasoning traces across infer-
ence models. The larger maximum K value was used for FinQA because the FinQA test set is smaller
than the QUANTEMP test set, making the additional generation computationally feasible.

Candidate traces were sampled using temperatures uniformly distributed across 0.2, 0.3, 0.4, and
0.5. For QUANTEMP, results are reported for K ∈ {1, 4, 8, 12}. For FinQA, results are reported for
K ∈ {1, 4, 8, 12, 16, 20}. For each value of K, aggregation methods operated only on the first K gen-
erated candidate traces for each instance. Outputs that could not be parsed into the required schema
weremarked as invalid. Invalid candidate traces were excluded from aggregationmethods that required
a valid final prediction and were reported separately through invalidity rates.

4.6.2. Baseline Scoping-Blind Aggregation Methods
Oracle Upper Bound
An oracle upper bound is used to estimate the maximum possible benefit of selecting among K traces.
The oracle marks a task instance as correct if any valid candidate output contains the correct final
prediction:

Oracle (OK) = I
(
∃ ok ∈ Ovalid

K : p̂k = p∗
)
, (4.3)

where Ovalid
K denotes the subset of outputs with validly parsed predictions and p∗ is the ground-truth

label or answer. This is not a deployable method because it uses the gold answer, but acts as an upper
bound by estimating whether the generated candidate set contained a correct answer that a better
selector could have chosen.

Self-Consistency
Self-consistency is used as a primary test-time scaling baseline [57]. It selects the final prediction by
majority vote over valid candidate outputs. The self-consistency prediction p̂SC is:

p̂SC = mode{p̂k : ok ∈ Ovalid
K }. (4.4)
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Self-consistency tests whether sampling multiple traces improves performance through answer agree-
ment alone, without using any verifier.

Correctness ORM Baseline
A generic outcome reward model (ORM) is used as a learned ranking baseline. Given task claim or
question x, and candidate trace intermediate thinking Tk, predicted output p̂k, and justification Jk, the
correctness ORM Rθ produces a correctness logit rk which can be converted into a score through the
sigmoid equation σ(·) estimating the general output quality or correctness of the candidate trace:

rk = Rθ(x, Tk, p̂k, Jk). (4.5)

The selected output p̂ORM is the prediction of the highest-scoring candidate:

p̂ORM = arg max
p̂k:ok∈OK

σ(rk). (4.6)

This baseline tests whether a general correctness learned verifier can improve trace selection without
explicitly targeting numerical scoping errors.

4.6.3. Scoping-Aware Test-Time Scaling Variants
In order to integrate scoping-aware scores, scoping-aware mitigation methods use the hybrid LLM-as-
a-Judge pipeline from Section 3.3.3 or distilled variants as a reward model to remove or de-prioritize
candidate outputs with sufficiently important scoping errors.

Oracle After Scoping Filtering
An oracle upper bound is computed after scoping filtering. This oracle measures whether the subset
of traces judged to be free of scoping errors still contains a correct answer:

Oracle(Oscope
K ) = I (∃ ok ∈ Oscope

K : p̂k = p∗) , (4.7)

where Oscope
K denotes the subset of outputs with validly parsed predictions without a sufficiently impor-

tant scoping error. Comparing this oracle to the unfiltered oracle estimates whether the scoping filter
removes correct candidates, preserves correct candidates, or leaves enough correct candidates for
downstream selection.

Self-Consistency After Scoping Filtering
Self-consistency can also be applied after scoping filtering. Instead of voting over all valid traces, the
final prediction is selected by majority vote over the subset of traces without detected scoping errors:

p̂scope+SC = mode{p̂k : ok ∈ Oscope
K }. (4.8)

This method tests whether majority voting becomes more reliable after traces containing detected scop-
ing errors are removed.

Ranking After Scoping Filtering
The generic correctness ORM can also be combined with scoping filtering. First, the scoping verifier
removes traces with detected scoping errors. Then, the correctness ORM Rθ selects the highest-
scoring remaining candidate:

p̂scope+ORM = arg max
p̂k:ok∈Oscope

K

σ(Rθ(x, Tk, p̂k, Jk)). (4.9)

This method tests whether scoping filtering and generic output-quality ranking provide complementary
selection signals.
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4.6.4. Overview of Mitigation Variants
Table 4.2 contains an overview of the mitigation variants. Overall, the mitigation methods compare
three kinds of selection signals. The first relies only on answer agreement, as in self-consistency.
The second uses generic correctness rewards, as in the correctness ORM. The third uses scoping-
error-aware signals, either through the hybrid scoping detection pipeline, a distilled scoping ORM, or
a multi-task ORM; for an overview, see Figure 4.1. Oracle variants are included as upper bounds to
distinguish between two possible limitations: whether correct answers are absent from the sampled
traces, or whether they are present but not selected by the verifier or aggregation strategy.

Table 4.2: Overview of test-time scaling variants used to evaluate numerical scoping error mitigation.

Variant Type Selection Signal Purpose
Oracle Upper Bound Gold answer availability

among sampled traces
Estimates whether any sampled trace con-
tains the correct answer.

Hybrid Pipeline: Scoping Filtering + Oracle Scoping-Aware Up-
per Bound

Gold answer availability af-
ter scoping filtering

Estimates whether the scoping filter preserves
correct candidate traces.

Self-Consistency Baseline Majority vote over valid an-
swers

Tests whether answer agreement alone im-
proves performance.

Hybrid Pipeline: Scoping Filtering + Self-Consistency Scoping-Aware
Baseline

Majority vote after scoping
filtering

Tests whether voting improves after removing
mis-scoped traces.

Correctness ORM: Correctness Best-of-N Baseline Learned general output-
quality score

Tests whether generic reward-based trace se-
lection improves performance.

Hybrid Pipeline: Scoping Filtering + Correctness ORM: Correctness Best-of-N Scoping-Aware Correctness ORM after
scoping filtering

Tests whether generic reward-based trace se-
lection improves after removing mis-scoped
traces.

Scoping ORM: Scoping Filtering + Correctness ORM: Correctness Best-of-N Scoping-Aware
Single-Task
Learned Verifier

Distilled scoping-error fil-
tering before Correctness
ORM

Tests whether hybrid scoping judgements can
be approximated by a learned reward model.

Multi-Task ORM: Scoping Filtering + Multi-Task ORM: Correctness Best-of-N Scoping-Aware
Multi-Task Learned
Verifier

Joint distilled scoping-error
filtering and correctness
scores

Tests whether general quality and scoping-
specific signals can be distilled into onemodel.

Multi-Task ORM: Correctness + Scoping Best-of-N Scoping-Aware
Multi-Task Learned
Verifier

Joint correctness and scop-
ing scores

Tests whether ranking based on scoping and
correctness scores improves over filtering by
scoping then ranking by correctness.
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Figure 4.1: Overview of the scoping-aware test-time scaling variants used to evaluate numerical scoping error mitigation.

4.6.5. Test-Time Scaling Fallback Rules
The test-time scaling experiments compare several aggregation and selection variants. When a selec-
tion variant produced a tie, ties were resolved deterministically according to the order in which candidate
traces were generated. This tie-breaking rule is arbitrary, but was applied consistently across all ag-
gregation variants. If all generated traces for an instance were invalid or all traces were filtered out by
scoping filtering, the instance was marked as invalid for that subset of deployable aggregation methods
and not included in final result metrics, instead being reported in an invalidity rate.
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4.7. Evaluation Metrics
Evaluation was performed at several levels to capture both final task performance and intermediate
reasoning behavior. Outcome-level metrics evaluate whether the final model prediction is correct for
each task. Reasoning-failure metrics measure the prevalence and pestilence of reasoning failures
in reasoning traces. Agreement metrics evaluate how closely automatic judges and distilled student
models reproduce human or teacher labels. Finally, invalidity, diversity, runtime, and statistical testing
metrics are used to interpret test-time scaling behavior, efficiency, and the reliability of associations.

4.7.1. Downstream Outcome-Level Metrics
Outcome-level downstream performance metrics differed by task and followed the metrics used in the
corresponding dataset papers [53, 9]. For numerical fact-checking on QUANTEMP, performance was
measured using weighted-F1, macro-F1, and per-class F1 over verdict labels. Weighted-F1 accounts
for class imbalance by weighting each class-specific F1 score according to its support, while macro-
F1 gives equal weight to each class. In some analyses, these metrics were also reported separately
across claim taxonomy categories. For more details on F1 scores see Appendix A.

For numerical QA on FinQA, downstream outcome-level performance wasmeasured using exact-match
(EM) accuracy over valid model responses. Since FinQA answers may be binary or numerical, predic-
tions were evaluated according to answer type. For binary questions, the predicted answer was counted
as correct only when it exactly matched the ground-truth answer when lower-cased. For numerical an-
swers, predictions and labels were first normalized by removing common formatting symbols such as
currency symbols, percentage signs, and commas. Following V., Prabhu, and Anand [54], a numerical
prediction was counted as correct if it approximately matched the ground-truth value under either of
two tolerance checks: the absolute rounded values matched within a relative tolerance of 0.02 at three
decimal places, or the absolute values matched after rounding to one decimal place.

4.7.2. Reasoning Failure Prevalence & Pestilence
Reasoning failure prevalence was measured as the proportion of valid reasoning traces judged to
contain a given error type. For human annotation and straight LLM-as-a-Judge analyses, prevalence
was reported for numerical scoping, arithmetic, and looping errors across correct and incorrect traces.
For the hybrid LLM-as-a-Judge pipeline, prevalence was reported at the trace-level, indicating whether
a trace contained at least one sufficiently important detected scoping error, and at the statistic-level,
indicating the average proportion of extracted quantities judged to be mis-scoped per statistic type.

Pestilence measured whether an identified reasoning failure contributed to an incorrect final answer. In
the human annotation and straight LLM-Judge analyses, this was reported as the proportion of detected
failures judged to contribute to final-answer incorrectness. This distinction was important because a
reasoning trace can contain a scoping error without the final answer necessarily being incorrect.

4.7.3. Human Annotator, LLM Judge, & Distilled Student Agreement Metrics
Several agreement metrics were used to evaluate whether automatic judges and student models re-
produced human or teacher labels. For trace-level scoping error detection, weighted-F1 was used
to compare hybrid judge predicted binary scoping labels against human annotations while accounting
for class imbalance. Furthermore, the average proportion of correctly identified, classified, and ver-
ified statistics per reasoning trace was also reported to show where the hybrid pipeline was making
mistakes.

For student distillation performance, ROC-AUC was used to measure how well the student model
ranked traces with and without scoping errors according to the teacher or human labels (Appendix
A). ROC-AUC was included because the student ORMs produce continuous scoping scores, not only
binary labels. Label agreement was then computed after thresholding these scores into binary scoping-
error predictions. Label agreement was computed as the percentage of traces for which the predicted
binary scoping label matched the reference label. Because label agreement can be inflated by majority-
class predictions, especially when scoping error prevalence is imbalanced, majority-class baselines
were also reported. Teacher scoping rate and student scoping rate were also reported to show whether
student models reproduced the overall prevalence of scoping errors or behaved conservatively by pre-
dicting fewer scoping errors than the teacher hybrid judge or human annotators.
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4.7.4. Invalidity, Diversity & Runtime Metrics
Invalidity rates were computed for generated inference outputs and judge outputs. For inference out-
puts, invalidity measured the proportion of candidate traces for which no valid final answer or label
could be parsed. For judge outputs, invalidity measured the proportion of judge calls that did not return
a parseable response. Reporting invalidity is important because both test-time scaling and judge-based
measurement depend on valid structured outputs and the other metrics are unable to report invalid out-
puts without contaminating other results.

Candidate diversity was measured during test-time scaling. Since test-time scaling can only improve
performance when the candidate set contains meaningful variation, answer-level diversity metrics were
used to quantify variation across theK generated traces. Diversity was measured using the normalized
answer entropy and answer disagreement (Appendix A). These metrics were used to interpret whether
increasing K produced genuinely diverse candidate answers or merely repeated similar predictions.

When comparing the teacher and student models, runtime efficiency was measured using relative
speed between the hybrid LLM-as-a-Judge pipeline and distilled student ORMs. Relative speed was
computed as the average runtime of the hybrid pipeline divided by the average runtime of the student
model over the same test dataset on the same hardware. This metric was used to quantify the practical
speedup obtained by distilling the hybrid pipeline’s scoping signal into smaller reward models.

4.7.5. Statistical Testing
Statistical tests were used for selected comparisons to assess whether observed differences were
likely to reflect systematic effects rather than sampling noise. Because test-time scaling produces
multiple traces for the same query, trace-level observations are not independent. To account for this
repeated-measures structure, generalized estimating equations (GEE) [71] were fit with query identifier
as the clustering variable and an exchangeable working correlation structure. This models the average
population-level association while allowing traces from the same query to be correlated.

For binary outcomes, such as whether a trace was correct, logistic GEE models were used. For exam-
ple, to test whether scoping errors were associated with final correctness, the marginal mean model
was:

logit (P (correctij = 1)) = β0 + β1scopingij , (4.10)

where correctij indicates whether trace j for query i was correct, and scopingij indicates whether the
trace contained a scoping error. The coefficient β1 was reported using its odds ratio, 95% confidence
interval, and p-value.

For continuous outcomes, such as testing whether correctness ORM scores vary significantly with
scoping error prevalence, Gaussian GEE models were used:

scoreij = β0 + β1scopingij + ϵij . (4.11)

Here, scoreij is the correctness ORM score for trace j of query i. In this setting, β1 represents the
estimated average difference in correctness ORM score associated with the presence of a scoping
error. Results were reported with 95% confidence intervals and p-values, alongside descriptive group
means.

4.8. Hardware & Software Configuration
Inference experiments were run on a local workstation equipped with an NVIDIA RTX 5090 GPU and
an Intel(R) Core(TM) Ultra 9 285K processor. Local language model inference was served through
LMStudio [51] using local API endpoints. Reward model training was performed on DelftBlue [1], a
supercomputer cluster at TU Delft, using an NVIDIA A100 80GB GPU. The implementation was written
in Python version 3.10.9 [41], with PyTorch [40] and HuggingFace’s transformers [60] libraries used
for reward model training. Parameter-efficient fine-tuning was implemented using PEFT [35]. Stanford
CoreNLP version 4.5.10 [36], which is Java-based, was run as an external local service for statistic
extraction and parsing.
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Results

5.1. RQ1: Identifying A Common Reasoning Failure in RAG-based
Numerical Reasoning

5.1.1. Generating Reasoning Traces Across Tasks
In order to identify a common reasoning failure in RAG-based numerical reasoning tasks, reasoning
traces were generated by Deepseek-Distill-Qwen-7B across QUANTEMP and FinQA evidence splits, as
defined in Section 4.2. The downstream performance of these reasoning traces is presented in Tables
5.1 and 5.2.

From Table 5.1, fact-checking performance is strong with Gold evidence but drops in all open-domain
evidence settings, falling below the fine-tuned NLI classifiers despite having generated reasoning
traces. Across the open-domain evidence settings, the generative model is weakest on Interval claims,
with particularly low scores for the Qrels and Re-Ranked evidence classes. By verdict class, the weak-
est scores are seen for the True class, while in the Gold setting, the Conflicting verdict class is the
most difficult.

Inference Model Evidence Category Statistical Temporal Interval Comparison Per-Class Total
M-F1 W-F1 M-F1 W-F1 M-F1 W-F1 M-F1 W-F1 T-F1 F-F1 C-F1 M-F1 W-F1

Naive (Majority class)† - 22.46 34.25 28.35 62.95 25.86 49.19 16.51 16.32 0.00 72.64 0.00 24.21 41.42

Fine-tuned RoBERTa-Large-MNLI† Gold 60.87 65.44 66.63 81.11 58.35 69.56 60.74 60.36 56.86 82.92 48.79 62.85 69.79
Zero-shot gpt-3.5-Turbo† Gold 53.40 57.51 50.88 69.15 50.97 62.10 51.05 49.56 56.77 75.35 28.00 53.37 60.47
Fine-tuned RoBERTa-Large-MNLI† Qrels - - - - - - - - 53.62 81.39 36.95 57.28 65.41
Fine-tuned RoBERTa-Large-MNLI† Re-Ranked 49.55 52.48 60.29 74.29 48.84 57.93 40.72 39.66 51.59 70.60 35.27 52.48 58.52

Few-shot Deepseek-Distill-Qwen-7B

Gold 68.87 72.09 63.18 68.43 67.33 71.74 68.53 74.48 73.68 80.43 47.39 67.17 71.28
Qrels 35.97 37.21 36.54 38.44 31.76 34.69 33.42 34.85 29.50 39.35 37.15 35.33 36.76
Filtered search results 35.99 36.19 39.75 41.34 34.40 36.17 32.63 32.85 34.70 38.43 36.52 36.55 37.27
Re-Ranked 39.32 39.80 34.78 36.26 32.78 34.93 36.91 39.51 35.28 40.27 35.40 36.98 38.16

† These results are reported directly from the QUANTEMP(++) publications [53, 55] and are included for reference only. They are not directly comparable to the other rows due to differences in model architecture, training data, and evaluation protocol.

Table 5.1: Fact-checking outcome-level performance across claim taxonomy categories, verdict categories, and evidence
classes on the QUANTEMP test set. Occasionally, reasoning trace outcomes were invalid (0.4-2.2% of traces), resulting in

exclusion.

For Deepseek-Distill-Qwen-7B, FinQA performance is comparatively stable across evidence settings,
with Re-Ranked evidence slightly outperforming the other settings, which likely follows from the high
degree of similarity between the evidence settings as each is highly likely to contain the gold informa-
tion needed to answer the claim with fewer distractors when approaching the Gold evidence setting.
Unlike QUANTEMP, the more distracting evidence settings do not appear to substantially hurt the genera-
tive model, although the higher invalidity rate makes these exact-match results less straightforward to
interpret.

30
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Inference Model Evidence Category Exact Match Accuracy

Fine-tuned RoBERTa-Large† Gold 70.00
Fine-tuned RoBERTa-Large† Re-Ranked 61.24

Few-shot Deepseek-Distill-Qwen-7B
Gold 66.94
Re-Ranked 69.02
Whole-Document 67.92

† These results are reported directly from the FinQA publication [9] and are included for reference only. They are not directly comparable to the other rows due
to differences in model architecture, training data, and evaluation protocol.

Table 5.2: Question-answering outcome-level performance across evidence classes on the FinQA test set. Reasoning trace
outcomes were sometimes invalid (22.7-27.3% of traces), resulting in exclusion.

In general, these results informed subsequent decisions for which evidence splits to focus human effort
on when looking for common reasoning failures. Specifically, for QUANTEMP, the Re-Ranked evidence
split was chosen as a low-performing open-domain evidence split that could provide interesting failures.
Next, since the FinQA results were mostly equivalent, theWhole-Document evidence split was chosen
as the main focus for a more distracting, real-world QA setting.

5.1.2. Prevalence & Pestilence of Common Reasoning Failures
Based on human qualitative analysis of random reasoning traces, three reasoning failures were arbi-
trarily identified to be investigated further: scoping errors, arithmetic errors, and looping errors. Figure
5.1 contains examples of arithmetic and looping errors while Figure 1.2 and Table 3.1 show examples
of scoping errors. These failures were chosen, based on analysis of reasoning traces, for several rea-
sons: looping errors accounted for most of the invalid reasoning traces, scoping errors were found most
frequently, and arithmetic errors were chosen for their perceived importance in numerical settings.

Arithmetic Error

“[…] which averages to 
N44.5 billion per 

month. This is 
significantly lower than 

N700 million, so …”

ThinkingModel

“219,000 divided by 
83,000 is exactly 

2.634…”

ThinkingModel

Correct: 219,000 divided by 83,000 is 
exactly 2.639 

Correct: N44.5 billion is significantly higher 
than N700 million. 

“[…] Alternatively, perhaps the answer is 24.6%, but the 
user wants it as a number, so 24.6.

But wait, the question is asking for the portion, which is a 
percentage. So, perhaps the answer should be 24.6%, 
but in the format requested, it’s a numerical value without 
the percentage sign. So, 24.6.

Alternatively, perhaps the answer is 24.6%, but the user's 
examples sometimes used numbers and sometimes 
percentages. Wait, looking at the examples:

In the first example, the answer was 12.1%, and the 
justification was the calculation leading to that. The 
output was [Final Answer]: 12.1%.

In the second example, the answer was 28%, and the 
output was [Final Answer]: 28.

Wait, no, in the second example, the output was [Final 
Answer]: 28% but the user's instruction was to output the 
final answer as a number without extra text. Wait, no, the 
user's instruction was to output the final [Terminated by 
context length limits]”

ThinkingModel

Looping Error

Figure 5.1: Examples of arithmetic and looping reasoning failures in LRM reasoning traces on numerical tasks.

The prevalence, how often they occurred, and pestilence, how often they contributed to an incorrect
verdict, of each of these failures based on human annotation of 79 Distill-Qwen-generated reasoning
traces is in Table 5.3. Due to time constraints, this analysis was limited to the Re-Ranked & Whole-
Document evidence splits for QUANTEMP and FinQA, respectively. The QUANTEMP Gold evidence split
was later annotated for scoping errors only and is included in the table for comparison.

