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Abstract

Legal contract review requires practitioners to find specific provisions in documents that can span hundreds
of pages, and errors in this task carry direct legal consequences. Standard retrieve-and-extract pipelines re-
duce hallucination by grounding language model outputs in retrieved document text, but their single retrieval
step cannot follow cross-references, check whether the gathered evidence is complete, or reliably confirm
that a clause is absent. Whether having a language model actively direct each retrieval step, rather than pas-
sively reading a fixed set of retrieved chunks, improves clause extraction accuracy has not, to the best of
our knowledge, been tested. This thesis provides a controlled comparison of retrieve-and-extract and LLM-
orchestrated iterative retrieval on the Contract Understanding Atticus Dataset (CUAD), keeping all compo-
nents except the retrieval architecture constant and evaluating both systems across all 38 clause categories
under Exact Match, token-level F1, and ROUGE-L. Iterative retrieval consistently outperforms single-pass re-
trieval. The main experiment, a 5427-pair run on Gemma4 e4b, a 4-billion-parameter model run locally via
Ollama, improves Exact Match from 0.687 to 0.744, Token F1 from 0.341 to 0.505, and ROUGE-L from 0.308
to 0.467, with every gain statistically significant under paired tests. A smaller balanced run on both models
confirms this and shows the gain again on the larger closed model GPT-5-mini, which improves from Exact
Match 0.711 to 0.800, Token F1 0.314 to 0.538, and ROUGE-L 0.283 to 0.490. The F1 gains substantially exceed
the Exact Match gains in every case, indicating that iterative retrieval improves the completeness of extracted
clause text, not only presence-or-absence decisions. The comparison isolates the contribution of LLM in-
volvement at the retrieval step in a domain and evaluation setting where, to the best of our knowledge, it has
not previously been measured.

Keywords: contract clause extraction, legal natural language processing, iterative retrieval, LLM orchestra-
tion, large language models, information extraction, CUAD
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Introduction

Legal contract review is a routine but demanding task in legal practice. Lawyers regularly examine large col-
lections of contracts to find specific provisions such as liability clauses, renewal terms, governing law, or ter-
mination conditions across documents that can span hundreds of pages and thousands of contracts (Hendrycks
et al, 2021; S. H. Wang et al., 2023). Hendrycks et al. (2021) estimate that law firms spend roughly half their
working time on contract review, at billing rates that can reach $900 per hour. Recent advances in large lan-
guage models (LLMs) have made Al-assisted legal document processing increasingly feasible (Siino et al.,
2025a; Braun et al., 2025; Ariai et al., 2024).

The main challenge is accuracy. An incorrect or fabricated extraction in legal practice is not only un-
helpful, but it can lead a lawyer to miss a material restriction, misstate a party’s obligations,and have direct
consequences for individual rights and professional decision-making (Ariai et al., 2024; Z. Wang and Yuan,
2025). Dahl et al. (2024) tested four major large language models on verifiable legal questions and found hal-
lucination rates between 58% and 88%. For contract review, this means a model may answer based on what
is statistically common in its training data rather than on what the specific document under review actually
contains.

Retrieve-and-extract pipelines address this problem by grounding language model outputs in retrieved
document text. At query time, a retriever finds the most relevant passages from the indexed contract, and the
language model reads those passages to extract the factual claim and supporting text in a single pass. This
architecture makes answers verifiable against the source document and has become the dominant approach
to improving factual reliability in the legal domain (Siino et al., 2025a; Lai et al., 2024; Pipitone and Alami,
2024). However, the standard retrieve-and-extract design treats retrieval and extraction as independent steps:
the retriever returns its top-k results, and the language model reads them passively. For long legal contracts,
this is a practical limitation. A termination clause may specify a notice period defined in a separate definitions
section. An assignment restriction may depend on change-of-control conditions described under a different
article heading. A governing law clause may list exceptions only in an appendix (S. Wang et al., 2025). A
retriever returning the most semantically similar passages cannot follow these cross-references or recognise
that its initial evidence is incomplete.

A potential solution is to involve the language model at the retrieval step itself, having it direct and eval-
uate each retrieval call rather than passively reading its output. In this architecture, the language model
writes queries, inspects retrieved passages, issues follow-up queries when evidence is insufficient, and de-
cides when the accumulated evidence supports a definitive answer or warrants a null response. Systems
of this form have consistently outperformed single-pass retrieval by 10 to 21 percentage points on retrieval
recall in general-domain multi-hop question answering (Trivedi et al., 2023; Jiang et al., 2023; Shao et al.,
2023; Asai et al., 2024). Agentic systems applied to legal tasks (Watson et al., 2025; Z. Wang and Yuan, 2025)
demonstrate that LLM-orchestrated retrieval can work in legal contexts, but evaluate on tasks where the out-
put is a synthesized answer rather than a verbatim span from the document. However, no controlled study
has yet tested whether LLM-orchestrated retrieval improves accuracy on extractive contract clause retrieval.
Chapter 3 develops the full argument for why this gap has not yet been filled.

This thesis addresses the gap through a single research question.

Research Question: What is the change in clause extraction accuracy when the language model directs
the retrieval process, through LLM-orchestrated iterative retrieval, compared to single-pass retrieve-and-



extract on legal contracts?

Clause extraction accuracy here refers to how closely the extracted clause text matches the ground-truth
span, measured by Exact Match, token-level F1, and ROUGE-L as defined in Section 2.6.

To answer the question, a controlled experiment is conducted with two contributions. First, it provides a
controlled comparison of retrieve-and-extract and LLM-orchestrated iterative retrieval on the Contract Un-
derstanding Atticus Dataset (CUAD), with all components except the retrieval architecture held constant so
that any difference in accuracy is directly attributable to the retrieval strategy. Second, it measures the con-
tribution of each system under an extractive formulation suited to the legal domain, where the system must
return the exact clause text from the document or report that no such clause exists. This setting is important
because the EU AI Act (European Parliament and Council of the European Union, 2024) classifies Al systems
used for legal interpretation as high-risk and requires them to support human judgment rather than replace
it.

The thesis is structured as follows. Chapter 2 provides background on the clause extraction task, key ter-
minology, evaluation metrics, and the limitations of single-pass retrieval. Chapter 3 reviews related work on
iterative retrieval and legal question answering, and identifies the precise research gap. Chapter 5 describes
the two retrieval conditions under comparison and the dataset. Chapter 6 describes the experimental setup.
Chapters 7 and 8 present and discuss the results. Chapter 10 outlines directions for future work.



Background

This chapter provides the background needed to follow the rest of the thesis. It defines the contract clause
extraction task and explains why it is hard, reviews how large language models are used in legal text and where
they fail, introduces retrieval and the move from single-pass to iterative retrieval, and sets out the evaluation
metrics used in the later chapters.

2.1. Contract Clause Extraction

Contract clause extraction is a legal information extraction task that asks a system to identify whether a spe-
cific type of provision appears in a contract and, when it does, to locate the relevant text within the document.
The task arises in practice because practitioners must regularly check contracts for the presence of specific
terms such as liability caps, governing law provisions, notice requirements, and renewal conditions in docu-
ments that can span hundreds of pages (Hendrycks et al., 2021; Lai et al., 2024).

Hendrycks et al. (2021) introduced the task as a reading comprehension problem: given a contract and a
clause category, a large language model (LLM) must return the exact supporting text span from the document,
or indicate that the clause is absent. Braun et al. (2025) assess LLM performance in terms of identifying and
citing relevant contractual clauses, treating detection and extraction as a single unit. Topollai et al. (2025)
refer to the same capability as semantic clause retrieval, where a retriever locates candidate passages and a
model determines which constitute the target clause. Across these formulations, clause extraction requires
two things: determining whether a clause of the specified type exists in the contract, and if so, returning the
verbatim text that constitutes it.

The task is factual rather than interpretive. The system receives a question about a specific clause type
and responds with the text spans from the contract that are relevant to answering it, rather than interpreting
those spans or drawing legal conclusions from them. Ariai et al. (2024) distinguish this from contract analysis,
the downstream step of advising on the legal and business implications of clauses for a specific client, which
requires legal judgment and knowledge of applicable law. Clause extraction is the first step: reading the
contract to find what it literally says about a given provision. The goal is to help a lawyer locate the relevant
text faster, not to substitute for the professional judgment that follows.

2.2. Why Clause Extraction Is Hard

Several properties of legal contracts make clause extraction substantially harder than comparable informa-
tion retrieval tasks on general documents.

Document length. Commercial contracts regularly span fifty to over one hundred pages (Hendrycks et al.,
2021). The clause relevant to a given category may appear anywhere in the document, and a retrieval system
must find it without prior knowledge of its location.

Cross-referencing. Legal contracts organize obligations across named articles, schedules, and appen-
dices, and frequently define terms in one place that govern clauses in another. Retrieving the termination
article without the relevant definition, or the definition without the clause it applies to, returns incomplete
evidence for either (Siino et al., 2025b). A termination clause may specify a notice period only by reference
to a definitions section at the start of the document. An assignment restriction may depend on change-of-
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control conditions described under a different article heading. A governing law clause may list jurisdictional
exceptions only in an appendix.

Absence as the expected outcome. In the CUAD benchmark, approximately 70-80% of clause category
and contract pairs have no matching clause (Hendrycks et al., 2021). A system that always retrieves and
extracts something would be wrong on the majority of instances. Correctly determining that a clause is absent
requires the system to have searched thoroughly enough to be confident in the null conclusion, not merely
to have failed to find anything.

Domain-specific vocabulary and formatting. Legal contracts use precise terminology that differs from
general text. Defined terms carry exact meanings established earlier in the document, and similar-sounding
provisions may have substantively different legal effects (Ariai et al., 2024; Siino et al., 2025b). How the con-
tract text is structured also matters: Braun et al. (2025) find a drop of approximately thirty percentage points
in clause extraction accuracy when input text is poorly structured compared to well-formatted input.

2.3. Large Language Models in Legal NLP

Large language models are neural networks trained on large text corpora to predict and generate text. They
acquire broad knowledge of vocabulary, syntax, and domain-specific patterns from this training, and can be
prompted to perform a wide range of tasks without task-specific fine-tuning.

2.3.1. Capabilities

In legal NLP, LLMs have demonstrated strong performance on tasks where the relevant text is provided as
context. LegalBench, a benchmark of 162 legal reasoning tasks, shows that models can classify contract
clauses, identify relevant provisions, and answer legal questions with reasonable accuracy when the input
text is given (Guha et al., 2023). Surveys of LLM applications in law confirm that these capabilities extend
across contract review, statutory interpretation, and legal question answering (Lai et al., 2024; Siino et al.,
2025a). General-purpose models without legal fine-tuning are competitive with fine-tuned alternatives on
many tasks, particularly when the task requires reading and reasoning over a provided document rather than
recalling legal rules from memory (Guha et al., 2023; Lai et al., 2024).

2.3.2. Hallucination and Its Limits

The same models that reason well over provided text also produce factually incorrect outputs when they lack
the right context. Dahl et al. (2024) tested four large language models on verifiable legal questions and found
hallucination rates between 58% for GPT-4 and 88% for Llama 2. For contract extraction, this means a model
may answer based on what is statistically common in contracts of that type rather than on what the specific
document under review actually contains. Siino et al. (2025b) document the same failure patterns in practice:
overlooked details, factual inconsistencies, and misinterpretation of legal language.

