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Abstract

Legal contract understanding often requires
connecting information distributed across mul-
tiple clauses and cross-referenced provisions.
While Retrieval-Augmented Generation (RAG)
grounds Large Language Models (LLMs) in rel-
evant evidence, conventional retrieval primarily
prioritizes direct query relevance and may over-
look supporting contractual context. We pro-
pose the Multi-View Contract Graph (MCG),
a contract-specific knowledge graph that mod-
els semantic, entity, keyword, and structural
relationships among clauses. By traversing
these relationships, MCG retrieves support-
ing evidence that may not directly match the
query but is necessary for accurate interpreta-
tion. We evaluate MCG on the Contract Un-
derstanding Atticus Dataset (CUAD), cover-
ing 15 information categories, including audit
rights, governing laws, and liability-related pro-
visions. Across five open-source LLMs, MCG
consistently outperforms traditional retrieval,
achieving a best F} score of 0.460 with Mistral-
7B-Instruct-v0.3. Compared with BM25-RAG
and ColBERT-RAG, the best MCG configu-
ration improves Fj by approximately 10.0%
and 12.2%, respectively. These results demon-
strate that modeling clause-level relationships
improves retrieval and information extraction
for legal contracts.

1 Introduction

Legal contracts are fundamental to business opera-
tions, governing commercial relationships, regula-
tory compliance, procurement, licensing, employ-
ment, and risk management (Junior et al., 2026;
Khan, 2022). As organizations manage growing
volumes of increasingly complex contracts, auto-
mated contract understanding has become essential
for contract governance, legal analytics, and con-
tract lifecycle management (Liu et al., 2025). De-
spite rapid advances in LLMs, contract understand-
ing remains challenging because critical informa-
tion is often distributed across multiple clauses and

53

Preethu Rose Anish
TCS Research, India
preethu.rose@tcs.com

sections within a contract (Singh et al., 2025, 2026).
Interpreting a contractual provision frequently re-
quires supporting context found elsewhere in the
agreement, such as related obligations, defined
terms, dates, or notice related requirements (Wang
et al., 2025). For example, a termination clause
may depend on a notice period defined elsewhere,
while a licensing provision may rely on distant
definitions or exclusions. Thus, understanding con-
tractual intent often requires reasoning across inter-
connected clauses rather than analyzing provisions
in isolation.

Retrieval-Augmented Generation (RAG) has
emerged as a widely adopted approach for ground-
ing LLMs through lexical and semantic retrieval.
However, contract understanding remains challeng-
ing because relevant evidence is often distributed
across non-adjacent clauses, cross-referenced pro-
visions, and structurally related sections (Liu et al.,
2025). Conventional retrieval methods primarily
optimize query relevance and may overlook sup-
porting provisions needed for accurate interpreta-
tion. Such evidence may be linked through def-
initions, obligations, temporal conditions, cross-
references, and recurring contractual concepts. Ex-
isting knowledge graph approaches have demon-
strated the value of structured relationships for le-
gal retrieval and reasoning, but largely focus on
relationships among legal entities, statutes, cases,
and legal concepts. In contrast, contract analy-
sis requires modeling heterogeneous dependen-
cies among clauses within the same document.
To address this gap, we propose the Multi-View
Contract Graph (MCG), a contract-specific knowl-
edge graph that integrates semantic, entity-level,
keyword-based, and structural relationships among
clauses. Given a query, MCG first identifies rel-
evant anchor clauses and then expands retrieval
through graph-connected clauses to recover sup-
porting evidence that may be missed by similarity-
based retrieval. The resulting evidence is provided
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to an LLLM for contract question answering and
information extraction.

