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Abstract
Large Language Models (LLMs) and Retrieval-
Augmented Generation (RAG) are reshaping how
AI systems extract and organize information from
unstructured text. A key challenge is designing
AI methods that can incrementally extract, struc-
ture, and validate information while preserving hi-
erarchical and contextual relationships. We in-
troduce CDMizer, a template-driven, LLM, and
RAG-based framework for structured text transfor-
mation. By leveraging depth-based retrieval and
hierarchical generation, CDMizer ensures a con-
trolled, modular process that aligns generated out-
puts with predefined schema. Its template-driven
approach guarantees syntactic correctness, schema
adherence, and improved scalability, addressing
key limitations of direct generation methods. Ad-
ditionally, we propose an LLM-powered evalua-
tion framework to assess the completeness and
accuracy of structured representations. Demon-
strated in the transformation of Over-the-Counter
(OTC) financial derivative contracts into the Com-
mon Domain Model (CDM), CDMizer establishes
a scalable foundation for AI-driven document un-
derstanding, structured synthesis, and automated
validation in broader contexts.

1 Introduction
Advancements in Large Language Models (LLMs) and
Retrieval-Augmented Generation (RAG) are transforming
how AI systems extract and organize unstructured text. How-
ever, applying these techniques to long, hierarchical, and
domain-specific documents remains challenging. AI methods
must extract key information while generating structured out-
puts that align with predefined schema and preserve semantic
integrity.

We introduce CDMizer, a template-driven, LLM, and
RAG-based framework for structured text transformation. By
leveraging depth-based retrieval and hierarchical generation,
CDMizer extracts and organizes unstructured contract text
while ensuring syntactic correctness, schema adherence, and
scalability. This process reduces manual overhead, enhances
efficiency, and facilitates compliance in high-stakes financial
environments. We also propose an LLM-powered evaluation

framework to assess the structured output quality.
Structured representations are critical in financial con-

tracts, where unstructured text complicates automation and
compliance. CDM, a standardized, machine-readable, and
machine-executable model, represents financial products,
trades in those products, and the lifecycle events of those
trades [FINOS, 2025]. International Swaps and Deriva-
tives Association (ISDA), the organization driving the de-
velopment of CDM at Fintech Open Source Foundation
(FINOS) (along with International Capital Market Associa-
tion and International Securities Lending Association), pro-
vides legal standards for trillions of dollars of notional con-
tracts [ISDA, 2023]. However, these contracts often require
manual processing due to their unstructured nature and com-
plex terms. The challenge is greater for non-centrally cleared
OTC derivatives, where counterparties handle collateral, set-
tlement, and disputes bilaterally. While CDM offers a stan-
dardized schema, converting complex legal agreements into
structured representations remains difficult due to domain-
specific clauses and multilayered structures.

By structuring contract data into CDM-aligned outputs,
CDMizer automates and standardizes OTC derivatives pro-
cessing, bridging the gap between unstructured financial
agreements and machine-readable contract frameworks.
Contributions of this paper include: (1) Baseline Conver-
sion Method: An LLM and RAG pipeline for generating
CDM representations from unstructured derivative contracts,
serving as a feasibility benchmark for AI-driven solutions, (2)
Template Creation Framework: A deterministic method
for creating minimal yet comprehensive OTC derivatives tem-
plates, retaining only essential CDM fields, (3) CDMizer:
A structured method that builds on the templates, integrat-
ing LLMs and RAG for scalable contract-to-CDM conversion
while ensuring syntactic correctness and schema adherence,
and (4) Evaluation Framework: An LLM-driven approach
to assess the semantic completeness and correctness of gen-
erated CDM representations at scale.