Xu et al. (2025) show formally that hallucination cannot be fixed by better training alone: no model trained
on a finite corpus can represent all computable functions, so there will always be inputs for which the model’s
stored weights produce wrong answers. Hallucination is an inherent property of the architecture, not a cor-
rectable training artefact.

The inevitability of hallucination carries regulatory implications. The EU Al Act (European Parliament
and Council of the European Union, 2024) classifies Al systems used in legal contexts by their risk level. Al
systems that assist judicial authorities are listed in Annex III as high risk. Contract review tools used in private
legal practice sit in the limited risk tier, as they do not make binding decisions and their outputs are reviewed
by a qualified professional before any action is taken. Regardless of tier, the Act requires that Al systems in
legal contexts be transparent enough for human professionals to meaningfully verify their outputs (Article 14
of the EU Al Act (European Parliament and Council of the European Union, 2024), which requires that users
can understand, oversee, and if needed correct Al system outputs). A system that answers from parametric
memory, without grounding its response in the specific document under review, gives the professional no
text to check against. Grounding model outputs in retrieved document text is therefore a prerequisite for
satisfying this requirement, not an optional improvement.

2.4. Retrieval-Augmented Generation
Retrieval-augmented generation (RAG), introduced by Lewis et al. (2020), is an architecture in which a lan-
guage model conditions its output on documents retrieved from an external source rather than on knowledge
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encoded in its weights. A retriever selects the most relevant passages from an indexed corpus at query time,
and the language model uses those passages as context for its response. The key characteristic of RAG is that
the output is generated text produced by the model based on retrieved evidence.

For contract clause extraction, the pipeline used is more precisely called retrieve-and-extract. It differs
from RAG in one key respect: the output is not generated text, but a factual claim and a verbatim text span
extracted from the retrieved passages. The model reads the retrieved passages in a single forward pass and
identifies what the contract says about the target clause category, or returns null if the evidence does not
support a positive claim. The language model plays no role in directing which passages are retrieved. Dense
passage retrieval enables the retriever to match queries to passages by semantic similarity rather than key-
word overlap, which is important for legal text where the same concept may be expressed in varied terminol-
ogy (Karpukhin et al., 2020).

In the legal domain, retrieval-grounded approaches have become the dominant paradigm for improving
factual reliability (Siino et al., 2025a; Lai et al., 2024). LegalBench-RAG confirms that retrieval quality, not gen-
eration quality, is the main bottleneck: low retrieval precision and recall scores across all evaluated systems
indicate that the retrieval step is the primary source of failure in legal RAG pipelines (Pipitone and Alami,
2024).

A retrieval-first design also enables the auditing that the EU Al Act requires. Article 12 of the Act requires
that high-risk systems log sufficient information about their operation to allow post-hoc auditing. A system
that records which passages were retrieved and presents them alongside its answer provides an auditable
trail. Any legal professional can read the retrieved text without specialist knowledge of how the model works
internally, which is a practical form of transparency that the Act is designed to protect.

A retrieve-and-extract pipeline with a single retrieval step has no way to correct an incomplete or wrong
first pass. If the relevant clause is not among the top- k returned passages, the language model will either pro-
duce a false positive from unrelated text or fail to locate the correct supporting span. For long legal contracts,
this happens regularly in the CUAD dataset (Hendrycks et al., 2021).

For example, a termination clause may specify a notice period that is defined in a separate definitions
section at the start of the document. Querying for “termination notice period” may retrieve the termination
article without the definitions section, or vice versa. An assignment restriction may depend on change-of-
control conditions described under a different heading, and a governing law clause may list jurisdictional ex-
ceptions only in an appendix. Siino et al. (2025b) observe that for long legal documents “performance might
suffer greatly when essential information is moved within long context,” and CUAD contracts can exceed one
hundred pages (Hendrycks et al., 2021).

Using vector-based semantic search (Karpukhin et al., 2020) narrows the gap between a query and the
relevant text by matching on meaning rather than exact keywords, but it does not solve this problem. A single
query still produces a single ranked list with no way to check whether the retrieved passages are complete
or to ask follow-up questions. Considering these aspects, a language model that inspects what has been
retrieved, judges whether the evidence is enough to give a confident answer, and issues additional queries
when it is not has the potential to cope with this limitation.

2.5. Iterative Retrieval

Iterative retrieval extends single-pass retrieval by allowing the system to issue multiple retrieval calls, each
informed by what has been found so far. The core motivation is that a single query is often insufficient when
the information needed spans different parts of a document or depends on intermediate findings (Trivedi
etal., 2023; Shao et al., 2023).

Early iterative approaches follow a predetermined pattern. IRCoT (Trivedi et al., 2023) builds on chain-
of-thought reasoning, in which a language model generates a sequence of intermediate reasoning sentences
before producing a final answer. After each reasoning sentence, IRCoT uses that sentence as a retrieval query
and adds the returned passages to the model’s context before the next reasoning step. The process continues
until the model generates a sentence that constitutes a final answer, or until a maximum number of steps
is reached. Iter-RetGen (Shao et al., 2023) takes a different approach: the model first generates a draft re-
sponse to the question, then uses that draft as the query for a new retrieval round, and produces an improved
response from the newly retrieved passages. The number of rounds is set in advance as a hyperparameter.
Both approaches outperform single-pass retrieval on multi-step question answering, but in neither case does
the model itself decide whether the retrieved evidence is sufficient to stop: in IRCoT the process ends when
the reasoning chain reaches an answer, and in Iter-RetGen it ends after a pre-set number of rounds.
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The ReAct framework (Yao et al., 2023) gives the language model full control over this process. Rather
than following a fixed schedule, the model interleaves reasoning traces with retrieval actions in a continuous
loop: it generates a thought that interprets current evidence, issues a search, observes the result, and decides
at each step whether to continue searching or to stop. The model’s freedom to decide when to stop searching
is what distinguishes ReAct from fixed-pipeline approaches such as IRCoT or Iter-RetGen.

Legal contracts are particularly suited to this kind of retrieval. Defined terms are often placed far from
the clauses that invoke them, obligations are spread across articles, schedules, and appendices, and a single
question may require evidence from several non-adjacent sections. How much retrieval a question requires
therefore varies by contract and clause type and cannot be determined in advance, which is precisely the
variability that a model-driven stopping criterion is designed to handle.

This thesis adopts the ReAct paradigm under the label LLM-orchestrated iterative retrieval, in which the
language model drives the search process, evaluates returned passages, and determines when the accumu-
lated evidence is sufficient to produce a final answer.

2.6. Evaluation Metrics

Choosing the right metrics for this task is not straightforward. Siino et al. (2025b) survey evaluation ap-
proaches across legal Al systems and identify three families: human evaluation, automated metrics (pre-
cision, recall, F1, BLEU, cosine similarity), and LLM-based validation. Each family involves trade-offs that
depend on what the task requires, and several common choices are unsuitable for verbatim clause extrac-
tion.

Human evaluation is flexible and can capture errors that automated metrics miss, but it is slow, expen-
sive, and difficult to reproduce across studies (Siino et al., 2025b). Evaluating 1000 pairs across two systems
manually is not practical, and the comparison would not be independently verifiable.

Retrieval metrics such as Recall@k, Mean Reciprocal Rank (MRR), and Normalized Discounted Cumula-
tive Gain (NDCG) measure whether the correct passage appears in the system’s ranked list of retrieved chunks.
They evaluate the retrieval step in isolation and say nothing about whether the system drew the correct fac-
tual conclusion or extracted the right span from the returned passage. Pipitone and Alami (2024) confirm this
gap directly: retrieval-only metrics such as Recall@k evaluate the retrieval step in isolation and say nothing
about whether the system drew the correct factual conclusion from the retrieved passages. Since the evalu-
ation in this thesis covers the full pipeline from question to structured answer, a retrieval-only metric would
miss half the problem.

BLEU (Papineni et al., 2002) was designed to evaluate machine translation by measuring n-gram overlap
between a generated output and one or more human reference translations. For verbatim clause extraction
it has two problems. First, BLEU does not distinguish between a span copied directly from the contract and
a paraphrase of similar content; a system that paraphrases the clause rather than quoting it can receive a
high BLEU score even though the output is not grounded in the document text. Second, BLEU degrades
unpredictably when there is only a single reference per instance (Papineni et al., 2002), which is the case in
CUAD.

Embedding-based similarity metrics such as cosine similarity and BERTScore measure how semantically
close the predicted text is to the reference, rather than whether the words match. Embedding-based similar-
ity is too lenient for legal extraction (Siino et al., 2025b). Consider a contract that specifies Delaware as its
governing law and a system that returns New York instead. The prediction is factually wrong and would mis-
lead any lawyer relying on it, yet an embedding-based metric would score it as nearly correct because New
York and Delaware are both US jurisdictions and their vector representations are close. For legal clause ex-
traction, what matters is whether the extracted text matches what the contract actually says, not how close
the prediction is in meaning to the correct answer.

LLM-based evaluation uses a language model to judge whether a system’s output is correct. It is flexible
but introduces a dependency on the judging model’s own biases and limitations, produces results that vary
across model versions, and is expensive at scale (Siino et al., 2025b). For a controlled comparison designed
to isolate a single architectural variable, a deterministic metric that any researcher can compute identically is
preferable.

Exact Match (EM) is computed on the factual claim field across all instances. A prediction is counted
as jointly correct: for present instances, the model must return True with at least one supporting span; for
absent instances, it must return False with no span. A model that identifies a clause as present but provides
no supporting text, or one that says a clause is absent but still returns spans, is scored as wrong. Over a set of
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N instances, EM is defined as:

1 N
EM=—> 1[a; = a;] 2.1)
Ni:l

where a; is the ground-truth answer for instance i, 4; is the predicted answer, and 1[-] is the indicator
function.

Token-level F1 is computed on the span field, restricted to positive instances where the ground-truth
annotation contains a clause text span (Rajpurkar et al., 2016). F1 does not apply to absent-clause instances
because comparing two null values gives no signal about retrieval quality. When the ground truth contains a
clause but the system returns null, F1 is set to zero so the retrieval failure is counted as a penalty. All spans are
normalised (lowercased, punctuation removed, whitespace collapsed) before comparison. Multiple spans on
each side are concatenated into one token sequence. Let TP denote the number of tokens appearing in both,
|3] the total predicted tokens, and |s| the total ground-truth tokens:

TP TP 2-P-R
=—, R=—, F1= 2.2)
3] IS P+R

Token-level F1 rewards vocabulary overlap and gives partial credit for spans that are close but not exact.
It does not penalise predictions that contain the right words in the wrong order, which is a known weakness
for verbatim extraction tasks.

ROUGE-L addresses the insensitivity to word order by measuring the Longest Common Subsequence
(LCS) between the predicted and ground-truth token sequences, rather than unordered token overlap (C.-Y.
Lin, 2004). A prediction that contains the correct words in the wrong order will score lower on ROUGE-L
than on token-level F1, because the LCS captures only the longest ordered subsequence shared by both sides.
Multiple spans on each side are concatenated before computing the LCS. Let LCS(X, Y) denote the length of
the longest common subsequence between token sequences X and Y:

pru= 288 g SIS gy - 2ER Rr 2.3)
N Is] Pri + Rrr,

Token-level F1 and ROUGE-L are complementary. If a system scores high on F1 but noticeably lower on
ROUGE-L, it suggests the retrieved text contains the right vocabulary but not in the correct order, which for
verbatim legal extraction is a signal of fragmented or paraphrased spans rather than clean verbatim copies.
When both metrics move together, it confirms that differences between conditions are not an artefact of the
bag-of-words assumption in token-level F1.