The human annotations show that numerical scoping errors are the only failure type of the three that is
both prevalent across tasks and often associated with incorrect outputs, appearing in 44.7% of QUANTEMP
Re-Ranked traces and 26.8% of FinQA Whole-Document traces. In contrast, arithmetic and looping
errors are less consistently prevalent: arithmetic errors are rare in QUANTEMP but more common in
FinQA, while looping errors are highly pestilent when they occur but comparatively infrequent, especially
in QUANTEMP. This suggests that scoping errors are the most systematic cross-task reasoning failure
among the three error types considered. However, these annotations are limited to very few reasoning
traces. To measure these errors at scale, an automatic judge was implemented.
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Dataset Evidence Category Error Type
Correct Verdict Incorrect Verdict Total

Count % Count % Count % Contributed to Incorrectness
Count %

QUANTEMP

Gold Total Count 23 15 38
Numerical Scoping 8 53.3 6 40.0 14 36.8 4 28.6

Re-Ranked

Total Count 19 19 38
Numerical Scoping 8 42.1 9 47.4 17 44.7 6 35.3
Arithmetic 2 10.5 0 0.0 2 10.5 0 0.0
Looping 0 0.0 1 6.7 1 2.6 1 100.0

FinQA Whole-Document

Total Count 26 15 41
Numerical Scoping 1 3.8 10 66.7 11 26.8 9 81.8
Arithmetic 2 7.7 8 53.3 10 24.4 6 60.0
Looping 0 0.0 5 33.3 5 12.2 5 100.0

Table 5.3: Reasoning failure prevalence as judged by a human annotator on 79 random reasoning traces generated by
Deepseek-Distill-Qwen-7B on 38 fact-checking and 41 question-answering queries.

Table 5.4 contains the prevalence and pestilence of scoping errors, arithmetic errors, and looping errors
as estimated by a straight LLM-as-a-Judge which is provided the ground truth answer on all evidence
splits of the datasets.

The automatic judge broadly reinforces the human analysis by identifying numerical scoping errors as
common and highly pestilent across both tasks, especially in incorrect verdicts. However, it also chal-
lenges the human pattern by marking arithmetic errors as extremely prevalent in FinQA, suggesting
that arithmetic failures may be more task-dependent and abundant in computational tasks than first
thought. Because the judge finds very few errors in correct outputs, these estimates should be inter-
preted cautiously as conflation and deflation of error detection is likely happening due to over-reliance
on the final correctness label.

Dataset Evidence Category Error Type
Correct Verdict Incorrect Verdict Total

Count % Count % Count % Contributed to Incorrectness
Count %

QUANTEMP

Gold

Total Count 1767 728 2495
Numerical Scoping 22 1.2 355 48.8 377 15.1 348 92.3
Arithmetic 3 0.2 1 0.1 4 0.2 0 0.0
Looping 0 0.0 2 0.3 2 0.1 2 100.0

Qrels

Total Count 903 1592 2495
Numerical Scoping 33 3.7 632 39.7 665 26.7 626 94.1
Arithmetic 5 0.6 2 0.1 7 0.3 2 28.6
Looping 0 0.0 1 0.1 1 0.04 1 100.0

Filtered Search Results

Total Count 919 1575 2494
Numerical Scoping 27 2.9 677 43.0 704 28.2 675 95.9
Arithmetic 4 0.4 3 0.2 7 0.3 2 28.6
Looping 1 0.1 0 0.0 1 0.04 1 100.0

Re-Ranked

Total Count 929 1566 2495
Numerical Scoping 45 4.8 658 42.0 703 28.2 655 93.2
Arithmetic 5 0.5 2 0.1 7 0.3 2 28.6
Looping 0 0.0 1 0.1 1 0.04 1 100.0

FinQA

Gold

Total Count 446 700 1146
Numerical Scoping 1 0.2 183 26.1 184 16.1 182 98.9
Arithmetic 1 0.2 328 46.9 329 28.7 320 97.3
Looping 18 4.0 29 4.1 47 4.1 28 59.6

Re-Ranked

Total Count 465 680 1145
Numerical Scoping 4 0.9 191 28.1 195 17.0 189 96.9
Arithmetic 0 0.0 326 47.9 326 28.5 317 97.2
Looping 13 2.8 37 5.4 50 4.4 26 72.0

Whole-Document

Total Count 475 670 1145
Numerical Scoping 5 1.1 218 32.5 223 19.5 218 97.8
Arithmetic 0 0.0 260 38.8 260 22.7 244 93.8
Looping 6 1.3 13 1.9 19 1.2 13 68.4

Table 5.4: Reasoning failure prevalence as judged by a straight LLM-as-a-Judge (Qwen2.5-14B) on test sets of fact-checking
(n=2495) and question-answering (n=1147) reasoning traces generated by Deepseek-Distill-Qwen-7B. Occasionally,

reasoning trace outcomes were invalid (<0.25% of traces), resulting in exclusion.
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The straight LLM-as-a-Judge labels were compared to the gold human annotations for scoping errors,
arithmetic errors, and looping errors. Table 5.5 shows that the judge only partially recovers the human-
identified failures, with low recall for all three error types in both QUANTEMP and FinQA. In general, the
straight LLM-as-a-Judge appears to underestimate the prevalence and overestimate the pestilence of
various reasoning failures by searching more aggressively for failures when the final verdict is incorrect.
This limitation is particularly important for scoping errors, which often interact with retrieval, interpre-
tation, and final-answer correctness rather than appearing as isolated surface-level mistakes. The
straight judge is therefore useful as a coarse indicator of failure patterns, but insufficient as a definitive
measurement instrument for complex reasoning failures.

Dataset Evidence Category Error Type
Errors Correctly Identified Errors Incorrectly Identified

Prediction Type Exact Match Accuracy
Count % Missing Wrong Topic Excess

Count % Count % Count

QUANTEMP Re-Ranked
Numerical Scoping (n=17) 7 41.2 9 52.9 4 23.5 1 Total (n=38) 52.6
Arithmetic (n=2) 0 0.0 5 100.0 0 0.0 0 Correct (n=19) 52.6
Looping (n=0) 0 0 0 0 Incorrect (n=19) 52.6

FinQA Whole-Document
Numerical Scoping (n=11) 3 27.3 8 72.7 0 0.0 1 Total (n=41) 56.1
Arithmetic (n=10) 2 20.0 4 40.0 5 50.0 9 Correct (n=26) 67.7
Looping (n=5) 1 20.0 4 80.0 0 0.0 0 Incorrect (n=15) 25.0

Table 5.5: Manual evaluation of straight LLM-as-a-Judge by a human annotator on stratified samples of fact-checking (n=38)
and question-answering (n=41) reasoning traces generated by Deepseek-Distill-Qwen-7B and judgements generated by

Qwen2.5-14B-Instruct.

Taken together, the human annotations and automatic measurements motivate focusing on numerical
scoping errors as the central failure mode in this work. Scoping errors appear across numerical reason-
ing tasks and evidence settings, whereas arithmetic errors are mainly prominent in numerical QA and
looping errors appear less prevalent overall and more tied to invalid or degenerate prompting behav-
ior. Therefore, subsequent analyses focus on scoping errors as the most pervasive and task-general
reasoning failure observed.

5.1.3. Taxonomizing Numerical Scoping Failures
Through an in-depth literature analysis of reasoning failure typologies, detailed in Sections 2.3 and 3.2,
numerical scoping failures were positioned as logical problem representation failures.

Human qualitative analysis of generated reasoning traces from Table 5.3 further highlights a taxonomy
of scoping errors, distinguishing extractive scoping errors, extrapolative scoping errors, and parametric
scoping errors, as detailed in Section 3.2.2. A scoping error is categorized as extractive, extrapolative,
or parametric depending on the type of the statistic that is being mis-scoped, as detailed in Section
3.2.2. For example, a statistic that is sourced from the evidence is an extractive statistic. If this statistic
is assigned an incorrect unit, this is an extractive scoping error, because the mistake happened when
extracting the statistic from evidence. An extrapolative statistic is mis-scoped if a mistake happened
when extrapolating it from other statistics: for example, if statistics are combined improperly due to
different time frames, making the current statistic unusable. A parametric statistic is mis-scoped if
a mistake happened when naming it from parametric memory: for example, if a specific statistic is
claimed frommemory without proper grounding in the current setting. Table 3.1 contains representative
examples of each type of scoping error.

These types of scoping failures outline where an error was made, allowing the development of specific
practices to identify these errors, thus identifying scoping failures, a pervasive reasoning failure in RAG-
based numerical reasoning.

RQ1: Key Insights

1. A common reasoning failure in RAG-based numerical reasoning is numerical scoping
errors, which occur when a quantity is bound to incorrect referents. These failures are
both prevalent and lead to incorrect verdicts across numerical fact-checking and QA tasks.

2. Numerical scoping errors can be categorized into extractive, extrapolative, and para-
metric variants depending on the source of the statistic that is being mis-scoped.

3. Straight LLM-as-a-Judge methods are sub-optimal when measuring numerical scoping
errors, often leading to prevalence underestimation and pestilence overestimation.
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5.2. RQ2: Measuring Numerical Scoping Failures in RAG-based Nu-
merical Reasoning

Following the development of the taxonomy that categorizes numerical scoping failures into extractive,
extrapolative, and parametric, the hybrid LLM-as-a-Judge pipeline was developed to detect scoping
errors in reasoning traces at a statistic- and trace-level. Table 5.6 contains the overview of trace- and
statistic- level scoping errors found across datasets and evidence splits.

Table 5.6 shows that trace-level scoping errors remain common across both tasks, but are more preva-
lent in QUANTEMP than in FinQA, consistent with the earlier human analysis. Scoping errors are generally
more frequent in incorrect and invalid traces than in correct traces, although this pattern is not uniform
across all evidence splits, indicating that scoping failures are associated with degraded performance but
do not fully determine final correctness. The statistic-level counts also show that FinQA traces contain
substantially more quantities on average, but a lower percentage of these quantities are mis-scoped.
This suggests that QA reasoning is more quantity-dense while fact-checking reasoning about quantities
is more vulnerable to scoping misalignment. This idea is quite natural as the QA task requires comput-
ing and outputting a number as the final answer, naturally requiring more quantities, while fact-checking
requires careful reasoning over some quantities likely requiring more natural language.

Dataset Evidence Category Trace Correctness % with Scoping Error Average # of Quantities in Thinking Trace
Total % Important % Mis-Scoped

QUANTEMP

Gold

All 33.99 4.86 65.64 9.67
Correct 33.28 4.72 65.68 9.96
Incorrect 35.64 5.02 65.94 9.56
Invalid 36.67 8.90 62.92 5.96

Qrels

All 39.23 8.30 54.70 8.19
Correct 36.90 8.38 55.01 7.28
Incorrect 40.50 8.24 54.61 8.74
Invalid 46.67 10.13 47.38 8.59

Filtered Search Results

All 50.38 11.36 55.11 9.86
Correct 48.68 11.34 55.20 9.79
Incorrect 51.41 11.32 55.11 9.88
Invalid 47.83 15.13 47.39 6.87

Re-Ranked

All 34.62 5.38 60.78 9.11
Correct 36.00 5.48 60.58 9.49
Incorrect 33.87 5.33 60.79 9.01
Invalid 22.22 3.67 57.49 8.99

FinQA

Gold

All 27.49 12.87 45.77 4.58
Correct 21.14 11.32 43.99 3.27
Incorrect 29.24 10.61 50.52 5.09
Invalid 37.58 17.75 45.41 5.80

Re-Ranked

All 30.63 12.71 46.34 4.96
Correct 24.56 11.33 46.34 4.06
Incorrect 27.56 10.27 47.22 4.58
Invalid 43.56 17.02 45.83 6.17

Whole-Document

All 29.23 15.36 44.08 3.97
Correct 21.94 13.41 44.00 2.54
Incorrect 26.60 12.96 45.14 4.01
Invalid 48.31 22.25 43.51 5.93

Table 5.6: Scoping failure prevalence at a trace and statistic- level as judged by a hybrid LLM-as-a-Judge pipeline
(Qwen2.5-14B) on test sets of fact-checking (n=2495) and question-answering (n=1147) reasoning traces generated by

Deepseek-Distill-Qwen-7B with different evidence splits. Rarely, judge outcomes were invalid (<0.8% of traces), resulting in
exclusion.

Table 5.7 contains the specific statistic-level results including statistic classification, verification, and
weighting, across datasets and evidence splits. The table shows that the type of statistic used in rea-
soning differs by task and evidence setting. In QUANTEMP, Gold evidence produces mostly extractive
quantities, while open-domain evidence introduces many more parametric quantities, suggesting that
poorer retrieval contexts encourage the model to rely more heavily on unsupported numerical knowl-
edge. In contrast, FinQA contains a more balanced mixture of extractive, extrapolative, and parametric
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quantities, reflecting the more calculation-heavy structure of the task. For QUANTEMP in general, scop-
ing errors seem to occur wherever there are quantities; the distribution of scoping errors follows the
distribution of statistics for each evidence split. In FinQA, unlike in QUANTEMP, although the distribution
of statistics indicates extractive statistics as the most common, the most scoping errors are usually
found in extrapolative or parametric statistics, suggesting a shift in reasoning focus away from extract-
ing statistics. This is likely because of the relevant nature of evidence in FinQA where most statistics
are clearly relevant or irrelevant, even in the more verboseWhole-Document setting.

Dataset Evidence Category
Average # of Quantities in Thinking Trace

Total % Important % Extractive % Extrapolative % Parametric % Unknown With Scoping Error
Total % Extractive % Extrapolative % Parametric % Unknown

QUANTEMP

Gold 4.86 72.64 86.26 2.70 11.05 0.00 0.79 76.99 5.67 17.34 0.00
Qrels 8.30 59.71 47.54 2.60 49.77 0.09 1.51 59.34 5.50 35.17 0.00
Filtered search results 11.36 58.39 41.56 2.28 56.00 0.17 2.56 55.98 4.68 39.64 0.00
Re-Ranked 5.38 67.31 66.00 3.33 30.64 0.03 0.91 57.42 8.59 33.99 0.00

FinQA
Gold 12.87 48.61 37.31 27.13 28.33 7.23 1.98 28.98 39.45 31.58 0.00
Re-Ranked 12.71 49.38 38.23 27.29 27.97 6.52 2.06 34.61 34.44 30.95 0.00
Whole-Document 15.36 46.92 38.28 28.32 30.29 3.12 2.55 28.51 34.15 37.34 0.00

Table 5.7: Statistic-level failure prevalence for extractive, extrapolative, and parametric scoping errors as judged by a hybrid
LLM-as-a-Judge pipeline (Qwen2.5-14B) on test sets of fact-checking (n=2495) and question-answering (n=1147) reasoning
traces generated by Deepseek-Distill-Qwen-7B with different evidence splits. Rarely, judge outcomes were invalid (<0.8% of

traces), resulting in exclusion.

The hybrid LLM-as-a-Judge pipeline was evaluated by comparing its statistic- and trace-level scoping
error labels to gold human-annotated labels. Table 5.8 contains the results from this comparison. Due
to time constraints this analysis was only done with Gold and Whole-Document evidence splits for
QUANTEMP and FinQA, respectively.

The hybrid pipeline achieves moderate trace-level agreement with the human scoping labels, with
weighted F1 scores of 57.9 for QUANTEMP and 64.7 FinQA. This is not necessarily unexpectedly low,
since the task of detecting scoping errors requires several difficult sub-questions: identifying all rele-
vant quantities, classifying their source as extractive, extrapolative, or parametric, verifying whether
the quantity is correctly scoped, and then aggregating these judgements to the trace level with statistic
weighting. The statistic-level evaluation suggests that the main bottleneck is not quantity extraction,
which is near-perfect, but rather the more semantic stages of classification and verification. Therefore,
the hybrid judge should be treated as a scalable but imperfect measurement instrument. See Appendix
Section B.2 for real scoping detection examples which explore difficulties in automatic detection.

Dataset Reasoning Traces Average Quantities Extracted Per Reasoning Trace
Total Scoping Label W-F1 Total % Correctly Identified % Correctly Classified % Correctly Verified

QUANTEMP 38 57.9 5.61 99.1 87.5 78.3
FinQA 41 64.7 17 99.4 75.7 76.8

Table 5.8: Manual evaluation of hybrid LLM-as-a-Judge scoping error detection pipeline by a human annotator on stratified
samples of fact-checking (n=38) and question-answering (n=41) reasoning traces generated by Deepseek-Distill-Qwen-7B

and judgements generated by Qwen2.5-14B-Instruct.

5.2.1. Distilling the Hybrid LLM-as-a-Judge Pipeline Signal
The hybrid LLM-as-a-Judge pipeline involves multiple expensive judge calls and CPU-intensive statistic
extraction processes. Thus, several variants of student models were trained to recognize scoping errors
based on the hybrid judge pipeline’s labels. Table 5.9 contains the relative speedup and agreement
results between the student models and the hybrid judge pipeline. Student models are further evaluated
by comparing downstream performance with test-time scaling techniques in Section 5.3.

The student models are substantially faster than the hybrid pipeline, with an average relative speedup
of 212x across evidence splits. There is no meaningful difference between the relative speeds of the
single- and multi-task ORMs, which follows naturally from their model architectures, since the multi-
task ORM only adds one additional linear layer compared to the single-task ORM. Differences in rela-
tive speed across evidence splits likely reflect variation in hybrid-pipeline runtime caused by evidence
length, number of extracted quantities, and run-to-run system variability such as background processes,
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GPU scheduling, and I/O overhead.

The student models recover the hybrid judge signal conservatively, with stronger agreement and de-
tection rates in FinQA than QUANTEMP, suggesting that scoping-error detection is more learnable in the
more structured financial QA setting than in open-domain fact-checking. This result also follows from
the statistic scoping error distributions from Table 5.7, which indicate extractive scoping errors are far
less dominant in FinQA reasoning traces. Student models are only provided with the query and reason-
ing trace to judge without the input evidence, making detecting extractive scoping errors very difficult.
Thus, QUANTEMP traces are likely harder to judge, given the relative abundance of extractive scoping
errors compared to FinQA. The ablation of providing evidence to the ORMs is explored in Appendix B.

In general, the single-task ORM is as good or slightly better than the multi-task ORM in teacher agree-
ment, indicating that adding a correctness objective does not clearly improve scoping-signal distillation,
instead potentially inhibiting it slightly. Although FinQA distillation tends to perform slightly better, human
agreement remains limited and mixed, therefore these ORMs should be interpreted as conservative,
efficient proxies for the hybrid judge rather than validated replacements for human scoping annotation.

Dataset Evidence Category Student Model Relative Speed Agreement with Teacher (Hybrid Judge) Agreement with Human Annotator
Teacher Scoping Rate Student Scoping Rate ROC-AUC Label Agreement ROC-AUC Label Agreement

QUANTEMP

Gold Single-Task Scoping ORM 113x 34.0 8.0 61.0 66.4 - -
Multi-Task Scoping (+ Correctness) ORM 111x 5.7 59.5 65.6 - -

Qrels Single-Task Scoping ORM 143x 39.2 9.5 60.5 62.5 - -
Multi-Task Scoping (+ Correctness) ORM 143x 8.1 60.5 62.1 - -

Filtered Search Results Single-Task Scoping ORM 192x 50.6 9.3 58.9 52.3 - -
Multi-Task Scoping (+ Correctness) ORM 192x 8.8 57.8 52.4 - -

Re-Ranked
Baseline (Majority Class) -

34.6
0.0 50.0 65.4 50.0 60.5

Single-Task Scoping ORM 110x 6.8 60.8 65.5 55.1 60.5
Multi-Task Scoping (+ Correctness) ORM 108x 6.5 60.4 65.9 64.9 60.5

FinQA

Gold Single-Task Scoping ORM 176x 27.5 11.3 70.7 72.3 - -
Multi-Task Scoping (+ Correctness) ORM 195x 14.5 68.1 72.2 - -

Re-Ranked Single-Task Scoping ORM 439x 30.6 10.6 71.9 70.4 - -
Multi-Task Scoping (+ Correctness) ORM 438x 15.8 69.9 69.8 - -

Whole-Document
Baseline (Majority Class) -

29.2
0.0 50.0 70.8 50.0 73.2

Single-Task Scoping ORM 289x 17.4 75.1 72.4 65.8 78.0
Multi-Task Scoping (+ Correctness) ORM 319x 20.9 72.1 72.0 64.2 75.6

Table 5.9: Evaluation of student models taught by the hybrid LLM-as-a-Judge scoping detection pipeline. Agreement is
calculated between teacher scoping-error labels for whole test sets of QUANTEMP and FinQA and stratified samples of

fact-checking (n=38) and question-answering (n=41) labels annotated by a human. Relative speed is calculated on average
between the student and teacher models on the whole test sets. Reasoning traces scored were generated by

Deepseek-Distill-Qwen-7B and hybrid judgements generated by Qwen2.5-14B-Instruct. The correctness head of the
multi-task ORM is not evaluated.

RQ2: Key Insights

1. Given structure and specific measurable insights, complex numeric scoping errors can
be moderately measured with a structured, hybrid LLM-as-a-Judge pipeline.

2. The scoping error signal from the hybrid judge pipeline can be moderately distilled into
much smaller student models with moderate human annotation agreement and sizable
speedups over the hybrid pipeline.

5.3. RQ3: Mitigating Numerical Scoping Failures & Effects on Down-
stream Performance

Scoping-aware parallel test-time scaling techniques (Section 4.6.4) were developed and leveraged to
explore the impact of such techniques on downstream fact-checking and numerical QA performance.

5.3.1. Candidate Trace Generation
In order to perform parallel test-time scaling, K reasoning traces were generated for each QUANTEMP
and FinQA test set query with varying temperatures. Due to computational constraints, only certain
evidence splits were used following the reasoning from Section 5.1.1: Gold & Re-Ranked for QUANTEMP
and Whole-Document for FinQA. The downstream performance of these candidate reasoning traces
across temperatures, generation models, and K values are presented in Tables 5.10 and 5.11.

Across candidate traces, the two generation backbones show different strengths across tasks. On
QUANTEMP, Deepseek-Distill-Llama-8B consistently outperforms Deepseek-Distill-Qwen-7B, improv-
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ing weighted-F1 by roughly five points in theGold evidence setting and more than ten points in the more
difficult Re-Ranked setting. In contrast, on FinQA, Deepseek-Distill-Qwen-7B achieves higher exact
match accuracy across all temperatures. The Deepseek-Distill-Qwen-7B model was created from a
Qwen-2.5-Math-7B model, which focuses on math and logic capabilities [13, 63, 64]. Meanwhile, the
Deepseek-Distill-Llama-8B model was created from a general purpose Meta Llama-3.1-8B-Base
model [13, 18]. These differences in numerical FC and QA performance may be partly explained by
the alignment between each backbone’s pretraining and the demands of each task. Overall, no single
inference model is uniformly stronger across the tasks in this work.