2 Background
2.1 Common Domain Model (CDM)
FINOS CDM, originally developed by ISDA, is a standard-
ized, machine-readable, and machine-executable blueprint
for how financial products are traded and managed across
the transaction lifecycle. It enhances efficiency, interop-
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erability, and transparency in financial markets by provid-
ing a single digital processing standard, reducing reconcilia-
tion needs, accelerating financial technology innovation, and
enabling consistent regulatory reporting. Built on key de-
sign principles—normalization, composability, industry for-
mat mapping, embedded logic, and modularization—CDM
ensures a structured, adaptable framework for trade process-
ing [FINOS, 2024b]. The CDM model, maintained in the FI-
NOS CDM repository [FINOS, 2024a], is the central resource
for defining the structure and semantics of OTC derivatives
and other financial contracts. This repository also provides
numerous example contracts in CDM-compliant JSON and
schema definitions that outline validation rules and structural
guidelines to ensure consistency. While CDM applies to a
wide set of financial products, this work focuses on OTC
derivatives.

2.2 OTC Financial Derivative Contracts
Financial derivatives are financial contracts defined as a de-
rived contract on another underlying financial contract, in-
strument, index, or reference rate. These contracts allow
parties to speculate on or hedge against changes in value or
volatility of the underlying financial contract or asset, which
may be an equity, commodity, bond, interest rate, currency, or
other financial instrument. Derivatives, especially the OTC
ones, have a large variety, including forwards, swaps, and
options. OTC derivatives are bilaterally negotiated financial
contracts between two counterparties without being listed or
traded on an exchange. Unlike exchange-traded derivatives,
which are standardized, OTC derivatives are customized to
meet counterparties’ specific risk management needs. These
customized contracts are constructed on a wide range of asset
classes, such as fixed income, equity, foreign exchange, com-
modity, credit instruments, etc, and are often used for hedging
risk or speculating on market movement and volatility.

3 Related Work
Recent advances in reg-tech and financial automation have
demonstrated the potential of LLMs and RAG in streamlining
complex processes. While several studies emphasize stan-
dardized formats, few directly address converting unstruc-
tured OTC derivative contracts into structured representa-
tions. The following works highlight key developments and
gaps in this domain.
Early Automated Frameworks for OTC Derivatives:
[Fries and Kohl-Landgraf, 2018] proposed automating ter-
mination procedures in collateralized OTC transactions but
relied on structured contract terms. Similarly, [Armitage,
2022] explored transforming the ISDA Master Agreement
into a smart contract, emphasizing systematic structures but
not AI-driven free-text conversion.
Toward Smart Contract Implementations: [Oluwajebe et
al., 2020] demonstrated smart contract automation for inter-
est rate swaps (IRS), underscoring the need for standardized
templates. Formal methods in [Clack and Vanca, 2018] re-
inforced the importance of clear semantics for legal enforce-
ability. However, these works assume structured inputs, over-
looking challenges in extracting structured data from unstruc-
tured legal text.

LLMs, Code Generation, and Interoperability: [Kang
et al., 2024; Van Woensel et al., 2023] showed how LLMs
generate smart contracts from health insurance policy doc-
uments but did not address complex financial agreements.
SolMover [Karanjai et al., 2024] tackled blockchain con-
tract translation, leveraging structured representations. Ad-
ditionally, [Sorensen, 2024] highlighted AI-induced failures
in smart contracts, stressing the need for precise definitions.
Decentralized Finance and Retrieval-Based Methods:
[Singh et al., 2024] examined decentralized exchanges and
how inconsistent contract specifications hinder large-scale
adoption. [Vaithilingam et al., 2022] emphasized hu-
man oversight in LLM-driven code generation, while RED-
CODER [Parvez et al., 2021] demonstrated how retrieval-
augmented generation enhances coherence and correctness,
making it relevant for contract standardization.
Evaluating Large-Scale AI-Driven Translation: A key
challenge in contract standardization is evaluating AI-
generated structured outputs. Many AI-driven translation
efforts [Kang et al., 2024; Van Woensel et al., 2023;
Vaithilingam et al., 2022; Parvez et al., 2021; Liu et al., 2024;
Li et al., 2022] rely on test-based evaluations, which are im-
practical for complex financial contracts. While round-trip
correctness (RTC) [Allamanis et al., 2024] aids in code eval-
uation, it remains unsuitable for contract standardization due
to legal nuances. Developing robust evaluation metrics re-
mains an open challenge.