2.7. Statistical Significance Testing

A score measured on a sample of questions is only an estimate of how a method would behave on the whole
population of questions. A difference between two methods on a sample might be real, or it might be an
accident of which questions happened to be drawn. A significance test asks how likely a difference of the
observed size would be if the two methods were in truth equally good. A small probability, the p-value, means
that chance alone is an unlikely explanation. A confidence interval reports the same evidence as a range,
giving the plausible sizes of the true difference rather than only whether one exists.

Independent and paired designs. The right test depends on how the two sets of measurements relate to
each other. When the two groups are made of different items, the measurements are independent. When
both methods are measured on the same items, each item yields a matched pair of scores and the design is
paired. Paired designs are more sensitive, because they remove the variation between items and look only at
the within-item difference. Applying a test built for independent groups to paired data is a mistake, because
itignores the pairing and overstates the uncertainty.

Tests for independent groups: z-test and t-test. Two standard tests assume independent groups. The
two-proportion z-test compares two proportions, such as two accuracy rates, by referring the standardised
difference to the normal distribution, written z. It suits yes-or-no outcomes that are summarised as a rate.
The independent two-sample t-test compares the means of two groups of continuous measurements and
refers the result to Student’s ¢ distribution, which is the normal distribution widened to allow for the stan-
dard deviation being estimated from the sample rather than known in advance. It suits continuous scores.
The difference between them is the type of outcome: the z-test is for proportions, the t-test is for means of
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continuous values. Both assume that the two groups are independent, so neither is appropriate when the
same questions are answered by both methods.

McNemar’s test. For paired yes-or-no outcomes, McNemar’s test (McNemar, 1947) is the standard choice
and the paired counterpart of the two-proportion z-test. It looks only at the items where the two methods
disagree, since items that both get right, or both get wrong, carry no information about which method is
better. It then tests whether the two kinds of disagreement, those where the first method wins and those
where the second wins, occur equally often. The exact binomial form of the test can be used instead of the
chi-square approximation, which keeps it valid even when the number of disagreements is small.

Wilcoxon signed-rank test. For paired continuous scores, the Wilcoxon signed-rank test (Wilcoxon, 1945)
is the paired counterpart of the t-test for cases where the differences are not normally distributed. It works
on the ranks of the per-item differences rather than on their raw values, so a few extreme differences do not
dominate, and it makes no assumption that the differences follow a normal distribution.

Bootstrap confidence intervals. A confidence interval can be built without assuming any particular dis-
tribution by resampling the observed data with replacement many times and recomputing the statistic on
each resample (Efron, 1979). The spread of the recomputed values gives the interval. Resampling whole con-
tracts rather than individual pairs keeps clauses from the same contract together, which respects the fact that
they are not independent of one another.



Related Work

This chapter places the thesis between two bodies of work that have grown apart. It first reviews iterative
retrieval in general domains, then retrieval for legal clause extraction, and then the few legal systems that let
the model direct retrieval. It closes by stating the research gap that the thesis addresses.

3.1. Iterative Retrieval: Evidence from General Domains

A single query is often not enough when the answer needs evidence from more than one place. Several peer-
reviewed systems show that letting the language model run more than one retrieval round beats single-pass
retrieval on multi-hop tasks. They were all tested on general-domain Wikipedia benchmarks. What separates
them, and separates them from the system studied here, is how the next query is formed and who decides to
make it.

The clearest pattern is that the query is rarely a free choice. IRCoT (Trivedi et al., 2023) turns each new
reasoning sentence into the next search query, so retrieval is automatic after every step. On four multi-hop
benchmarks (Yang et al., 2018; Ho et al., 2020; Trivedi et al., 2022; Ferguson et al., 2020) it raised retrieval
recall by up to 21 points and answer accuracy by up to 15 points over single-pass retrieval. FLARE (Jiang et al.,
2023) instead triggers retrieval by a confidence threshold: when the model is unsure of the next sentence, that
sentence becomes the query (Geva et al., 2021; Stelmakh et al., 2022; Hayashi et al., 2021). Iter-RetGen (Shao
et al., 2023) reuses the model’s whole previous answer as the next query, for a fixed number of rounds set in
advance (Press et al., 2023). In all three the model cannot decide on its own whether to retrieve, how to word
the query, or when the evidence is enough.

Self-RAG (Asai et al., 2024) comes closest to a real decision. It trains a model to emit special markers
that say whether to retrieve and whether the answer is supported, which cut hallucination on several QA
sets (Joshi et al., 2017; Mallen et al., 2023; Clark et al., 2018; Stelmakh et al., 2022). Even so, the query itself is
not rewritten freely, and the method needs a model trained for this exact signal rather than working through
prompting alone.

Two recent works push toward more model control. Interact-RAG, in a preprint (Hui et al., 2025), lets the
model filter, expand, and re-rank passages instead of only issuing queries, reaching a 22.5 percent relative
Exact Match gain over the next-best method. Y. Lin et al. (2025), also in a preprint, carry the comparison to
regulatory documents and report that 48 percent of single-pass failures happen because the right chunk is
never retrieved at all, which is direct support for iterative search in document-heavy legal corpora.

The takeaway for this thesis is that more model control over retrieval consistently beats fixed single-pass
pipelines, by roughly 10 to 21 points on recall and 8 to 15 points on accuracy when the answer spans more
than one place. The system here is built on the ReAct framework (Yao et al., 2023) from Section 2.5. ReAct
is chosen over fixed-pipeline approaches because it gives the language model three capabilities absent from
all four systems above: it can decompose retrieval goals and track progress across steps, reformulate queries
when initial searches return uninformative results, and decide when accumulated evidence is sufficient to
produce a final answer (Yao et al., 2023). It can also conclude that a clause is absent and return null, a deci-
sion none of the four systems was designed to make. These properties directly address the cross-referencing
structure of legal contracts described in Section 2.2, where a single question may require evidence from a
definitions section, a separate article, and an appendix that no fixed sequence of queries can anticipate in
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advance. None of the systems above was originally tested in the legal domain, and none was built for a task
where the correct answer is often that no clause exists, yet the capabilities they introduce, iterative query
reformulation and model-controlled stopping, are well suited to both and motivate adapting them to this
setting.

3.2. Clause Extraction Systems and Benchmarks

Legal NLP has built its own retrieval and question-answering work, mostly apart from the general-domain
literature above. The recurring pattern is that retrieval is the bottleneck, yet the retrieval step itself stays
single-pass and free of any model direction.

LegalBench (Guha et al.,, 2023) shows that models reason well over legal text once the right passage is
placed in the prompt, but it skips retrieval entirely. LegalBench-RAG, a preprint (Pipitone and Alami, 2024),
adds the retrieval step and confirms that retrieval quality is the main bottleneck and that retrieval scores
alone do not predict answer quality, though it covers only single-pass retrieval. Work at the clause level re-
peats this shape. Topollai et al. (2025), in a preprint, run a single-pass retrieve-and-extract pipeline for clause
acceptability on proprietary data. ACORD (S. Wang et al., 2025) is a clause retrieval benchmark that finds
standard vector retrieval leaves clear room for improvement and directly limits extraction accuracy. Braun et
al. (2025), in a preprint, show input format dominates results: GPT-4.1 reaches about 80 percent Exact Match
on clean Markdown but drops to about 48 percent on poorly structured plain text. Together these studies fix
single-pass retrieve-and-extract as the current standard for contract clause work and confirm chunking and
retrieval as the bottleneck.

Top-k single-pass retrieval is the shared baseline on both sides. The legal systems above all pass a fixed
set of top-ranked chunks to the model with no further search, and IRCoT, FLARE, Iter-RetGen, and Self-RAG
all measure their gains against the same top-k baseline (Trivedi et al., 2023; Jiang et al., 2023; Shao et al., 2023;
Asai et al., 2024). That common baseline makes top-k single-pass retrieval the natural comparison for this
evaluation.

3.3. LLM-Directed Retrieval for Legal Question Answering

Two recent legal systems do let the language model direct retrieval, LAW and L-MARS, but each combines it
with additional components, which makes the effect of retrieval alone hard to read. LAW (Watson et al., 2025)
has a code-generation LLM orchestrate domain-specific tools such as section retrieval with BM25, a classical
keyword-based ranking function that scores passages by query-term overlap, together with date extraction
and party identification, while correcting its own execution errors through a feedback loop. LAW improves
over a direct-prompting baseline by up to 92.9 points of accuracy on contract retrieval and multi-hop ques-
tion answering, which shows that orchestrated tool use scales to specialized legal corpora. The difficulty for
isolating the contribution of retrieval is that orchestration, code generation, and tool use are entangled in the
reported numbers and cannot be measured separately.

L-MARS, released as a preprint (Z. Wang and Yuan, 2025), splits statutory question answering across sev-
eral cooperating models over web search and a case-law API, with a dedicated judge step that checks whether
evidence is sufficient and current. The benchmarked configuration is single-pass. The authors also release
LegalSearchQA (Z. Wang and Yuan, 2025), 50 multiple-choice questions whose answers post-date model
training. There L-MARS reaches 96 percent accuracy against a 58 percent zero-shot baseline, while chain-
of-thought alone falls to 30 percent by reasoning from stale premises. On 594 bar-exam questions, though,
it gains less than one point over zero-shot (55.9 versus 55.2 percent). This split confirms the same pattern
as Section 3.1: retrieval helps most when the answer cannot be recalled from the model’s own parametric
knowledge.

3.4. The Research Gap

The two bodies of work have grown in parallel with little contact. Iterative retrieval shows steady gains on
multi-hop QA in general domains but has not been tested on contract clause extraction. Contract clause
extraction names retrieval as the main bottleneck but applies single-pass top-k retrieval throughout, without
asking what changes if the model directs the search. No published study compares single-pass and iterative
LLM-directed retrieval for extractive legal question answering with all other components held fixed.

The legal systems in Section 3.3 do not close this gap. LAW (Watson et al., 2025) fuses retrieval with code
generation and tools in a way its results cannot tease apart. L-MARS (Z. Wang and Yuan, 2025) targets statu-
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tory questions, where the output is a synthesized multiple-choice answer rather than a verbatim span from a
private document. Neither was tested where the correct response is often that no clause exists.

Contract clause extraction is the right task to isolate this variable because it is factual rather than inter-
pretive. Judging what a clause means or whether it favours one party needs legal expertise beyond locating
text, and is a professional judgment a system should support, not replace. The EU Al Act (European Par-
liament and Council of the European Union, 2024) reinforces this through its human oversight requirement
(Article 14): legal Al must support meaningful human verification, which means presenting retrievable evi-
dence rather than interpretive conclusions. Verbatim extraction, returning the actual clause text or null, gives
the lawyer something to read and verify. Retrieval quality therefore decides whether the system does its job,
which makes it the right quantity to measure.

Prior work confirms retrieval as the primary bottleneck for contract clause extraction (Topollai et al., 2025;
Pipitone and Alami, 2024; S. Wang et al., 2025; Braun et al., 2025). This thesis addresses the gap by comparing
single-pass and iterative retrieval under a controlled design that holds the embedding model, vector store,
chunking parameters, language model, and output format constant. It uses CUAD because, as established in
Section 4.1, it is the only expert-annotated contract dataset that combines full-document retrieval, verbatim
span annotation, and a substantial share of absent-clause instances.



