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Abstract. Large Language Models (LLMs) are changing
the way scientific work gets planned, carried out, and
communicated, especially in fields like life sciences,
drug development, and pharmaceuticals. This paper
focuses on what is actually working in practice: how
teams are using LLMs to navigate scientific literature,
pull relevant information from clinical or research text,
and support decision-making in drug discovery. We
break down the core pieces behind these systems,
things like retrieval-augmented generation (RAG), hybrid
vector search, agentic LLM orchestration, and discuss
how to measure the retrieval process and entire system
performance. We also explore some of the newer
directions in this space, particularly agentic RAGs,
where LLMs do not just answer questions but actively
decide what steps to take, having at their disposal tools
that they can run when needed. This includes retrieving
papers from sources like PubMed, arXiv, bioRxiv, or
Google Scholar, querying structured data, and chaining
together reasoning steps to dig deeper into a problem.

Keywords. Large Language Models (LLM), Retrieval
Augmented Generation (RAG), scientific research, AI
assistant research, agentic RAGs, LLM agents.

1 Introduction

Large Language Models (LLMs) have quickly
become some of the most useful tools in
biomedical and life science research. Trained
on enormous amounts of text, these models
can generate text content and provide meaningful
answers to complex questions, which makes them
an interesting tool for tasks like drug discovery,
preclinical research, clinical data analysis, and
medical decision support. Researchers across

drug development and healthcare are already
finding practical ways to put them to work:
scanning through scientific literature, forming new
hypotheses, helping with medical documentation,
research, and even helping design or repurpose
therapeutic molecules.

This paper looks at how LLMs are actually being
used today in life sciences, with particular attention
to retrieval augmented generation (RAG) and
agentic techniques that enhance model outputs
in domain-specific knowledge rather than relying
only on the model’s knowledge. We walk
through common usage patterns and practical
lessons learned, highlighting how pairing LLMs
with retrieval methods helps tackle real problems
such as factual errors and context limitations. The
scope runs from computational drug discovery
pipelines all the way to clinical workflow support.
Along the way, we offer an overview of what LLMs
can actually do in scientific settings, explain how
RAG frameworks work in practice, and review a
set of recent applied studies that put these ideas
to the test.

The paper is organized as follows. Section
2 covers related work, including a look at RAG
architectures and how LLMs are being used as
AI assistants across different domains. Section 3
details how LLMs function as generative models,
how they support scientific research, and how
they are used in RAG approaches, along with
current limitations and ways to improve retrieval
quality. Section 4 focuses on how to evaluate RAG
systems. Section 5 explores novel agentic RAG
approaches. Section 6 summarizes real-world
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applications across several industries, and finally,
Section 7 wraps things up with conclusions and a
discussion of limitations.

2 Related Works

The use of large language models in scientific
research has grown quickly, and two directions
in particular: systems built around retrieval-
augmented generation, and approaches that give
models more agency to act on their own.

2.1 LLMs in Biomedical and Life Sciences

One of the clearest lessons from recent years
is that training models on data from a specific
field pays off. BioBERT [6] showed this well:
by continuing to train on biomedical text, it
got noticeably better at things like recognizing
medical terms and understanding how concepts
relate to each other. Beyond specialized models,
general-purpose LLMs are also becoming common
in research settings, usually connected to some
form of retrieval so their answers stay tied to real,
up-to-date sources.

2.2 Retrieval-Augmented Generation Systems

RAG is a fairly straightforward idea: instead of
relying entirely on what a model has memorized,
you give it access to external documents at the
time it generates a response [8]. This makes
outputs more trustworthy and easier to verify,
which matters a lot in healthcare [20]. CLEAR
[10] is a good example of this in action, using
entity-level retrieval to get more accurate results
when extracting clinical information from text.