Temperature effects are relatively modest, but lower temperatures generally produced stronger indi-
vidual trace performance for QUANTEMP with Gold evidence. In contrast, QUANTEMP with Re-Ranked
evidence and FinQA with Whole-Document evidence show little systematic temperature effect. These
results motivate using multiple candidate traces across temperatures for test-time scaling, since tem-
perature variation introduces some answer diversity without dramatically degrading average trace qual-
ity. Overall, both generation models produce sufficiently valid and diverse candidate traces to support
scoping-aware test-time scaling.

Dataset Evidence Category Temperature
Distill-Qwen Distill-Llama

Per-Class Total Per-Class Total
T-F1 F-F1 C-F1 M-F1 W-F1 T-F1 F-F1 C-F1 M-F1 W-F1

QUANTEMP

Gold

0.2 73.03 81.74 47.97 67.58 72.38 77.40 85.96 56.63 73.33 77.31
0.3 70.45 81.41 46.39 66.08 71.31 76.30 85.52 54.71 72.18 76.39
0.4 70.46 80.79 46.80 66.02 70.90 76.88 85.49 55.47 72.62 76.67
0.5 70.35 80.75 46.17 65.76 70.83 76.62 86.04 55.61 72.76 76.97

Re-Ranked

0.2 35.40 38.40 34.09 35.96 36.79 38.59 56.41 35.40 43.47 48.00
0.3 36.51 38.46 35.12 36.70 37.29 40.05 56.58 33.94 43.53 48.02
0.4 36.29 39.26 34.45 36.67 37.55 38.21 56.90 34.94 43.35 48.08
0.5 37.08 38.61 34.35 36.68 37.30 38.47 56.13 34.57 43.06 47.61

Table 5.10: Average fact-checking outcome-level performance across generation temperatures for K = 12 candidate traces
(k = 3 per temperature) on the QUANTEMP test set (n=2,495) with Gold & Re-Ranked evidence. Traces were generated from
either Deepseek-Distill-Qwen-7B or Deepseek-Distill-Llama-8B. Reasoning trace outcomes were sometimes invalid

(0.4-0.6% of Distill-Qwen traces; 0.01-0.1% of Distill-Llama traces), resulting in exclusion.

Dataset Evidence Category Temperature Exact Match Accuracy
Distill-Qwen Distill-Llama

FinQA Whole-Document

0.2 67.30 61.75
0.3 67.24 62.04
0.4 67.11 62.62
0.5 65.28 62.50

Table 5.11: Average question-answering outcome-level performance across generation temperatures for K = 20 candidate
traces (k = 5 per temperature) on the FinQA test set (n=1,147) withWhole-Document evidence. Traces were generated from
either Deepseek-Distill-Qwen-7B or Deepseek-Distill-Llama-8B. Reasoning trace outcomes were sometimes invalid

(24.9-28.5% of Distill-Qwen traces; 7.1-8.2% of Distill-Llama traces), resulting in exclusion.

5.3.2. Impacts of Test-Time Scaling on Downstream Performance
Table 5.12 contains the test-time scaling downstream performances of the different scoping error mit-
igation variants described in Sections 3.4 and 4.6.4. Learning curves and ablations for training the
learned reward model variants across datasets can be seen in Appendix B. Appendix tables B.5 and
B.6 contain real examples of candidate traces chosen by scoping-aware mitigation variants.

Table 5.12 shows that test-time scaling improves performance most clearly when answer selection is
guided by a correctness signal, with smaller gains from adding scoping-aware signals in certain con-
texts. Overall, scoping-aware mitigation can produce small improvements over non-scoping baselines,
but no large, uniform gains. Furthermore, the findings mostly generalize over different inference mod-
els, demonstrating that these trends are not artifacts of single generation model families.

The upper bound results indicate that scoping filtering removes some correct candidate answers, since
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the scoping-filtered oracle is consistently lower than the unconstrained oracle across evidence set-
tings. However, the gap is not catastrophic for most evidence settings: the filtered oracle remains high,
especially for QUANTEMP Gold and FinQA Whole-Document, each with a gap of around 3 points, sug-
gesting that many correct answers remain available after removing traces judged to contain scoping
errors. However, for QUANTEMP Re-Ranked, the performances were reduced from 76.74 to 69.60 for
Distill-Qwen and 79.64 to 74.20 for Distill-Llama, quite sizable reductions. This suggests that the
hybrid pipeline scoping filtering may be too harsh in chaotic evidence settings with many concurrent
errors. Overall, scoping filtering retains many correct traces, but also can sometimes filter a little too
excessively, making conservative alternatives more favorable.

For QUANTEMP with Gold evidence, self-consistency is the strongest non-oracle strategy, outperforming
all ORM-based selection variants. This likely reflects the strength of the evidence setting: when human
fact-checker evidence already contains the relevant grounding information and final verdict, the major-
ity answer across sampled traces is often sufficient. In this setting, scoping filtering slightly reduces
self-consistency performance, suggesting that filtering can discard useful traces when the evidence is
already highly reliable.

In contrast, scoping filtering improves self-consistency in the Distill-Qwen harder evidence settings:
QUANTEMPRe-Ranked improves from 35.42 to 36.84weighted-F1, and FinQAWhole-Document improves
from 68.53 to 69.01 exact match accuracy. These gains are modest, but they suggest that scoping errors
become more useful as a mitigation target when evidence is noisier, longer, or less directly aligned with
the answer for Distill-Qwen traces. This pattern is consistent with the idea that scoping failures
are most harmful when the model must decide which quantities in the context are actually relevant.
However, this pattern does not hold for Distill-Llama, limiting its impact.

Correctness-based selection is also affected by scoping-aware filtering, but not uniformly. In the Gold
andWhole-Document settings, adding scoping filtering to the correctness ORM improves performance
across inference models. Scoping filtering using the student single-task scoping ORM rather than
the hybrid judge pipeline produces even stronger gains for FinQA Whole-Document when paired with
the correctness ORM. However, in QUANTEMP Re-Ranked, scoping filtering hurts the correctness ORM,
suggesting that the filtering signal may remove traces that are still answer-correct under noisy open-
domain evidence, or that the scoping detector is less reliable in this setting.

Dataset Evidence Category Type of Mitigation Mitigation Strategy Weighted-F1
Distill-Qwen Distill-Llama

QUANTEMP

Gold

Upper Bound Oracle 93.97 93.94
Upper Bound (Scoping-Aware) Hybrid Pipeline: Scoping Filtering + Oracle 90.52 91.29

Baseline Self-Consistency 75.03 80.14
Candidate (Scoping-Aware) Hybrid Pipeline: Scoping Filtering + Self-Consistency 74.68 79.17

Baseline Correctness ORM 72.06 77.49
Candidate (Scoping-Aware) Hybrid Pipeline: Scoping Filtering + Correctness ORM: Correctness Best-of-N 73.05 78.47
Candidate (Scoping-Aware) Scoping ORM: Scoping Filtering + Correctness ORM: Correctness Best-of-N 72.06 77.30
Candidate (Scoping-Aware) Multi-Task ORM: Scoping Filtering + Multi-Task ORM: Correctness Best-of-N 73.30 76.00
Candidate (Scoping-Aware) Multi-Task ORM: Scoping + Correctness Best-of-N 73.07 76.40

Re-Ranked

Upper Bound Oracle 76.74 79.64
Upper Bound (Scoping-Aware) Hybrid Pipeline: Scoping Filtering + Oracle 69.60 74.20

Baseline Self-Consistency 35.42 49.84
Candidate (Scoping-Aware) Hybrid Pipeline: Scoping Filtering + Self-Consistency 36.84 49.25

Baseline Correctness ORM: Correctness Best-of-N 55.54 58.81
Candidate (Scoping-Aware) Hybrid Pipeline: Scoping Filtering + Correctness ORM: Correctness Best-of-N 52.73 58.13
Candidate (Scoping-Aware) Scoping ORM: Scoping Filtering + Correctness ORM: Correctness Best-of-N 54.79 58.49
Candidate (Scoping-Aware) Multi-Task ORM: Scoping Filtering + Multi-Task ORM: Correctness Best-of-N 56.19 60.28
Candidate (Scoping-Aware) Multi-Task ORM: Scoping + Correctness Best-of-N 56.46 59.96

Exact Match Accuracy
Distill-Qwen Distill-Llama

FinQA Whole-Document

Upper Bound Oracle 83.51 83.30
Upper Bound (Scoping-Aware) Hybrid Pipeline: Scoping Filtering + Oracle 81.39 79.86

Baseline Self-Consistency 68.53 65.81
Candidate (Scoping-Aware) Hybrid Pipeline: Scoping Filtering + Self-Consistency 69.01 65.66

Baseline Correctness ORM: Correctness Best-of-N 69.24 66.61
Candidate (Scoping-Aware) Hybrid Pipeline: Scoping Filtering + Correctness ORM: Correctness Best-of-N 69.81 67.70
Candidate (Scoping-Aware) Scoping ORM: Scoping Filtering + Correctness ORM: Correctness Best-of-N 72.96 71.11
Candidate (Scoping-Aware) Multi-Task ORM: Scoping Filtering + Multi-Task ORM: Correctness Best-of-N 74.20 73.06
Candidate (Scoping-Aware) Multi-Task ORM: Scoping + Correctness Best-of-N 68.71 66.70

Table 5.12: Downstream performance of different scoping error-aware test-time scaling strategies for K = 12 fact-checking
candidate traces andK = 20 numerical QA candidate traces on the QUANTEMP (n=2,495) and FinQA (n=1,147) test sets. Traces
were generated from either Deepseek-Distill-Qwen-7B or Deepseek-Distill-Llama-8B. Reasoning trace outcomes were

sometimes invalid (0.0-2.1% of traces), resulting in exclusion.
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The multi-task ORM variants are among the strongest learned strategies overall, although the best
variant differs by evidence setting and inference model. The combined scoping-and-correctness-best-
of-N variant performs best for Distill-Qwen QUANTEMP Re-Ranked, while the multi-task correctness
best-of-N with scoping filtering performs best for FinQA Whole-Document, Distill-Llama QUANTEMP
Re-Ranked, and Distill-Qwen QUANTEMP Gold. However, for Distill-Llama QUANTEMP Gold, the hy-
brid pipeline scoping filtering with the correctness ORM performs best among the ORM-based variants.
The multi-task score is also sensitive to the weighting hyperparameter α, which controls the relative
contribution of the scoping signal. The current value (α = 0.18) performs well for QUANTEMP Re-Ranked
but poorer for the other splits. This motivates the ablation of α in Appendix B, since the usefulness of
soft scoping penalties appears to depend on the distribution of scoping errors and the reliability of the
correctness signal. Overall, the multi-task ORM results suggest that modeling correctness and scoping
jointly can improve trace selection, but that the optimal way to combine these signals depends on the
task, evidence regime, and hyperparameters.

To examine the impact K has on mitigation variants, Figure 5.2 compares the downstream perfor-
mances of mitigation variants across K values, generation models, and evidence splits. Across K
values, the oracle upper bounds increase substantially as more candidate traces are generated, es-
pecially for QUANTEMP Re-Ranked, showing that additional traces often contain correct answers even
when aggregation methods fail to select them. Furthermore, consistent with earlier results, the hybrid
pipeline scoping filtering reduces this oracle performance slightly, but not substantially, meaning that
scoping filtered traces still have space to be selected correctly for most evidence settings. However,
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(c) FinQA Whole-Document

Figure 5.2: Downstream performance of scoping-aware and scoping-blind test-time scaling strategies across different
numbers of candidate traces (K) from the Deepseek-Distill-Qwen-7B (left) and Deepseek-Distill-Llama-8B (right)

inference models. Scoping-aware strategies include the Hybrid LLM-as-a-Judge Pipeline (HP), Scoping Outcome Reward
Model (S-ORM), and Multi-Task ORM (MT-ORM). Scoping-blind strategies include Self-Consistency and the Correctness ORM
(C-ORM). For QUANTEMP, performance is reported as weighted-F1; for FinQA, performance is reported as exact match accuracy.
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the non-oracle mitigation strategies improve much less with increasingK, suggesting that reliable trace
selection is a significant bottleneck. In QUANTEMP Gold, most non-oracle strategies remain relatively
stagnant across K, consistent with earlier observation that self-consistency is already strong in this
evidence setting without needing additional test-time scaling techniques. In contrast, the larger sep-
aration between oracle and learned strategies in QUANTEMP Re-Ranked and FinQA Whole-Document
suggests that better selection mechanisms could still yield further gains. Both QUANTEMP Re-Ranked
and FinQA Whole-Document showcase examples where scoping-aware reward signals slightly outper-
form their scoping-blind counterparts; and this pattern stays mostly consistent across K values. This
encourages the idea that the scoping-specific downstream performance gains are not an artifact of
specific K values, but an overall trend in open-domain evidence settings.

Taken together, these mitigation results show that scoping-aware mitigation is useful as a supplemen-
tary reward signal across test-time scaling techniques. Scoping signals can improve self-consistency
and reward-model selection in several settings, and they appear especially helpful when combined with
correctness-based selection, but the gains are modest and inconsistent. Furthermore, the consistency
of these patterns across generation models and K-values suggest that the observed effects are not
artifacts of a single generation model or specific K, but reflect a recurring, though limited, benefit of
scoping-aware selection in open-domain numerical reasoning. The following analyses therefore exam-
ine potential limiting factors, including imperfect scoping detection, the relationship between scoping
errors and final-answer correctness, and the effect of answer diversity on parallel test-time scaling.

Impact of Scoping-Aware Reward Signals
Scoping-aware reward signals do not always have significant impact on downstream performance com-
pared to their scoping-blind counterparts. This work critically examines the potential contributors to this
limited impact. First, the hybrid judge pipeline detects scoping errors imperfectly. Next, scoping errors
may not always contribute to answer incorrectness. Third, the diversity of candidate traces may provide
little room for test-time scaling to improve performance. Finally, scoping-blind mitigation techniques
may not be as scoping blind as they first appear.

Sub-Optimal Scoping Error Detection
As seen in Table 5.8, the hybrid LLM-as-a-Judge pipeline used to introduce scoping error signals into the
mitigation variants onlymoderately detects scoping errors at the trace level. This limits the effectiveness
of scoping-aware mitigation in two directions: false negatives allow mis-scoped traces to remain in
the candidate pool, while false positives remove traces that may still contain correct answers. As a
result, scoping filtering is a noisy intervention rather than a clean removal of harmful reasoning traces,
which likely contributes to the modest and inconsistent downstream gains observed in Table 5.12. This
limitation is especially relevant for mitigation strategies that rely on hard filtering, since a single incorrect
trace- or statistic-level scoping label can directly determine whether a candidate answer is retained or
discarded. Also, this noisy signal is distilled into student verifiers which mimic this noise, making them
less effective as well.

Non-Critical Scoping Errors to Trace Correctness
Furthermore, scoping errors may not always be critical to outcome correctness. Through human qual-
itative analysis, 67.7% of scoping errors in fact-checking and 18.2% in numerical question answering
were identified as non-critical (Table 5.3). This means that removing traces with scoping errors may not
improve correctness by a large margin. However, through statistical testing, the correctness of traces
with and without scoping errors was compared and significant associations were found even with the
noisy scoping labels of the hybrid pipeline in some evidence settings; these associations can be seen
in Figure 5.3.

For QUANTEMP Gold and FinQA Whole-Document, across all tested K values, traces without scoping
errors had a higher observed correctness rate than traces with scoping errors. Through clustered
logistic regression via generalized estimating equations, clustered by query, scoping error presence
was identified as a statistically significant negative predictor of correctness for all testedK values. The
estimated odds ratios ranged from 0.58 to 0.89 with p-values of 3× 10−7 to 0.044, indicating that traces
containing scoping errors had significantly lower odds of being correct than traces without scoping
errors, even after adjusting for within-question correlation, across K values. However, for QUANTEMP
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Figure 5.3: Marginalized and conditional probabilities of the co-occurrence of correctness and scoping errors across different
numbers of Distill-Qwen-generated candidate traces (K) for QUANTEMP and FinQA test sets. Clustered logistic regression
based on generalized estimating equations, clustered on query identity was used to determine statistical significance at a

confidence level of 0.95. A statistical significance level of p < 0.05 is marked with ∗, p < 0.01 with ∗∗, and p < 0.001 with ∗ ∗ ∗.

Re-Ranked, no such association was found with the odds ratios ranging from 0.84 to 0.95 with p-values
of 0.05 to 0.17. Perhaps the lack of such associations in the Re-Ranked evidence setting suggests
there are other reasoning failures that are larger limiting factors to answer correctness than scoping
errors are, making the association between answer correctness and scoping error presence too noisy
to be statistically significant in this evidence setting.

The inconsistency of this association suggests that scoping errors are meaningful indicators of rea-
soning quality, but they are not equivalent to answer incorrectness. Therefore, it makes sense that
scoping-aware mitigation on its own has limited impact and can be most useful when combined with
correctness-based selection rather than used as a standalone criterion.

Examining Candidate Trace Diversity
Next, test-time scaling can only improve downstream performance if the correct answer is actually
generated in the candidate traces. The upper bound oracle results in Table 5.12 depict the maximum
possible downstream performance in each evidence split and can only occur when the exact correct
candidate trace is chosen for each query. Answer disagreement and entropy across evidence splits is
depicted in Table 5.13.

Across settings, answer entropy and disagreement increase with larger K, indicating that additional
samples do introduce more answer variation. However, the diversity remains moderate, and scop-
ing filtering generally reduces entropy and disagreement by removing part of the candidate pool. For
QUANTEMP Gold, even at K = 12, answer sets are still fairly concentrated rather than wildly spread out,
with the majority label taking up about 84% of all valid answers and 87% of all non-scoping valid an-
swers. For QUANTEMP Re-Ranked and FinQA Whole-Document, answers are slightly more diverse with
76% and 74% of answers taken up by the majority label at K = 12, respectively. In general, this limited
candidate trace diversity may reduce the gains seen from parallel test-time scaling: if most traces con-
verge on the same answer, or if filtering removes both erroneous and useful alternative answers, then
aggregation has limited opportunity to recover from the initial model’s mistakes. Examples of these
aggregation decisions can be seen in Appendix Tables B.5 and B.6.

Dataset Evidence Category Scoping Filtered? Avg. Normalized Answer Entropy Avg. Answer Disagreement
K = 4 K = 8 K = 12 K = 16 K = 20 K = 4 K = 8 K = 12 K = 16 K = 20

QUANTEMP
Gold No 25.33 31.30 33.67 - - 14.66 16.29 16.81 - -

Yes 17.08 24.77 27.75 - - 10.57 13.54 14.43 - -

Re-Ranked No 35.77 43.58 46.56 - - 20.74 23.09 24.08 - -
Yes 25.25 34.96 39.29 - - 15.82 19.37 20.99 - -

FinQA Whole-Document No 43.53 54.03 56.22 56.59 56.39 19.79 24.65 26.47 24.75 28.19
Yes 30.59 45.93 51.08 53.59 54.47 19.79 20.62 23.15 27.34 25.89

Table 5.13: Average answer entropy and disagreement across varying K values for QUANTEMP (n = 2, 495) and FinQA
(n = 1, 147) test set Distill-Qwen-generated candidate traces with and without scoping errors. Reasoning trace outcomes
were sometimes invalid (0.4-8.1% of traces), resulting in exclusion. Due to computational limits, QUANTEMP test-time scaling

experiments were only run with a maximum K value of 12.
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Implicit Scoping Error Awareness in Correctness Verifier Scores
Finally, as discussed in Section 3.2, reasoning failures are inter-related. Thus, it naturally follows that
general correctness ORMs can also slightly measure and mitigate scoping errors indirectly. Through
statistical testing, the correctness ORM verifier scores between traces with and without scoping errors
were compared and some significant associations were found between scoping error presence and
lower correctness ORM scores for some evidence splits and K values (Figure 5.4).

These associations were strongest in FinQA Whole-Document: across all tested K values, traces
without scoping errors had higher observed correctness ORM scores than traces with scoping errors.
Through clustered linear regression via generalized estimating equations, clustered by query, scoping
error presence was identified as a statistically significant negative predictor of correctness ORM score
for all testedK values. The estimated coefficients ranged from−0.058 to−0.030, with p-values decreas-
ing from 0.029 atK = 1 to 8×10−11 atK = 20, indicating that traces containing scoping errors received
significantly lower correctness ORM scores, even after adjusting for within-question correlation, across
K values.

However, for QUANTEMP this association was weaker and less consistent. In the Gold evidence setting,
scoping error presence was a significant negative predictor atK = 1 andK = 12, with coefficients rang-
ing from approximately−0.046 to−0.013. However, for QUANTEMP Re-Ranked, no statistically significant
association was found across tested K values. This may suggest that, in the noisier open-domain evi-
dence setting, the learned correctness verifier is less focused on scoping errors as other reasoning or
retrieval failures are larger limiting factors.
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Figure 5.4: Average correctness outcome reward model (ORM) scores given the QUANTEMP or FinQA Distill-Qwen-generated
trace did or did not have a detected scoping error according to the Hybrid LLM-as-a-Judge pipeline, across different numbers of
candidate traces (K). Clustered linear regression based on generalized estimating equations, clustered on query identity was
used to determine statistical significance at a confidence level of 0.95. A statistical significance level of p < 0.05 is marked with

∗, p < 0.01 with ∗∗, and p < 0.001 with ∗ ∗ ∗.

Overall, this suggests that the correctness ORM is not fully scoping-blind: traces with scoping errors
often receive lower correctness scores, even without an explicit scoping signal. This implicit sensitivity
may explain why adding an explicit scoping signal sometimes produces only small improvements over
the correctness ORM alone in Table 5.12.