We evaluate MCG on contracts from
the Contract Understanding Atticus Dataset
(CUAD) (Hendrycks et al., 2021), selecting 15
categories from the original 41 annotations to
cover diverse contractual information, including
dates, parties, governing law, licensing, renewal,
audit rights, and liability provisions. Defini-
tions of the selected categories are provided
in Table 1. While CUAD formulates contract
review as an extractive span-detection task, our
setting reformulates it as retrieval-augmented
contract information extraction, where relevant
and supporting evidence must first be retrieved
and then interpreted to answer category-specific
questions. This enables evaluation of whether
retrieval methods can recover evidence distributed
across multiple clauses rather than simply identify
a predefined span. We compare MCG with
extractive QA, BM25-RAG (Robertson and
Zaragoza, 2009), ColBERT-RAG (Khattab and
Zaharia, 2020), and Dense-Retrieval-RAG (Lewis
et al.,, 2020) across five open-source LLMs
(Mistral-7B-Instruct-v0.2 (Jiang et al., 2023),
Mistral-7B-Instruct-v0.3 (Jiang et al., 2023),
Llama-3-8B-Instruct (Grattafiori et al., 2024),
Saul-7B-Instruct-vl (Colombo et al., 2024), and
Qwen-7B-Chat (Bai et al., 2023)). MCG consis-
tently achieves the strongest performance, with the
best configuration attaining an F; score of 0.460
using Mistral-7B-Instruct-v0.3, improving over
BM?25-RAG and ColBERT-RAG by approximately
10.0% and 12.2%, respectively.

The contributions of this paper are threefold: (1)
We propose a graph-enhanced retrieval strategy that
extends retrieval beyond directly relevant clauses
by leveraging weighted inter-clause relationships
to recover supporting contractual context. (2) We
introduce the Multi-View Contract Graph (MCQG),
which integrates semantic, entity-level, keyword-
based, and structural relationships to model depen-
dencies among contract clauses. (3) We demon-
strate through evaluation on CUAD across 15 con-
tract information categories and five open-source
LLMs that MCG consistently outperforms extrac-
tive QA and multiple retrieval-based baselines.

2 Literature Review

Knowledge Graphs (KGs) have been widely ex-
plored for representing legal knowledge and sup-

54

porting legal information retrieval, reasoning, and
question answering. Early efforts focused on con-
structing structured legal knowledge bases from
case law and statutory documents. For example,
dAmato et al. (2025) developed an ontology-driven
knowledge graph for European Court of Human
Rights, while Jain et al. (2022) proposed an RDF-
based legal knowledge graph for Indian Supreme
Court judgments. Similarly, Sovrano et al. (2020)
introduced a knowledge extraction framework that
leveraged structured legal representations to sup-
port knowledge graph-driven legal question answer-
ing. These studies demonstrated the value of ex-
plicit knowledge representations for enhancing le-
gal search and reasoning.

Subsequent research investigated the integra-
tion of knowledge graphs with legal text process-
ing and semantic retrieval. Filtz et al. (2021) pro-
posed a linked legal data framework connecting le-
gal resources across jurisdictions through standards
such as ELI and ECLI. The Lynx platform (Schnei-
der et al., 2022) further combines legal knowledge
graphs with multilingual NLP services, including
entity linking, temporal analysis, semantic simi-
larity computation, question answering, and sum-
marization. These efforts highlighted the benefits
of coupling structured knowledge with natural lan-
guage processing capabilities, while also exposing
practical challenges related to annotation costs, ex-
traction complexity, and the limited availability of
large-scale legal evaluation benchmarks.

More recently, knowledge graphs have been
integrated with retrieval-augmented generations
and large language models. Calvin Barron et al.
(2025) proposed a legal KG-RAG architecture that
combines vector retrieval, knowledge graphs, and
topic modeling to support grounded legal ques-
tion answering. Chen et al. (2026) introduced
the Case-Enhanced Law Article Knowledge Graph
(CLAKG), which combines statutory provisions,
case law, graph embeddings, and constrained LLM
for legal recommendation tasks. Similarly, Li et al.
(2024) explored knowledge-enhanced LLMs for le-
gal knowledge extraction, while Pham et al. (2026)
demonstrated the effectiveness of graph-based rea-
soning through explicit modeling of legal concepts
and inference rules. Collectively, these approaches
illustrate a growing trend toward combining struc-
tured knowledge representations, semantic retrieval
mechanisms, and LLMs to improve legal-Al sys-
tems.

Despite these advances, contract understanding



Table 1: Contract Information Extraction Categories Extracted from CUAD Contracts.

Category

Definition

Agreement Date

The date on which the agreement was executed or signed by the contracting parties.

