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ABSTRACT 
Large Language Models have demonstrated potential in accelerating scientific discovery, but they 
face challenges when making inferences in rapidly evolving and niche domains like Process Sys-
tems Engineering (PSE). To address this, we propose a Graph-based Retrieval-Augmented Gen-
eration (RAG) pipeline specifically designed for PSE papers. Our pipeline includes custom docu-
ment parsing, knowledge graph construction, and refinement to enhance retrieval accuracy. We 
evaluate the effectiveness of our approach using an automatically generated benchmark consist-
ing entirely of PSE-related questions. The results show that our pipeline outperforms both non-
RAG and vanilla RAG implementations in terms of relevant document retrieval and overall answer 
quality. Additionally, our implementation is fully customizable, allowing users to select the papers 
most relevant to their specific tasks. This framework is openly available, providing a flexible solu-
tion for those working in PSE or similar domains. 
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INTRODUCTION 
Large Language Models (LLMs) have shown re-

markable capabilities, performing well across a wide 
range of tasks, including accelerating scientific discovery 
in different fields. More specifically, in the field of Process 
Systems Engineering (PSE), LLMs have been adapted to 
various tasks, including flowsheet generation, the predic-
tion of chemical properties, and infeasibility diagnosis in 
optimization models [1-2]. Still, off-the-shelf LLMs are in-
herently limited to the information present in their training 
data, which may become outdated or fail to cover spe-
cialized topics comprehensively [3]. This limitation is par-
ticularly relevant in both rapidly evolving and highly spe-
cialized fields, like PSE [4]. 

Retrieval-Augmented Generation (RAG) is an ad-
vanced framework that enhances the capabilities of 
LLMs by integrating them with external knowledge re-
trieval systems. Unlike standard LLMs, which rely solely 
on pre-trained knowledge, RAG combines parametric 
memory (the information encoded in the model's 
weights) with non-parametric memory (external data 

sources, such as databases or knowledge repositories). 
A retriever dynamically identifies and retrieves relevant 
information from these external sources, presenting it to 
the model alongside user inputs [5]. This approach ena-
bles RAG to provide more accurate, factual, and context-
specific responses, while allowing the knowledge base to 
be updated without requiring model retraining. Such dy-
namic and interpretable knowledge integration makes 
RAG particularly valuable for addressing complex, 
knowledge-intensive tasks. Therefore, the PSE commu-
nity can benefit from a domain-specific RAG to improve 
standard LLM performance, while ensuring that the re-
sponses remain grounded in truthful and updated infor-
mation. 

Graph-based knowledge structures are powerful 
tools to study complex and interconnected information, 
such as the one in scientific domains. Graph RAG en-
hances traditional RAG frameworks by leveraging 
knowledge graphs to represent and retrieve intercon-
nected information more effectively. Unlike standard in-
dexed databases that overlook relationships across doc-
uments, Graph RAG can be used to construct knowledge 
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graphs from academic papers, linking entities, concepts, 
and their relationships. This approach captures the inter-
connected nature of scientific knowledge, enabling more 
accurate and context-aware retrieval [6-7]. For example, 
Graph RAGs have successfully been used in medicine to 
improve retrieval accuracy and response quality by mod-
eling relationships among diseases, treatments, and out-
comes [8]. 

In this work, we propose a Graph RAG specifically 
designed to incorporate domain-specific knowledge 
from PSE. To achieve this, we develop a pipeline that 
parses academic papers and constructs tailored 
knowledge graphs from PSE literature. Additionally, we 
create a benchmark dataset of PSE-specific questions 
and answers derived from the utilized corpus to evaluate 
the accuracy and quality of the retrieved information. 
While copyright restrictions prevent us from publishing 
graph databases from the model, the pipeline developed 
in this work is freely accessible through a GitHub reposi-
tory. This pipeline allows users to fully replicate and cus-
tomize their selection of papers, enabling the construc-
tion of a Graph-based Retrieval Agent for Process Sys-
tems Engineering (GRAPSE) that is precisely aligned with 
their desired body of literature. 