5.3.3. Scoping-Aware Mitigation Overview
In general, scoping-aware mitigation techniques in test-time scaling slightly outperformed their not-so-
scoping-aware counterparts, but not substantially or consistently. This pattern was observed across K
values and both Deepseek-Distill-Qwen-7B and Deepseek-Distill-Llama-8B reasoning traces, sug-
gesting that the benefit and limitations of scoping-aware selection are generalizable across K values
and inference models. Several reasons for the limited impact of scoping-aware selection are explored:
scoping error detection remains imperfect, scoping errors are not always critical to final-answer correct-
ness, candidate traces may lack sufficient answer diversity, and correctness-based reward models may
already capture some scoping-related failures indirectly. Overall, the distilled scoping-aware multi-task
mitigation variants produced the strongest downstream performance in open-domain evidence settings,
but these variants were sensitive to hyperparameters. Together, these limitations and results suggest
that scoping-aware reward signals are useful indicators of reasoning quality but need other signals to
consistently drive downstream improvements.
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This work explored one sub-branch of potential mitigation techniques: post-hoc trace selection during
parallel test-time scaling. The mitigation results suggest that scoping-aware signals can provide useful
selection information, but that simple scoping-aware filtering or ranking is not sufficient on its own
to consistently improve downstream performance. These findings point to the need for more robust
scoping detection, stronger integration with correctness signals, and the exploration of other mitigation
strategies that intervene beyond post-hoc candidate selection.

RQ3: Key Insights

1. Using scoping-aware reward signals to select between candidate reasoning traces mod-
estly improves downstream performance, but not uniformly across inference models,
evidence splits, K values, and mitigation techniques.

2. Distilled scoping-aware multi-task mitigation variants are often among the highest-
performing approaches across evidence splits and inference models, but show sensitivity
to hyperparameters.

3. The limiting factors for scoping-aware downstream performance improvements using test-
time scaling include imperfect scoping error detection, non-critical scoping errors, limited
candidate-answer diversity, and implicit scoping awareness in correctness reward models.



6
Conclusion

Numerical information plays a central role in how people interpret real-world events, evaluate claims,
and make decisions. As LLM-based assistants and RAG systems are increasingly used for open-
domain information seeking, their ability to reason reliably over quantities becomes critical. This thesis
investigated one underexplored reasonwhy such systems fail: numerical scoping errors, where amodel
incorrectly binds a quantity to the wrong referents.

To answer RQ1, this work identified numerical scoping errors as a common and consequential rea-
soning failure in open-domain numerical reasoning. Through human qualitative analysis of reason-
ing traces, scoping errors were found across both numerical fact-checking and numerical question-
answering tasks. Compared to arithmetic and looping errors, scoping errors were themost task-general
failure type observed: arithmetic errors were more concentrated in numerical QA, while looping errors
were comparatively rare and tied to degenerate generations. This supports a central claim of this thesis:
numerical reasoning failures are not commonly caused by an inability to calculate, but by an inability
to correctly contextualize numbers.

To answer RQ2, this thesis developed a hybrid LLM-as-a-Judge pipeline for detecting scoping errors
at the statistic- and trace-level. The pipeline decomposes reasoning traces into quantities, classifies
those quantities as extractive, extrapolative, or parametric, verifies whether they are correctly scoped,
and aggregates statistic-level judgements into trace-level labels. The results show that scoping errors
can be moderately measured at scale: the hybrid pipeline achieved moderate agreement with human
annotations, and distilled student models reproduced the hybrid signal conservatively while providing
large speedups. These findings suggest that structured judging is a useful step beyond straight LLM-
as-a-Judge prompting, but that automatic scoping detection remains a difficult measurement problem.

To answer RQ3, this work evaluated whether scoping-aware reward signals can improve downstream
performance during parallel test-time scaling. Scoping-aware strategies produced modest improve-
ments in some settings, especially when combined with correctness-based selection, but the gains
were not large or uniform. Several factors were explored to explain this: scoping detection signals
are noisy, some scoping errors are non-critical to final answer correctness, candidate traces often
lack enough answer diversity, and correctness ORMs already implicitly capture some of the scoping
signal. The highest-performing downstream strategies were most often the more conservative scoping-
aware multi-task variants, which combine scoping and correctness objectives in one ORM. In general,
scoping-aware reward signals were useful indicators of reasoning quality but needed other signals to
drive downstream improvements.

Overall, this thesis demonstrates that fine-grained failure characterization is a useful methodology for
studying open-domain numerical reasoning. Numerical scoping errors expose a gap between pro-
ducing fluent reasoning traces and genuinely grounding numerical reasoning with correct context. In
high-impact settings, a single mis-scoped number can change the meaning of a conclusion, turning a
statistic into a misleading financial signal, an unsafe medical recommendation, or a false public claim.
Improving open-domain numerical reasoning will therefore require systems to do more than retrieve

44
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evidence, generate chain-of-thought, or select high-scoring outputs: they must also track what each
number means, where it comes from, and under which conditions it is valid.

6.1. Limitations
This work has several limitations. First, the human annotation process was limited in scale and was
primarily conducted by one annotator. Although the annotations were sufficient tomotivate and evaluate
the proposed scoping-error taxonomy, larger multi-annotator studies would be needed to establish
stronger reliability and produce more robust estimates of scoping-error prevalence and pestilence.

Next, the hybrid LLM-as-a-Judge pipeline achieved only moderate agreement with human scoping
labels, displaying a serious gap. This limitation is particularly impactful because the hybrid pipeline
was used during scoping error mitigation, meaning that the downstream mitigation results are bound
by the quality of this scoping detector as well.

Third, the datasets and evidence impose constraints on the conclusions. QUANTEMP provides a challeng-
ing open-domain fact-checking setting with noisy retrieved textual evidence and frequently co-occurring
retrieval and reasoning failures. In contrast, FinQA contains open numerical answers computed from
verbose textual and tabular evidence, where only small portions are relevant and the evidence remains
document-bounded rather than truly open-domain. The two tasks provide complementary but incom-
plete coverage of real-world numerical reasoning, limiting the widespread generalizability of this work.

Finally, the mitigation experiments explored only a subset of possible design choices. The work fo-
cused on post-hoc trace selection during parallel test-time scaling, using specific candidate generation
settings, reward model architectures, filtering thresholds, and score-combination hyperparameters. Al-
though some ablations were performed, many hyperparameters and mitigation variants were not ex-
haustively tuned. The modest gains should therefore be interpreted as evidence about this mitigation
family, not as a definitive upper bound on the usefulness of scoping-aware reasoning signals.

6.2. Future Work
Future work should first expand human analysis. A larger, multi-annotator study would make it possible
to refine the scoping-error taxonomy, measure inter-annotator agreement, and more reliably estimate
scoping error prevalence and which scoping errors are actually critical to final answer correctness.

Next, future work should improve automatic scoping-error detection. The hybrid pipeline showed that
structured statistic-level judging is feasible, but classification and verification remain challenging. Better
quantity extraction, alignment, understanding, classification, and verification with uncertainty estimates
could improve the reliability of scoping labels. Stronger scoping detectors would alsomake downstream
mitigation experiments more informative.

Third, mitigation should be explored beyond post-hoc trace selection. Scoping signals could be used
earlier in the reasoning process through scoping-aware prompting, intermediate statistic-level trace re-
pair, or generator fine-tuning. Rather than only filtering traces after generation, systems could explicitly
check whether each quantity is bound to the correct referents before producing the final answer.

Finally, future work should evaluate scoping errors across more models and datasets. This thesis fo-
cusedmainly on reasoning traces from Deepseek-Distill-Qwen-7B and Deepseek-Distill-Llama-8B.
Extending the analysis to other reasoning and non-reasoning LLMs, as well as datasets such as
TabFact [8] or TAT-QA [70], would clarify whether numerical scoping errors are a general property of
open-domain numerical reasoning or depend strongly on model family, task format, and evidence type.

6.3. Disclosure
In line with TU Delft’s publishing policies1, I acknowledge the use of AI tools powered by ChatGPT to
assist in rephrasing certain sections of this thesis. The icons featured in the figures were created by
various contributors from www.flaticon.com. All AI-generated content has been thoroughly reviewed
to ensure its accuracy.

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

A.1. Human Qualitative Analysis Guidelines
For RQ1, human annotators were asked to inspect reasoning traces for three types of reasoning failures:
numerical scoping errors, arithmetic errors, and looping errors. Each annotation instance contained the
original claim or question, the evidence supplied to the model, the dataset label or answer, the model’s
reasoning trace, the model’s final answer, and the model’s justification. Annotators were asked to
determine whether each error type appeared in the reasoning trace, and, when applicable, whether the
error contributed to an incorrect final answer. Annotation guidelines were refined over time, resulting
in the following formulation.

A.1.1. Numerical Scoping Errors
Numerical scoping errors were defined as cases where a numerical quantity was incorrectly bound to
the wrong referent, timeframe, unit, comparison, or contextual meaning. In other words, themodel used
a number in a way that did not match what the input query, evidence, or output reasoning supported.
Annotators were instructed to examine each statistic mentioned in the reasoning trace and classify it
as one of three types:

• Extractive statistic: a quantity copied or paraphrased from the input claim, question, or evi-
dence;

• Extrapolative statistic: a quantity or conclusion derived by combining, comparing, or manipulat-
ing other statistics;

• Parametric statistic: a quantity introduced from the model’s background knowledge rather than
from the provided input or reasoning.

For extractive statistics, annotators checkedwhether the quantity was grounded in the input andwhether
its referent, unit, scale, and timeframe were preserved. For extrapolative statistics, annotators checked
whether the underlying quantities were combined under compatible scopes. For parametric statistics,
annotators checked whether the model introduced an unsupported numerical fact and treated it as if it
were grounded in the provided evidence.

Annotators were also asked to inspect the final answer and justification to determine whether any scop-
ing error in the reasoning trace carried through to impact the final prediction. See Figure 1.2 and Table
3.1 for examples of numerical scoping errors.

A.1.2. Arithmetic Errors
Arithmetic errors were defined as incorrect numerical calculations performed over otherwise identifiable
quantities. These included incorrect addition, subtraction, multiplication, division, percentage calcula-
tion, averaging, or comparison. Annotators marked an arithmetic error when the model selected the
relevant numbers but produced an incorrect calculation result.

50



A.2. Mathematical Formulae Required for Methodology 51

Arithmetic errors were treated separately from scoping errors. For example, using the wrong timeframe
or referent for a number was considered a scoping error, while correctly identifying the relevant numbers
but computing their ratio incorrectly was considered an arithmetic error. See Figure 5.1 for examples
of arithmetic errors.

A.1.3. Looping Errors
Looping errors were defined as cases where the reasoning trace repeated, contradicted, or restarted its
reasoning without making coherent progress towards a stable answer. Annotators marked a looping
error when the model cycled between alternative answers, repeatedly reformulated the same point,
contradicted itself across excessive reasoning steps, or failed to converge before producing a final
answer.

Looping errors were only annotated when the repetition or instability affected the reasoning process
itself, rather than merely reflecting a short clarification or correction. Annotators also recorded whether
the looping behavior contributed to an invalid or incorrect final answer.

A.1.4. Annotation Procedure
Annotators first read the claim or question to understand the required numerical scope. They then
reviewed the reasoning trace step by step, marking any scoping, arithmetic, or looping errors and
briefly noting where the error occurred. Finally, they compared the reasoning trace with the model’s
final answer and justification to determine whether the identified error contributed to the final-output
incorrectness. A small trial set was completed before the main annotation task to resolve ambiguities
and calibrate the annotation procedure.

A.2. Mathematical Formulae Required for Methodology
A.2.1. Cosine Similarity
Cosine similarity is a widely used metric for comparing two non-zero vectors according to the angle
between them, rather than their absolute magnitude. Given two vectors x and y, cosine similarity is
defined as:

cos_sim(x, y) =
x · y

∥x∥ ∥y∥
(A.1)

where x · y denotes the dot product between the two vectors, while ∥x∥ and ∥y∥ denote their Euclidean
norms.

Cosine similarity takes values in the range [−1, 1], where:

• 1 indicates that the vectors point in the same direction, corresponding to maximum similarity;
• 0 indicates that the vectors are orthogonal, corresponding to no angular similarity;
• −1 indicates that the vectors point in exactly opposite directions.

In this work, cosine similarity is used to compare latent representations of tokens, layers, or classes
within the embedding space to retrieve evidence, few-shot examples, or de-duplicate traces. This
provides an interpretable measure of semantic similarity between learned representations.

A.2.2. F1 Score & Averaging Methods
The F1 score is a classification metric that combines precision and recall into a single value, commonly
used in scenarios where class distributions are imbalanced. For a given class, let TP , FP , and FN
denote the number of true positives, false positives, and false negatives, respectively. Precision, recall,
and F1 are computed as:

Precision =
TP

TP + FP
(A.2)
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Recall = TP

TP + FN
(A.3)

F1 = 2 · Precision · Recall
Precision+ Recall

(A.4)

For multi-class classification, the per-class F1 score F1i is computed separately for each class i. The
macro-averaged F1 score treats all classes equally and is defined as:

F1macro =
1

C

C∑
i=1

F1i (A.5)

where C is the number of classes. The weighted-averaged F1 score instead weights each class by its
support:

F1weighted =

C∑
i=1

ni
N

F1i (A.6)

where ni is the number of true instances of class i and N =
∑C
i=1 ni is the total number of instances.

Per-class F1 scores are reported to show performance for each individual class, while macro-F1 and
weighted-F1 summarize performance across all classes.

These averaging strategies are essential for understanding classifier performance in imbalanced datasets
and help provide greater insight over simple accuracy metrics.

A.2.3. ROC-AUC & Label Agreement
ROC-AUC evaluates how well a continuous score ranks positive examples above negative examples
across all possible classification thresholds. In this work, it is used for scoping-error detection, where
each trace has a reference binary label si ∈ {0, 1} and a predicted scoping score s̃i. ROC-AUC can
be written as:

ROC-AUC =
1

N+N−

∑
i:si=1

∑
j:sj=0

[
I(s̃i > s̃j) +

1

2
I(s̃i = s̃j)

]
, (A.7)

where N+ and N− are the number of positive and negative examples, respectively. A value of 1 indi-
cates perfect ranking, 0.5 corresponds to random ranking, and values below 0.5 indicate worse-than-
random ranking.

Label agreement measures the percentage of examples for which the predicted binary label matches
the reference label. Given the reference label si and predicted labels ŝi for N examples, label agree-
ment is defined as:

Agreement =
1

N

N∑
i=1

I(ŝi = si), (A.8)

where the predicted label ŝi is derived from the predicted scoping score s̃i by thresholding it with thresh-
old λ = 0.4: ŝi = I(s̃i ≥ λ).

In this work, ROC-AUC is used to evaluate the ranking quality of continuous ORM scoping scores, while
label agreement is used after thresholding these scores into binary scoping-error predictions.
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A.2.4. Answer Entropy & Disagreement
Answer entropy measures how spread out the generated candidate answers are for a given query.
Let Âx denote the set of unique valid answers generated for a given fact-checking claim or question-
answering question x, and let px(âi) be the proportion of valid traces for query x that produce answer
âi. The normalized answer entropy is defined as:

Enorm(x) = − 1

log |Âx|

∑
âi∈Âx

px(âi) log px(âi), (A.9)

for |Âx| > 1. When only one unique valid answer is generated, entropy is set to 0. Normalization
bounds the value between 0 and 1, where higher values indicate that candidate answers are more
evenly distributed.

Answer disagreement measures the proportion of valid candidate answers that do not belong to the
majority answer for a query. It is defined as:

D(x) = 1− max
âi∈Âx

px(âi). (A.10)

A disagreement value of 0 indicates that all valid traces produced the same answer, while larger values
indicate greater variation across candidate traces. In this work, both metrics are averaged over all
queries to summarize answer diversity for each evidence setting and value of K.

A.3. LLM Prompts
The structures of the numerical fact-checking and QA task prompts are shown in Figures A.1 and A.2,
respectively. The structures of the straight LLM-as-a-Judge task prompts for fact-checking and QA
are shown in Figures A.3 and A.4, respectively. The structures of the extractive scoping verification,
non-extractive scoping verification, and importance weighting task prompts for fact-checking and QA
can be seen in Figures A.5, A.6, and A.7, respectively. The structure of the outcome reward model
prompts are shown in Figure A.8.
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Fact-Checking Prompt Structure

System Message:
You are a fact-checking assistant tasked with evaluating claims based on provided evidence.
Your task:
1. Carefully analyze the important details from both the claim and the evidence provided.
2. Reason through the evidence step-by-step, synthesizing relevant information to assess the

overall veracity of the claim.
3. Finally, classify the claim’s veracity into one of the following categories:

• **SUPPORTS**: The evidence fully supports the claim.
• **REFUTES**: The evidence directly contradicts the claim.
• **CONFLICTING**: The evidence contains contradictory elements or is inconclusive.

Response Format:
• [Label]: (SUPPORTS, REFUTES, or CONFLICTING)
• [Justification]: The reasoning steps used that led to your classification of the claim.

User Message:
Here are examples of fact-checking:
1. [Claim]: ...

[Evidences]: ...
[Label]: ...

2. [Claim]: ...
[Evidences]: ...
[Label]: ...

Similar to the given examples, fact check the following claim using the evidence. Pay additional
attention to numerical spans in claims and evidence and fact check by thinking step by step
and output the label by performing entailment. Classify the entire claim strictly into one of the
following categories: SUPPORTS, REFUTES, or CONFLICTING.
[Claim]: ...
[Evidences]: ...

Give the reply in the following format:
[Label]: (SUPPORTS, REFUTES, or CONFLICTING)
[Justification]:

Figure A.1: Structure of the numerical fact-checking prompt.
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Question-Answering Prompt Structure

System Message:
You are a question-answering assistant tasked with answering questions based on provided
evidence.
Your task:
1. Carefully analyze and decompose the important details from the question.
2. Reason through the evidence in the table and text step-by-step, looking for information to

help you answer the question.
3. Finally, output the final answer to the question in numerical or binary form without extra text.
Response Format:
• [Final Answer]: (YES, NO, or some number)
• [Justification]: The reasoning steps used that led to your final answer.

User Message:
Here are examples of question answering:
1. [Question]: ...

[Evidences]: ...
[Final Answer]: ...

2. [Question]: ...
[Evidences]: ...
[Final Answer]: ...

Similar to the given examples, answer the following questions using the table and text evidence.
Give the step by step solution justification. Output the final answer as binary (YES or NO) or as
a number without additional text.
[Question]: ...
[Evidences]: ...

Give the reply in the following format:
[Final Answer]: (YES, NO, or some number)
[Justification]:

Figure A.2: Structure of the numerical QA prompt.
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Straight LLM-as-a-Judge Prompt Structure for Fact-Checking

System Message:
You are an evaluation model tasked with analyzing the reasoning traces produced by a fact-checking LLM.
You will be given:
1. A claim
2. Evidence used for fact-checking
3. A reasoning trace produced by an LLM
4. The LLM’s predicted label (SUPPORTS / REFUTES / CONFLICTING), if present
5. The LLM’s justification, if present
6. The human-annotated ground-truth label (SUPPORTS / REFUTES / CONFLICTING)
Your task is to determine whether the reasoning trace contains any of the following failure types and, if so, whether they contributed to an incorrect final prediction.
IMPORTANT: Reasoning traces can contain no numerical reasoning failures. Do not infer failures unless there is clear evidence in the reasoning trace.

FAILURE TYPES
1. Numerical scoping error

• A numerical quantity is incorrectly bound to an entity, attribute, unit, population, or scope different from what is supported by the evidence.
• Examples: mixing up two different “rates,” attaching a number to the wrong country/year, confusing “revenue” vs “profit,” swapping numerator/denominator, applying a statistic to the

wrong population, mismatching units (%, dollars, people, acres), or using evidence about one entity to justify a claim about another.
2. Arithmetic errors:

• The reasoning combines quantities incorrectly (wrong addition/subtraction/multiplication/division), miscomputes differences/percent changes, misapplies rounding, double-counts, or
performs invalid aggregation.

3. Infinite loops / no final verdict:
• The reasoning trace fails to terminate or does not produce a final label due to repetitive reasoning.
• If a final label is present and the trace ends cleanly, mark NO. If there is no [Label] block, mark YES.

CAUSALITY RULE
For each failure type, you must decide whether it contributed to an incorrect final answer:
• If the predicted label matches the ground-truth label, any detected failure MUST be marked as not contributing to an incorrect answer.
• If the predicted label does not match the ground-truth label:
• ”yes” if the failure plausibly caused or materially contributed to choosing the wrong label.
• ”no” if the failure exists but is irrelevant to why the final label is wrong.
• If you are unsure about causality, choose ”unclear” and explain why.

YOUR OUTPUT FORMAT (STRICT)
Return a single JSON object with exactly these top-level keys:

{
'verdict_correct': boolean, // whether predicted label equals ground-truth label (true or false)
'failures': {

'numerical_scoping_error': {
'exists': 'yes'|'no',
'where': [ { 'span_quote': string, 'explanation': string } ],
'led_to_incorrect_answer': 'yes'|'no'|'unclear'

},
"arithmetic_error": {

'exists': 'yes'|'no',
'where': [ { 'span_quote': string, 'explanation': string } ],
'led_to_incorrect_answer': 'yes'|'no'|'unclear'

},
"infinite_loop": {

"exists": "yes"|"no",
'where': [ { 'span_quote': string, 'explanation': string } ],
'led_to_incorrect_answer': 'yes'|'no'|'unclear'

}
},
'brief_summary': string // 1–3 sentences, focusing on the most important detected issue(s)

}

RULES
• If ”exists” is ”no”, ”where” MUST be an empty list [].
• “span_quote” should be a short direct quote (or two) from the reasoning trace or justification that localizes the failure.
• Keep explanations concrete: name the numbers, entities, units, and what was mismatched or miscomputed.
• Do not output anything except the JSON.
User Message:
Judge the following fact-checking output for numerical reasoning failures. Do NOT re-run the full fact-check from scratch unless needed. Detect and precisely localize scoping, arithmetic, and
looping failures in the fact-checking LLM’s output, only if present. Output only the JSON with no other text.
== INPUTS ==
[Claim] ...
[Evidence] ...
[Fact-checking LLM Output: Reasoning Trace, LLM Predicted Label, and LLM Justification] ...
[Ground Truth Label (Human)] ...
== END INPUTS ==
== YOUR OUTPUT ==

Figure A.3: Structure of the Straight LLM-as-a-Judge numerical fact-checking prompt.
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Straight LLM-as-a-Judge Prompt Structure for Question-Answering

System Message:
You are an evaluation model tasked with analyzing the reasoning traces produced by a question-answering LLM.
You will be given:
1. A question
2. Evidence used for answering
3. A reasoning trace produced by an LLM
4. The LLM’s predicted answer ([Final Answer]: YES / NO / some number), if present
5. The LLM’s justification ([Justification]: some text), if present
6. The ground-truth answer (YES / NO / some number)
Your task is to determine whether the reasoning trace contains any of the following failure types and, if so, whether they contributed to an incorrect final prediction.
IMPORTANT: Reasoning traces can contain no numerical reasoning failures. Do not infer failures unless there is clear evidence in the reasoning trace.