Dataset

This chapter describes the data used in the study. It introduces the Contract Understanding Atticus Dataset
(CUAD), explains why CUAD is the right choice for an open-corpus clause extraction study and why other
contract datasets were set aside, and reports the statistics of the evaluation pool that the experiments draw
from. The procedure that turns the raw annotations into question-answer pairs is described later, in Sec-
tion 5.2, because it is part of the method rather than the data itself.

4.1. The Contract Understanding Atticus Dataset

CUAD (Hendrycks et al., 2021) is a corpus of 510 commercial legal contracts drawn from the public filings
of the U.S. Securities and Exchange Commission through its EDGAR system. The contracts cover a range
of agreement types, including licensing, distribution, services, and joint-venture agreements, and many run
to tens or even hundreds of pages. The dataset was built by the Atticus Project, where trained law students
annotated the contracts under the supervision of qualified lawyers, producing more than thirteen thousand
clause-level annotations.

Each contract is annotated for 41 categories of legal clauses, such as Governing Law, Change of Control,
Anti-Assignment, and Exclusivity. For every contract and category pair, the annotators highlighted the exact
verbatim text span that supports the clause, and left the entry empty when the contract contains no clause
of that category. The present-or-absent label used in this study is derived from these spans by the question-
generation step (Section 5.2), which treats a pair with a valid span as present and an empty one as absent.
Two properties follow from how the data was built and matter for this study. First, the supporting span is the
exact contract text rather than a paraphrase, which makes verbatim extraction measurable against an expert
reference. Second, the dataset is heavily skewed toward absent clauses, since most contracts contain only a
subset of the 41 categories. Across the corpus, roughly 70 to 80 percent of the contract and category pairs are
absent (Hendrycks et al., 2021), which makes correctly reporting that a clause does not exist as important as
locating one that does.

4.2. Why CUAD

CUAD is used because it is the only large, expert-annotated contract dataset that fits all three needs of this
study at once. It requires retrieving from the full raw document rather than from a passage handed to the
model, it gives both a present-or-absent label and the exact supporting span for each clause, and it contains
a large share of absent clauses, which makes the null decision part of the task.

Other contract and legal datasets were considered and set aside because they do not match the task.
ContractNLI (Koreeda and Manning, 2021) classifies whether a statement is supported or contradicted by a
contract, with no retrieval step. MAUD (S. H. Wang et al., 2023) supplies the relevant text with each question
and tests legal interpretation rather than search. LLeQA (Louis et al., 2024) is in Dutch and French under
Belgian law, which is hard to compare with the English CUAD contracts. LegalSearchQA (Z. Wang and Yuan,
2025) needs web retrieval for current statutes rather than a clause in a fixed private document. CUAD is
therefore the only large-scale, expert-annotated contract dataset that requires retrieving from the full raw
document, gives both a label and a verbatim span, and includes many absent-clause cases, which are the
three properties this evaluation needs.

12
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4.3. From CUAD to the Evaluation Pool

CUAD itself contains no natural-language questions. For each contract and clause category it provides only
a present-or-absent label and, when the clause is present, the supporting span. The question-answer pairs
used in this study are therefore not part of the dataset. They are constructed from these annotations by the
question-generation procedure described in Section 5.2, which is a step of the method rather than a property
of CUAD. Applied to all 510 contracts and the 38 categories treated as extractable, that procedure yields a pool
of approximately 18000 question-answer pairs. Because each pair simply carries over the present-or-absent
label of its annotation, the class balance of the pool is inherited from CUAD and is approximately 78 percent
absent (Hendrycks et al., 2021).

Two evaluation samples are drawn from this pool, and the reasoning behind their sizes is given in Sec-
tion 6.2. The main experiment uses 5427 pairs evaluated on the locally hosted model, and a smaller balanced
set of 500 present and 500 absent instances is used for the cross-model comparison, because the second
model is a paid API. The balanced set uses equal classes so that present and absent performance can be read
separately, since on the natural 78 percent absent mix a system that almost always says absent would already
look accurate.



Methodology

This chapter walks through the methodology of the study. It begins by stating the task and showing how the
evaluation questions are made, then explains how the corpus is indexed, introduces the baseline and the
proposed method, and lays out the metrics and statistical tests used to judge them. The goal throughout is
a clean comparison, where the retrieval strategy is the only thing that changes between the two. Figure 5.1
gives a high-level view of the whole pipeline, from the contract corpus through indexing and retrieval to the
structured output that is scored.

Methodology overview

One shared index, two retrieval conditions, one scoring step

Indexing (run once)

Contract corpus Chunk + embed Vector index
—>

510 CUAD contracts MiniLM-L6-v2, 384-d Qdrant: dense + BM25

shared by both conditions

from CUAD annotations (label + span) Baseline (Retrieve-and-Extract)

Question generation

Single search Structured output

templates + party names LLM reads once

top-k =5 verdict + spans

! ;

Question Evaluation
EM / Token F1 / ROUGE-L
UAD gold

4

ReAct loop Extract Structured output

party names + clause category

search & check, = 35 final call verdict + spans

Iterative (LLM-orchestrated)

Figure 5.1: High-level overview of the methodology. The contract corpus is split into chunks, embedded, and stored once in a shared
vector index. At evaluation time each question is answered under two conditions that share every component except retrieval: the single-
pass baseline runs one search and reads the result passively, while the iterative method lets the model run a loop of searches before a
final extraction step. Both produce the same structured output, which is scored against the CUAD gold annotation.

5.1. Task Formulation
The task is open-corpus contract clause extraction. The data it operates on, the CUAD corpus, is described in
Chapter 4.

14
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The setup can be built up in a few steps. The study starts from a corpus of contracts D, with |D| = 510.
Every contract is split into smaller passages, called chunks, and the chunks of all contracts together form the
searchable index X. A chunk x € X is simply a continuous piece of one contract’s text.

CUAD groups clauses into 38 categories, each one a type of clause such as Governing Law or Change of
Control. Let C be this set of 38 clause categories, and let ¢ stand for a single category taken from it. A category
and the clause it labels are treated as the same thing: c is the label, and the clause is the contract text that
carries it.

Two things describe each contract d € D. It is signed by a set of parties P(d), the companies named in the
agreement, and it contains a number of clauses. The clauses present in d cover only some of the categories,
so they form a subset Cat(d) < C. No contract carries a clause of every category, which is why most contract-
category pairs turn out to be absent.

An evaluation entry is built from one contract d € D and one clause category c € C, and it has two parts:
a question g and a set of gold spans S*. The question g asks whether the agreement between the parties
P(d) contains a clause of category ¢, and it names those parties but gives no file name or document identifier.
The gold spans are the verbatim text the annotators highlighted for that clause. If a clause of that category is
present, meaning c € Cat(d), then S* holds its spans, and if it is absent then §* = @.

The system answers each entry with a response of the same shape: a present-or-absent verdict a € {0, 1}
together with a set of predicted spans S, where S = @ when a = 0. Each predicted span is a piece of text taken
from the retrieved chunks, so a span can be part of a chunk or a whole chunk. Scoring compares the response
(a,S) against the gold (a*, S*), where the gold verdict a* is one exactly when c € Cat(d).

To produce that response the system must first locate the correct contract within the corpus, then find
the relevant clause inside it. Because the question carries only party names, the contract has to be recovered
from the content of the chunks rather than from a document identifier.

5.2. Question Generation

Evaluation questions are generated from the CUAD master annotation file, which records one row per con-
tract and one column pair per clause category: one column for the ground-truth answer and one for the
verbatim supporting clause text.

Category selection. CUAD defines 41 annotation categories (Hendrycks et al., 2021). Three are treated as
contract metadata rather than extractable clauses (Document Name, Parties, and Agreement Date) and are
excluded from question generation. The remaining 38 categories form the evaluation set.

Question phrasing. Each question identifies the contract by the names of the contracting parties rather
than by document title or file name. Party names are extracted from the Parties column of the annotation
file and cleaned by removing alias blocks in parentheses. A question template is applied for each category.
For example, the boolean category Anti-Assignment produces the question: “Does the agreement between
[Party A] and [Party B] require consent or notice before the contract can be assigned to a third party?” The
Governing Law category produces: “Which state or country’s law governs the agreement between [Party A]
and [Party B]?”

This phrasing has a direct consequence for retrieval. Let e(:) be the embedding function and sim(g, x) the
similarity between a question g and a chunk x. Single-pass retrieval returns the top-k chunks

R(g) = argtop-k sim(e(q), e(x)).
xeX

A system that pre-filtered the index by document name would need a document identifier inside g, but g
holds only party names, so no such filter can be applied and the search ranges over the whole index X. The
correct contract therefore has to be recovered from the content similarity sim(e(q), e(x)) between the question
and the contract text, not from metadata.

Answer and supporting clause. For each contract-category pair the ground-truth label is taken directly
from the annotation file: a pair is labelled present if the clause text column has content, and absent otherwise.
The verbatim supporting span is the clause text from that column. Pairs where the answer column is empty
or contains redacted text (marked with square brackets) are filtered out.

The resulting pool of question-answer pairs, its class balance, and the two evaluation samples drawn from
it are described in Chapter 4.
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5.3. Corpus Indexing

All 510 CUAD contracts are indexed before evaluation begins. Each contract is split into chunks using a recur-
sive character text splitter with a chunk size of 4000 characters and an overlap of 200 characters, with sentence
boundaries preserved where possible to avoid splitting clause text mid-sentence. Each chunk is encoded
using the al1-MiniLM-L6-v2 sentence-transformer model, producing 384-dimensional dense vectors, and
stored in a Qdrant collection alongside the full chunk text and contract metadata (document name, party
names, and source file name). This model is chosen because it is a small, widely used sentence embedder
that runs quickly on local hardware, which keeps the full corpus index and every retrieval call cheap to com-
pute. Its absolute quality is not central to the study, because the controlled design holds the embedder fixed
across both conditions, so any difference in results comes from the retrieval strategy rather than from the
choice of embedding model. The metadata is stored in the chunk payload alongside the text. Questions are
phrased using only party names and contain no document identifier, so the initial retrieval query is guided
solely by the question content. Once chunks are retrieved, the document name and file name are included in
the context provided to the language model. The iterative condition uses this information to scope follow-up
searches to the identified contract.

Retrieval is hybrid. Each query is scored against the index by both a dense vector from the embedding
model and a sparse BM25 vector, and the two ranked lists are merged with Reciprocal Rank Fusion (Cormack
et al., 2009). Hybrid retrieval suits contract clause extraction because the two signals catch different things.
The dense vectors capture meaning, so a question phrased in plain language can match a clause that uses
different wording. BM25 captures exact word matches, which matter here because the questions carry party
names and the contracts use precise defined terms and section labels that a small dense model can miss.
Combining the two recovers clauses that either signal alone would rank too low. Both the baseline and the
proposed method use this same hybrid configuration, so the comparison stays controlled and any difference
in results comes from the retrieval strategy rather than from the index.

5.4. Conditions Under Comparison

The proposed iterative method is evaluated against a single-pass baseline. The two conditions differ only in
whether the language model is passive or active at the retrieval step, and all other components are identical.
Figure 5.2 contrasts the two pipelines side by side, Figure 5.3 shows a concrete run of the iterative method on
a single question, and Figure 5.4 shows how its context window grows across iterations.

Both retrieval conditions share the same embedding model, vector store, chunking parameters, retrieval
budget (k = 5 chunks per retrieval call), and language model. The specific models used are described in
Chapter 6.