Standard Retrieval-Augmented Generation 
 RAG is a framework that enables LLMs to infer 
knowledge from documents that were not directly trained 
on. This approach leverages the strength of LLMs in ab-
stracting information from text when the relevant content 
is provided as part of the prompt, often referred to as the 
context. The primary objective of RAG is to retrieve the 
most relevant document(s) from a given set based on a 
user query, ensuring that the retrieved information is 
passed as context. This enriched prompt, containing both 
the query and the related context, allows the LLM to per-
form accurate and informed inference, effectively an-
swering the query [5]. 

They key part of the RAG framework are embed-
dings, which are are numeric vector representations of 
text that encode semantic and contextual information. 
Words or phrases with similar meanings are positioned 
closer together in this high-dimensional space, where the 
distance and angle between vectors represent the de-
gree of similarity. Transformer-based models, unlike tra-
ditional embedding methods like TF-DF [9], create con-
textual embeddings, meaning that the vector represen-
tation of a word adapts based on its surrounding context, 
capturing complex relationships in language. 

Once documents have been split, chunks of text are 
passed through a transformer embedding model, which 
processes the input and produces high-dimensional vec-
tors that reflect the semantic and contextual meaning of 
the text. These embeddings are then stored in a vector 
database, which indexes both the original text and its 

corresponding vectors. This setup allows for efficient 
storage and fast retrieval, as the database can perform 
similarity searches by comparing query embeddings to 
stored vectors. Typically, a cosine similarity metric is 
used to determine alignment between vectors. 

The chunks corresponding to the vectors with the high-
est similarity to the embedded query vector are retrieved 
from the database and provided to the LLM as contextual 
input. A sketch of a standard RAG methodology is pre-
sented in Figure 1.  

 
Figure 1. Standard Retrieval Augmented Generation 
pipeline. Raw documents are divided into chunks based 
on a predefined criterion, often a fixed character length. 
Each chunk is then converted into a high-dimensional 
vector using a transformer-based embedding model and 
indexed within a vector database. Similarly, the query is 
embedded using the same model to produce its vector 
representation. A similarity search is performed between 
the query vector and the vectors stored in the database. 
The chunks corresponding to the top 𝑘𝑘 most similar 
vectors are retrieved and incorporated into the prompt as 
context. This enriched prompt, combining the original 
query with the retrieved context, is then passed to an 
LLM for final answer generation. 

METHODOLOGY 
The following subsections outline our proposed 

Graph RAG methodology, detailing the process of trans-
forming raw papers into a refined knowledge graph. For 
reference, a representation of the entire pipeline is pro-
vided in Figure 2. 

Document Parsing 
The first step in our approach involves the user se-

lecting the academic papers that will form the knowledge 
base for the retrieval system. Once the papers are cho-
sen, the pipeline begins by processing each paper, 
breaking it down into smaller units of information com-
monly referred to as "chunks". Some traditional RAG 
methodologies often utilize a fixed character-length 
chunking strategy, where the chunk size is limited  by the 
maximum input length supported by the embedding 
model, with overlapping regions between consecutive 
chunks [5]. While this general approach is applicable to 
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any document, it does not consider the inherent structure 
of academic papers. Consequently, important ideas may 
be fragmented across multiple chunks, potentially reduc-
ing the retrieval quality. 

To address this limitation, our pipeline parses each 
paper to identify its structural components, such as sec-
tions, subsections, and other logical divisions. Instead of 
relying on arbitrary fixed-size chunking, we allow each 
section to form its own chunk. This ensures that each 
chunk represents a self-contained idea or concept, pre-
serving the coherence and contextual integrity of the in-
formation.  

Academic papers in PSE often include a significant 
amount of information formatted as equations, tables, 
and figures. To effectively integrate this knowledge into 
the retrieval system, we extract these elements and gen-
erate detailed text descriptions for each using a multi-
modal LLM. These descriptions provide contextual infor-
mation about the purpose, content, and relevance of the 
equations, tables, and figures, enhancing their interpret-
ability and utility within the knowledge base. 