2.3 LLM Agents and Tool Use

Agentic approaches go one step further. Rather
than just retrieving and generating, these systems
let models reason through a problem step by step
and call external tools along the way. ReAct [21]
was one of the first frameworks to show how useful
this could be, mixing reasoning and action in a
single loop. Since then, tools like LangGraph
have made it much easier to build these kinds of
workflows without starting from scratch [19, 3].

2.4 AI in Drug Discovery and Development

LLMs are being tested across many parts of
the drug discovery process [7], from reading
and summarizing scientific literature to helping
researchers think through hypotheses and make
decisions. Some recent projects have taken a
fully agentic approach, where multiple models
collaborate on discovery tasks [1]. Others
have focused on connecting RAG pipelines to
multi-omics data, opening the door to more
personalized and data-driven medicine.

3 LLMs and RAGs

This section summarizes the core RAG pipeline
used in scientific research work: pre-processing,
retrieval, and generation.

3.1 Pre-Processing

The main goal of pre-processing is to take
scientific content that comes in all shapes and
sizes and turn it into a consistent enough content
to retrieve and work with reliably. In practice
this means handling whatever format the source
material comes in: PDFs, Word documents,
PowerPoint files, spreadsheets, Google Docs, plain
text exports, and more. Everything gets funneled
into a single text-based pipeline.

Once the content is in plain text, the next step is
to split it into smaller pieces called chunks. These
chunks are kept small enough to be focused but
overlap slightly with their neighbors, usually around
10 to 20 percent, so that ideas stretching across
two chunks do not get cut off and lost.

This approach has been a standard practice
in question-answering systems for a while [5],
and it also helps work around one of the known
weaknesses of LLMs: their tendency to lose
track of information buried in the middle of long
inputs [9].

Each chunk then gets passed through an
embedding model, which converts the text into a
numerical vector that captures its meaning. These
vectors are stored in a vector database alongside
metadata like the title, authors, section, and date.
Popular open-source options for generating these
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Fig. 1. Pre-processing pipeline for RAG systems. Documents are chunked, embedded, and stored in a vector database
for efficient retrieval

embeddings include Sentence-BERT [17], while
commercial alternatives from OpenAI are also
widely used [14].

On top of this, the same chunks are also indexed
using a keyword-based method like BM25 [18],
which works by matching exact terms rather than
meaning. The reason for doing both is that dense
and sparse retrieval tend to complement each
other, and combining them often leads to better
results overall [11]. In life sciences and drug
development especially, this matters a lot because
a model needs to handle both the meaning of a
passage and precise terminology, things like drug
names, gene symbols, or clinical trial identifiers.

3.2 Retrieval

This step happens after a user submits a query into
the system; the system does not just take it at raw
text. If there is a previous conversation history, the
query gets rewritten first to reflect that context, and
then it goes through the same embedding model
that was used to create the vector store in the
pre-processing stage. This produces a vector that
captures what the user is actually looking for.

From there, the retriever compares that query
vector against every vector stored in the vector
store and selects the top-k chunks that are closest
in meaning (Fig. 2).

The standard way to measure that closeness is
cosine similarity, which looks at the angle between
two vectors rather than their raw distance, making
it a reliable way to compare meaning regardless of
how long the text is.

At the same time, a keyword-based retriever
runs in parallel, scoring the same chunks using
a method like BM25. A practical way to combine

Fig. 2. Retrieval phase of RAG. Queries are embedded
(and optionally rewritten), then matched against stored
embeddings using cosine similarity to select the top-k
relevant chunks

dense and sparse retrieval is a weighted fusion
score:

similarity(q, d) =
q · d

∥q∥∥d∥
, (1)

score(q, d) = α similarity(q, d)
+ (1− α)BM25(q, d),

(2)

where α ∈ [0, 1].
This explicit fusion rule lets the system match on

meaning and on exact terms, which is especially
useful when queries contain specific names,
identifiers, or technical vocabulary.