Retrieve-and-Extract (R&E) is the baseline. It is the standard single-pass pipeline that prior contract
clause extraction work relies on (Section 3.2), and it serves here as the reference point the proposed method is
measured against rather than as a contribution of this study. The natural-language question is embedded and
used to run a single similarity search over the full 510-contract index, returning the top-k = 5 most relevant
chunks across all contracts. These chunks are concatenated with the original question and passed to the
language model, which produces a structured factual claim and supporting spans in one step (Figure 5.2,
top). The language model has no role in deciding what to retrieve or in evaluating whether the returned
chunks are sufficient.

LLM-Orchestrated Iterative Retrieval is the proposed method, referred to as Iferative throughout the
results. It places retrieval inside an iterative ReAct loop (Yao et al., 2023). An orchestrator language model re-
ceives the question and decides at each step whether to issue a retrieval call, what query to use, and whether
the evidence gathered so far is sufficient to produce a final answer. The retrieval tool is implemented as a
LangChain tool wrapping the hybrid search function over the Qdrant collection. Retrieved chunks are added
to the model’s context one step at a time, so the context window grows as the loop proceeds (Figure 5.4).
The model can reformulate its search query based on what it has found, follow cross-references by issuing
targeted follow-up queries, and scope subsequent searches to a specific section or contract once it has iden-
tified which document is relevant (Figure 5.3). The loop terminates when the model decides the evidence
supports a definitive answer, when it determines that no relevant clause exists and returns null, or when a
per-question limit of 35 tool calls is reached. Once the loop ends, a separate structured-output LLM call
over all accumulated evidence produces the final factual claim and supporting spans. This two-stage design
separates the retrieval orchestration from the extraction step.

The proposed method differs from the baseline in exactly one respect: whether the language model di-



5.5. Evaluation Methodology 17

rects the retrieval process or reads a fixed retrieval output passively. Both produce the same structured re-
sponse format, and neither generates free-text answers from parametric memory.

RAE — single-shot retrieve-and-extract

Retrieve

Question —> Extract spans Answer

(top-k, once)

Iterative — agent searches until confident

Search Enough >

(reformulate) evidence? (ST

Question -

no

loop: refine query, narrow by file_hame

Figure 5.2: The two retrieval architectures. In Retrieve-and-Extract (top), the query is embedded once, the top-k chunks are returned
in a single call, and the language model reads them passively to produce the structured output. In the iterative method (bottom), the
language model runs a search, checks whether the evidence is enough, and loops back to reformulate the query or narrow the search
when it is not, before extracting the final spans. The only difference between the two is whether the language model directs retrieval or
reads a fixed output.

5.5. Evaluation Methodology
This study evaluates both conditions using Exact Match, token-level F1, and ROUGE-L, as defined in Sec-
tion 2.6. Exact Match is reported at three levels: aggregate over all instances, restricted to present instances,
and restricted to absent instances. Token-level F1 and ROUGE-L are reported on present instances, where a
gold supporting span exists to compare against. The reasoning for this particular set of metrics, and how it
connects to the demands of the legal setting, is part of the experimental design and is given in Section 6.4.
Statistical testing. The tests themselves are defined in Section 2.7; this section states how they are applied.
Because both conditions answer the same questions, every measurement is paired rather than independent,
so paired tests are used throughout. Exact Match is a yes-or-no outcome per question, so the two conditions
are compared with McNemar’s exact test (McNemar, 1947). Token-level F1 and ROUGE-L are continuous
scores whose paired differences are not normally distributed, since many spans score zero or near one, so
they are compared with the Wilcoxon signed-rank test (Wilcoxon, 1945). Alongside the tests, 95 percent con-
fidence intervals are computed by bootstrap resampling over contracts (Efron, 1979), so the intervals account
for the fact that clauses from the same contract are not independent. The results of these tests are presented
in Chapter 7.
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Figure 5.3: A concrete run of the iterative method (Yao et al., 2023) on one CUAD question. The model calls the search_contracts tool,
first broadly and then narrowed to the identified contract by file name, checks at the gate whether the evidence is sufficient, and only
then makes the final structured extraction call. The answer is a verbatim span grounded in the retrieved text. This loop is what a single
retrieval pass cannot do.
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Figure 5.4: How the context window of the iterative method changes across iterations on a single question. Each search call appends its
retrieved chunks and the model’s short reasoning to the running message history, so the evidence the model can read grows from one
step to the next. The first query is broad and locates the contract, later queries are narrowed to that contract and follow cross-references,
and once the accumulated context is judged sufficient the loop stops and a final extraction call reads the whole window to produce the
answer.



Experiments

This chapter describes how the experiments are carried out in practice. It gives the hardware and the two
language models used, the two evaluation samples drawn from the question pool of Chapter 4, the software
implementation of each condition, and the pipeline that turns model outputs into scores. It also explains
why the chosen metrics suit the legal setting.

6.1. Experimental Setup
All experiments were run on a MacBook Pro with an Apple M3 Max chip and 48 GB of unified memory. All
local components, including Qdrant and Ollama, ran on this machine.
Two language models were evaluated. GPT-5-mini was accessed via the OpenAl API. Gemma4 e4b is
a 4-billion-parameter model run locally via Ollama on the same machine. Running Gemma4 e4b locally
avoids API costs and external latency, and makes those runs fully reproducible without requiring access to an
external service. Both models were run with temperature set to 0 to reduce sampling variance across runs.
Qdrant ran locally as a Docker container. The collection uses hybrid indexing: dense vectors from the
all-MinilM-L6-v2 sentence-transformer model and sparse BM25 vectors from fastembed, combined via
Reciprocal Rank Fusion at query time.

6.2. Evaluation Sample
CUAD (Hendrycks et al., 2021) is used for evaluation. A full description of the dataset is given in Section 4.1.

Main experiment. The main experiment evaluated both conditions using Gemma4 e4b on a dataset of
5427 paired questions, sampled from a total pool of approximately 18000 pairs. The evaluation was limited
to this subset due to the substantial computational requirements: processing the 5427 pairs alone required
slightly more than two weeks of local computation time. This estimate does not include the time spent devel-
oping the evaluation pipeline or conducting the separate cross-model experiments described below. Given
these constraints, extending the evaluation to the full dataset was not feasible within the available timeframe.
The questions are generated by iterating through the contracts in order, and the run processed them in that
same order, so the completed 5427 pairs form a continuous slice of the dataset rather than a hand-picked
subset. This slice already spans a large number of contracts and all 38 clause categories, with a substantial
number of instances in every category, and it keeps CUAD’s natural skew toward absent clauses (1975 present
and 3452 absent) (Hendrycks et al., 2021). Covering every category in dataset order, with the natural class
skew preserved, is why this run is treated as representative of the full pool for the comparison studied here.

Cross-model set. The second model, GPT-5-mini, is a paid API model, so running it at the same scale
would have been expensive. The cross-model comparison therefore uses a smaller, class-balanced sample
of 500 present and 500 absent instances drawn from the pool (seed 42), giving 1000 pairs across the 38 cate-
gories, run on both models. Balancing the classes removes the 78% absent-clause skew so that present and
absent performance can be read separately. The reliance on this smaller set for the API model is a cost limi-
tation, discussed in Section 8.2.

The evaluation is open-corpus: for each question, the full 510-contract index is searched. The system has
no information about which contract the question refers to and must find it through retrieval. Ground-truth
labels and supporting clause texts are drawn from the CUAD annotations.
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6.3. Implementation

The implementation is a set of Python scripts organised as a sequential pipeline. Each condition runs as
an independent script: 03_run_rae. py for the Retrieve-and-Extract condition and 04_run_iterative.py
for the iterative condition. Shared configuration (Qdrant host, collection name, model provider, and output
directory) is supplied via environment variables and a common . py module imported by both scripts.

LangChain provides the retrieval tool interface and the LLM wrappers. LangGraph provides the retrieval
loop for the iterative condition.

The R&E condition is implemented as a two-node LangGraph graph. A retrieve node calls the vector store
and collects the top-k chunks. A generate node calls the language model with those chunks and the original
question, producing a structured response via with_structured_output.

The iterative condition uses LangGraph’s create_react_agent with a single tool, search_contracts,
that wraps the hybrid search function over the Qdrant collection. The iterative loop accumulates retrieved
chunks in the message history. After the loop finishes, a separate structured-output LLM call over all accu-
mulated evidence produces the final answer. This two-stage design separates the retrieval orchestration from
the extraction step.

Both conditions use LangChain's with_structured_output to enforce a fixed response schema: a boolean
answer field and an optional list of verbatim span strings.

Results are written to JSON files named by condition and model, for example rae_openai_gpt_5_mini. json.
The pipeline is resumable: completed question IDs are tracked in the output file and skipped on restart, so a
run can be interrupted and continued without reprocessing questions that already have results.

Figure 6.1 shows the internal data flow of the two conditions as implemented, from the shared vector store
through the LangGraph graphs to the structured output that is written to disk.

Implementation data flow

Both conditions share one Qdrant store and emit the same response schema

Baseline

retrieve node generate node response schema

answer: bool
spans: [verbatim]

top-k chunks onhe LLM call

result
file

drant store
Q loops: repeated tool calls
dense + BM25
(shared)
per
condition

ReAct loop extract call response schema

answer: bool

search_contracts tool over message history spans: [verbatim]

Iterative

Figure 6.1: Internal data flow of the two conditions. The single-pass baseline is a two-node LangGraph graph: a retrieve node fetches the
top-k chunks from the shared Qdrant store and a generate node calls the language model once to produce the structured output. The
iterative condition uses a ReAct loop whose single search_contracts tool wraps the same store, accumulating retrieved chunks and
reasoning in the message history, after which a separate structured-output call reads the accumulated evidence and produces the final
answer. Both paths emit the same fixed response schema, a boolean verdict and an optional list of verbatim spans, which is written to a
per-condition result file.

6.4. Evaluation Pipeline

Each condition processes every question in the evaluation sample independently. For each question, the
condition runs its retrieval pipeline and produces a structured response: a boolean factual claim and an op-
tional list of verbatim supporting text spans. This response is compared against the ground-truth annotation
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to compute EM, token-level F1, and ROUGE-L as defined in Section 2.6.

EM is reported at three levels: aggregate across all instances, restricted to positive instances (ground-truth
clause exists), and restricted to absent instances (ground-truth clause is missing). This split separates each
condition’s ability to locate real clauses from its ability to correctly abstain when no clause is present.

This particular set of metrics is chosen for the legal setting for three reasons. They cover the full pipeline
output rather than only the retrieval step, they are deterministic and reproducible against the CUAD expert
annotations (Hendrycks et al., 2021), and they measure the factual claim and the supporting span as two
independent dimensions. Accurate clause extraction can fail in two distinct ways: a system may return a
correct verdict with incorrect supporting text (high EM, low F1), or retrieve the correct text but draw the wrong
factual conclusion (low EM, high F1). The EU AI Act classifies Al systems used in legal interpretation as high-
risk and requires under Article 14 that users can oversee and correct system outputs (European Parliament
and Council of the European Union, 2024). Reporting EM and span-level metrics separately makes both
failure modes visible to a reviewing professional, in line with that requirement.

Each model-condition pair produces a separate result file. The evaluation script scans for all result files
and computes metrics for each.