The generated descriptions are not only linked to 
the specific chunk where the corresponding equation, ta-
ble, or figure appears but are also associated with all 
chunks that reference them. For instance, the description 
of "Figure 1" is attached to both the chunk where the  fig-
ure resides and all other chunks that mention "Figure 1." 
This approach ensures that users querying the system 
can access enriched and cohesive context related to 
these important elements, regardless of where they are 
discussed within the academic paper. 

Knowledge Graph Construction 

After parsing and processing all the selected pa-
pers, the next step of the pipeline is to construct a 
knowledge graph that integrates and relates the ex-
tracted information across the entire body of literature. 
To achieve this, entities are first identified and extracted 
from the documents [6]. Tailoring the pipeline to aca-
demic literature, entity recognition is constrained to spe-
cific categories: papers, solvers, authors, algorithms, in-
stitutions, benchmarks, and software. However, this cat-
egorization can be customized by users to include addi-
tional or alternative categories, allowing greater flexibility 
and adaptability. 

For each identified entity, a detailed description is 
generated based on the contextual information found in 
the text. Once these descriptions are established, rela-
tionships between entities are inferred and created to 
form a network [6]. To ensure greater coherence and 
maintain the integrity of the source information, each 
chunk from the parsed documents is treated as a sepa-
rate entity within the graph and linked to the entities ex-
tracted from it. The entire knowledge graph construction 
process is implemented using the Neo4j graph database, 
enabling efficient storage, querying, and visualization of 
the interconnected knowledge [10]. 

Graph Enhancement 
To improve the efficiency of the constructed 

knowledge graph, the pipeline incorporates a step to 
group similar entities, reducing redundancy and improv-
ing query performance. This step ensures that semanti-
cally or contextually identical entities, which may be rep-
resented with slight variations (e.g., "Ignacio Grossmann" 

 
Figure 2: Sketch of the proposed Graph RAG pipeline. Raw papers are divided into sections, and each section is 
analyzed to extract all figures, tables, and equations. A multimodal LLM generates descriptions for these extracted 
elements, which are then appended to their corresponding sections. From this enriched set of documents, a 
knowledge graph is constructed, where nodes represent entities identified in the documents, and edges capture 
their relationships. In the figure, colors denote the topics found in the documents, illustrating the degree of their 
relation. Similar entities are merged to eliminate duplicates, and a community detection algorithm is applied to 
group nodes into clusters [7]. Nodes with black borders represent the descriptions generated based on the 
information within each community. The final knowledge graph is stored in a graph vector database for efficient 
search and retrieval. 
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vs. "I.E. Grossmann"), are unified into a single node within 
the graph. 

The grouping process begins with a fuzzy search 
across the recognized entities to identify potential 
matches based on similarities in names, descriptions, or 
other attributes. Once potential matches are identified, a 
clustering algorithm is applied to group these similar en-
tities systematically [7]. The clustering consolidates en-
tities with high similarity scores while preserving entities 
that are sufficiently different. 

Generating communities within a knowledge graph 
and creating descriptions of these communities play a 
crucial role in enabling global inference across the graph 
as seen in Edge et al. [7]. These community summaries 
provide a foundation for answering high-level, global 
questions that go above the scope of individual text 
chunks. By leveraging the Leiden community detection 
algorithm, the graph is partitioned into clusters of closely 
related entities, each meaning to represent a distinct 
theme or area of knowledge within the corpus.  

Once communities are identified, generating com-
prehensive descriptions of each community enhances 
the ability of the system to perform global query-focused 
summarization. Analogue to the approach by Edge et al. 
[7], we separate queries into two distinct vector 
searches: one local, targeting raw chunks, and one 
global, focused on community descriptions. By combin-
ing the results of the two searches, we create a single 
retrieved context that simultaneously accounts for both 
granular details and high-level abstractions. This ap-
proach has proven more effective for answering open-
ended questions that require various levels of knowledge 
abstraction [11]. A visualization of the obtained 
knowledge graphs is provided in Figure 3.  