Audit Rights A contractual provision granting one party the right to inspect, verify, or review the
records, processes, or compliance activities of another party.
Cap on Liability A clause specifying the maximum amount of financial liability or damages that a party

may be required to pay under the agreement.

Effective Date

The date on which the rights, obligations, and terms of the agreement become legally
effective.

Exclusivity

A provision granting exclusive rights or restricting parties from entering similar agree-
ments with competitors or third parties.

Expiration Date-Answer

The specific calendar date stated in the agreement on which the contract expires or
terminates.

Expiration Date

A clause describing the conditions or timing under which the agreement expires or ceases
to remain in effect.

Governing Law

The jurisdiction or legal framework whose laws govern the interpretation and enforcement
of the agreement.

Insurance

A contractual requirement that one or more parties maintain specified insurance coverage
during the term of the agreement.

License Grant

A provision defining the rights, permissions, and scope of use granted by one party to
another over intellectual property, software, or other assets.

Non-Compete

A clause restricting a party from engaging in activities that compete with the business
interests of another party during or after the agreement term.

Notice Period to Terminate
Renewal

The advance notice required to prevent or terminate an automatic contract renewal.

Parties

The legal entities or individuals entering into the agreement, including any defined names
or aliases used within the contract.

Renewal Term

The duration and conditions under which the agreement may be renewed or extended
beyond its initial term.

Uncapped Liability

A provision specifying obligations or circumstances for which liability is not subject to

any contractual monetary limit.

presents challenges that differ substantially from
those encountered in case of law retrieval, statu-
tory reasoning, or legal recommendation. Existing
legal knowledge graph systems primarily model
relationships among legal entities, cases, statutes,
and legal concepts. In contrast, contract analy-
sis often requires identifying dependencies among
clauses within the same document, where critical
contextual evidence may be distributed across non-
adjacent sections connected through definitions,
obligations, exceptions, temporal conditions, and
structural references. Conventional retrieval meth-
ods generally prioritize direct query relevance and
may therefore fail to recover supporting contrac-
tual context necessary for accurate interpretation.
Moreover, existing KG-RAG approaches typically
emphasize document-level or concept-level rela-
tionships rather than fine-grained clause-level de-
pendencies.

To address this gap, we propose the Multi-
View Contract Graph (MCG), a contract-specific re-
trieval framework that models clause-level relation-
ships using multiple complementary views, includ-
ing semantic similarity, named entities, contractual
keywords, and document structure. By combining
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these heterogeneous relationship types within a uni-
fied graph representation, MCG enables retrieval
to extend beyond directly relevant clauses and re-
cover supporting contractual evidence required for
downstream contract question answering and infor-
mation extraction.

3 Methodology

3.1 Overview

We propose MCG, a contract-specific knowledge
graph and graph-based retrieval framework for con-
tract question answering and information extrac-
tion. The key motivation is that contractual infor-
mation is often distributed across multiple clauses
that may be related through shared entities, con-
tractual concepts, or document structure. Conven-
tional retrieval methods typically rank text chunks
according to their direct relevance to a query and
may therefore fail to recover supporting clauses
required for complete contractual interpretation.
MCG addresses this limitation by represent-
ing each contract as a contract-specific knowl-
edge graph that serves as a structured memory
representation of contractual knowledge, whose
nodes correspond to semantically coherent contract



chunks. Each node is enriched with three com-
plementary views of contractual content: dense
semantic embeddings, named entities, and contrac-
tual keywords. Relationships between nodes are
modeled using semantic similarity, entity overlap,
keyword overlap, and positional proximity within
the document. At query time, MCG first identi-
fies relevant clauses through semantic matching
and subsequently expands retrieval through graph-
connected clause expansion to recover supporting
context. The retrieved clauses, together with their
associated metadata, are then provided to a down-
stream LLM for answer generation. The framework
consists of two stages: (i) contract preprocessing
and graph construction, (ii) graph-based retrieval
and LLM-based answer generation. An overview
of the proposed method is illustrated in Figure 1.