Results

This chapter reports the evaluation results. The main experiment is the large run on Gemma4 e4b, the open-
weight model hosted locally through Ollama, over 5427 paired questions. This run is treated as the primary
result because it is the largest, and because it could be carried out at no API cost on local hardware, as ex-
plained in Section 6.2. A second, smaller run on 1000 balanced questions, executed on both Gemma4 e4b
and GPT-5-mini, is then used to test whether the finding holds across two very different models. That run
is limited to 1000 questions mainly because GPT-5-mini is a paid API model and a larger run on it would
have been expensive, which is itself a limitation discussed in Section 8.2. R&E (Retrieve-and-Extract) is the
single-pass baseline and Iterative is the LLM-orchestrated method, both defined in Chapter 5. EM Overall is
Exact Match across all instances, where a prediction counts as correct only when the presence verdict and
the supporting span are jointly right, as defined in Section 2.6. Each Exact Match figure is the proportion
of instances scored correct, that is the mean of the per-instance one-or-zero outcomes, not a median. EM
Pos and EM Abs restrict Exact Match to present and absent instances. Token F1 measures unordered token
overlap between predicted and gold spans, and ROUGE-L measures the longest common subsequence, so it
also captures word order. Both span metrics are defined in Section 2.6.

Sections 7.1 to 7.4 answer the research question on the main experiment, namely what change in clause
extraction accuracy follows when the language model directs retrieval through LLM-orchestrated iterative
retrieval compared to single-pass retrieve-and-extract, and where any change comes from. Section 7.5 then
checks that the gain is not specific to one model by repeating the comparison on a second model.

7.1. Main Experiment: Accuracy Gain from Iterative Retrieval
Table 7.1 shows the aggregate scores for the main experiment, the 5427-pair run on Gemma4 e4b.

Table 7.1: Main experiment results, Gemma4 e4b on the 5427-pair run. EM Overall: Exact Match over all instances. EM Pos and EM Abs:
Exact Match on present and absent instances. Token F1: token-overlap F1 between predicted and gold spans (Rajpurkar et al., 2016).
ROUGE-L: longest-common-subsequence F1 (C.-Y. Lin, 2004). Each Exact Match value is a proportion (the mean of the per-instance
one-or-zero outcomes). The Gain row is the iterative score minus the baseline score. The best score in each column is shown in bold.
Values rounded to three decimals.

Condition EM Overall EMPos EMAbs TokenFl ROUGE-L
R&E (Gemma4 e4b) 0.687 0.668 0.698 0.341 0.308
Iterative (Gemma4 e4b) 0.744 0.734 0.750 0.505 0.467
Gain (A) +0.057 +0.066  +0.052 +0.164 +0.159

The iterative method beats the single-pass baseline on every metric. Overall Exact Match rises from 0.687
to 0.744, a gain of 0.057. The span metrics rise much more, with Token F1 climbing from 0.341 to 0.505 and
ROUGE-L from 0.308 to 0.467. Figure 7.1 shows all three gains together, a relative rise of about 8 percent on
Exact Match but 48 percent on Token F1 and 52 percent on ROUGE-L.

The size of the span gain relative to the Exact Match gain is the key reading. Exact Match only checks the
presence verdict, while Token F1 also measures how much of the correct clause text was found. Because F1
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Overall performance with 95% confidence intervals
gemmad:edb, 5,427 questions

I RAE (single-shot)
I [terative (agentic)

score

Exact match Token-F1 ROUGE-L
(all items) (positives) (positives)

Figure 7.1: Overall scores for the main experiment, Gemma4 e4b on the 5427-pair run, for the single-pass baseline and the iterative
method, with 95% confidence intervals. The Exact Match bar is EM Overall, scored over all instances including absent clauses, while
Token F1 and ROUGE-L are scored on present instances only, where a gold span exists. The iterative method improves all three metrics,
and the relative gain on the span metrics, Token F1 and ROUGE-L, is far larger than on Exact Match.

climbs far more than EM, the iterative method is not just flipping more verdicts from absent to present, it is
returning more complete clause text. That fits how legal contracts are written, where a clause often points to
a definition or condition stated in another section, as explained in Section 2.2. A single retrieval pass cannot
follow that pointer, but the iterative loop can issue a follow-up search once it sees one. Across all conditions
the two span metrics move together, with ROUGE-L staying a little below Token F1, by 0.03 to 0.05 in every
case, so the span gains are not an artefact of one metric’s formula. What this small, steady gap implies for the
quality of the extracted text is taken up in Section 8.

7.2. Statistical Significance of the Results

The gains in Table 7.1 are measured on a sample, so the next question is whether they are larger than what
sampling noise alone could produce. The tests used are the paired tests introduced in Section 5.5: McNe-
mar’s exact test for the binary Exact-Match outcomes, the Wilcoxon signed-rank test for the continuous span
metrics, and 95 percent confidence intervals from bootstrap resampling over contracts for the effect sizes.

Figure 7.2 shows the paired Exact-Match outcomes. The iterative method is correct on 934 questions
where the baseline fails, while the baseline is correct on only 623 where the iterative method fails. McNemar’s
test over these 1557 disagreements gives p = 3.2 x 1071%, and the overall EM gain of 0.057 has a 95% interval
of 0.043 to 0.072, so the interval stays well above zero. The span gains are even clearer. Wilcoxon’s test gives
p = 1.9 x 107% for Token F1 and p = 6.0 x 10752 for ROUGE-L. Every gain is significant far beyond the 0.001
level, so sampling noise is not a plausible explanation for the difference.

7.3. Source of the Gain
Figure 7.3 breaks the Exact-Match change down by clause category, iterative minus baseline.

The gain is not spread evenly. It is concentrated in a group of categories where single-pass retrieval misses
clauses that are actually present. The largest improvements are in Change Of Control (0.43 to 0.79), Govern-
ing Law (0.68 to 0.92), Insurance (0.62 to 0.91), and No-Solicit Of Employees (0.72 to 0.92), all significant by
McNemar’s test (McNemar, 1947). These are categories where the answer often depends on text that is spread
across the contract or defined away from the clause itself, which is exactly the case the iterative loop is built
for.

The same per-category breakdown for the span metrics, Figure 7.4, tells a stronger version of the same
story. The Token F1 and ROUGE-L gains are positive almost everywhere and larger than the Exact-Match
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Exact-match outcomes on the 5,427 paired questions (gemma4:e4b)

both wrong
765

RAE only
correct
623

57%
both correct
3105

iterative only
correct
934

McNemar's exact test on the 1557 disagreements (iterative-only 934 vs RAE-only 623): p = 3.2e-15 - iterative significantly better

Figure 7.2: Paired Exact-Match outcomes for the main experiment, Gemma4 e4b on the 5427-pair run. Both methods agree on 71%
of questions (57% both correct, 14% both wrong). The disagreements favour the iterative method, 934 to 623, and McNemar’s exact
test (McNemar, 1947) over these gives p = 3.2 x 10715,

Where the agentic loop helps and where it hurts
per category, gemmad4:e4b
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Figure 7.3: Change in Exact Match per clause category, iterative minus baseline, for the main experiment (Gemma4 e4b, 5427-pair run).
Most categories improve, a handful regress, and the regressions are the absent-clause categories discussed in Section 7.4.
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gains, which confirms that the iterative method mainly recovers more complete clause text rather than only
flipping verdicts.

Change in extraction quality (token-F1) per category Change in extraction quality (ROUGE-L) per category
gemmad:edb gemma4:edb
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Figure 7.4: Per-category change in the span metrics, iterative minus baseline, for the main experiment (Gemma4 e4b, 5427-pair run).
Token F1 (left) and ROUGE-L (right). Both rise across almost every category, and by more than Exact Match in Figure 7.3.

A smaller group of categories moves the other way. Exclusivity drops from 0.79 to 0.62 and Joint IP Own-
ership from 0.75 to 0.60, both significant. These regressions are not random. They sit almost entirely in
categories where the clause is usually absent, and they share one cause, which the next section examines
directly.

7.4. Cost of the Gain: False Positives on Absent Clauses

The cost of searching harder is more false positives on absent clauses. When the iterative loop keeps search-
ing, it sometimes assembles enough loosely related text to claim a clause exists when it does not. Figure 7.5
shows the five categories where the baseline scores higher, measured only on absent instances, where a per-
fect score of 1.0 means no false positives. In every one of these categories the iterative method produces more
false positives than the baseline, for example dropping from 0.90 to 0.41 on Uncapped Liability and from 0.85
to 0.41 on Exclusivity.

This trade-off is the central behaviour of the iterative method. Overall it is favourable, since the method
gains far more present clauses than it loses to false positives, which is why every aggregate metric improves.
Whether the trade is worth it in a given setting depends on which error is more costly, a point taken up in
Section 8.1.

7.5. Generalisation of the Gain Across Models

A natural follow-up is whether the gain depends on the particular model used. The dependence on model is
tested on the 1000-pair balanced set, the only set run on both models. Table 7.2 lists all four conditions, and
Figure 7.6 shows them with the per-model gains. In that figure the Exact Match group is the strict present-or-
absent verdict scored over all items, while Token F1 and ROUGE-L score how much of the gold clause text is
recovered and only on present instances, so the much larger span gains there are not directly comparable to
the Exact-Match gains.

Both models improve under the iterative method, and both gains are significant. GPT-5-mini, a large
closed API model, gains 0.089 on overall Exact Match (McNemar p = 5.5 x 107%), and Gemma4 e4b gains
0.065 (p = 5.2 x 107°), with both span metrics rising by 0.15 or more for each model (Wilcoxon p < 1071 in
every case). The gain therefore does not come from the scale or the API access of one model. It comes from
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Figure 7.5: Exact Match on absent instances only, for the five categories where the baseline beats the iterative method (Gemma4 e4b,
5427-pair run). A score of 1.0 means no false positives. The iterative method scores lower in each, so its regressions trace back to false
positives on clauses that are not there.

Table 7.2: Cross-model comparison on the 1000-pair balanced set, run on both models. Columns are as in Table 7.1.

Condition EM Overall EMPos EMAbs TokenF1 ROUGE-L
R&E (Gemma4 e4b) 0.676 0.652 0.700 0.346 0.315
R&E (GPT-5-mini) 0.711 0.536 0.886 0.314 0.283
Iterative (Gemma4 e4b) 0.741 0.714 0.768 0.500 0.472
Iterative (GPT-5-mini) 0.800 0.860 0.740 0.538 0.490

Two models x two methods — same 1,000 balanced questions

1.0 A
+13%
% 080
0.8 +10%
074 o1
o.fe I
71%
0.6 +44% *
< 0:54 +50% +73%
0Fo
§ o7 049
0.4 4
ors
OTI nrz
OTB
0.2 A
0.0
Exact match Token-F1 ROUGE-L
(all items) (positives) (positives)
gemmad:edb (RAE) EmE gemmad:edb (lterative) GPT-5-mini (RAE) B GPT-5-mini (Iterative)

Figure 7.6: Cross-model comparison on the 1000-pair balanced set, with the iterative-versus-baseline gain shown above each model’s
bars. The left group is Exact Match, the strict present-or-absent verdict scored over all 1000 items, including absent clauses. The other
two groups are different metrics: Token F1 and ROUGE-L score how much of the gold clause text the system recovers, and only on
instances where a clause is actually present. The difference in scoring scope is why the Exact-Match gains (about 10 to 13 percent) look
smaller than the span gains (44 percent and above): the metrics measure different things, not the same thing at different sizes. Both
models still improve on all three, and under the iterative method the small local model matches the large API model on the span metrics.
Error bars are 95% confidence intervals.
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the retrieval design, which both models share. The Gemma4 e4b result on this balanced set, a rise from 0.676
to 0.741, matches the 0.687 to 0.744 rise of the main experiment, so the two sets agree and the balanced set
can be read against the larger run with confidence.