In summary, most existing solutions assume structured in-
puts or focus on narrow contract components, leaving the
transformation of full-length OTC derivative contracts unre-
solved. This paper addresses this gap by introducing the CD-
Mizer, and a robust evaluation framework.

4 Data Collection and Synthesis
The first step in generating CDM representations is acquiring
the necessary data. However, real-world OTC derivative con-
tracts are often proprietary and confidential, limiting access
to diverse examples that capture the full complexity and vari-
ability of real agreements. This constraint poses a significant
challenge, as synthetic samples may fail to reflect the nuanced
language and edge cases present in actual contracts, hinder-
ing the development of robust automation solutions. Never-
theless, we were able to collect the following data:
• Natural Language Contracts (Term Sheets): Two con-

tract examples from RBCCapitalMarkets [RBC Capital
Markets, 2024] and JPMorgan [J.P. Morgan, 2024].

• CDM Examples: 858 structured CDM instances sourced
from the FINOS CDM repository [FINOS, 2024a].
Although the CDM repository provides structured JSON

examples, natural language contract descriptions remain
scarce. Notably, while CDM representations exist, corre-
sponding real-world contract descriptions in natural language
are not readily available. Since our objective is to convert nat-
ural language descriptions into CDM format, obtaining such
descriptions is a prerequisite.

To address this gap, we leveraged an LLM to generate syn-
thetic contract descriptions from existing CDM representa-
tions. To enhance the quality of these generated descriptions,
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we provided the two collected natural language examples as
reference inputs. While synthetic descriptions may not fully
capture the complexity of real-world contracts, they serve as
an initial dataset for training and model development.

For experimentation purposes and convenience, we catego-
rized the collected and generated data into six contract types:
Interest Rate Swap, Equity Swap, Equity Option, Commod-
ity Option, Foreign Exchange Derivatives, and Credit Default
Swap. This classification was guided by the collected CDM
examples, each of which explicitly specifies its contract type,
reflecting the primary categories represented in the available
structured data.

5 Baseline Method
The baseline method, illustrated in Figure 1, evaluates how
well LLMs can generate CDM representations directly from
OTC derivative contract descriptions. The process involves
fine-tuning an LLM on contract-to-CDM mappings and inte-
grating RAG for enhanced accuracy. The steps are as follows:

Figure 1: Workflow of directly generating a CDM representation
from a given contract description using an LLM and RAG.

• Contract Input: The first step is to input the contract into
the system. This is a raw contract description in natural
language extracted from sources such as PDFs.

• LLM Fine-tuning: An LLM is fine-tuned using the pre-
viously discussed synthetic dataset consisting of contract
descriptions paired with CDM examples. The fine-tuning
leverages Parameter-Efficient Fine-Tuning (PEFT) tech-
niques, including LoRA (Low-Rank Adaptation) with 4-bit
quantization, to optimize specific parts of the model. This
approach allows for efficient training while ensuring the
model can accurately generate CDM representations from
contract descriptions.

• CDM Generation: The contract is processed by a fine-
tuned LLM to generate its CDM representation using a
structured prompt specifically designed for contract-to-
CDM conversion. To enhance accuracy and consistency,
we integrate RAG. A structured knowledge base, built from
relevant examples in the CDM repository, is preprocessed
into retrievable chunks. The LLM retrieves the most rel-
evant examples using semantic similarity and incorporates
them into the input prompt, ensuring better alignment with
CDM schema definitions. This combination of structured
prompting and retrieved contextual knowledge guides the
model in producing a well-formed CDM JSON represen-
tation. However, for experimental purposes, we evaluate
both settings - CDM generation with and without RAG in-
tegration - to assess their comparative effectiveness. The

evaluation procedure is discussed in detail in a later section
of this paper.