3.2 Multi-View Contract Graph Construction

Given a contract document D, MCG first con-
structs a weighted graph representation of the docu-
ment. Text is extracted from PDF files and normal-
ized through Unicode standardization, correction
of broken hyphenation, removal of page-level ar-
tifacts, whitespace normalization, and filtering of
non-standard characters.

Unlike fixed-size chunking approaches, MCG
employs semantic chunking to generate seman-
tically coherent contract segments. The docu-
ment is first divided into individual sentences, and
each sentence is encoded using the all-MiniLM-L6-
v2 (Wang et al., 2021) Sentence Transformer due
to its favorable trade-off between retrieval quality
and computational efficiency. The proposed MCG
framework is model-agnostic and does not depend
on a specific embedding architecture. Alternative
embedding models, including domain-specific en-
coders such as Legal-BERT (Chalkidis et al., 2020)
and Contract-BERT (Zheng et al., 2021), as well as
retrieval-oriented models such as ES (Wang et al.,
2022) and BGE (Xiao et al., 2024), can be in-
corporated without modifying the graph construc-
tion or retrieval procedures. For two consecutive
sentences with embeddings s; and s;;1, seman-
tic continuity is measured using cosine similarity:
Sim(si, 5i+1) = H&mﬁ

A chunk boundary is introduced whenever the
cosine similarity between adjacent sentences falls
below 0.80, provided that the current chunk sat-
isfies a minimum length of 400 tokens. The sim-
ilarity threshold was selected empirically to bal-
ance semantic coherence and chunk granularity.
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Lower thresholds tended to merge distinct contrac-
tual provisions into larger chunks, whereas higher
thresholds often produced fragmented chunks with
insufficient context. Chunk sizes are constrained
between 400 and 500 tokens to provide sufficient
contractual context while remaining within the ef-
fective retrieval and context-processing limits of
downstream LLMs. In addition, the final two sen-
tences of each chunk are preserved to overlap with
the subsequent chunk to maintain contextual conti-
nuity across chunk boundaries. The resulting pro-
cess generates a sequence of semantically coherent
contract chunks, C' = {cy, ca, . .., ¢, }, which sub-
sequently serve as the nodes of the graph.

Each chunk is enriched with three complemen-
tary representations. First, a dense semantic em-
bedding h; is generated using the all-MiniLM-L6-
v2 Sentence Transformer model. Second, named
entities are extracted using the Flair OntoNotes
Fast NER model (Akbik et al., 2019). The model
identifies diverse entity categories, including per-
sons, organizations, locations, legal references,
dates, temporal expressions, and numerical enti-
ties. The resulting entity set for chunk c¢; is denoted
by E;. Third, contractual keywords are extracted
using KeyBERT (Grootendorst, 2020) with uni-
gram phrases (n-gram range = 1). For each chunk,
the top-ranked keywords are retained to represent
salient contractual concepts. These keywords cap-
ture important contractual topics such as confiden-
tiality, indemnification, assignment, renewal, in-
surance, and limitation of liability. The resulting
keyword set is denoted by K.

Each graph node is therefore represented as:
v; = (¢, hi, Ey, K;), where ¢; denotes the chunk
text, h; its semantic embedding, F; its entity set,
and K its keyword set. The contract is modeled as
a contract-specific knowledge graph G = (V, E),
where V' = {vy,v9,...,v,} represents semanti-
cally coherent contract chunks and E captures the
semantic, entity-level, conceptual, and structural
relationships between them. In the proposed for-
mulation, each chunk is connected to every other
chunk within the contract to preserve potential se-
mantic, entity-level, conceptual, and structural de-
pendencies among contractual provisions. This
design choice is motivated by the observation that
contractually related provisions may be distributed
across distant sections of a document and are not
necessarily linked through local structure or ex-
plicit references. By preserving all pairwise clause
relationships, the graph captures the full spectrum
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of potential semantic, entity-level, conceptual, and
structural interactions within the contract. Conse-
quently, potentially relevant supporting clauses are
not excluded during graph construction, allowing
retrieval to leverage both directly relevant clauses
and related supporting context. The strength of
the relationship between two nodes is determined
using four complementary signals. Semantic simi-
larity is computed as: Ssem (i, 7) = W}T\Jh]\\ En-
tity overlap is measured using Jaccard similarity:

Sent(2,7) = IEzUEji Keyword overlap is simi-
. KinK;
larly computed as: Siey(i,7) = I KU Kj_ I To cap-

ture structural proximity within the document, po-
sitional similarity is defined as: Spos(%, j) = ﬁ

Since graph edges are constructed only between
distinct nodes (i # j), self-connections are not
included in the graph and the denominator never
becomes zero. Consequently, the positional sim-
ilarity measure remains well-defined for all valid
node pairs.