FAILURE TYPES
1. Numerical scoping error

• A numerical quantity is incorrectly bound to an entity, attribute, unit, population, or scope different from what is supported by the evidence.
• Examples: mixing up two different “rates,” attaching a number to the wrong country/year, confusing “revenue” vs “profit,” swapping numerator/denominator, applying a statistic to the

wrong population, mismatching units (%, dollars, people, acres), or using evidence about one entity to justify a claim about another.
2. Arithmetic errors:

• The reasoning combines quantities incorrectly (wrong addition/subtraction/multiplication/division), miscomputes differences/percent changes, misapplies rounding, double-counts, or
performs invalid aggregation.

3. Infinite loops / no final verdict:
• The reasoning trace fails to terminate cleanly or does not produce a final answer due to repetitive reasoning.
• If a final answer is present and the trace ends cleanly with [Final Answer]/[Justification] blocks, mark NO. If there is no [Final Answer] block, mark YES. The [Ground Truth Answer]

block does not count as a [Final Answer] block.

CAUSALITY RULE
For each failure type, you must decide whether it contributed to an incorrect final answer:
• If the predicted answer matches the ground-truth answer, any detected failure MUST be marked as not contributing to an incorrect answer.
• If the predicted answer does not match the ground-truth answer:
• ”yes” if the failure plausibly caused or materially contributed to the wrong answer.
• ”no” if the failure exists but is irrelevant to why the final answer is wrong.
• If you are unsure about causality, choose ”unclear” and explain why.

YOUR OUTPUT FORMAT (STRICT)
Return a single JSON object with exactly these top-level keys:

{
'verdict_correct': boolean, // whether predicted answer equals ground-truth answer (true or false)
'failures': {

'numerical_scoping_error': {
'exists': 'yes'|'no',
'where': [ { 'span_quote': string, 'explanation': string } ],
'led_to_incorrect_answer': 'yes'|'no'|'unclear'

},
"arithmetic_error": {

'exists': 'yes'|'no',
'where': [ { 'span_quote': string, 'explanation': string } ],
'led_to_incorrect_answer': 'yes'|'no'|'unclear'

},
"infinite_loop": {

"exists": "yes"|"no",
'where': [ { 'span_quote': string, 'explanation': string } ],
'led_to_incorrect_answer': 'yes'|'no'|'unclear'

}
},
'brief_summary': string // 1–3 sentences, focusing on the most important detected issue(s)

}

RULES
• If ”exists” is ”no”, ”where” MUST be an empty list [].
• “span_quote” should be a short direct quote (or two) from the reasoning trace or justification that localizes the failure.
• Keep explanations concrete: name the numbers, entities, units, and what was mismatched or miscomputed.
• Do not output anything except the JSON.
User Message:
Judge the following question-answering output for numerical reasoning failures. Do NOT re-answer the question from scratch unless needed. Detect and precisely localize scoping, arithmetic,
and looping failures in the question-answering LLM’s output, only if present. Output only the JSON with no other text.
== INPUTS ==
[Question] ...
[Evidence] ...
[Question-Answering LLM Output: Reasoning Trace, LLM Predicted Answer, and LLM Justification] ...
[Ground Truth Answer] ...
== END INPUTS ==
== YOUR OUTPUT ==

Figure A.4: Structure of the Straight LLM-as-a-Judge numerical question-answering prompt.
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Extractive Statistic Scoping Verification Prompt Structure

System Message:
You are an extractive quantity checker.
Your ONLY task: for each STATISTIC, verify that it was correctly interpreted in THINKING after being extracted from the CLAIM QUESTION or EVIDENCE.
Authoritative source: only CLAIM QUESTION and EVIDENCE. THINKING is only used to see how the statistic was interpreted by a model, not as a source of truth. The CLAIM QUESTION
and EVIDENCE conflicting does not change whether a statistic was correctly interpreted.
For each statistic:
Step 1: Locate in INPUTS
• Find the exact sentences in CLAIM QUESTION or EVIDENCE that contain the full quantity expression (number + unit/scale words).
• span_quote(s) MUST consist of whole sentence(s) copied verbatim from CLAIM QUESTION or EVIDENCE. Never quote from THINKING or STATISTICS. The quote(s) must be at least

a whole sentence.
• metadata contains the statistic’s unit, scale, referent, and timeframe based on the span_quote. If a piece of metadata is unclear, mark that field as "unknown".
• If no exact substring exists, set input_matches=[] and correct="false".
Step 2: Check entailment
Compare the INPUT span(s) and metadata to how the statistic is used in THINKING. The INPUT span and metadata must strictly entail the THINKING usage, meaning that surrounding
context (such as units, referents, and scope) must be the same between the INPUT span and THINKING usage.
Mark correct="false" if between INPUT span(s)/metadata and THINKING:
• unit or scale of statistic differs (million vs. billion, %, etc.)
• referent of statistic differs
• timeframe of statistic differs
• population/scope of statistic differs
• surrounding context of the statistic in the INPUT does not clearly support the interpreted meaning of the statistic in THINKING
• the INPUT sentence is truncated, malformed, or ambiguous and does not clearly map to the statistic_text in THINKING
correct="true" if the INPUT span(s)/metadata fully supports the statistic_text and its use in THINKING with no added assumptions.
correct="unknown" if the INPUT text is insufficient to determine entailment.
Output MUST be ONLY valid JSON with this schema and no other text:
{

"results": [
{

"statistic_id": <integer>,
"statistic_quantity": "<original statistic number>",
"statistic_text": "<original statistic text>",
"input_matches": [

{
"input_source": "claim""question"|”evidence”,
"span_quote": "<verbatim input sentences>",
"metadata": {

"unit": "<unit>",
"scale": "<scale>",
"referent": "<who/what the number pertains to>",
"timeframe": "<date or year>"

}
}

],
"correct": "true"|"false"|"unknown",
"justification":

"<brief explanation why input_matches span_quote
makes the statistic correct/incorrect>"

}
]

}

User Message:
For each STATISTIC 0-20, check if CLAIM QUESTION/EVIDENCE was interpreted correctly in THINKING. span_quote MUST be COPIEDWHOLE sentences exactly from CLAIM QUESTION
or EVIDENCE. Return only the JSON.
CLAIM: QUESTION:
<CLAIM> <QUESTION>
...
</CLAIM> </QUESTION>

EVIDENCES:
<EVIDENCES>
...
</EVIDENCES>

THINKING:
<THINKING>
...
</THINKING>

STATISTICS:
<STATISTICS>
...
</STATISTICS>

Figure A.5: Structure of the extractive statistic scoping verification prompt used in the rubric-based LLM-as-a-Judge pipeline.
Task-specific differences are highlighted in blue for fact-checking and red for numerical question answering.
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Non-Extractive Statistic Scoping Verification Prompt Structure

System Message:
You are a quantity checker.
Your only tasks per STATISTIC are:
1. classify as "extrapolative" (derived or computed from other quantities in THINKING) or "parametric" (introduced as an assumption or from memory, not derived from other numbers).
2. assess correctness:

• extrapolative: whether the derivation is valid and grounded in its inputs (no hidden assumptions like mixing scopes/units/timeframes).
• parametric: whether the number is reasonable commonsense vs extremely specifc or outlandish/ungrounded.

For each STATISTIC:
Step 1: Determine type:
• If the statistic is computed or derived from other quantities in THINKING (approximation, sum, difference, ratio, percent, average, unit conversion, scaling) set

quantity_type="extrapolative" and list the exact quantities used as input in "dependencies".
• Else set quantity_type="parametric" and dependencies=[].
Step 2: Determine extrapolative statistic’s correctness & parametric statistic’s plausibility:
• If quantity_type="extrapolative",

– Identify exactly which other quantities it was derived from and list these quantities in dependencies.
– correct="true" if the derivation is mathematically valid, the inputs are compatible (same units, scale, etc.) and the resulting statistic is representative of its inputs (no hidden

assumptions, no unit/denominator mismatch, no scope/timeframe mixing, no unjustified averaging/extrapolating).
– correct="false" if math is wrong OR if it combines incompatible inputs OR if the derivation is ungrounded (e.g., mixing incomparable quantities, wrong units, wrong denominator,

cherry-picking, extrapolating beyond scope).
– correct="unknown" if derivation is unclear.

• If quantity_type="parametric",
– correct="true" if the number is commonsense / generic / clearly stated as an assumption, and not a specific hard-to-know factual number.
– correct="false" if it is a specific hard-to-know factual number, outlandish number, or a precise factual claim with no supporting evidence. For example, if the statistic is something

that an average college student wouldn’t know from memory, mark "false".
– correct="unknown" if plausibility cannot be judged.

IMPORTANT:
• Do NOT decide whether the claim is true answer the question. Use the CLAIM QUESTION only to understand what the THINKING is about.
• For extrapolative statistics, you MUST list the quantities it depends on. If you cannot identify dependencies, set quantity_type="parametric" or "unknown" (and explain).

Return ONLY valid JSON with this schema:
{

"results":[
{

"statistic_id": <int>,
"statistic_quantity":"<original>",
"statistic_text":"<original>",
"quantity_type":"extrapolative"|"parametric"|"unknown",
"dependencies":[

"<text describing statistic used as input to derive current statstic>",
...

],
"correct":"true"|"false"|"unknown",
"justification":"<brief: why type + why correct/incorrect>"

}
]

}

User Message:
For each STATISTIC (IDs 0 - 20), classify STATISTIC as extrapolative vs parametric, then evaluate correctness per the system rules. Return ONLY the JSON.
CLAIM: QUESTION:
<CLAIM> <QUESTION>
...
</CLAIM> </QUESTION>

EVIDENCES:
<EVIDENCES>
...
</EVIDENCES>

STATISTICS:
<STATISTICS>
...
</STATISTICS>

THINKING:
<THINKING>
...
</THINKING>

Figure A.6: Structure of the non-extractive statistic scoping verification prompt used in the rubric-based LLM-as-a-Judge
pipeline. The prompt classifies non-extractive statistics as extrapolative or parametric and verifies their correctness or
plausibility. Task-specific differences are highlighted in blue for fact-checking and red for numerical question answering.
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Statistic Importance Weight Judging Prompt Structure

System Message:
You are a quantity importance evaluator.
Your ONLY task: for each STATISTIC, assign an importance_weight such that all weights sum to exactly 1.0.
Importance means: how much this STATISTIC causally influences the FINAL_ANSWER and JUSTIFICATION (not how salient it is).
How to score (counterfactual + usage-based):
• A statistic gets HIGH weight if removing/changing it would likely change the FINAL_ANSWER (e.g., REFUTES→SUPPORTS/NEI) or substantially change the justification.
• A statistic gets LOW weight if it is merely mentioned, background, or redundant (its removal would not change the verdict).

Bias control:
• Do NOT overweight statistics just because they appear in the CLAIM QUESTION.
• Prefer statistics that are actually used as evidence for the verdict (esp. those in JUSTIFICATION).
• If a claim-numberquestion-number is only restated and not used in a comparison/calculation, it must receive low weight.

IMPORTANT:
• Do NOT evaluate whether the statistic is correct.
• Do NOT fact-check the claim answer the QUESTION.
• Only judge a statistic’s influence on the reasoning and FINAL_ANSWER.

Return ONLY valid JSON:
{

"results":[
{

"statistic_id": <int>,
"statistic_quantity": "<original>",
"statistic_text": "<original>",
"importance_weight": <decimal>,
"justification": "<brief explanation why this statistic has this level of influence>"

}
]

}

Constraints:
• All importance_weight values must sum to exactly 1.
• Each weight must be between 0 and 1.

User Message:
For each STATISTIC (IDs 0-20), rate how influential it is to the THINKING, FINAL_ANSWER, and JUSTIFICATION.
All weights must sum to 1. You must assign a weight to EVERY STATISTIC. Return ONLY the JSON.
CLAIM: QUESTION:
<CLAIM> <QUESTION>
...
</CLAIM> </QUESTION>

EVIDENCES:
<EVIDENCES>
...
</EVIDENCES>

THINKING:
<THINKING>
...
</THINKING>

FINAL_ANSWER:
<FINAL_ANSWER>
...
</FINAL_ANSWER>

JUSTIFICATION:
<JUSTIFICATION>
...
</JUSTIFICATION>

STATISTICS:
<STATISTICS>
...
</STATISTICS>

Figure A.7: Structure of the statistic importance weight judging prompt used in the rubric-based LLM-as-a-Judge pipeline. The
prompt assigns normalized statistic importance weights based on each statistic’s causal influence on the final answer and
justification. Task-specific differences are highlighted in blue for fact-checking and red for numerical question answering.

Reward Model Prompt Templates

Fact-checking Format:
Claim: <CLAIM>
Verdict: <VERDICT or UNKNOWN>
Justification: <JUSTIFICATION or UNKNOWN>
Thinking: <THINKING or UNKNOWN>

Numerical Question Answering Format:
Question: <QUESTION>
Final Answer: <FINAL ANSWER or UNKNOWN>
Justification: <JUSTIFICATION or UNKNOWN>
Thinking: <THINKING or UNKNOWN>

Figure A.8: Structure of the outcome reward model prompts for fact-checking (blue) and numerical question answering (red).
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Appendix B

B.1. Training of Learned ORMs for Test-Time Scaling Experiments
Three variants of outcome reward models (ORMs) were trained in the process of this work: a general
quality ORM based on correctness signals with ground truth, a scoping error ORM based on scoping
error presence signals from the hybrid LLM-as-a-Judge pipeline, and a multi-task ORM that combines
the aforementioned signals. The learning curves of each of these ORMs are shown in Figure B.1.
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(a) Scoping-Blind Correctness ORM
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(b) Single-Task Scoping ORM
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(c) Multi-Task Scoping & Correctness ORM

Figure B.1: Training learning curves for the learned outcome reward models (ORMs) used in test-time scaling experiments.
The figures show training and validation accuracies and training loss for the scoping-blind correctness ORM, single-task
scoping ORM, and multi-task scoping & correctness ORM. For the multi-task ORM, training loss is the total of both the
correctness and scoping losses and accuracies are the unweighted average of the correctness and scoping accuracies.
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None of the ORMs required more than two epochs to train with the early stopping patience of two.
The task of learning correctness was easier than learning scoping error detection, as seen by the
higher training and validation accuracies at higher epochs. None of the validation accuracies improved
substantially over time, suggesting that the models reached their useful validation performance early in
training. In contrast, the training loss and accuracy continued to improve, particularly for the correctness
ORM, indicating overfitting after the first epochs. This supports the use of early stopping and suggests
that additional training would be unlikely to improve downstream verifier quality.

B.2. Scoping Failure Detection Examples
Tables B.1, B.2, B.3, and B.4 show examples of the Hybrid LLM-as-a-Judge pipeline detecting scoping
failures in LLM reasoning traces. Common themes are discussed in the “Explanation” column.

Table B.1: Example of numerical scoping failure detection by the Hybrid LLM-as-a-Judge Pipeline on a FinQA
Whole-Document LLM reasoning trace. Mistakes in scoping failure detection are in red. Statistics are colored by type.

Inputs Reasoning Trace Statistic-Level Outputs Trace-
Level
Label

Explanation

Question: what portion of to-
tal purchase price is related to
stock awards?
Evidences: 1. ”Text Before Ta-
ble: - ”chairman and a director
of the board of fis as well as the
chairman of the board of lps .”
- ”effective march 1 , 2010 , mr
.” - ”kennedy and the company
mutually agreed that he would
no longer serve as an executive
officer and director of the com-
pany and its subsidiaries .” - ”the
revenue and expense itemswith
lps are , therefore , summarized
above as related party activity
through march 1 , 2010 .”

...10 more points

- ”metavante also added signifi-
cant scale to treasury and cash
management offerings and pro-
vided an entry into the health-
care and government payments
markets .” - ”pursuant to the
agreement and plan of merger
dated as of march 31 , 2009
, metavante became a wholly-
owned subsidiary of fis .” -
”each issued and outstanding
share of metavante common
stock , par value $ 0.01 per
share , was converted into 1.35
shares of fis common stock .” -
”in addition , outstanding meta-
vante stock options and other
stock-based awards were con-
verted into comparable fis stock
options and other stock-based
awards at the same conversion
ratio .” - ”the total purchase price
was as follows ( in millions ) : .”
”
2. ”Table: value of meta-
vante common stock|$ 4066.4
value of metavante stock
awards|121.4 total purchase
price|$ 4187.8”
3. ”Text After Table: - ”we
recorded a preliminary alloca-
tion of the purchase price to
metavante tangible and identifi-
able intangible assets acquired
and liabilities assumed based
on their estimated fair values as
of october 1 , 2009 .” - ”goodwill
was fidelity national information
services , inc .” - ”and sub-
sidiaries notes to consolidated
financial statements 2014 (
continued ) %%transmsg***
transmitting job : g26369 pcn
: 064000000 ***%%pcmsg|64
|00007|yes|no|03/28/2011
17:32|0|0|page is valid , no
graphics – color : n| .” ”

<think> Alright, so I need to
figure out what portion of the
total purchase price is related
to stock awards. Let me start
by looking at the provided evi-
dence.
First, I see that there’s a table
with three columns: net tan-
gible assets, in-process R&D,
developed technology and
know-how, customer relation-
ship, trade name, order backlog,
deferred income taxes, goodwill,
and estimated purchase price.
The values are in millions. The
total purchase price is $4187.8
million.
Looking at the table, the value
of metavante stock awards is
listed as $121.4 million. This is
under the ”value of metavante
stock awards” column.
The question is asking for the
portion of the total purchase
price that is related to stock
awards. So, I need to calculate
what percentage $121.4 million
is of the total $4187.8 million.
To do this, I’ll divide 121.4 by
4187.8. Let me do that calcula-
tion:
121.4 ÷ 4187.8 ≈ 0.029
To express this as a percentage,
I multiply by 100, which gives ap-
proximately 2.9%.
Looking at the table, the value of
stock awards is a separate line
item, so it’s a direct part of the
total purchase price. There’s no
mention of any adjustments or
allocations beyond what’s in the
table, so I don’t need to consider
any other factors.
Therefore, the portion of the
total purchase price related to
stock awards is about 2.9%,
which I can round to 3% for sim-
plicity.</think>
Final Answer: 3%
Justification: The value of
metavante stock awards is
$121.4 million, and the total pur-
chase price is $4187.8 million.
Dividing 121.4 by 4187.8 gives
approximately 2.9%, which
rounds to 3%.

”three columns”:
- Type: parametric
- Scope-Valid: false (The number is specific and not a reason-
able assumption from the table which shows three columns but
does not justify this as a meaningful statistic.)
- Importance Weight” 0.00 (This statistic is merely descriptive
and does not influence the calculation or the final answer.)

”$ 4187.8 million”:
- Type: parametric
- Scope-Valid: true (The number is directly stated in the table
and is a reasonable assumption.)
- Importance Weight” 0.40 (This is the total purchase price,
which is crucial for calculating the portion related to stock
awards.)

”4187.8”:
- Type: parametric
- Scope-Valid: true (The number is directly stated in the table
and is a reasonable assumption.)
- Importance Weight” 0.00 (This is redundant with statistic 2
and does not add new information.)

”$ 121.4 million”:
- Type: parametric
- Scope-Valid: true (The number is directly stated in the table
and is a reasonable assumption.)
- Importance Weight” 0.40 (This is the value of metavante
stock awards, which is essential for calculating the portion of
the total purchase price.)

”121.4”:
- Type: extractive
- Scope-Valid: true (The statistic is correctly interpreted as the
value of metavante stock awards in millions, which is used to
calculate the portion of the total purchase price.)
- Importance Weight” 0.00 (This is redundant with statistic 4
and does not add new information.)

”100”:
- Type: parametric
- Scope-Valid: false (The number is specific and not a reason-
able assumption from the context.)
- Importance Weight” 0.00 (This is a constant used in percent-
age calculation and does not influence the final answer.)

”about 2.9%”:
- Type: extrapolative
- Scope-Valid: true (The derivation is valid and grounded in the
inputs from the table.)
- ImportanceWeight” 0.10 (This is an intermediate result in the
calculation, but not the final answer.)

”3 %”:
- Type: extrapolative
- Scope-Valid: true (The derivation is valid and grounded in the
inputs from the table.)
- Importance Weight” 0.10 (This is the final answer, rounded
from the intermediate result.)