6 CDMizer: A More Deterministic Approach
for CDM Generation

While the baseline approach provides an initial evaluation of
LLM capabilities, it lacks determinism and may introduce in-
consistencies in CDM representations. Moreover, due to the
large size of the contracts and the potential for their CDM rep-
resentations to span thousands of lines, the baseline method
struggles to consistently generate complete JSON, hindered
by token limitations and contract complexities. To address
these limitations, we propose CDMizer, a more structured and
deterministic method for converting contract descriptions into
CDM representations.

CDMizer deterministically creates CDM templates and
populates them using an LLM integrated with RAG. The
CDM schema’s complexity, with deeply nested structures and
interdependencies, makes direct generation from natural lan-
guage unreliable, often leading to syntactic errors, schema
non-compliance, or hallucinated fields. Templates enforce
100% schema adherence and correctness by providing a fixed
structure, enabling component-wise generation where sub-
structures are populated iteratively. By retaining only relevant
fields, templates also mitigate token constraints and reduce
complexity, ensuring a scalable and reliable CDM generation
process.

Besides, existing methods [Choudhury et al., 2018;
Tateishi et al., 2019; Marchesi et al., 2022; Allouche et al.,
2021; Frantz and Nowostawski, 2016] for generating domain-
specific code, especially smart contracts, show the effective-
ness of the usage of templates for domain-specific tasks.

Given these advantages, we design minimal yet compre-
hensive templates for different contract types by leverag-
ing the CDM schema and available examples. These tem-
plates are then populated with extracted contract details using
LLMs, ensuring structured and more reliable CDM represen-
tations. Note that these templates are designed solely to facil-
itate CDMizer’s generation process and are not intended as a
feature of the CDM.

6.1 Template Creation
The process of template creation involves several structured
steps to ensure the relevance and usability of the resulting
templates:
Schema Parsing: While CDM is published in many differ-
ent formats and programming languages, the CDM JSON
schema can be viewed as a collection of interconnected JSON
files, each defining objects and their properties. Many prop-
erties reference other schema files via $ref, forming a hier-
archical structure. While comprehensive, parsing the entire
schema generates an impractically large representation (e.g.,
exceeding four million lines of JSON). To manage this com-
plexity, we focus on extracting only the fields necessary for
the specific use case.
CDM Example Analysis: To identify relevant fields, we an-
alyze example CDM representations of contracts of a specific
type. These examples specify concrete instances of contract
data and implicitly define the paths that should be preserved
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Algorithm 1 Template Creation for CDM Representation
Input: Root schema file R, Schema directory D, Example folder E
Output: Pruned template T

1: Step 1: Extract Relevant Keys
2: Initialize K ← ∅
3: for each example file e ∈ E do
4: Load e as a JSON object
5: Flatten e to extract dot-separated keys and add to K
6: end for
7: Step 2: Traverse Schema and Build Parse Tree
8: T ← TRAVERSESCHEMA(R,D,K,"")
9: Subroutine: TRAVERSESCHEMA

10: Load schema S from R
11: Initialize T ← {}
12: for each property p ∈ S.properties do
13: Update path:

if current path is empty then path← p
else path← path+ "."+ p

14: if path /∈ K then
15: Skip p
16: end if
17: if p references another schema ($ref) then
18: Resolve reference ref as the file path for p.$ref
19: T [p]← TRAVERSESCHEMA(ref,D,K, path)
20: else if p is an array with a referenced schema then
21: Resolve the reference ref as the file path for

p.items.$ref
22: T [p]← [TRAVERSESCHEMA(ref,D,K, path)]
23: else
24: Add placeholder for p to T
25: end if
26: Add S.description to T [p] if available
27: end for
28: return T
29: Output: T