The four signals are combined into a single
edge weight: EW (i,j) = « - Ssem(4,7) + 0 -
Sent (%, 7) + 7 - Skey (4, 7) + 0 - Spos(i, j), where a,
B, v, and ¢ control the relative contributions of se-
mantic similarity, entity overlap, keyword overlap,
and positional proximity, respectively. In our imple-
mentation, all four coefficients are assigned equal
weights (o« = f = v = § = 0.25). The result-
ing graph captures semantic, entity-level, concep-
tual, and structural relationships among contractual
clauses, enabling retrieval beyond direct semantic
similarity.
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Figure 1: Overview of the proposed Multi-View Contract Graph (MCG).

3.3 Graph-Based Retrieval and Answer
Generation

Given a user query ¢, MCG first computes a dense
query embedding using the same sentence embed-
ding model employed during graph construction.
In addition, lightweight keyword and entity repre-
sentations are derived from the query text.

To identify relevant entry points into the graph,
each node is assigned an anchor relevance score
based on its correspondence with the query. The
anchor relevance score is computed as: L(i) =
w1 X Sq<’L) + wg X Skey(i) “+ w3 X Sem<i), where
Sq(i) denotes the cosine similarity between the
query embedding and the embedding of node i,
while Sje, (7) and Sept (i) represent the keyword-
overlap and entity-overlap scores between the
query and node ¢, respectively. In our implementa-
tion, equal weights are assigned to all three compo-
nents (w1 = wo = wz = 0.33).

The highest-scoring nodes are selected as an-
chor nodes, representing the clauses most directly
relevant to the user query. Rather than restricting
retrieval to these anchor clauses alone, MCG ex-
pands retrieval by incorporating graph-connected
clauses that exhibit strong relationships with the
anchors. For each candidate node 7 connected to
an anchor node a, a retrieval score is computed as:
R(i) = A x L(a) + (1 = A\) x EW (a, i), where
L(a) denotes the relevance score of anchor node a,
EW (a, i) denotes the edge weight between anchor
node a and candidate node ¢, and \ controls the
relative influence of anchor relevance and graph
connectivity. In our implementation, equal weight-
ing is adopted (A = 0.5). Candidate nodes are



subsequently ranked according to R(), enabling
retrieval to consider both direct query relevance
and the multi-view relationships captured within
the contract graph. Consequently, clauses that may
not be highly similar to the query can still be re-
trieved when they share strong semantic, entity-
level, conceptual, or structural connections with
highly relevant anchor clauses.

In our implementation, the two highest-scoring
nodes are selected as anchor nodes. Neighboring
graph-connected clauses are ranked according to
their anchor relevance and edge-weight strength,
and the final retrieval context consists of the five
highest-ranked nodes obtained from the combined
anchor-selection and graph-expansion process.

The retrieved nodes are transformed into evi-
dence blocks containing both the original contract
text and their associated metadata, including ex-
tracted named entities and contractual keywords.
These evidence blocks are then provided to a down-
stream LLM together with an extraction-oriented
prompt that instructs the model to generate answers
using only the retrieved evidence. The final answer
is therefore grounded in both the retrieved contrac-
tual clauses and the contextual relationships cap-
tured by the Multi-View Contract Graph, reducing
unsupported generation while preserving support-
ing contractual context that may not be recovered
through similarity-based retrieval alone.

4 Dataset and Experimentation Details

4.1 CUAD Dataset

We evaluate the proposed framework using con-
tracts from the Contract Understanding Atticus
Dataset (CUAD) (Hendrycks et al., 2021), a bench-
mark corpus containing over 500 commercial con-
tracts annotated across 41 legal clause categories.
The dataset includes diverse agreement types and
contractual provisions, making it a representative
benchmark for contract understanding and informa-
tion extraction.