We employed the OpenAI API framework with 
ChatGPT-4o-mini as the generation model, utilized the 
text-embedding-ada-002 model for embedding 

generation, and leveraged Chroma and Neo4j [10] as 
vector databases. To make sure GRAPSE is easily acces-
sible, all computations were conducted on MacBook Air 
M1 (16 GB RAM). For all vector searches across the RAG 
pipelines, we employed similarity search with a threshold 
of 0.3. The LLMs were used with default settings, except 
the temperature was set to 0.0, and the same prompts 
were used uniformly across all pipelines. 

EVALUATION 
Evaluating LLM frameworks is a key step in their de-

velopment, requiring well-defined benchmarks of ques-
tions and corresponding metrics. While there are several 
established benchmarks for LLMs covering topics such 
as history, reasoning, coding, and math, no such bench-
mark currently exists for PSE questions. One potential so-
lution is to collect questions from PSE textbooks and 
tests, but this approach is constrained by copyright is-
sues. Alternatively, manually creating a question set is 
possible, but it is labor-intensive and would limit users 
from readily testing their customized pipelines. To ad-
dress these challenges, we leverage Ragas to automati-
cally generate a benchmark of PSE-specific questions 
and answers for evaluating retrieval pipeline perfor-
mance [11]. This method uses the raw documents in the 
corpus to provide ground truth, enabling reliable assess-
ment of retrieval quality. The metrics employed to evalu-
ate the pipeline are detailed below.  

1. Context Recall 
Context Recall (CR) evaluates how effectively rele-

vant documents or information are retrieved, ensuring no 
important details are missed. Higher scores, ranging from 
0 to 1, indicate better performance by capturing all perti-
nent material. This metric simplifies evaluation by 

  
Figure 3: Knowledge graph visualization. Figure a) illustrates the complete knowledge graph built from a large 
collection of PSE papers, with node colors representing various entity types across the network. Figure b) provides 
a detailed view of a single community within the graph, showing the relationships among entities in the community 
and the corresponding community description. 
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breaking the reference answer into individual claims and 
verifying alignment with the retrieved contexts, eliminat-
ing the need for time-intensive direct annotation of ref-
erence contexts. CR is calculated using the input, refer-
ence answer, and retrieved contexts, emphasizing com-
pleteness in retrieval as: 

𝐶𝐶𝐶𝐶 = #  𝑜𝑜𝑜𝑜 𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐 𝑖𝑖𝑖𝑖 𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟 𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠 𝑏𝑏𝑏𝑏 𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟 𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐
𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇 # 𝑜𝑜𝑜𝑜 𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐 𝑖𝑖𝑖𝑖 𝑡𝑡ℎ𝑒𝑒 𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟

 (1) 

2. Faithfulness 
The Faithfulness (F) metric measures the factual 

alignment of a response with the retrieved context, with 
scores ranging from 0 to 1, where higher values indicate 
greater consistency. A response is considered fully faith-
ful when all its claims are supported by the given context. 
This metric is calculated by identifying individual claims 
in the response and verifying their support within the re-
trieved context, ensuring a precise assessment of factual 
accuracy as: 

𝐹𝐹 = #  𝑜𝑜𝑜𝑜 𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐 𝑖𝑖𝑖𝑖 𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟 𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠 𝑏𝑏𝑏𝑏 𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟 𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐
𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇 # 𝑜𝑜𝑜𝑜 𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐 𝑖𝑖𝑖𝑖 𝑡𝑡ℎ𝑒𝑒 𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟

     (2) 