A further comparison sharpens the point. Under the iterative method, GPT-5-mini still leads on overall
Exact Match, 0.800 against 0.741, and that lead is significant (p = 3.5x 107°). On span quality, however, the two
models are statistically tied. Wilcoxon’s test finds no significant difference in Token F1 (p = 0.07) or ROUGE-L
(p = 0.50) between the two iterative conditions. In plain terms, once the small local model is allowed to direct
its own search, it extracts clause text about as well as the large API model. The practical reading is that a
team that cannot use a commercial API can still gain most of the benefit with a small model run on its own
hardware.



Discussion

The results answer the research question directly. Letting the model direct retrieval improves clause extrac-
tion accuracy over the single-pass baseline. In the main experiment, the 5427-pair run on Gemma4 e4b,
the iterative method beats the baseline on every metric, and the gain is statistically significant in every case
(Section 7.2).

The gain is also not specific to one model. A large closed API model and a small open-weight model
run on local hardware both improve under the iterative method, and by a comparable margin (Section 7.5).
The comparable improvement across both models is the strongest sign that the benefit is a property of the
retrieval design rather than of any one model’s scale or access. The sharpest version of this point is that, on
the quality of the extracted text, the small local model catches up to the large API model once both are allowed
to direct their own search. The practical implication is that the extraction-quality benefit does not require a
frontier model or a paid API, which lowers the barrier for teams that work under cost or data-privacy limits.
The rest of this chapter traces the mechanism behind the gain, examines the error trade-off the iterative
method introduces, and discusses what its use would mean in practice.

The accuracy gain extends to legal contracts despite two structural differences from the general-domain
settings where iterative retrieval was first studied. IRCoT, FLARE, Iter-RetGen, and Self-RAG all showed gains
from iterative retrieval, but they were tested on Wikipedia-based benchmarks where every question has a
positive answer (Trivedi et al., 2023; Shao et al., 2023; Jiang et al., 2023; Asai et al., 2024).

Legal contracts differ in two ways that could reduce this advantage: most clause categories are absent
rather than present, and the task is to extract exact text rather than generate a free-form answer. The gain
still appears, which aligns with the finding of Y. Lin et al. (2025) that nearly half of traditional RAG failures
happen because the right passage is never retrieved in the first place. The failure to retrieve the right passage
is a retrieval problem, and it applies regardless of what the downstream task requires.

The Token F1 gains are larger than the Exact Match gains, and this gap shows what the iterative loop ac-
tually changes. Exact Match only checks whether the presence-or-absence verdict is right. Token F1 also
measures how much of the correct clause text was retrieved. When F1 improves more than EM, as it does
for both models, the model is finding more complete clause text, not just getting the verdict right more of-
ten. The larger F1 gain makes sense given how legal contracts are structured, as described in Section 2.2. A
termination clause might refer to a notice period defined in a different section, and an assignment restric-
tion might depend on conditions stated under a separate heading. A single retrieval pass cannot follow these
cross-references. A ReAct loop can, because it can issue a follow-up query once it has located a pointer to the
relevant section.

The small, steady gap between Token F1 and ROUGE-L points the same way. ROUGE-L stays a little be-
low Token F1, by 0.03 to 0.05 in every case, which is the expected pattern for verbatim extraction. Token F1
gives credit for any shared tokens regardless of order, while ROUGE-L requires the same order, so a small
gap means the extracted spans keep the original word order of the contract rather than reshuffling or para-
phrasing it. Because both metrics rise together whenever the iterative method wins, the span gains are a real
improvement in retrieval quality and not an artefact of one metric’s formula.

The most important finding is the shift in how GPT-5-mini balances false positives and false negatives
between the two conditions. In the single-pass condition, GPT-5-mini is strongly conservative: it correctly
identifies most absent clauses but misses many clauses that are actually present. Hendrycks et al. (2021) note
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that models trained on CUAD “typically learn to always output the empty span, since this is usually the correct
answer” due to extreme class imbalance. The same pattern appears in the RAE condition at inference time:
when the model does not find strong evidence that a clause exists, it defaults to reporting it as absent. The
iterative condition changes this. By searching across multiple queries, the model collects enough evidence to
commit to a positive answer in cases where a single pass found nothing. The cost is a drop in absent Exact
Match. The drop in absent Exact Match is not a flaw in the architecture. FLARE'’s ablation study shows a sim-
ilar effect in general-domain retrieval: retrieving too often can hurt performance because the extra passages
introduce noise (Jiang et al., 2023). Here, the same effect appears as a shift in error types: more true positives
but also more false positives, while overall accuracy still improves. Which condition to use should therefore
depend on what type of error is more costly. In due diligence, where a missed clause can have real legal con-
sequences, the higher recall on present clauses is likely worth the increase in false positives. In high-volume
screening, where false positives create extra review work, the single-pass condition may be the better choice.
The Gemma4 e4b results are worth noting here: it improves on both positive and absent instances without
shifting toward more false positives, suggesting that smaller or more conservative models may suit use cases
where false positives are costly.

Iterative retrieval is more expensive to run. The added cost is a recognised issue across the literature.
IRCoT notes that its gains “come with an additional computational cost” because the framework makes a
separate model call at each reasoning step (Trivedi et al., 2023). FLARE similarly observes that interleaving
generation and retrieval “increases both overheads and the cost of generation” (Jiang et al., 2023). In a legal
retrieval setting, L-MARS finds that deep search is roughly 40 times slower than shallow retrieval. (Z. Wang
and Yuan, 2025). The accuracy gains are real but come with a cost in latency and API usage, and whether
that trade-off is worth it depends on the use case. Self-RAG shows that tuning how often retrieval is triggered
can keep most of the accuracy gain while reducing the number of retrieval calls (Asai et al., 2024). Whether a
smaller retrieval budget would keep most of the gain for clause extraction is an open question this study does
not settle.

The cross-model consistency is the clearest evidence that the gain comes from the retrieval design rather
than from any particular model. Both models benefit from iterative retrieval despite being very different in
size and architecture, which points to the gain coming from the retrieval design itself rather than from any
particular model’s capabilities. Watson et al. (2025) describe their agentic legal system as “applicable for both
closed and open-source models,” in contrast to fine-tuned systems tied to a specific architecture. The results
here extend that observation: both a large closed API model and a small locally-run open-weight model ben-
efit from the ReAct loop, without any legal-domain fine-tuning. The main requirement for capturing this gain
appears to be the ability to produce reliable structured tool calls, a capability that is now available across a
wide range of models.

8.1. Temporal and Societal Implications

The problem this thesis studies is current and pressing. Legal hallucination rates between 58% and 88% were
measured only in 2024 (Dahl et al., 2024), the EU Al Act entered into force in 2024 (European Parliament and
Council of the European Union, 2024), and most of the legal retrieval work cited here is from 2024 and 2025.
The question of how to use language models safely on legal documents is being decided now, while the tools
are already reaching practice, so the trade-offs below are not hypothetical.

The role of the lawyer. A system like the one studied here does not replace a lawyer. It changes what the
lawyer spends time on. The verbatim-extraction design returns the actual clause text or a null, so the lawyer
reads a specific passage and decides what it means, rather than reading a generated summary and trying to
trust it. The model does the slow work of finding candidate text across a long contract, and the human keeps
the judgment about what the text implies, a division between locating text and interpreting it that the legal
NLP literature already draws (Ariai et al., 2024). This division is also what the EU AI Act asks for. Article 14
requires that a person can oversee and correct the system’s output (European Parliament and Council of the
European Union, 2024), and that is only possible when the output is a piece of the document the lawyer can
check.

Benefits and risks. The main benefit is speed with traceability. Every answer points to text the lawyer can
verify, and because the system can run on a small local model, a firm with privacy or budget limits can use it
without sending contracts to an external API. The main risk is over-reliance. If a reviewer treats the system as
a final answer rather than a starting point, the value of human oversight is lost. The two error types carry very
different weight here, which is the next point.
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Why a false positive is the safer error. The results show that the iterative method finds more real clauses
but also raises false positives on absent clauses (Section 7.4). In the legal setting this trade is usually worth
it. A false positive shows the lawyer a passage that turns out not to be the clause, which the lawyer can read
and dismiss in seconds. A false negative tells the lawyer that no such clause exists, which invites them to stop
looking. A missed liability cap or change-of-control term can have real legal consequences, while a wrongly
flagged passage mostly costs a moment of review. For uses that touch the administration of justice or legal
interpretation, which the EU Al Act places in its high-risk category (European Parliament and Council of the
European Union, 2024), the system must support human judgment rather than quietly close off a line of
inquiry. Showing the human something to check, even when it is wrong, fits that duty better than confidently
reporting that nothing is there. This reframes the higher false-positive rate of the iterative method as a feature
for high-stakes review, not only as a cost.

8.2. Limitations
Several limitations constrain what this study can and cannot conclude.

Single dataset. The evaluation uses only CUAD (Hendrycks et al., 2021), which consists of commercial
contracts sourced from the SEC EDGAR system. These are heavily negotiated agreements between large,
publicly traded companies and may not represent the full range of contracts encountered in legal practice.
Employment agreements, consumer contracts, real estate leases, and non-disclosure agreements follow dif-
ferent structural conventions and use different vocabulary. Whether the findings generalise beyond EDGAR-
type agreements is an open question that can only be answered by replication on other contract collections.

Sampled evaluation sets and API cost. The main experiment covers 5427 of the roughly 18000 QA pairs,
stopped there because the local run already took about two weeks of compute. These pairs are a continuous
slice of the dataset in contract order rather than a random sample, so although they span every clause cat-
egory, they do not draw uniformly from across the whole pool, and results carry sampling uncertainty. The
cross-model comparison is smaller still, a balanced 1000-pair set, mainly because GPT-5-mini is a paid API
model and a larger run on it would have been costly. The cross-model conclusions therefore rest on less data
than the main experiment, and all figures should be read as estimates rather than exact values.

No domain fine-tuning. Both the orchestrator and the extraction language model are general-purpose
models with no legal-domain fine-tuning. The query-reformulation strategies the Iterative condition uses
are therefore derived from general language patterns rather than legal vocabulary or contract structure. A
model fine-tuned on contract language and cross-referencing patterns might produce larger or smaller gains
than those observed here.

Tool-call reliability as a deployment constraint. The Iterative condition requires the language model
to produce valid structured tool calls at each step of the retrieval loop. Both GPT-5-mini and Gemma4 e4b
demonstrated reliable tool-call behaviour in this study, confirming that iterative retrieval is not limited to
frontier API models. However, not all models handle structured tool-call schemas equally well. During devel-
opment, attempts with other local open-weight models produced malformed JSON, ignored the tool schema,
or returned free-text responses where a structured call was expected. Tool-call reliability therefore remains
a meaningful deployment constraint: models that cannot consistently produce valid tool calls will fail in the
iterative loop regardless of their general language quality.

Computational cost of the Iterative condition. Each run of the Iterative condition can issue up to 35
retrieval calls per question. Across 1000 evaluation pairs this makes the Iterative condition substantially more
expensive in API calls and wall-clock time than the Retrieve-and-Extract condition, which issues a single
retrieval call per question. In a production setting, cost and latency matter alongside accuracy. This study
measures accuracy only and does not report cost or latency figures.