4.2 Task Formulation and Evaluation Setting

Our evaluation differs from the original CUAD
benchmark, which formulates contract review as an
extractive span-detection task and evaluates perfor-
mance using metrics such as AUPR and Precision
at fixed recall levels. In contrast, we reformulate
contract analysis as a retrieval-augmented question-
answering task for contract information extraction.
Given a natural-language question corresponding
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to a contractual category, the system retrieves rel-
evant contractual evidence and provides it to an
LLM, which generates the final answer. From the
original 41 CUAD categories, we evaluate 15 cate-
gories (Table 1) covering both straightforward con-
tractual attributes (e.g., parties, dates, and govern-
ing law) and more complex provisions (e.g., ex-
clusivity, non-compete, liability, and audit rights).
Consequently, our evaluation measures the effec-
tiveness of retrieval-augmented answer generation
rather than supervised clause-span classification.

4.3 Baseline Methods

To evaluate the effectiveness of the proposed
MCG, we compare against several commonly
used retrieval and question-answering baselines:
(1) Extractive QA: Pre-trained transformer-
based question-answering models (Ozkurt, 2024)
(DistilBERT-QA, RoBERTa-QA, and BERT-QA)
without CUAD-specific fine-tuning. This baseline
evaluates conventional span-extraction approaches
for contract information extraction and provides
a retrieval-free benchmark for comparison with
retrieval-based methods. (2) BM25-RAG (Robert-
son and Zaragoza, 2009): A retrieval-augmented
generation framework that employs BM25 as the
retriever. BM25 retrieves contract chunks based on
lexical matching, and the retrieved context is sup-
plied to an LLM for answer generation. (3) Dense-
Retrieval-RAG (Lewis et al., 2020): A conven-
tional retrieval-augmented generation framework
that retrieves contract chunks using dense embed-
ding similarity and supplies the retrieved context
directly to an LLM for answer generation. (4)
CoIBERT-RAG (Khattab and Zaharia, 2020): A
retrieval-augmented generation framework that em-
ploys ColBERT as the retriever. Retrieved contract
chunks are ranked using late-interaction semantic
matching and provided to an LLM for answer gen-
eration.

For answer generation, the BM25-RAG,
ColBERT-RAG, Dense-Retrieval-RAG, and
MCG retrieval frameworks were each evaluated
using five open-source LLMs:  Mistral-7B-
Instruct-v0.2 (Jiang et al., 2023), Mistral-7B-
Instruct-v0.3 (Jiang et al., 2023), Llama-3-8B-
Instruct (Grattafiori et al., 2024), Saul-7B-Instruct-
v1 (Colombo et al., 2024), and Qwen-7B-Chat (Bai
et al., 2023). All methods were evaluated using
the same set of contractual questions, retrieval
settings, and evaluation protocols to ensure a fair
comparison.



4.4 Evaluation Metrics

Since our task is formulated as retrieval-augmented
answer generation rather than span detection, the
evaluation metrics differ from those used in the
original CUAD benchmark. For each contrac-
tual category, generated answers were compared
against reference answers using Precision, Recall,
and F Score. To assess semantic similarity, we
additionally report BERTScore-P, BERTScore-R,
and BERTScore-F; (Zhang et al., 2019), which
compare generated and reference answers using
contextualized language model embeddings. To-
gether, these metrics evaluate both lexical accuracy
and semantic faithfulness.

5 Results and Discussion
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Table 2 presents the overall performance of Ex-
tractive QA, BM25-RAG, ColBERT-RAG, Dense-
Retrieval-RAG, and the proposed MCG across
five open-source LLMs. The best overall results
were obtained by MCG combined with Mistral-
7B-Instruct-v0.3, achieving a Precision of 0.458,
Recall of 0.471, F; score of 0.460, and BERT Score-
F1 of 0.779. Compared with conventional Dense-
Retrieval-RAG, MCG improves F; by around
17.9%, 12.7%, 13.8%, 16.0%, and 10.8% for
Mistral-7B-Instruct-v0.2, Mistral-7B-Instruct-v0.3,
Saul-7B-Instruct-v1l, Qwen-7B-Chat, and Llama-
3-8B-Instruct, respectively. Similar improvements
are observed across BERTScore metrics, indicat-
ing that graph-enhanced retrieval improves both
answer accuracy and semantic faithfulness.