in the template.
Key Extraction: A critical step involves flattening and ex-
tracting all keys from the examples into a dot-separated for-
mat. This enables efficient matching between example data
and schema paths. Only fields traversed in at least one exam-
ple are retained in the template.
Recursive Schema Traversal: The schema is recursively
traversed from the root, resolving properties that reference
other schema ($ref) and parsing the referenced structures.
If a property path matches a key in the flattened example set,
it is retained in the template, while unrelated properties are
pruned. Additionally, field descriptions from the schema def-
inition are included to provide semantic context.
Description Fields: Each retained field in the template is an-
notated with a description key derived from the schema
definition. It provides context about the field’s purpose and
semantics and facilitates downstream tasks such as populat-
ing the template with natural language descriptions.
Placeholder Insertion: Placeholder values are inserted for
each field based on its data type: Strings- "", Arrays- [],
Objects- {} and Dates- YYYY-MM-DD. These placeholders
allow the template to be easily populated with actual data.
Pruning Irrelevant Fields: After traversing the schema,
fields not referenced in the examples are removed. Addi-

tionally, empty or unused structures are cleaned to produce
a concise template.

The structured steps for template creation, as outlined
above, are formally detailed in Algorithm 1.

6.2 Populating the Template
Once a contract-specific template is defined, it is populated
with relevant information extracted from the natural language
contract description, forming its CDM representation. This
process leverages template traversal, context-aware prompt-
ing, and Retrieval-Augmented Generation (RAG) to ensure
semantic accuracy. The workflow is illustrated in Figure 2.

Template Traversal and Depth Evaluation
The population process begins with a recursive traversal of
the template’s JSON tree. During this traversal, the algorithm
calculates the depth of the deepest subtree for each node.
Depth Threshold (d): This parameter balances efficiency
and accuracy by limiting processing to substructures with
depth ≤ d, preventing token overflows and ensuring incre-
mental processing of smaller, manageable substructures. Lit-
erature [Karanjai et al., 2024] suggests that they operate more
effectively when presented with smaller, well-defined sub-
tasks. Limiting the scope of the prompt to localized sub-
structures improves the precision and relevance of the out-
puts. Treated as a hyperparameter, d is optimized through
experimentation to achieve the best trade-off between accu-
racy and efficiency in generating semantically aligned CDM
representations.

Constructing Context-Rich Prompts for Objects
For each selected object, the process involves constructing a
detailed prompt to guide the LLM in generating the appropri-
ate content. The prompt includes the following components:
• Current Object Structure: The structure of the

object being populated, including placeholders (e.g.,
"assignedIdentifier": {...}).

• Object Definition: A description extracted from the ob-
ject’s schema (e.g., ”A class to specify the identifier value
and its associated version”).

• Traversal Context: The hierarchical path leading to
the current object (e.g., trade.tradeIdentifier),
which situates the object within the broader template struc-
ture.

Enhancing Prompts with RAG-Based Contextual
Guidance
To improve the LLM’s accuracy, the methodology inte-
grates Retrieval-Augmented Generation (RAG), leveraging
real-world examples as a knowledge base. First, examples of
CDM representations for the given contract type are prepro-
cessed and segmented into smaller chunks while preserving
logical structures, forming a structured knowledge-base, as il-
lustrated in Figure 2. During inference, a query is formulated
based on the structure and description of the current object,
retrieving semantically and structurally relevant chunks from
the knowledge base. These retrieved examples are then in-
corporated into the prompt, providing contextual guidance to
the LLM and ensuring that the generated content aligns more
closely with established CDM representations.
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Figure 2: CDMizer Workflow. Recursive traversal, governed by a depth threshold (d), selects substructures (e.g., assignedIdentifier)
where the deepest subtree has a depth ≤ d. This ensures manageable task sizes for efficiency and accuracy. Context-aware prompts,
incorporating object definitions, traversal paths, and RAG-retrieved examples, guide the LLM in populating fields, which are then validated.
Recursive traversal ensures the entire structure is systematically completed.

Prompt Submission and LLM Response
The fully constructed prompt is submitted to the LLM, which
generates the populated object. The prompt includes:
• Explicit Instructions: Clear directives on how to populate

the object, including required data types, formats, and con-
textual considerations.

• Auxiliary Knowledge: Examples retrieved through RAG
illustrate expected field content and structure.

• System Prompt: Along with the constructed prompt,
a system-level prompt is employed to establish general
guidelines and expectations for the LLM, ensuring consis-
tent outputs across various object populations.
As shown in Figure 2, the LLM uses this comprehen-

sive prompt to populate fields like identifier.value
and identifier.value.meta.scheme within the
assignedIdentifier object.