3. Factual Correctness 
Factual Correctness (FC) assesses how accurately 

a generated response aligns with a given reference, as-
signing a score between 0 and 1, where higher values in-
dicate better factual consistency. The response and ref-
erence are broken into individual claims, and their overlap 
is evaluated using an LLM. The metric is derived as an F1 
score, with true positives representing claims in the re-
sponse that match the reference, false positives as un-
matched claims in the response, and false negatives as 
reference claims missing from the response. Precision 
and Recall are combined to compute the final F1 score as: 

𝐹𝐹𝐹𝐹 = 2 𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃 ⋅ 𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅
𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃 + 𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅

                                                   (3) 

4. Semantic Similarity 
Semantic Similarity measures how closely the 

meaning of a generated response aligns with the ground 
truth, with scores ranging from 0 to 1, where higher val-
ues indicate a stronger semantic match. This metric eval-
uates response quality by assessing alignment in the se-
mantic embedding space. The ground truth and gener-
ated response are transformed into vector representa-
tions using the same embedding model, and their similar-
ity is calculated using cosine similarity. 

RESULTS 
The entire field of PSE cannot be comprehensively 

represented through a modest selection of papers due to 
its wide-ranging diversity in research areas [4]. For the 
purpose of this work, we based our document selection 
on the references cited in the Advanced Optimization for 

Process Systems Engineering book by Professor Gross-
mann [12]. This selection includes 48 papers with the full 
list available in the GitHub repository. While this is not an 
exhaustive representation of all research areas within 
PSE, it serves as an illustrative proof of concept for this 
study. Importantly, our pipeline is designed to be paper-
agnostic, allowing users to customize their selection of 
documents to suit their specific tasks and apply the 
methodology accordingly. Our resulting benchmark con-
sists of 577 questions. 

Metric Comparison 
We compared four distinct pipelines. The az-

ure_openai pipeline represents a straightforward use of 
the LLM, equivalent to a single, simple API call. The 
langchain_basic pipeline corresponds to a standard RAG 
implementation, as illustrated in Figure 1. The 
graph_db_vector pipeline performs vector search within 
the graph database without any additional enhance-
ments. Lastly, the grapse pipeline reflects the complete 
methodology proposed in this work. The results of this 
comparison are presented in Figure 4. 

 
Figure 4. Metric comparison for different LLM pipelines 
performing in a PSE benchmark. Note a score of 1 is the 
best in all metrics. 

 Our proposed pipeline consistently achieves the 
highest scores across all evaluated metrics. The Factual 
Correctness and Faithfulness metrics are not applicable 
to the simple LLM call, as it lacks a retrieval mechanism. 
The Semantic Similarity metric shows minimal variation 
across pipelines, as it primarily reflects closeness in the 
embedded space rather than natural language similarity, 
which explains the uniformly high similarity between re-
sponses and queries. The most critical metric, however, 
is Context Recall, which evaluates the effectiveness of 
the retrieval mechanism. This metric shows the most sig-
nificant improvement in our pipeline, demonstrating that 
the retrieved documents effectively support the genera-
tion of accurate answers. 

Q&A 
To demonstrate the practical application of our 

framework, we posed two illustrative questions to our 
pipeline. The LLM was instructed to provide two distinct 
types of responses, showcasing the system's flexibility, 
while maintaining quality and rigor. The questions and 
corresponding answers are presented in Figure 5. 
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CONCLUSIONS 
We proposed a graph-based retrieval-augmented 

generation pipeline specifically designed for PSE papers. 
The pipeline is fully replicable and customizable to ac-
commodate any papers the user requires. Additionally, 
we integrated a benchmark generation tool to facilitate 
the evaluation of the resulting RAGs, potentially paving 
the way for the creation of PSE question sets. Our pipe-
line outperforms both non-RAG and vanilla RAG imple-
mentations demonstrating its effectiveness. In this pa-
per, we focused on zero-shot prompting to generate and 
evaluate answers. However, future work will involve inte-
grating this pipeline with reasoning models to further en-
hance answer quality. 

DIGITAL SUPPLEMENTARY MATERIAL 
All the code used in this work can be found in an 

openly availably GitHub repository: 
https://github.com/arpanseth/GRAPSE 
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