No This example shows a typical
theme in the hybrid pipeline that
the statistic de-duplication and
matching for determining extrac-
tive statistics can often be too
harsh, especially when process-
ing tabular extractive statistics.
”$ 4187 million”, ”4187.8”, ”$
121.4 million”, and ”121.4” should
all be extractive statistics, as
they are various versions of input
statistics ”$ 4187.8” and ”121.4”,
however, due to the limited con-
text found in the tabular evidence,
only one of these statistics actu-
ally gets identified as extractive.
”$ 4187.8 million” and ”$ 121.4
million” are missed because of
the additional ”million” scaling
which the table does not make
clear unless the ”(in millions)”
gets included from the ”Text Be-
fore Table” section. ”4187.8”
is not marked as extractive be-
cause in the input, a ”$” is in-
cluded in front. Resulting from
this, the statistics are not able
to be de-duplicated and half get
marked as unimportant by the
weighting step. Although not
an issue in this particular exam-
ple because all these statistics
were marked as scope-valid re-
gardless, in other examples this
could cause an incorrect verifica-
tion of an extractive statistic being
treated as parametric. Perhaps,
in the future, an additional of-
fline input table statistic trans-
lation step can aid the extrac-
tive statistic verification.
Next, there are some small less
important mistakes, the first of
which concerns an incorrect ex-
planation for why ”three columns”
is mis-scoped. The table actu-
ally only has three columns and
two rows, not two columns and
three rows, meaning the judge
misunderstood the table struc-
ture. The second less critical
mistake in this example is mark-
ing ”100” as mis-scoped. ”100” is
commonsense for a percentage
calculation, the judge was too
harsh with judging this paramet-
ric statistic.
Finally, the whole trace gets
marked as scope-valid, which is
debatable depending on how im-
portant an annotator would con-
sider the ”three columns” mistake.
This example also shows how
scoping labels can be nuanced
depending on the associated
importance of the mistake.

Spacer
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Table B.2: Another example of numerical scoping failure detection by the Hybrid LLM-as-a-Judge Pipeline on a FinQA
Whole-Document LLM reasoning trace. Mistakes in scoping failure detection are in red. Statistics are colored by type.

Inputs Reasoning Trace Statistic-Level Outputs Trace-
Level
Label

Explanation

Question: what is the ratio
of the total flight attendants
to total maintenance person-
nel?
Evidences: 1. ”Text Be-
fore Table: - ”table of con-
tents configuration , ameni-
ties provided to passengers
, loyalty programs , the
automation of travel agent
reservation systems , on-
board products , markets
served and other services .”
- ”we compete with both ma-
jor network airlines and low-
cost carriers throughout our
network .” - ”international
in addition to our extensive
domestic service , we pro-
vide international service to
canada , central and south
america , asia , europe , aus-
tralia and new zealand .”

...16 more points

- ”a peb examines the par-
ties 2019 positions and rec-
ommends a solution .” - ”the
peb process lasts for 30
days and ( if no resolution is
reached ) is followed by an-
other 201ccooling off 201d
period of 30 days .” - ”at
the end of a 201ccooling
off 201d period ( unless an
agreement is reached , a
peb is established or ac-
tion is taken by congress
) , the labor organization
may exercise 201cself-help
, 201d such as a strike ,
and the airline may resort
to its own 201cself-help ,
201d including the imposi-
tion of any or all of its pro-
posed amendments to the
cba and the hiring of new
employees to replace any
striking workers .” - ”the ta-
ble below presents our ap-
proximate number of active
full-time equivalent employ-
ees as of december 31 ,
2016 .” - ”mainline opera-
tions wholly-owned regional
carriers total .”
2. ”Table: |mainline
operations|wholly-owned
regional carriers|total
pilots and flight
crew training instruc-
tors|13400|3400|16800
flight atten-
dants|24700|2200|26900
maintenance person-
nel|14900|2000|16900
fleet service person-
nel|16600|3500|20100
passenger service person-
nel|15900|7100|23000
administrative and
other|16000|2600|18600
total|101500|20800|122300”
3. ”Text After Table:”

<think> Alright, I need to fig-
ure out the ratio of the total
flight attendants to the total
maintenance personnel us-
ing the provided table. Let
me start by locating the rele-
vant numbers in the table.
Looking at the table, under
the ”mainline operations”
column, I see the number of
flight attendants is 24,700.
For maintenance personnel,
it’s 14,900.
Now, I need to calculate
the ratio of flight attendants
to maintenance personnel.
That means I’ll divide the
number of flight attendants
by the number of mainte-
nance personnel.
So, 24,700 divided by
14,900. Let me do that
calculation.
24,700 ÷ 14,900 ≈ 1.658.
Looking at the previous ex-
amples, the answers were
given as numbers without
additional text, so I’ll present
this ratio as is.
Therefore, the ratio is ap-
proximately 1.66. But since
the previous answers were
given to two decimal places,
I’ll round it to two decimal
places as well, making it
1.66. However, checking
the examples, sometimes
they used exact fractions or
simplified numbers. Let me
see if 24700/14900 simpli-
fies.
Dividing numerator and
denominator by 100 gives
247/149. Let me check
if this can be simplified
further. 247 divided by 13
is 19, and 149 is a prime
number. So, 247/149 is the
simplified fraction, which is
approximately 1.658.
Since the question asks for
the ratio, I can present it
as a decimal or a fraction.
But in the examples, they
used decimals. So, I’ll go
with 1.66 as the final an-
swer.</think>
Final Answer: 1.66%
Justification: The table
shows 24,700 flight atten-
dants and 14,900 mainte-
nance personnel. Dividing
24,700 by 14,900 gives ap-
proximately 1.66.

”24,700”:
- Type: extractive
- Scope-Valid: true (The statistic is correctly interpreted as the number of flight
attendants from the table.)
- Importance Weight” 0.39 (This number is crucial as it represents the total number
of flight attendants, which is a key component in calculating the ratio.)

”14,900”:
- Type: extractive
- Scope-Valid: true (The statistic is correctly interpreted as the number of mainte-
nance personnel from the table.)
- ImportanceWeight” 0.39 ((This number is crucial as it represents the total number
of maintenance personnel, which is a key component in calculating the ratio.)

”1.658”:
- Type: extrapolative
- Scope-Valid: true ((The statistic is derived correctly from the given numbers in the
table.)
- Importance Weight” 0.10 (This is the exact ratio calculated from the flight atten-
dants and maintenance personnel numbers, but it is not the final answer presented.)

”1.66”:
- Type: extrapolative
- Scope-Valid: true (The statistic is derived correctly from the given numbers in the
table.)
- Importance Weight” 0.05 (This is the final answer presented after rounding the
exact ratio to two decimal places.)

”two decimal places”:
- Type: parametric
- Scope-Valid: true (The number of decimal places is a reasonable assumption
based on the examples provided.)
- ImportanceWeight” 0.02 (This specifies the precision of the final answer but does
not influence the calculation.)

”100”:
- Type: parametric
- Scope-Valid: false ((The number 100 is not derived from any given data and is out
of context.)
- Importance Weight” 0.01 (This is used to simplify the numbers but does not influ-
ence the final ratio.)

”247/149”:
- Type: extrapolative
- Scope-Valid: true ((The statistic is derived correctly from the given numbers in the
table.)
- Importance Weight” 0.01 (This is the simplified fraction of the ratio but does not
influence the final answer.)

”247”:
- Type: extrapolative
- Scope-Valid: true (The statistic is derived correctly from the given number in the
table.)
- Importance Weight” 0.01 (This is part of the simplified fraction but does not influ-
ence the final answer.)

”13”:
- Type: parametric
- Scope-Valid: false (The number 13 is not derived from any given data and is out
of context.)
- Importance Weight” 0.01 (This is used in simplifying the fraction but does not
influence the final answer.)

”19”:
- Type: parametric
- Scope-Valid: false (The number 19 is not derived from any given data and is out
of context.)
- Importance Weight” 0.01 (This is part of the simplified fraction but does not influ-
ence the final answer.)

”149”:
- Type: extrapolative
- Scope-Valid: true ((The statistic is derived correctly from the given number in the
table.)
- Importance Weight” 0.01 (This is part of the simplified fraction but does not influ-
ence the final answer.)

No This example shows
a typical missed
scoping error and a
common theme: the
hybrid judge occa-
sionally falls into
the same contextu-
alization mistake
traps that the
generation model
does. ”24,700”
and ”14,900” are
indeed the number
of flight attendants
and maintenance
personnel from the
table, but they are
specifically from
the ”mainline op-
erations” column,
not the ”total” col-
umn. The hybrid
judge misses this
extractive scoping
error and thus the
trace gets marked
as scope-valid when
it should certainly
be mis-scoped. Fu-
ture work should
analyze such false
negative exam-
ples to determine
ways to improve
scoping failure
detection.
Furthermore, there
are some less impor-
tant mistakes: ”100”
again gets marked
as mis-scoped even
though it’s a com-
monsense statistic
used in simplifying
fractions. The judge
can sometimes
be too harsh with
judging certain
statistics. Finally,
”19” gets marked
as parametric even
though it is the
result of some cal-
culation and should
be classified as ex-
trapolative, leading
to it being marked
as mis-scoped
even though it is
mostly scope-valid.
Regardless, these
small mistakes do
not influence the
final trace-level
label as they are
justly marked as
unimportant.
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Table B.3: Example of numerical scoping failure detection by the Hybrid LLM-as-a-Judge Pipeline on a QUANTEMP Re-Ranked
LLM reasoning trace. Mistakes in scoping failure detection are in red. Statistics are colored by type.

Inputs Reasoning Trace Statistic-Level Outputs Trace-
Level
Label

Explanation

Claim: Company
affiliated with
Matt Gaetz had
$482,321 in PPP
loans forgiven
Evidences: 1.
”fact check: did
matt gaetz have
$482k in ppp loans
forgiven even
though he doesn’t
own a business?
report: watchdog
finds over $5 billion
in potential covid
...”
2. ”the white house
tweeted that rep.
matt gaetz (r-fla.)
had forgiven ppp
loans of $482,321
though that was
in response to the
lawmaker’s”
3. ”matt gaetz
had $987237 and
$482321, respec-
tively, in ppp loans
forgiven many of
the lawmakers
pushing for the bill
owned businesses
that”

<think> Alright, let’s tackle this fact-checking task.
The claim is that ”Company affiliated with Matt
Gaetz had $482,321 in PPP loans forgiven.” I need
to evaluate this based on the provided evidence.
First, I’ll look at the evidence given. The first evi-
dence mentions that Matt Gaetz had over $5 billion
in PPP loans forgiven, which is a significant amount.
The second evidence directly states that he had
$482,321 in PPP loans forgiven. The third evidence
talks about multiple amounts, including $482,321,
which suggests that this figure is accurate.
Now, the claim is about a company affiliated with
Matt Gaetz having exactly $482,321 in PPP loans
forgiven. The evidence supports that this specific
amount was indeed forgiven. However, the claim
doesn’t specify whether this was for the company
or for Matt Gaetz personally. The evidence points
to the company, but it’s not explicitly stated in the
claim.
Considering the numerical data, the evidence
aligns perfectly with the claim’s figure. The claim’s
veracity is supported because the exact amount
mentioned in the evidence matches the claim. The
fact that it’s a company affiliated with Gaetz is also
consistent with the evidence provided.
I don’t see any contradictions in the evidence. All
the relevant numbers point to the claim being ac-
curate. Therefore, the evidence fully supports the
claim.</think>
Final Verdict: SUPPORTS
Justification: The evidence directly states that
Matt Gaetz had $482,321 in PPP loans forgiven,
which aligns with the claim about the company af-
filiated with him. The numerical data matches, sup-
porting the claim’s accuracy.

”$ 482,321”:
- Type: extractive
- Scope-Valid: false (The evidence
mentions that Matt Gaetz had
$482,321 in PPP loans forgiven,
but the claim specifies a company
affiliated with Matt Gaetz. The ref-
erent differs between the claim and
evidence.)
- Importance Weight” 0.80 (This
statistic is crucial as it directly
matches the amount mentioned in
the claim and is explicitly stated in
the evidence, supporting the claim’s
accuracy.)

”over $ 5 billion”:
- Type: extractive
- Scope-Valid: false (The evidence
mentions over $5 billion in potential
PPP loans, but this amount is not di-
rectly related to Matt Gaetz’s specific
PPP loan amount of $482,321. The
referent and timeframe differ.)
- Importance Weight” 0.20 (This
statistic provides context but does not
directly support or refute the specific
claim amount. It is less influential in
determining the final answer.)

Yes This example shows two typical issues with
QUANTEMP scoping error detection. First, the judge
finds it very difficult to stop fact-checking the
claim and rather focus on verifying numerical
contexts. The two tasks are, of course, interrelated
but the judge often focuses too much on comparing
the claim and the evidence rather than thinking
about the reasoning. In this example, although
the statistics do receive the correct mis-scoped
label, the explanations show that the judge still
over-focuses on the discrepancy between the claim
and evidence rather analyzing the intricacies in the
thinking.
Another typical issue with QUANTEMP scoping error de-
tection is the relatively low number of statistics.
There are only two statistics in this analysis, which
are mentioned frequently in the reasoning and ev-
idence. Although the judge was able to correctly
identify each quantity as mis-scoped it does so for
the wrong reasons, often making the same mis-
takes that the original generation model made:
mis-scoping the ”$ 5 billion” statistic as about PPP
loans instead of something related to ”covid”. The
low number of statistics in QUANTEMP means that the
judge has fewer perspectives from which to analyze
the reasoning and fewer chances to catch detrimen-
tal errors. Furthermore, in low-statistic traces, some-
times there are no truly important statistics, mak-
ing the importance weighting normalization some-
what artificial: even weakly relevant quantities must
receive non-zero relative weight because the weights
are constrained to sum to one. Perhaps, a relative
importance measure could be proposed to account
for cases where there truly are no relevant statistics.

Table B.4: Another example of numerical scoping failure detection by the Hybrid LLM-as-a-Judge Pipeline on a QUANTEMP
Re-Ranked LLM reasoning trace. Mistakes in scoping failure detection are in red. Statistics are colored by type.

Inputs Reasoning Trace Statistic-Level Outputs Trace-
Level
Label

Explanation

Claim: Clip of French president
slapped at meet-and-greet was
filmed in November 2022
Evidences: 1. ”... when it is
apparent that an interaction be-
tween a president and the press
is clearly a press conference.
on june 16, 2021, for example,
president joe biden’s ...”
2. ”jun 8, 2021 french president
emmanuel macron appears to
get slapped in video. two men
were immediately detained by
police, a spokesman for the in-
terior ...”
3. ”false. a clip of french pres-
ident macron being slapped by
a member of the public was
not filmed in november 2022
and instead, shows a seem-
ingly newly published angle of
a june 2021 incident where
macron was struck by amember
of the public in tain-l’hermitage,
auvergne-rhne-alpes. a clip
of french president emmanuel
macron being slapped across
the face at a meet-and-greet
with members of the public
was filmed in june 2021, but
users shared the clip in novem-
ber 2022 with false claims that
the president had been slapped
again. the clip was not filmed
recently, and instead, shows an
angle filmed from the opposite
side of a guard railing that sep-
arated the french president from
members of the public on june 8,
2021.”

<think> Alright, let’s tackle this fact-checking
task step by step. The claim is that a clip
of French President Emmanuel Macron be-
ing slapped at a meet-and-greet was filmed
in November 2022. I need to evaluate this
claim using the provided evidence.
First, I’ll look at the evidence given. The first
evidence mentions that on June 16, 2021,
President Joe Biden had a press interaction,
but that’s not relevant here. The second ev-
idence is about June 8, 2021, where Presi-
dent Macron was slapped by two men, who
were detained by police. The third evidence
is a statement that refutes the claim, explain-
ing that the clip was filmed in June 2021, not
November 2022. It also mentions that the
clip was shared in November 2022 with false
claims, but the original filming was in June
2021.
So, the key points are: - The incident hap-
pened in June 2021. - The clip was filmed
then, not in November 2022. - The evidence
explicitly states that the clip was not filmed
in November 2022 but was shared later with
false claims.
Putting this together, the claim that the clip
was filmed in November 2022 is false be-
cause the actual filming took place in June
2021. The evidence directly contradicts the
claim by providing the correct year and ex-
plaining the misinformation spread afterward.
Therefore, the claim is false, and the evi-
dence refutes it.<think>
Final Verdict: REFUTES
Justification: The evidence clearly states
that the clip was filmed in June 2021, not
November 2022. It also mentions that the
clip was shared in November 2022 with false
claims, but the original filming occurred in
2021. This directly contradicts the claim, thus
refuting it.

”November 2022”:
- Type: extractive
- Scope-Valid: true (The evidence clearly states that the clip
was shared in November 2022with false claims, whichmatches
the statistic_text.)
- Importance Weight” 0.30 (This statistic is crucial as it directly
contradicts the claim’s date and is central to the refutation.)

”June 16, 2021”:
- Type: extractive
- Scope-Valid: true (The evidence mentions June 16, 2021, as
a date when Biden had a press interaction, which matches the
statistic_text.)
- Importance Weight” 0.05 (This date is mentioned but is not
relevant to the main incident and does not influence the final
answer.)

”June 8 , 2021”:
- Type: extractive
- Scope-Valid: true ((The evidence mentions June 8, 2021, as
the date when Macron was slapped, which matches the statis-
tic_text.)
- Importance Weight” 0.40 (This is the actual date of the inci-
dent and is critical to refuting the claim’s incorrect date.)

”two men”:
- Type: extractive
- Scope-Valid: true (The evidence mentions that two men were
detained by police, which matches the statistic_text.)
- Importance Weight” 0.05 (This detail is mentioned but does
not influence the final answer or the main reasoning.)

”June 2021”:
- Type: extractive
- Scope-Valid: true (The evidence states that the clip was
filmed in June 2021, which matches the statistic_text.)
- Importance Weight” 0.20 (This statistic is important as it clar-
ifies the correct year of the incident and is used to refute the
claim.)

No This example
shows a typical low-
difficulty scope-valid
trace. All statistics
were extracted
correctly, classi-
fied correctly, and
verified correctly.
What is interest-
ing to note is that
the QUANTEMP Re-
Ranked evidence
actually contained
evidence from a
gold fact-checker
website, meaning
that there indeed
is occasional tem-
poral and gold
evidence leakage
as mentioned in
Venktesh, Prabhu,
and Anand [55].
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B.3. Scoping-Aware Mitigation Examples
Tables B.5 and B.6 show examples of how the scoping-aware mitigation variants choose candidate
reasoning traces in test-time scaling. Common themes are discussed in the “Explanation” column.

Table B.5: Example of LLM candidate traces chosen by the various test-time scaling variants on a QUANTEMP claim with
Re-Ranked evidence. The Correctness Outcome Reward Model Best-of-N (C-ORM: BoN) variant chooses a trace based on a
quality score; the Hybrid Pipeline Scoping Filtering + C-ORM BoN (HP: SF + C-ORM: BoN) variant chooses a trace based on
first filtering for non-scoping failure traces and then choosing based on a quality score; the Scoping-ORM Scoping Filtering +
C-ORM BoN (S-ORM: SF + C-ORM: BoN) variant filters traces based on a distilled scoping error signal, then chooses based
on the C-ORM quality score; the Multi-Task ORM Scoping Filtering + BoN (MT-ORM: SF + BoN) variant filters traces based on
a distilled scoping error signal, then chooses based on the MT-ORM’s quality score. Finally, the Multi-Task ORM Scoping &

Correctness Best-of-N (MT-ORM: BoN) chooses a trace based on a combined scoping failure and correctness score. Scoping
failures are highlighted in red. Verdicts are colored by correctness.

Inputs
Reasoning Traces

Explanation
C-ORM: BoN & MT-ORM: BoN HP: SF + C-ORM: BoN S-ORM: SF + C-ORM:

BoN
MT-ORM: SP + BoN

Claim: One in six Texans don’t have
health care. We’re the most uninsured
state in the U.S.
Evidences: 1. ”the census data shows
that the five states with the highest unin-
sured rates did not expand its medi-
caid eligibility. texas leads that cat-
egory followed by oklahoma, georgia,
wyoming and florida. the census data,
released this week, showed that 18% of
texans were uninsured in 2021. it was
a very different story in massachusetts,
where 2 1/2% of the residents were unin-
sured.”
2. ”texas is the state with both the
largest number and percentage of unin-
sured residents in the united states . tex-
ans make up 9% of the u.s. popula-
tion, but 19% of the countrys uninsured
population. nearly 1 in 4 working-age
texans 19-64 is uninsured, making up
the biggest share of texas uninsured,
with younger adults at the highest like-
lihood of being uninsured. accept bil-
lions in federal funds to provide medi-
caid to working but poor adultsboth par-
ents and adults without any dependent
kids at home . texas is one of only 12
states without coverage for poor adults.
as the u.s. census graphic shows,
even states with very high poverty have
much lower uninsured rates than texas
if they adopted medicaid expansion:
arkansas 9.2%; louisiana 7.6%; new
mexico 10.0%, west virginia 6.1%. ex-
perts estimate close to 1.4 million of
texas uninsured would qualify for cover-
age if we take this step. remove barri-
ers to enrollment/renewal of currently el-
igible individuals in texas medicaid. af-
ter estimates are applied to remove un-
documented children (ineligible for ei-
ther medicaid or chip) from the census
statistics, it still appears that 350,000
or more uninsured texas children qualify
for medicaid or chip but are not enrolled.
in addition, covid-19 policies since 2020
have retained over 850,000 texas chil-
dren improving our child uninsured rate;
however, these coverage gains for chil-
dren will be at risk at the end of the phe.
texas medicaid agency needs a clear di-
rective from the state legislature to both
remove current barriers and adopt the
strongest best practices to keep eligible
children and adults covered when the
phe ends and ensure successful trans-
fer to other coverage for those at higher
incomes. maintain our states record-
breaking enrollment at healthcare.gov.
texas is already poised to do so, as
2022 enrollment grew 42% in texas from
1.3 to 1.84 million the largest increase
in the nation. this progress was driven
by more affordable coverage and big
federal investments in enrollment assis-
tance and marketing. census stats sug-
gest that at least 1.5 million of 5.2 million
uninsured texans are eligible for market-
place subsidies, and even more robust
marketing and assistance could drive
an even better result in enrollment for
2023 coverage.”
3. ”texas remains the state with the
most uninsured americans, but recent
estimates from the u.s. census bureau
reveals that last years percentage of tex-
ans without health coverage, 16.6%,...”
Ground Truth Label: SUPPORTS

<think> Alright, so I need to evaluate
the claim: ”One in six Texans don’t have
health care. We’re the most uninsured
state in the U.S.” using the provided ev-
idence. Let me break this down step by
step.
First, the claim states that one in six
Texans don’t have health care and that
Texas is the most uninsured state in the
U.S. I’ll check the evidence to see if
these numbers hold up.
Looking at evidence 1: The census data
from 2021 shows that 18% of Texans
were uninsured. It also mentions that
Texas leads with the highest uninsured
rate, followed by Oklahoma, Georgia,
Wyoming, and Florida. So, the claim
that Texas is the most uninsured is sup-
ported here.
Next, the claim says one in six Texans
don’t have health care. To verify this, I’ll
calculate 18% of the population. The
U.S. population in 2021 was approxi-
mately 331million. 18% of 331million is
roughly 59.6 million people. Now, one in
six is about 16.67% (since 1/6 ≈ 0.1667).
16.67% of 331 million is about 55.1 mil-
lion. The evidence states 18%, which is
higher than 16.67%, so the claim of one
in six might not be accurate based on
the 2021 data.
However, evidence 3 mentions that in
2022, the percentage was 16.6%, which
is closer to one in six. There’s a discrep-
ancy here because evidence 1 is from
2021, showing 18%, while evidence 3 is
from 2022, showing 16.6%. The claim
doesn’t specify the year, so it’s unclear
whether it’s referring to 2021 or 2022.
Evidence 2 talks about Texas having
19% of the uninsured population, which
is a significant number but doesn’t di-
rectly address the one in six figure. It
also mentions that nearly 1 in 4 working-
age Texans are uninsured, which is 22.5
million people (since 22.5 million is 1/4
of 90 million, the working-age popula-
tion). This is more than one in six but
doesn’t exactly match the claim.
Considering the evidence, the claim that
Texas is the most uninsured state is sup-
ported by evidence 1 and 3. However,
the one in six figure isn’t directly sup-
ported because the provided percent-
ages are either 18% or 16.6%, neither
of which is exactly one in six. The claim
might be an approximation or refer to a
different time frame not covered in the
evidence.
Therefore, the claim partially supports
the first part about being the most unin-
sured but doesn’t fully support the one in
six figure due to conflicting percentages.
The evidence is somewhat inconclusive
on the exact number, making it a con-
flicting assessment.<think>
Final Verdict: CONFLICTING
Justification: The claim that Texas is
the most uninsured state in the U.S. is
supported by evidence, as the census
data shows Texas had the highest unin-
sured rate in 2021 and 2022. How-
ever, the claim that one in six Texans
don’t have health care is not fully sup-
ported by the evidence. The provided
percentages (18% and 16.6%) do not
exactly align with one in six (approxi-
mately 16.67%). The evidence is some-
what inconclusive regarding the exact
number, leading to a conflicting assess-
ment.