Validation
After receiving the LLM’s response, the output undergoes a
validation that ensures that the populated object has the exact
same structure as the input object conforming to the schema.

Recursive Traversal and CDM Finalization
The traversal proceeds recursively, applying this process to
each object having depth ≤ d within the JSON tree. The
recursive nature of the traversal ensures that all fields are pro-
cessed systematically, maintaining hierarchical consistency.
After populating all the objects, the template goes through a
cleaning step, during which any empty field is removed. This
cleaning step finally yields the CDM representation for the
given natural language contract description.

7 Experimental Evaluation
To evaluate the effectiveness of the proposed approaches, we
conducted experiments on a sample of 30 contracts from the
synthetic dataset, with five contracts selected from each of
six contract type categories. These 30 contracts were tested
across four configurations: Baseline w/o RAG, Baseline w/
RAG, CDMizer w/o RAG, and CDMizer w/ RAG. How-
ever, fine-tuning was excluded from the baseline configura-
tions due to critical limitations when applied to the contracts:
• Token Limitations: Contract descriptions and their

CDM representations are lengthy, with fields such as
globalKey, meta, and identifiers consuming sig-
nificant token space without contributing meaningful infor-
mation. This often led to truncation and incomplete out-
puts.

• Strict Fine-Tuning Behavior: Fine-tuned models rigidly
mimicked dataset examples, generating metadata-heavy
CDMs that prioritized non-critical fields. This exacerbated
token limitations by leaving insufficient room for essential
contract details.

• Trade-offs Between Token Limits and Inference Time:
While increasing the token limit enabled more complete
outputs, it resulted in prohibitively long inference times.
Reducing the token limit caused incomplete representa-
tions, making fine-tuning impractical for evaluating longer
contracts effectively.

7.1 Evaluation Framework
The generated CDM representations are assessed using pre-
defined evaluation metrics:
Syntactical Correctness : Measures the proportion of gen-
erated keys that exist in the official CDM schema.
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Schema Adherence : Evaluates whether the generated
CDM structure conforms strictly to the CDM schema. The
process involves traversing the generated JSON tree and com-
paring it with the CDM schema to identify which keys match
and which do not.
Semantic Coverage : Determines how comprehensively the
generated CDM captures the contract description’s key de-
tails while identifying irrelevant or missing information.

We explored multiple approaches to assess semantic cov-
erage, including direct LLM-based assessment, n-gram anal-
ysis, and cosine similarity between key terms. Initially, we
considered direct LLM-based scoring, where the LLM was
prompted to provide a holistic coverage score by comparing
the contract description and the generated CDM. However,
this approach proved unreliable, as the scores were often in-
consistent and did not accurately reflect the degree of cover-
age. Next, we attempted n-gram analysis to extract key terms
from the contract text by breaking it into token sequences.
However, LLMs proved more effective at this task, as they
can capture multi-word expressions and nuanced relation-
ships that n-grams often miss. Cosine similarity was also con-
sidered for matching extracted key terms to CDM fields, but it
often produced high scores for semantically unrelated terms,
simply due to shared structures or numerical formats, leading
to overestimated coverage, making this approach unsuitable
for our evaluation framework. Ultimately, we found out that
the most effective evaluation method was guiding an LLM by
structuring its task as a step-by-step process that mimics how
a human would systematically compute coverage. Instead of
directly asking the LLM to estimate a coverage score, we de-
signed a structured prompt that provides explicit step-by-step
rules. These rules instruct the LLM to sequentially process
the contract description, extract key details sentence by sen-
tence, and compare them against the generated CDM. The
LLM then categorizes information into three lists:
• Captured Information: Contains correctly captured infor-

mation in the CDM representation.
• Uncaptured Information: Contains information that is

present in the contract description but not in the CDM rep-
resentation.