Among the other retrieval-based baselines,
BM25-RAG and ColBERT-RAG generally per-
form competitively and often slightly outperform
Dense-Retrieval-RAG. However, MCG achieved
the highest F; score for four of the five evalu-
ated LLMs and attains the best overall F; score of
0.460 with Mistral-7B-Instruct-v0.3. For the same
model, BM25-RAG and ColBERT-RAG achieve
F scores of 0.418 and 0.410, respectively, while
MCG achieves 0.460, corresponding to relative im-
provements of approximately 10.0% and 12.2%.
These results suggest that direct query-to-chunk
similarity alone may be insufficient for contract un-
derstanding tasks. By incorporating semantic, en-
tity, keyword, and structural relationships between
clauses, MCG is able to recover supporting contrac-
tual context that is often overlooked by traditional
retrieval methods.

Main Results
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Retrieval-based approaches also substantially
outperform conventional extractive QA models.
The strongest extractive baseline, BERT-QA,
achieved an Fj score of 0.261, whereas the best
MCG configuration achieved 0.460, representing
an absolute improvement of 19.9%. This result
highlights the limitations of retrieval-free span ex-
traction for contract information extraction, where
relevant evidence is frequently distributed across
multiple clauses and sections of a contract.

5.2 Ablation Study

To assess the contribution of each relationship sig-
nal, we perform a leave-one-component-out abla-
tion study using the best-performing configuration
(MCG + Mistral-7B-Instruct-v0.3). In each vari-
ant, one relationship component is removed from
the edge-weight computation while keeping the
retrieval procedure unchanged. The No Semantic
Edge, No Entity Edge, No Keyword Edge, and No
Positional Edge variants remove semantic similar-
ity, entity overlap, keyword overlap, and positional
proximity, respectively. Results are summarized in
Table 3. Removing semantic relationships causes
the largest performance drop, reducing F; from
0.460 to 0.409 (AF; = —0.051), followed by en-
tity relationships (0.438, AF; —0.022), key-
word relationships (0.444, AF; = —0.016), and
positional relationships (0.451, AF; = —0.009).

Overall, all four relationship signals contribute
to retrieval effectiveness, with semantic similarity
providing the strongest contribution. The highest
performance is achieved when all four signals are
combined, supporting the effectiveness of multi-
view clause relationship modeling for contract re-
trieval and information extraction.

6 Limitations and Future Work

Our framework has three main limitations: (1) Scal-
ability: MCG involves O(n?) pairwise relation-
ship computation, which can be costly for large
contracts. Future work will explore graph sparsifi-
cation, approximate nearest-neighbor search, and
hierarchical retrieval. (2) Graph Construction:
MCG relies on manually designed semantic, entity,
keyword, and positional relations and the quality
of extracted entities and keywords. Future work
will investigate learnable graph construction and
adaptive edge weighting. (3) Limited Evaluation:
MCG is evaluated on 15 CUAD categories, which
may not capture the diversity of real-world legal



Table 2: Overall Performance Comparison on CUAD.