<think> Alright, let’s tackle this
fact-checking task. The claim
is: ”One in six Texans don’t
have health care. We’re the
most uninsured state in the
U.S.” I need to evaluate this us-
ing the provided evidence.
First, I’ll look at the first evi-
dence: It mentions that Texas
has the highest uninsured rate
at 18% in 2021, followed by
Oklahoma, Georgia, Wyoming,
and Florida. So, Texas leads
in the number and percentage
of uninsured residents. That
supports the claim that Texas
is the most uninsured.
Next, the second evidence
states that Texas has 9% of the
U.S. population but 19% of the
uninsured population. It also
notes that 1 in 4 working-age
Texans (19-64) are uninsured,
which is the highest share in
the country. Additionally, ex-
perts estimate that close to 1.4
million Texans qualify for Med-
icaid if expansion were imple-
mented. This aligns with the
claim that one in six Texans
don’t have health care, as 1.4
million is roughly 1/6 of 8.4 mil-
lion (though the exact numbers
might vary slightly).
The third evidence reinforces
that Texas remains the most
uninsured state, with a 16.6%
uninsured rate in the previous
year. This consistent data
points to Texas being the most
uninsured.
Putting it all together, the ev-
idence supports both parts
of the claim: the high unin-
sured rate and Texas being the
most uninsured state. There’s
no conflicting information; all
sources consistently indicate
Texas’s high uninsured popu-
lation. Therefore, the claim
is fully supported by the evi-
dence.<think>
Final Verdict: SUPPORTS
Justification: The evidence
consistently supports the claim
that Texas is the most unin-
sured state in the U.S. and
that one in six Texans lacks
health care. The first evidence
highlights Texas’s highest unin-
sured rate and percentage of
the population. The second ev-
idence provides specific statis-
tics about the number of unin-
sured Texans and the poten-
tial impact of Medicaid expan-
sion, aligning with the claim.
The third evidence confirms
Texas’s status as the most
uninsured state. All sources
corroborate the claim without
contradiction.

<think> Alright, let’s
tackle this fact-
checking task. The
claim is that ”One in
six Texans don’t have
health care. We’re the
most uninsured state
in the U.S.” I need to
evaluate this based on
the provided evidence.
First, I’ll look at the first
evidence point. It men-
tions that Texas has
the highest uninsured
rate at 18% in 2021,
while Massachusetts
has the lowest at 2.5%.
This already supports
the claim that Texas
is the most uninsured
state.
Next, the second evi-
dence point states that
Texas has 9% of the
U.S. population but
19% of the uninsured
population. That’s a
significant number,
and it aligns with the
claim that one in six
Texans (approximately
16.7%) don’t have
health care, making
them the most unin-
sured.
The third evidence
point reinforces this
by stating that Texas
remains the most
uninsured state, with a
16.6% uninsured rate
in the previous year.
This consistent data
further supports the
claim.
I don’t see any con-
flicting information
in the evidence. All
the points consis-
tently show Texas
leading in the number
of uninsured people.
Therefore, the claim is
fully supported by the
evidence.<think>
Final Verdict: SUP-
PORTS
Justification: The
evidence shows that
Texas has the high-
est percentage and
number of uninsured
residents in the U.S.,
with 18% of Texans
being uninsured in
2021 and 19% of the
U.S. population being
uninsured. This aligns
with the claim that one
in six Texans don’t
have health care and
that Texas is the most
uninsured state.

<think> Alright, I need to
evaluate the claim: ”One
in six Texans don’t have
health care. We’re the
most uninsured state in the
U.S.” using the provided
evidence.
First, I’ll look at the claim.
It states that 1/6 of Texans
don’t have health care and
that Texas has the highest
uninsured rate. Let’s see
what the evidence says.
Evidence 1 mentions that
Texas has the highest
uninsured rate at 18% in
2021, followed by Okla-
homa, Georgia, Wyoming,
and Florida. It also notes
that Massachusetts has
the lowest at 2.5%. So,
Texas is indeed the most
uninsured state.
Evidence 2 supports this
by stating that Texas has
9% of the U.S. population
but 19% of the uninsured
population. It also men-
tions that nearly 1 in 4
working-age Texans are
uninsured, which is the
highest share in the state.
Additionally, it talks about
potential coverage for
around 1.4 million Texans
if medicaid expansion
were implemented.
Evidence 3 states that
Texas remains the most
uninsured state, with an
uninsured rate of 16.6% in
the previous year.
Now, the claim says ”one in
six” don’t have health care.
Let’s calculate that. If 1/6
is approximately 16.67%,
that aligns with the num-
bers in the evidence. For
example, in 2021, Texas
had 18%, and in 2022, the
rate was 16.6%. These are
close to 16.67%, which is
1/6.
The claim also states that
Texas is the most unin-
sured, which is supported
by all three pieces of evi-
dence.
Therefore, the evidence
supports both parts of the
claim: the rate of 1/6 and
Texas being the most unin-
sured state.<think>
Final Verdict: SUP-
PORTS
Justification: The evi-
dence supports the claim
that one in six Texans don’t
have health care, as the
2021 rate was 18%, which
is close to 16.67% (1/6).
Additionally, Texas is con-
firmed as the most unin-
sured state in the U.S.,
with rates ranging from
16.6% in 2022 to 18% in
2021, both of which are
higher than the national av-
erage.

Here, different mitigation
variants struggle through
difficult evidence to arrive
at different verdicts but
fairly similar reasoning
traces. Particularly, the
sentence: ”texans make
up 9% of the u.s. pop-
ulation, but 19% of the
country’s uninsured pop-
ulation” was particularly
difficult for the generation
model to understand.
What is interesting to
note is that most of the
traces have some de-
gree of scoping errors,
even those deemed
scoping failure free by
the hybrid pipeline and
scoping-aware ORMs.
The C-ORM: BoN &
MT-ORM: BoN chosen
trace on the left comes
up with a U.S. population
statistic (331 million) from
parametric memory and
uses it in a questionable
way to conflict with the
evidence. The HP:SF
+ C-ORM: BoN chosen
trace comes up with ”8.4
million” as the population
of Texas from parametric
memory which is unsup-
ported by the evidence.
Next, the S-ORM: SF
+ C-ORM: BoN cho-
sen trace makes some
questionable conclu-
sions by misinterpreting
the difficult evidence
sentence mentioned
above. Finally, the only
reasoning trace without
significant scoping errors
was the one chosen
by the MT-ORM: SP +
BoN variant, which is the
human-preferred trace
out of all of the ones
chosen.
In general, the difficulty
of the nuance present
in QUANTEMP is on full
display in this example;
based on annotator
opinion, the label could
be SUPPORTS or CON-
FLICTING. Also, the
general lack of signifi-
cant variation between
candidate traces can
be seen as, although
some of the traces make
unique claims and rea-
soning trajectories, the
general procession of
the reasoning is fairly
uniform. Finally, the
general abundance of
scoping errors, even
in seemingly coherent
reasoning traces can be
seen.
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Table B.6: Example of LLM candidate traces chosen by the various test-time scaling variants on a FinQA question with
Whole-Document evidence. The Correctness Outcome Reward Model Best-of-N (C-ORM: BoN) variant chooses a trace based
on a quality score; the Hybrid Pipeline Scoping Filtering + C-ORM BoN (HP: SF + C-ORM: BoN) variant chooses a trace based
on first filtering for non-scoping failure traces and then choosing based on a quality score; the Scoping-ORM Scoping Filtering +
C-ORM BoN (S-ORM: SF + C-ORM: BoN) variant filters traces based on a distilled scoping error signal, then chooses based
on the C-ORM quality score; the Multi-Task ORM Scoping Filtering + BoN (MT-ORM: SF + BoN) variant filters traces based on
a distilled scoping error signal, then chooses based on the MT-ORM’s quality score. Finally, the Multi-Task ORM Scoping &

Correctness Best-of-N (MT-ORM: BoN) chooses a trace based on a combined scoping failure and correctness score. Scoping
failures are highlighted in red. Verdicts are colored by correctness.

Inputs
Reasoning Traces

Explanation
C-ORM: BoN & S-ORM: SF + C-ORM: BoN HP: SF + C-ORM: BoN MT-ORM: SP + BoN MT-ORM: BoN

Question: What percentage
of future minimum rental pay-
ments are due in 2018?
Evidences: 1. ”Text Before
Table: - ”the goldman sachs
group , inc .” - ”and subsidiaries
notes to consolidated financial
statements commercial lending
.” - ”the firm 2019s commer-
cial lending commitments are
extended to investment-grade
and non- investment-grade cor-
porate borrowers .” - ”commit-
ments to investment-grade cor-
porate borrowers are principally
used for operating liquidity and
general corporate purposes .” -
”the firm also extends lending
commitments in connection with
contingent acquisition financing
and other types of corporate
lending as well as commercial
real estate financing .”

. . . 15 more points

- ”investment commitments the
firm 2019s investment commit-
ments of $ 6.05 billion and $
5.16 billion as of december 2015
and december 2014 , respec-
tively , include commitments to
invest in private equity , real
estate and other assets directly
and through funds that the firm
raises and manages .” - ”of
these amounts , $ 2.86 billion
and $ 2.87 billion as of decem-
ber 2015 and december 2014 ,
respectively , relate to commit-
ments to invest in funds man-
aged by the firm .” - ”if these
commitments are called , they
would be funded at market value
on the date of investment .” -
”leases the firm has contractual
obligations under long-term non-
cancelable lease agreements
for office space expiring on var-
ious dates through 2069 .” -
”certain agreements are subject
to periodic escalation provisions
for increases in real estate taxes
and other charges .” - ”the ta-
ble below presents future min-
imum rental payments , net of
minimum sublease rentals .” - ”$
in millions december 2015 .””
2. ”Table: in millions|as of de-
cember 2015
2016| 317
2017|313
2018|301
2019|258
2020|226
2021 - thereafter|1160
total| 2575”
3. ”Text After Table: - ”rent
charged to operating expense
was 249millionfor2015, 309
million for 2014 and $ 324 mil-
lion for 2013 .” - ”operating
leases include office space held
in excess of current require-
ments .” - ”rent expense relat-
ing to space held for growth
is included in 201coccupancy .
201d the firm records a liabil-
ity , based on the fair value of
the remaining lease rentals re-
duced by any potential or exist-
ing sublease rentals , for leases
where the firm has ceased using
the space andmanagement has
concluded that the firm will not
derive any future economic ben-
efits .”

. . . 2 more points

Ground Truth Answer: 12%

<think> Okay, so I need to figure out what percent-
age of future minimum rental payments are due in
2018 based on the given evidence. Let me start by
carefully going through the information provided.
First, I see that there’s a table provided which lists
the future minimum rental payments for various
years. The table is titled ”$ in millions as of decem-
ber 2015” and it shows the following:
- 2016: $317 million - 2017: $313 million - 2018:
$301 million - 2019: $258 million - 2020: $226 mil-
lion - 2021 and thereafter: $1,160 million - Total:
$2,575 million
The question is asking for the percentage of the to-
tal future minimum rental payments that are due in
2018. So, I need to find out what portion of the total
$2,575 million is represented by the $301 million al-
located to 2018.
To calculate this, I’ll use the formula:
Percentage = (Amount for 2018 / Total Future Pay-
ments) * 100
Plugging in the numbers:
Percentage = (301 / 2575) * 100
Let me do the division first: 301 divided by 2575.
301 ÷ 2575 ≈ 0.1168
Now, multiplying by 100 to get the percentage:
0.1168 * 100 ≈ 11.68%
Looking at the table, the value for 2018 is $301 mil-
lion, and the total is $2,575 million. So, approxi-
mately 11.68% of the total future minimum rental
payments are due in 2018. Since the question asks
for the answer in numerical form without extra text
and to be within 0.1 of the correct answer, I can
round this to 11.7%.
However, the user might expect a whole number or
a simplified fraction. Let me check if 301 is exactly
12% of 2575.
12% of 2575 is 0.12 * 2575 = 309. So, 301 is slightly
less than 12%. Therefore, the exact percentage is
approximately 11.68%, which rounds to 11.7%. But
since the user might prefer a whole number, per-
haps 12% is acceptable, but the precise calculation
shows it’s around 11.68%, which is closer to 11.7%.
Wait, but the user’s examples often gave exact num-
bers. Let me double-check the calculation:
301 / 2575 = ?
Let me compute it more accurately:
2575 divided by 301 is approximately 8.545, so
1/8.545 is approximately 0.1168, so 11.68%.
So, the precise answer is approximately 11.68%,
which rounds to 11.7%. However, if the user ex-
pects a whole number, it might be 12%, but the ex-
act value is closer to 11.7%. Given the requirement
to be within 0.1, 11.7% is appropriate.
But looking back at the examples, the answers were
given as whole numbers. For instance, in the first
example, the answer was 28%, which is a whole
number. In the second example, it was 17%, also
a whole number. So, perhaps the expected answer
is a whole number, even if it’s slightly rounded.
Alternatively, maybe the question expects the exact
value without rounding, but since it’s a percentage,
it’s more practical to provide a rounded figure. How-
ever, the user’s instruction says to give the answer
within 0.1 of the correct value, so 11.7% is accept-
able. But since the examples use whole numbers,
maybe I should check if 301 is exactly a whole per-
centage of 2575.
Wait, 2575 divided by 100 is 25.75. So, 301 di-
vided by 25.75 is approximately 11.68, which is not
a whole number. Therefore, the answer should be
11.7% to be within 0.1.
But the user’s examples sometimes used exact fig-
ures. Let me check if 301 is exactly 12% of 2575.
12% of 2575 is 309, which is higher than 301, so
12% is too high. Therefore, the correct percentage
is approximately 11.68%, which rounds to 11.7%.
So, the final answer should be 11.7%, but since
the user might expect a whole number, perhaps
12% is acceptable. However, the precise calcula-
tion shows it’s 11.68%, so rounding to one decimal
place gives 11.7%.
Alternatively, maybe the user expects the exact
value without rounding, but since it’s a percentage,
it’s standard to round to one decimal place. There-
fore, 11.7% is the appropriate answer.<think>
Final Answer: 11.7
Justification: The future minimum rental payment
for 2018 is $301 million, and the total future mini-
mum rental payments are $2,575 million. Calculat-
ing the percentage: (301 / 2575) * 100 ≈ 11.68%,
which rounds to 11.7%.

<think> Okay, so I need to fig-
ure out what percentage of fu-
ture minimum rental payments
are due in 2018 based on the
provided evidence. Let me go
through this step by step.
First, I’ll look at the information
given. There’s a table that lists
future minimum rental payments
in millions, broken down by year.
The table shows the following
amounts:
- 2016: $317 million - 2017: $313
million - 2018: $301 million -
2019: $258 million - 2020: $226
million - 2021 and thereafter:
$1,160 million - Total: $2,575 mil-
lion
The question is asking for the per-
centage of the total future min-
imum rental payments that are
due in 2018. So, I need to find
out what portion $301 million is of
the total $2,575 million.
To calculate this, I’ll use the for-
mula:
Percentage = (Amount in 2018 /
Total Amount) × 100
Plugging in the numbers:
Percentage = (301 / 2575) × 100
Let me do the division first. 301
divided by 2575. Hmm, 2575
goes into 301 zero times, so I’ll
add a decimal point and some ze-
ros to 301, making it 301.000.
2575 goes into 3010 once (since
2575 × 1 = 2575). Subtract-
ing that from 3010 gives me 435.
Bring down the next zero to make
it 4350.
2575 goes into 4350 once again
(2575 × 1 = 2575). Subtracting
gives 1775. Bring down another
zero to make it 17750.
2575 goes into 17750 six times
(2575 × 6 = 15450). Subtracting
gives 2300. Bring down another
zero to make it 23000.
2575 goes into 23000 eight times
(2575 × 8 = 20600). Subtracting
gives 2400. Bring down another
zero to make it 24000.
2575 goes into 24000 nine times
(2575 × 9 = 23175). Subtracting
gives 825. At this point, I can see
that the division isn’t exact, but I
can approximate it.
So, 301 divided by 2575 is ap-
proximately 0.1167. Multiplying
by 100 gives me about 11.67%.
Looking at the table, the amount
for 2018 is $301 million, which
is roughly 11.67% of the total.
Since the question asks for the
percentage, I can round this to
the nearest whole number, which
is 12%.
Wait, but the user’s examples
didn’t round up if it was 0.1 over,
so maybe I should check if it’s
closer to 12% or 11%. 0.1167
is closer to 0.12, so 12% makes
sense.
I don’t see any other informa-
tion that would affect this calcula-
tion. The table directly provides
the amounts, so I don’t need to
consider any other factors from
the text before or after the table.
Therefore, the percentage is ap-
proximately 12%.<think>
Final Answer: 12%
Justification: The future mini-
mum rental payment for 2018 is
$301 million, which is approxi-
mately 11.67% of the total fu-
ture minimum rental payments of
$2,575 million. Rounded to the
nearest whole number, this is
12%.

<think> Okay, so I
need to figure out
what percentage
of future minimum
rental payments are
due in 2018 based
on the provided evi-
dence. Let me start
by carefully analyzing
the information given.
First, I look at the ta-
ble provided. The
table is titled ”Table:
$ in millions as of
December 2015” and
lists future minimum
rental payments for
each year from 2016
to 2021 and there-
after. The relevant
row for 2018 is $301
million.
Next, I check the total
future minimum rental
payments, which sum
up to $2,575 million.
To find the percent-
age of payments due
in 2018, I divide the
2018 amount by the
total and then multiply
by 100.
So, the calculation
is ($301 / $2,575) *
100. Let me do that:
301 divided by 2575
equals approximately
0.1168. Multiplying
by 100 gives about
11.68%.
Looking at the an-
swer format, I need to
provide a numerical
value without extra
text. So, I’ll round
it to two decimal
places, which is
11.68%. However,
since the question
asks for a percent-
age, I can present it
as a number without
the percentage sign,
so 11.68% becomes
11.68.
Wait, but the previ-
ous examples didn’t
use decimal points.
They either gave a
percentage with a %
sign or a whole num-
ber. Since 11.68% is
more precise, but the
user might expect a
rounded figure. Alter-
natively, maybe they
want it as a whole
number, so 12%. But
the exact calculation
is 11.68%, so I’ll stick
with that unless in-
structed otherwise.
I don’t see any other
relevant informa-
tion that affects this
calculation, so I’m
confident with this
answer.<think>
Final Verdict: 11.68
Justification: The fu-
ture minimum rental
payment for 2018 is
$301 million, and the
total future minimum
rental payments are
$2,575 million. The
percentage is calcu-
lated as (301 / 2575)
* 100 ≈ 11.68%.