• Extraneous Information: Additional content in the CDM
representation that does not correspond to the contract de-
scription.
By explicitly defining the comparison process in the

prompt and enforcing a structured methodology, we ensure
that the LLM follows a deterministic approach, leading to
more accurate and consistent evaluations of semantic cover-
age.

Finally, we compute the coverage score using the follow-
ing formula:

CoverageScore =
C × 100

C + µ× U + ϵ× E
(1)

where C, U and E represent the total number of captured,
uncaptured, and extraneous elements, respectively.

The weighting factors µ and ϵ are introduced to adjust for
potential noise in the evaluation.
µ : Uncaptured elements may include details that are contex-
tually relevant but not strictly contract-specific, as synthetic

Figure 3: Mean semantic coverage scores for different methods
across contract types. Highlights CDMizer’s consistently improved
performance over the baseline. This is more clearly visible (last set
of bars) when the mean is calculated over the combined set of test
contracts from all of the types.

contract descriptions were generated using two real contract
examples as references, and LLM might copy information
from those. To adjust for this, we reduce the weight of U
using the coefficient µ.
ϵ : Extraneous elements may result from fine-tuning and
RAG-based retrieval, introducing information not explicitly
present in the contract. To minimize their impact, we scale
down the weight of E using the coefficient ϵ.

These weighted adjustments ensure a more balanced cov-
erage score by reducing the influence of non-essential or ex-
ternally introduced elements.

7.2 Results and Discussion
For generating the results, we set the depth threshold to
d = 4, with weighting factors µ = 0.3 and ϵ = 0.1 to bal-
ance the impact of uncaptured and extraneous elements in the
semantic coverage evaluation. These values were chosen af-
ter testing different configurations and comparing the result-
ing scores to human evaluations, ensuring the final setup cap-
tured contract details accurately while minimizing the impact
of minor, contextually irrelevant elements.

As shown in Table 1, CDMizer, both with and without
RAG, achieved 100% syntactical correctness and schema ad-
herence across all contract types. This outcome is expected
due to its template-driven approach, which ensures strict
compliance with the CDM schema. In contrast, Baseline w/o
RAG performed poorly, while Baseline w/ RAG showed no-
ticeable improvements but struggled with schema adherence,
underscoring the challenges of generating structured JSON
directly from contract descriptions.

Semantic coverage, illustrated in Figure 3, provides fur-
ther insight into how effectively the generated CDM repre-
sentations capture key contract details. In general, CDMizer
outperformed the baseline methods, and w/ RAG methods
achieved higher semantic coverage than w/o RAG for both
the baseline and CDMizer, indicating the overall benefit of
retrieval augmentation. However, there were instances where
the w/o RAG variant performed better than w/ RAG—notably
in Equity Swap and Credit Default Swap for the baseline
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Contract Type
Mean Syntactical Correctness (%) Mean Schema Adherence (%)

Baseline
w/o RAG

Baseline
w/ RAG CDMizer Baseline

w/o RAG
Baseline
w/ RAG CDMizer

Interest Rate Swap 46.80(±28.01) 84.50(±6.03) 100 24.79(±16.65) 85.44(±1.67) 100
Equity Swap 54.99(±24.41) 84.05(±11.49) 100 35.87(±21.22) 84.81(±11.89) 100
Equity Option 58.27(±19.32) 94.45(±2.95) 100 43.14(±25.92) 91.52(±3.20) 100
Foreign Exchange Derivatives 64.61(±7.52) 88.34(±6.26) 100 34.66(±13.49) 87.67(±6.38) 100
Commodity Option 60.54(±11.28) 87.14(±5.46) 100 49.56(±7.96) 93.02(±3.59) 100
Credit Default Swap 63.82(±10.78) 79.64(±5.09) 100 49.02(±17.95) 80.59(±7.25) 100

Table 1: Comparison of mean syntactical correctness and schema adherence scores across different methods for each contract type (5 contracts
for each type). Subscript values indicate Standard Deviations. As the approach suggests, CDMizer (both with or without RAG versions)
guarantees a score of 100%.

method and in Commodity Option derivatives for CDMizer.
This suggests that the LLM may have learned more about
the CDM structure from the retrieved examples rather than
contract-specific information in some cases. Additionally,
RAG may introduce contextual information that was not ex-
plicitly stated in the contract, leading to the inclusion of extra-
neous details in the generated CDM. Despite these variations,
when results were aggregated across all contract types, CD-
Mizer significantly outperformed the baseline methods, and
retrieval augmentation generally proved beneficial.