Method Model Precision Recall F; BERTScore-P BERTScore-R BERTScore-F;
Extractive QA DistilBERT-QA 0.284 0.187 0.227 0.641 0.582 0.613
Extractive QA RoBERTa-QA 0.349 0.206 0.253 0.651 0.575 0.610
Extractive QA BERT-QA 0.344 0.218 0.261 0.677 0.601 0.636
BM25-RAG Mistral-7B-Instruct-v0.2 0.352 0.413 0.376 0.685 0.704 0.695
BM25-RAG Mistral-7B-Instruct-v0.3 0.390 0.463 0418 0.704 0.713 0.707
BM25-RAG Saul-7B-Instruct-v1 0.355 0.437 0.376 0.694 0.732 0.709
BM25-RAG Qwen-7B-Chat 0.281 0.523 0.362 0.664 0.727 0.692
BM25-RAG Llama-3-8B-Instruct 0.262 0.553 0.351 0.613 0.706 0.657
ColBERT-RAG Mistral-7B-Instruct-v0.2  0.370 0.443  0.397 0.694 0.710 0.702
ColBERT-RAG Mistral-7B-Instruct-v0.3 0.372 0.469 0410 0.711 0.723 0.716
ColBERT-RAG Saul-7B-Instruct-v1 0.319 0.461 0.372 0.683 0.734 0.708
ColBERT-RAG Qwen-7B-Chat 0.323 0.528 0.395 0.679 0.738 0.705
ColBERT-RAG Llama-3-8B-Instruct 0.285 0.551 0.372 0.626 0.712 0.668
Dense-Retrieval-RAG Mistral-7B-Instruct-v0.2 0.341 0.413 0.369 0.681 0.702 0.692
Dense-Retrieval-RAG Mistral-7B-Instruct-v0.3 0.382 0.454 0.408 0.696 0.709 0.702
Dense-Retrieval-RAG Saul-7B-Instruct-v1 0.345 0.420 0.377 0.686 0.726 0.707
Dense-Retrieval-RAG Qwen-7B-Chat 0.284 0.499 0.357 0.663 0.725 0.690
Dense-Retrieval-RAG Llama-3-8B-Instruct 0.247 0.529 0.334 0.601 0.702 0.648
Proposed Method (MCG) Mistral-7B-Instruct-v0.2 ~ 0.424 0.455 0435 0.763 0.767 0.765
Proposed Method (MCG) Mistral-7B-Instruct-v0.3 0.458 0.471 0.460 0.791 0.773 0.779
Proposed Method (MCG) Saul-7B-Instruct-v1 0.355 0.548 0.429 0.718 0.760 0.741
Proposed Method (MCG) Qwen-7B-Chat 0.345 0.528 0414 0.720 0.755 0.736
Proposed Method (MCG) Llama-3-8B-Instruct 0.301 0.500 0.370 0.711 0.754 0.733

Table 3: Ablation Study of Graph Construction Compo-
nents.

Variant F, AF,
MCG (Sem + Ent + Key + Pos) 0.460 -
No Semantic Edge 0.409 -0.051
No Entity Edge 0.438 -0.022
No Keyword Edge 0.444 -0.016
No Positional Edge 0.451 -0.009

documents. Future work will extend evaluation to
larger and more diverse legal datasets.

7 Data and Code Availability

All datasets used in this work are publicly avail-
able!. The code is provided in a public repository?.

8 Conclusion

This paper presented the Multi-View Contract
Graph (MCG), a contract-specific knowledge graph
and graph-based retrieval framework for contract
question answering and information extraction. By
modeling semantic, entity, keyword, and structural
relationships among contract clauses, MCG ex-
tends retrieval beyond directly relevant clauses and
recovers supporting contractual context that may
be overlooked by conventional retrieval methods.
Experimental results on the CUAD dataset across

"https://www.atticusprojectai.org/cuad/
2https://github.com/mb16biswas/MCG/
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15 contract information categories and five open-
source LLMs demonstrate the effectiveness of the
proposed approach. MCG achieved the strongest
overall performance among the evaluated methods,
attaining a best F7 score of 0.460 and a BERTScore-
F of 0.779 with Mistral-7B-Instruct-v0.3. For the
best-performing configuration, MCG improved [}
by approximately 10.0% and 12.2% over BM25-
RAG and ColBERT-RAG, respectively. Further-
more, the ablation study showed that all relation-
ship signals contribute to retrieval effectiveness,
with semantic relationships providing the largest
contribution. Overall, the findings demonstrate that
explicitly modeling inter-clause relationships im-
proves evidence of retrieval and downstream con-
tract information extraction. The proposed MCG
framework provides a promising foundation for fu-
ture legal Al systems supporting contract review,
legal search, compliance analysis, and contract in-
telligence applications.

Generative Al Usage Declaration

The authors declare that no Generative Al or Large
Language Models were used in the writing, draft-
ing, or content generation of this manuscript.
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