<think> Okay, so I need
to figure out what per-
centage of future minimum
rental payments are due
in 2018 based on the pro-
vided evidence. Let me
go through the information
step by step.
First, I look at the text
before the table. It men-
tions that the firm extends
lending commitments to
various borrowers, includ-
ing commercial lending
and real estate financing.
There’s also a section
about leases, specifically
office space, with non-
cancelable agreements
expiring through 2069.
The table provided under
the text shows the future
minimum rental payments
net of sublease rentals as
of December 2015.
The table has the follow-
ing data: - 2016: $317 mil-
lion - 2017: $313 million -
2018: $301 million - 2019:
$258 million - 2020: $226
million - 2021 and there-
after: $1160 million - Total:
$2575 million
The question is asking for
the percentage of the total
future minimum rental pay-
ments that are due in 2018.
To find this, I need to take
the amount for 2018 and
divide it by the total future
minimum payments, then
multiply by 100 to get the
percentage.
So, the amount for 2018 is
$301 million. The total is
$2575 million.
Calculating the percent-
age: (301 / 2575) * 100.
Let me do the division
first. 301 divided by 2575.
Hmm, 2575 divided by 301
is roughly 8.55, so 1/8.55
is approximately 0.1169.
Multiplying by 100 gives
about 11.69%.
Looking at the answer for-
mat, it should be a num-
ber without extra text. So,
I’ll round it to two decimal
places as 11.69%.
Wait, but the question says
”what percentage of future
minimum rental payments
are due in 2018?” So, the
answer is approximately
11.69%, which I can repre-
sent as 11.69. </think>
The percentage of future
minimum rental payments
due in 2018 is calculated
by dividing the 2018 pay-
ment by the total future
payments and multiplying
by 100. The 2018 payment
is $301 million, and the to-
tal is $2575 million.
(301 / 2575) * 100 ≈
11.69%<think>
Final Verdict: 11.69
Justification: The 2018
rental payment of $301 mil-
lion is divided by the total
future minimum payments
of $2575million, thenmulti-
plied by 100 to find the per-
centage.

This example
demonstrates how,
for some queries,
the scoping-aware
mitigation tech-
niques have little
impact on down-
stream performance
because of the
relative absence
of scoping failure
signals. The only
scoping error truly
present in these
different mitigation
variants is in the rea-
soning trace chosen
by the C-ORM: BoN
and S-ORM:SF + C-
ORM:BoN variants,
where the reasoning
uses statistics from
the few-shot exam-
ples to reason about
the output format.
This is an important
note: although the
generation model
is provided few-
shot examples, the
scoping detection
pipelines are not,
meaning that any
reasoning about
specific statistics
from the few-shot
examples can trig-
ger scoping errors.
Future work could
perhaps include
mechanisms to
not trigger scoping
errors on few-shot
statistics. Regard-
less, the lack of
important scop-
ing errors in this
trace makes the
performance of
the scoping-aware
variants not dif-
ferent from the
scoping-blind vari-
ant.
In general, the
difficulty with this
trace lies in the
ambiguity of how to
format answers in
the FinQA dataset.
FinQA answers can
be binary, percent-
ages, decimals,
whole numbers,
and mixed types.
Furthermore, the
answer type is often
not clear from the
question; it appears
quite random. Fu-
ture work could
explore answer
translation methods
in FinQA to soften
the answer bound-
ary or at least make
it clearer for the
generation model at
a trace-level which
answer format is
required. Scoping-
aware mitigation
variants are, of
course, ineffective
when few scoping
signals are present.
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B.4. Ablations
B.4.1. Generation Model Ablation
To assess whether the findings of this work depend on the specific inference model used to generate
reasoning traces, most experiments were completed using both the Deepseek-Distill-Llama-8B and
Deepseek-Distill-Qwen-7B inference models. This ablation keeps the overall experimental pipeline
fixed while changing the generation backbone, allowing the robustness of the observed scoping-error
trends and test-time scaling results to be evaluated across model families. The experiments for Re-
search Question 3 (RQ3) can be seen in the associated results sections in the main report. Due to time
constraints, the experiments for RQ1 including human analysis was not repeated on the Distill-Llama
traces. The results for RQ2 can be seen below.

Statistic- & Trace-Level Scoping Error Prevalence
Table B.7 contains the overview of trace- and statistic- level scoping errors found by the hybrid LLM-as-a-
Judge pipeline across datasets and evidence splits for reasoning traces generated by the Deepseek-Distill-Llama-8B
model.

Table B.7 shows that the trace-level scoping error prevalence patterns observed with Deepseek-Dis
till-Qwen-7B mostly stay the same when traces are generated with Deepseek-Distill-Llama-8B.
Scoping errors remain common across both tasks and are generally more prevalent in QUANTEMP than
in FinQA, consistent with human analysis and main-model results. Incorrect traces usually show slightly
higher scoping prevalence than correct traces, reinforcing that scoping errors are associated with de-
graded performance. At the statistic-level, FinQA traces remain more quantity-dense than QUANTEMP
traces, while QUANTEMP shows a higher proportion of mis-scoped quantities. Thus, the Llama ablation
supports the main finding that numerical QA tends to involve more quantities overall, whereas open-
domain numerical fact-checking appears more vulnerable to numerical contextual misalignment.

Dataset Evidence Category Inference Model Trace Correctness % with Scoping Error Average # of Quantities in Thinking Trace
Total % Important % Mis-Scoped

QUANTEMP

Gold

Distill-Qwen

All 33.99 4.86 65.64 9.67
Correct 33.28 4.72 65.68 9.96
Incorrect 35.64 5.02 65.94 9.56
Invalid 36.67 8.90 62.92 5.96

Distill-Llama

All 33.63 4.78 66.71 9.58
Correct 32.89 4.63 66.30 9.66
Incorrect 36.00 5.26 67.86 9.37
Invalid 25.00 4.00 68.75 6.25

Re-Ranked

Distill-Qwen

All 34.62 5.38 60.78 9.11
Correct 36.00 5.48 60.58 9.49
Incorrect 33.87 5.33 60.79 9.01
Invalid 22.22 3.67 57.49 8.99

Distill-Llama

All 33.87 6.37 56.76 7.58
Correct 33.45 6.44 57.10 7.58
Incorrect 34.29 6.30 56.38 7.93
Invalid 0.00 8.00 100.0 0.00

FinQA Whole-Document

Distill-Qwen

All 29.23 15.36 44.08 3.97
Correct 21.94 13.41 44.00 2.54
Incorrect 26.60 12.96 45.14 4.01
Invalid 48.31 22.25 43.51 5.93

Distill-Llama

All 18.60 11.52 46.42 2.62
Correct 17.43 11.79 45.83 2.45
Incorrect 19.49 11.26 47.17 2.66
Invalid 22.77 10.75 47.61 3.68

Table B.7: Scoping failure prevalence at a trace and statistic- level as judged by a hybrid LLM-as-a-Judge pipeline
(Qwen2.5-14B-Instruct) on test sets of fact-checking (n=2495) and question-answering (n=1147) reasoning traces generated
by Deepseek-Distill-Qwen-7B and Deepseek-Distill-Llama-8B with different evidence splits. Rarely, judge outcomes were

invalid (<0.8% of traces), resulting in exclusion.

Table B.8 contains the specific statistic-level results including statistic classification, verification, and
weighting, across datasets and evidence splits for the reasoning traces generated by the Deepseek-Distill-Llama-8B
model. The table further shows that the distribution of statistic types is broadly stable across genera-
tion backbones. In QUANTEMP, Gold evidence produces mostly extractive quantities, while Re-Ranked
evidence increases the share of parametric quantities for both models, suggesting that noisier retrieved
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evidence encourages greater reliance on unsupported numerical knowledge. In FinQA, both models
produce a more balanced mixture of extractive, extrapolative, and parametric quantities, reflecting the
more calculation-heavy nature of the task. The Llama traces differ in magnitude, producing fewer quan-
tities in FinQA and more parametric quantities in QUANTEMP Re-Ranked, but the overall pattern matches
the main-model results. This suggests that the main scoping-error prevalence trends are not specific
to a single generation backbone.

Dataset Evidence Category Inference Model
Average # of Quantities in Thinking Trace

Total % Important % Extractive % Extrapolative % Parametric % Unknown With Scoping Error
Total % Extractive % Extrapolative % Parametric % Unknown

QUANTEMP
Gold Distill-Qwen 4.86 72.64 86.26 2.70 11.05 0.00 0.79 76.99 5.67 17.34 0.00

Distill-Llama 4.78 73.38 86.04 2.67 11.29 0.01 0.74 73.78 5.79 20.43 0.00

Re-Ranked Distill-Qwen 5.38 67.31 66.00 3.33 30.64 0.03 0.91 57.42 8.59 33.99 0.00
Distill-Llama 6.37 61.78 58.53 3.43 37.95 0.08 1.09 47.71 7.37 44.92 0.00

FinQA Whole-Document Distill-Qwen 15.36 46.92 38.28 28.32 30.29 3.12 2.55 28.51 34.15 37.34 0.00
Distill-Llama 11.52 50.50 41.56 25.78 23.24 9.42 1.35 28.59 35.52 35.89 0.00

Table B.8: Statistic-level failure prevalence for extractive, extrapolative, and parametric scoping errors as judged by a hybrid
LLM-as-a-Judge pipeline (Qwen2.5-14B) on test sets of fact-checking (n=2495) and question-answering (n=1147) reasoning
traces generated by Deepseek-Distill-Qwen-7B and Deepseek-Distill-Llama-8B with different evidence splits. Rarely,

judge outcomes were invalid (<0.8% of traces), resulting in exclusion.

B.4.2. Verifier Ablations
Presented below are a few ablations surrounding the methodology in this work. Although this is a very
limited set of those carried out, each shows the in-depth exploration done as a result of this work.

λ
Table B.9 ablates different ORM score thresholds (λ) for when to consider a trace as mis-scoped, de-
fined in Section 3.4.3. As expected, with lower λ values more scoping errors are found, and there are
small degradations in label agreement and final performance in most cases, except in FinQA where
slightly higher λ values do not degrade the performance. The final λ value of 0.4 was chosen to com-
promise between scoping failure prevalence and label agreement. The decision was made before any
test-time scaling experimentation.

Dataset Evidence Category λ Value Teacher Scoping Rate Single-Task Scoping ORM Multi-Task ORM
Scoping Rate Label Agreement Final Performance Scoping Rate Label Agreement Final Performance

QUANTEMP Re-Ranked
0.5

34.6
3.1 65.8 55.3 2.7 66.1 56.2

0.4 6.8 65.5 54.8 6.5 65.9 56.2
0.3 15.6 65.3 54.7 15.5 65.4 55.9

FinQA Whole-Document
0.5

29.2
10.8 72.5 72.9 11.9 72.7 74.1

0.4 17.4 72.4 73.0 20.9 72.0 74.2
0.3 24.5 72.8 72.9 33.3 69.0 74.2

Table B.9: Evaluation of student models taught by the hybrid LLM-as-a-Judge scoping detection pipeline with different
threshold values (λ) for when to consider a trace as having a scoping error. Agreement is calculated between teacher scoping
error labels for the whole test sets of QUANTEMP and FinQA. The weighted-F1 and exact match accuracy with ground truth labels
are calculated after test-time scaling with K = 12 or K = 20 candidate traces for QUANTEMP and FinQA, respectively through
test-time scaling. Reasoning traces scored were generated by Deepseek-Distill-Qwen-7B and hybrid judgements generated

by Qwen2.5-14B-Instruct. The correctness head of the multi-task ORM is not evaluated.

α
Figure B.2 ablates different weights for how to combine themulti-task scoping and quality scores (α), de-
fined in Section 3.4.3, for the QUANTEMP dataset. The FinQA Whole-Document evidence split was used
as an unseen test set to evaluate the generalizability for the α value tuned on the QUANTEMP Re-Ranked
evidence split. The figure demonstrates that the α value slightly impacts the downstream performance,
and is also sensitive to differences between tasks. On QUANTEMP Gold, higher α values led to slightly im-
proved performance; on FinQA Whole-Document, lower α values led to slightly improved performance.
The final α value of 0.18 was tuned for the QUANTEMP Re-Ranked evidence split, to see how this value
would generalize to other data splits. It is clear that more generalizable α’s should be explored in the
future.
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Figure B.2: Downstream performance of the Multi-Task ORM’s Best-of-N using combined scoping and correctness scores,
aggregated with a scoping weight of α. Downstream performance is the weighted-F1 and exact match accuracy calculated
after test-time scaling with K = 12 or K = 20 candidate traces for the QUANTEMP and FinQA datasets, respectively. The

selected α of 0.18 is marked with a blue dotted line. Reasoning traces scored were generated by Deepseek-Distill-Qwen-7B
and hybrid judgements generated by Qwen2.5-14B-Instruct.

Evidence in Verifier Input
To evaluate whether including evidence in the learned scoping detection verifiers improved extrac-
tive scoping error detection, single-task and multi-task scoping detection verifiers were trained on the
QUANTEMP training set with evidence included in the inputs with the same training settings from Section
4.5. Due to computational limits, this ablation was not performed on the FinQA dataset. The prompt for
these reward models is shown in Figure B.3.

Evidence-Aware Fact-Checking Reward Model Prompt Template

Claim: <CLAIM>
Verdict: <VERDICT or UNKNOWN>
Justification: <JUSTIFICATION or UNKNOWN>
Thinking: <THINKING or UNKNOWN>
Evidences: <EVIDENCES>

Figure B.3: Structure of the evidence-aware outcome reward model prompts for fact-checking.

Agreement between the evidence-aware ORMs and the hybrid teacher pipeline and human labels is
shown in in Table B.10. Evidence-aware models seem to find more scoping errors than their evidence-
blind counterparts, but never seem to outperform their evidence-blind counterparts in terms of agree-
ment, except in one case in the Re-Ranked evidence setting.

Dataset Evidence Category Student Model Relative Speed Agreement with Teacher (Hybrid Judge) Agreement with Human Annotator
Teacher Scoping Rate Student Scoping Rate ROC-AUC Label Agreement ROC-AUC Label Agreement

QUANTEMP

Gold

Single-Task Scoping ORM 113x

34.0

8.0 61.0 66.4 - -
Single-Task Scoping ORM w/ Evidence 64x 21.6 51.0 58.4 - -
Multi-Task Scoping (+ Correctness) ORM 111x 5.7 59.5 65.6 - -
Multi-Task Scoping (+ Correctness) ORM w/ Evidence 102x 41.0 52.9 54.6 - -

Re-Ranked

Baseline (Majority Class) -

34.6

0.0 50.0 65.4 50.0 60.5
Single-Task Scoping ORM 110x 6.8 60.8 65.5 55.1 60.5
Single-Task Scoping ORM w/ Evidence 149x 17.8 59.6 64.5 57.1 64.9
Multi-Task Scoping (+ Correctness) ORM 108x 6.5 60.4 65.9 64.9 60.5
Multi-Task Scoping (+ Correctness) ORM w/ Evidence 115x 10.9 59.4 64.4 55.3 60.5

Table B.10: Evaluation of evidence-aware student models taught by the hybrid LLM-as-a-Judge scoping detection pipeline.
Agreement is calculated between teacher scoping error labels for whole test set of QUANTEMP and stratified samples of

fact-checking (n=38) labels annotated by a human. Relative speed is calculated on average between the student and teacher
models on the whole test sets. Reasoning traces scored were generated by Deepseek-Distill-Qwen-7B and hybrid
judgements generated by Qwen2.5-14B-Instruct. The correctness head of the multi-task ORM is not evaluated.
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Table B.11 contains the downstream performance results of using the evidence-aware ORMs with the
QUANTEMP Re-Ranked data split. Due to computational constraints, other QUANTEMP or FinQA evidence
splits were not included.

Dataset Evidence Category Type of Mitigation Mitigation Strategy Validation Metric
Weighted-F1

QUANTEMP Re-Ranked

Baseline Correctness ORM: Correctness Best-of-N 55.54
Evidence-Aware Correctness ORM: Correctness Best-of-N 53.86

Candidate (Scoping-Aware) Hybrid Pipeline: Scoping Filtering + Correctness ORM: Correctness Best-of-N 52.73

Candidate (Scoping-Aware) Scoping ORM: Scoping Filtering + Correctness ORM: Correctness Best-of-N 54.79
Evidence-Aware Scoping ORM: Scoping Filtering + Correctness ORM: Correctness Best-of-N 53.98

Candidate (Scoping-Aware) Multi-Task ORM: Scoping Filtering + Multi-Task ORM: Correctness Best-of-N 56.19
Evidence-Aware Multi-Task ORM: Scoping Filtering + Multi-Task ORM: Correctness Best-of-N 56.11

Candidate (Scoping-Aware) Multi-Task ORM: Scoping + Correctness Best-of-N 56.46
Evidence-Aware Multi-Task ORM: Scoping + Correctness Best-of-N 57.10

Table B.11: Downstream performance of different evidence-aware scoping error-aware test-time scaling strategies for K = 12
fact-checking candidate traces on the QUANTEMP (n=2,495) test set. Reasoning trace outcomes were sometimes invalid

(0.0-2.1% of traces), resulting in exclusion.

From the table, evidence-aware processing falls behind its evidence-blind counterparts in all mitigation
strategies except for the combined scoping & correctness best-of-N with the learned multi-task verifier.
This suggests that evidence-aware ORMs may be useful in some cases but this result is not gener-
alizable across mitigation settings for QUANTEMP Re-Ranked. An important note is that the QUANTEMP
Re-Ranked evidence setting contains only the top-3 open-domain evidences, making the input to the
verifier quite succinct. Since the ORMs are trained with only three evidences per query, evidence splits
with longer evidence lists are likely to be scored differently. Furthermore, it’s possible that the verifiers
start learning how to do the task itself, rather than learning to evaluate the reasoning trace, since it now
has access to most of the inputs the inference model has. Further exploration of this ablation across
evidence settings and generation models is left to future work.

UW-SO Multi-Task Learning
To evaluate whether another multi-task learning algorithm could improve the efficacy of multi-task ORM
scoping error detection and downstream performance, multi-task verifiers were re-trained on QUANTEMP
and FinQA training sets with Soft Optimal Uncertainty Weighting (UW-SO) [27], described in Section
4.5.

Agreement between the UW-SO ORMs and the hybrid teacher pipeline and human labels is shown in
Table B.12. For QUANTEMP, UW-SO models seem to find more scoping errors than their unweighted
counterparts, however, in FinQA, the UW-SO models seem to find slightly less scoping errors. Regard-
less, the UW-SO multi-task ORMs never seem to outperform their unweighted counterparts in terms of
agreement, except in one case in theWhole-Document evidence setting.

Dataset Evidence Category Student Model Relative Speed Agreement with Teacher (Hybrid Judge) Agreement with Human Annotator
Teacher Scoping Rate Student Scoping Rate ROC-AUC Label Agreement ROC-AUC Label Agreement

QUANTEMP

Gold Multi-Task Scoping (+ Correctness) ORM 111x 34.0 5.7 59.5 65.6 - -
Multi-Task Scoping (+ Correctness) ORM w/ UW-SO 110x 13.3 58.0 65.0 - -

Re-Ranked
Baseline (Majority Class) -

34.6
0.0 50.0 65.4 50.0 60.5

Multi-Task Scoping (+ Correctness) ORM 108x 6.5 60.4 65.9 64.9 60.5
Multi-Task Scoping (+ Correctness) ORM w/ UW-SO 108x 11.7 58.4 65.5 58.6 60.5

FinQA Whole-Document
Baseline (Majority Class) -

29.2
0.0 50.0 70.8 50.0 73.2

Multi-Task Scoping (+ Correctness) ORM 319x 20.9 72.1 72.0 64.2 75.6
Multi-Task Scoping (+ Correctness) ORM w/ UW-SO 280x 18.8 72.7 71.6 61.8 75.6

Table B.12: Evaluation of student multi-task ORMs taught by the hybrid LLM-as-a-Judge scoping detection pipeline, using
unweighted task loss aggregation or Soft Optimal Uncertainty Weighting (UW-SO). Agreement is calculated between teacher
scoping error labels for whole test sets of QUANTEMP and FinQA and stratified samples of fact-checking (n=38) & numerical QA
(n=41) labels annotated by a human. Relative speed is calculated on average between the student and teacher models on the
whole test sets. Reasoning traces scored were generated by Deepseek-Distill-Qwen-7B and hybrid judgements generated

by Qwen2.5-14B-Instruct. The correctness head of the multi-task ORM is not evaluated.

Table B.13 contains the downstream performance results of using the UW-SOMulti-Task ORMswith the
QUANTEMP and FinQA datasets. Due to computational constraints, not all QUANTEMP and FinQA evidence
splits were included. From the table, UW-SO ORMs fall behind their unweighted counterparts in all
evidence splits and variants for using the multi-task ORM. This suggests that soft optimal uncertainty
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weighting is not useful for training multi-task ORMs in this setting. This work leaves the exploration of
other multi-task learning strategies to future work.

Dataset Evidence Category Type of Mitigation Mitigation Strategy Validation Metric
Weighted-F1

QUANTEMP

Gold
Candidate (Scoping-Aware) Multi-Task ORM: Scoping Filtering + Multi-Task ORM: Correctness Best-of-N 73.30

UW-SO Multi-Task ORM: Scoping Filtering + Multi-Task ORM: Correctness Best-of-N 72.24

Candidate (Scoping-Aware) Multi-Task ORM: Scoping + Correctness Best-of-N 73.07
UW-SO Multi-Task ORM: Scoping + Correctness Best-of-N 72.20

Re-Ranked
Candidate (Scoping-Aware) Multi-Task ORM: Scoping Filtering + Multi-Task ORM: Correctness Best-of-N 56.19

UW-SO Multi-Task ORM: Scoping Filtering + Multi-Task ORM: Correctness Best-of-N 54.98

Candidate (Scoping-Aware) Multi-Task ORM: Scoping + Correctness Best-of-N 56.46
UW-SO Multi-Task ORM: Scoping + Correctness Best-of-N 56.14

FinQA Whole-Document
Candidate (Scoping-Aware) Multi-Task ORM: Scoping Filtering + Multi-Task ORM: Correctness Best-of-N 74.20

UW-SO Multi-Task ORM: Scoping Filtering + Multi-Task ORM: Correctness Best-of-N 73.31

Candidate (Scoping-Aware) Multi-Task ORM: Scoping + Correctness Best-of-N 68.71
UW-SO Multi-Task ORM: Scoping + Correctness Best-of-N 66.05

Table B.13: Downstream performance of different scoping-aware mitigation variants using Multi-Task ORMs trained with or
without Soft Optimal Uncertainty Weighting (UW-SO) [27]. Mitigation variants used K = 12 or K = 20 candidate reasoning

traces from the QUANTEMP (n=2,495) or FinQA (n=1,147) test sets.
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