These results were obtained using Llama-3.1-8B-Instruct,
the best-performing LLM for consistency and accuracy. Ta-
ble 2 presents a comparison of different LLMs for this task.
Since most LLMs failed to generate complete JSON repre-
sentations in the baseline configurations, the LLM evaluation
was conducted only on CDMizer. As shown in the table,
Llama-3.1-8B-Instruct achieved the highest semantic cov-
erage, demonstrating its superior ability to handle complex
schema while maintaining contextual accuracy.

LLM

Mean Semantic
Coverage (%)

w/o RAG w/ RAG

Llama3.1-8B-Instruct 89.40 91.40
Deepseek-coder-6.7B-Instruct 86.31 85.89
Mistral-7B-Instruct-v0.3 83.32 85.19
Llama3.2-3B-Instruct 84.13 84.70

Table 2: Mean Semantic Coverage overall test contracts across dif-
ferent LLMs with and without RAG for CDMizer.

While our experiments primarily used synthetic contracts
generated from CDM examples, we expect reasonable gen-
eralization to real contracts, given the structural consistency
enforced by the CDM schema. However, real contracts of-
ten contain nuanced language, implicit cross-references, and
complex conditional clauses, like the nested conditions and
context-dependent triggers in, “The issuer may, at its op-
tion, for each period from and including the period start-
ing 26 November 2009, upon giving 5 business days’ no-
tice, irrevocably switch the coupon of the notes to a fixed rate
3.00% per annum.” Capturing such dependencies requires a
deeper understanding of temporal context and broader finan-

cial terms, which can lead to incomplete or contextually in-
accurate mappings. Additionally, real contracts vary signif-
icantly in structure and terminology, creating challenges in
aligning their content with predefined CDM templates. De-
spite these challenges, the template-driven nature of CDMizer
guarantees 100% syntactical correctness and schema adher-
ence, though it does not fully address potential semantic inac-
curacies. Future work should include testing on a broader set
of real contracts and may require fine-tuning, domain adap-
tation, or more advanced prompt engineering to handle these
complexities.

8 Conclusion and Future Directions

This paper introduced a comprehensive framework for con-
verting unstructured OTC financial derivative contracts into
Common Domain Model (CDM) representations. We de-
veloped a baseline LLM-based pipeline, a deterministic
template-driven approach (CDMizer), and an LLM-based
evaluation framework. CDMizer ensured schema adherence
and scalability, outperforming direct generation methods, es-
pecially with retrieval augmentation. Experimental evalu-
ation demonstrated the effectiveness of structured genera-
tion and the impact of model selection, with Llama-3.1-
8B-Instruct achieving the best performance. Challenges re-
main in capturing legal nuances, refining evaluations, and en-
abling enforceability. To address these limitations and fur-
ther advance the automation of OTC contract processing, sev-
eral avenues for future exploration are proposed: (i) inte-
grating more features from the ISDA Master Agreement
and legal documentation [Agreement, 2002] to capture non-
operational aspects (e.g., bankruptcy, mergers) by applying
CDMizer to ISDA contracts as covered by the legal agree-
ment section of the CDM, (ii) converting CDM into exe-
cutable smart contracts for automated validation and en-
forceability, (iii) developing more robust evaluation meth-
ods beyond LLM-based validation, and (iv) leveraging real-
world contract examples to critically assess the framework’s
performance in complex legal contexts and iteratively en-
hance its robustness based on empirical insights. By address-
ing these challenges and advancing these research directions,
we move closer to a fully automated, reliable, and enforceable
framework for OTC contract processing, bridging the gap be-
tween financial standardization and real-world applicability.
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