Evaluation metric strictness. Exact Match is a strict metric: a prediction that captures the correct clause
but differs from the ground-truth annotation by even a single token is counted as wrong. CUAD annotations
can include slight variations in span boundaries for the same underlying clause, and the dataset does not
provide multiple acceptable spans (Hendrycks et al., 2021). EM may therefore undercount correct answers
that differ only in how far the span extends before or after the clause text. Token-level F1 partially mitigates
this by giving partial credit for overlapping spans, but it is not immune to span-boundary variation either.

Fixed retrieval parameters. The chunk size, overlap, and retrieval budget (k = 5) are held constant across
both retrieval conditions. These parameters were chosen to enable a controlled comparison, but they may
not be optimal for either condition. A larger k might allow the Retrieve-and-Extract condition to close some of
the gap with the Iterative condition by giving the language model more context in its single pass. Conversely,
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a smaller chunk size might better preserve clause boundaries and improve precision for both conditions. The
effect of these choices is not isolated in this study.

Open-corpus difficulty layered on the comparison. The evaluation is open-corpus: every question is
answered by searching all 510 contracts, and the question names only the contracting parties, so the system
must first identify which contract is meant and then find the clause within it. This mirrors the realistic setting
in which a practitioner knows the parties but retrieves from a collection of agreements rather than browsing a
single file. It also adds a difficulty that the research question does not isolate, since both conditions must solve
the contract-identification problem on top of the clause-extraction problem. The reported scores therefore
reflect performance under this combined burden rather than clause extraction alone, and a single-document
setup might show different absolute numbers for both conditions.

Cross-document comparison not evaluated. Although the evaluation is open-corpus and the system
searches across all 510 contracts, each question targets a single contract and a single clause. The system
is not asked to compare clauses across contracts, check consistency between an amendment and a master
agreement, or aggregate information from multiple related documents. In practice, legal review often in-
volves exactly these cross-document tasks, and the evaluation design cannot speak to them.



Conclusion

This thesis posed a single research question: what is the change in clause extraction accuracy when the lan-
guage model directs retrieval, through LLM-orchestrated iterative retrieval, compared to single-pass retrieve-
and-extract on legal contracts. To answer it, a controlled experiment was run on the CUAD benchmark (Hendrycks
et al., 2021), comparing single-pass retrieve-and-extract against LLM-orchestrated iterative retrieval while
keeping all other components fixed.

Letting the language model direct retrieval produces a measurable improvement in clause extraction ac-
curacy. In the main experiment, the 5427-pair run on the locally hosted Gemma4 e4b, the iterative method
improves overall Exact Match from 0.687 to 0.744 and token-level F1 from 0.341 to 0.505, and every gain
is statistically significant under paired tests. The F1 gains are especially notable because they reflect more
complete span retrieval, not just a shift in the presence-or-absence verdict, and ROUGE-L tracks F1 closely
throughout, so the improvement is a real retrieval-quality gain rather than an artefact of the metric.

The gain is also not specific to one model. On the balanced cross-model set, GPT-5-mini improves from
an overall Exact Match of 0.711 to 0.800 and Gemma4 e4b from 0.676 to 0.741, the latter matching the main
experiment. Both a large closed API model and a compact locally-run open-weight model therefore benefit
from the iterative method, and on span quality the small local model is statistically tied with the large API
model. The fact that the gains are consistent across models suggests that the improvement comes from the
retrieval design rather than from model scale, with the practical consequence that a deployment that can-
not use a commercial API can still capture most of the benefit with a local model. The verbatim extraction
formulation used throughout, returning the actual clause text or null rather than a generated answer, is also
consistent with the human oversight requirements of the EU Al Act (European Parliament and Council of the
European Union, 2024), since it gives the reviewing lawyer a specific piece of contract text to verify rather
than a synthesized conclusion to accept or reject.

This thesis contributes a controlled gap study and a reproducible baseline for the legal retrieval domain.
To the best of our knowledge, no prior work has directly compared single-pass and iterative LLM-directed
retrieval for extractive clause identification on CUAD while holding all other components fixed. The results
quantify that gap, support the use of iterative retrieval for this task, and provide a reproducible reference
point for future work comparing retrieval architectures in the legal domain.
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Future Work

Several directions remain open for future work.

First, the evaluation covers only EDGAR contracts from the CUAD dataset. These are heavily negotiated
commercial agreements from publicly traded US companies and may not represent the full range of contract
types found in legal practice. Testing the approach on other collections, such as employment agreements,
consumer contracts, or real estate documents, would show whether the findings hold beyond EDGAR-type
agreements.

Second, CUAD queries are answered within a single document, so the current evaluation does not test
cross-document retrieval. In practice, contract review often involves comparing clauses across multiple
agreements or checking amendments against a master agreement. Extending the approach to multi-document
retrieval is a natural next step.

Third, the query-reformulation strategies in the iterative system rely on general-purpose models with no
legal-domain fine-tuning. Fine-tuning the model on legal vocabulary or cross-referencing patterns could
produce larger gains than those observed here.

Fourth, the iterative retrieval loop does not keep any memory across clause categories within the same
contract. Information found while answering one category may be directly useful for another category in the
same document. A memory mechanism that carries intermediate findings across categories could reduce
redundant retrieval and make answers within a single contract more consistent.

Fifth, the iterative retrieval issues up to 35 search calls per question, compared to one call for the retrieve
and extract case. The higher call count makes it substantially more expensive in tokens and wall-clock time.
Future work could investigate whether a smaller retrieval budget, for example a maximum of five calls, retains
most of the accuracy gain while reducing cost, or whether a larger budget is needed to achieve the observed
performance. Such a cost-accuracy analysis would help practitioners decide how much of the iterative ad-
vantage is achievable at a given cost constraint.

Finally, Gemma4 e4b achieved competitive results at only 4 billion parameters. Future work could test
even smaller models in the 1 to 3 billion parameter range to identify the minimum model size that can reliably
produce valid tool calls and benefit from the iterative loop. A smaller model would further lower the barrier
to deploying iterative retrieval in settings where GPU resources or API budgets are limited.
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Code Availability and Use of Al

11.1. Code Availability

The full source code for this thesis is publicly available athttps: //github. com/AsthenicDog390/master_
thesis_public. The repository contains the retrieval pipeline, the implementation of the baseline and the
proposed method, the question-generation and evaluation scripts, and the statistical analysis, so that the
experiments and results reported here can be reproduced.

11.2. Use of Al

This section declares how artificial intelligence tools were used in the course of this thesis.

In the experiments. The systems studied in this thesis are large language models, which are used in both
the baseline and the proposed method (Chapters 5 and 6). Al coding assistants were also used to help write,
debug, and improve the experimental code and evaluation scripts. All generated code was reviewed, tested,
and validated. The experimental design, implementation, analysis, and interpretation of the results were
carried out by me.

In writing. Al-based writing assistants were used to improve the grammar, clarity, and wording of the text.
These tools were used only on text that I had already written, and all suggested changes were reviewed before
being included. The ideas, methodology, analysis, and conclusions presented in this thesis are my own. Al
tools were used only to help improve the writing and did not contribute to the research itself.

In the cover image. The image on the title page was generated with an OpenAl image-generation model.
It is purely decorative and plays no part in the research, the methodology, or the results.
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Additional Result Figures

This appendix collects the per-category figures that support the analysis in Chapter 7 but are not needed to
follow the main argument. The per-category results for the main experiment are shown inline in Section 7.3;
this appendix holds the same breakdown for the balanced cross-model set and a direct model-versus-model
comparison. Each forest plot shows the change per clause category, with bars to the right favouring the
iterative method (or, for the cross-model plots, the stronger model).

A.1. Per-Category Changes on the Balanced Set

Figures A.1 to A.3 show the iterative minus baseline change per category on the balanced 1000-pair set, one
metric per figure with Gemma4 e4b on the left and GPT-5-mini on the right. The same broad pattern holds
for both models, most categories improve and a small absent-heavy group regresses, which mirrors the main

experiment in Section 7.3.
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Figure A.1: Per-category change in Exact Match on the balanced 1000-pair set, iterative minus baseline. Gemma4 e4b (left) and GPT-5-
mini (right). Bars to the right favour the iterative method.
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Figure A.2: Per-category change in Token F1 on the balanced 1000-pair set, iterative minus baseline. Gemma4 e4b (left) and GPT-5-mini
(right). Bars to the right favour the iterative method.

quality (ROUGE-L) change per category (1k set)

GPT-5-mi

— extraction-quality (ROUGE-L) change per category (1k set)

Irrevocable Or Perpetual License 050 Most Favored Nation
Uncapped Liability os7 Affiliate License-Licensor
Governing Law Irtevocable Or Perpetual License
Renewal Term Governing Law
Non-Transferable License Liquidated Damages
Termination For Convenience Notice Period To Terminate Renewal
Exclusivity No-Solicit Of Employees
Ip Ownership Assignment Expiration Date
Notice Period To Terminate Renewal Termination For Convenience
Revenue/Profit Sharing Audit Rights
Cap On Liability Uncapped Liability
Affliate License-Licensor Exclusivity
Competitive Restriction Exception Ip Ownership Assignment
Joint Ip Ownership Covenant Not To Sue
Non-Disparagement Renewal Term
Warranty Duration Change of Control
Anti-Assignment Non-Compete.
Liquidated Damages Anti-Assignment
Affiliate License-Licensee License Grant
Covenant Not To Sue imited/AllYou-Can-Eat-License
Roft/Rofo/Rofn RevenuefProfit Sharing
Insurance Cap On Liability
Change Of Control PostTermination Services
Audit Rights Warranty Duration
Non-Compete Rofr/Rofo/Rofn
Expiration Date Non-Disparagement
PostTermination Services Jirt Ip Ownership
Effective Date NonTransferable License
License Grant No-Solicit Of Customers
No-Solicit Of Employees Affiliate License-Licensee
Source Code Escrow Insurance
Unlimited/AllYou-Can-Eat License Effective Date
“Third Party Beneficiary Source Code Escrow
Most Favored Nation Competitive Restriction Exception
No-Solicit Of Customers “Third Party Beneficiary
Minimum Commitment 005 Minimum Commitment
Volume Restriction 209 Volume Restriction

- terative better m—terative better

- RAE better . RAE better

0. .
A ROUGE-L (Iterative — RAE)

0.2 0.4

-0.75

-0.50 -0.25 0.00 0.25 0.50 0.75
2 ROUGE-L (Iterative — RAE)

Figure A.3: Per-category change in ROUGE-L on the balanced 1000-pair set, iterative minus baseline. Gemma4 e4b (left) and GPT-5-mini
(right). Bars to the right favour the iterative method.
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A.2. Model-versus-Model Comparison
Figures A.4 and A.5 compare the two models directly under the iterative method on the balanced 1000-pair
set, GPT-5-mini minus Gemma4 e4b per category. Bars near zero mean the two models behave alike on that

category.
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Figure A.4: GPT-5-mini minus Gemma4 e4b under the iterative method, per category, on the balanced 1000-pair set. Exact Match (left)
and Token F1 (right). Bars to the right favour GPT-5-mini.
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Figure A.5: GPT-5-mini minus Gemma4 e4b under the iterative method, per category, on the balanced 1000-pair set, for ROUGE-L. Bars

to the right favour GPT-5-mini.
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