To make cosine similarity a bit more concrete,
each piece of text is represented as an arrow
pointing in some direction in a high-dimensional
space. Fig. 3 reduces this to two dimensions so
it is easier to see. The query is one arrow, and
each candidate document chunk is another. The
retriever simply looks at how closely aligned those
arrows are. The smaller the angle between the
query and a chunk, the more similar they are in
meaning, and the higher that chunk gets ranked.
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Fig. 3. Cosine similarity in embedding space (illustrative example). The retriever scores candidates by the normalized
dot product with the query vector, which corresponds to the angle between vectors

Fig. 4. Generation phase of RAG. Retrieved passages
are incorporated into the prompt to produce grounded
outputs

3.3 Generation

Once the relevant chunks have been retrieved, they
are merged with a base prompt that sets the tone
and rules, the original user query, any relevant
conversation history, and the retrieved documents
(Fig. 4). The LLM then uses all of that context to
generate a meaningful final response.

4 RAG Evaluation

Evaluating RAG system performance properly
means looking at two things. How well it
retrieves relevant information, and how well
it turns that information into a good answer.
RAGAs [4] addresses this by automating the
evaluation process using LLM-based metrics,
which reduces the need for large amounts of
manually labeled data.

The process itself is straightforward, as il-
lustrated in Fig. 5. Questions are generated
directly from the vector store to form a synthetic
test dataset that reflects the content the system
is actually working with. Those questions go
through the full RAG pipeline and the outputs get
scored. The scores give you a concrete sense of
whether retrieval is doing its job and whether the
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Fig. 5. RAGAs evaluation framework. Synthetic datasets can be generated from the vector store, run through the RAG
system, and scored with LLM-based metrics

generated answers are genuinely backed by the
retrieved content.

4.1 Core Metrics

The RAGAs framework [4] defines four core
metrics for evaluating RAG systems.

Before getting into the metrics, it helps to define
the key pieces. K represents how many chunks
were retrieved, and for each chunk at rank k, a
binary indicator is used to record whether it was
actually relevant Rk ∈ {0, 1}.

On the generation side, the claims in the
reference answer Cref and the claims in the
model’s response Cresp are treated as two separate
sets. The analysis then checks which claims
are supported by the retrieved content; that
supported-claims set is denoted by S. For
measuring answer relevancy, the embedding of
the original question qorig is compared against the
embeddings of N synthetic questions {qsynth

i }Ni=1

generated by the model, and that comparison is
used to assess how well the answer stays on topic:

ContextPrecision@K =

∑K
k=1 pk Rk

max
(
1,
∑K

k=1 Rk

) , (3)

ContextRecall =
|Cref ∩ S|
|Cref|

, (4)

Faithfulness =
|Cresp ∩ S|
|Cresp|

, (5)

AnswerRelevancy =
1

N

N∑
i=1

cos(qsynth
i ,qorig),

(6)

where pk = Precision@k = |{j : j ≤ k∧Rj = 1}|/k
is the standard precision at rank k.

Fig. 6. Agentic RAG with tool integration. The agent
selects tools (e.g., vector retrieval, PubMed search,
SQL/JSON access) and synthesizes results into a final
answer

5 Agentic RAGs

Agentic RAG extends the retrieve-then-generate
process by letting an LLM plan, call tools, and
iterate over intermediate results in order to provide
more detailed information in the final answer.

In practice, the agent does not rely on a single
source of information. It has a set of tools it can call
on depending on what the question actually needs,
as shown in Fig. 6. A vector retriever handles the
semantic side, pulling passages from the indexed
document store that are closest in meaning to the
query including hybrid search approaches. When
the question calls for biomedical literature that goes
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Fig. 7. Agentic RAG execution loop (illustrative). The
agent iterates over planning, tool calls, and observation
updates before producing a final grounded answer

beyond what is stored locally in the vector store,
the agent can reach out to PubMed directly. And
when the answer requires structured data, SQL
and JSON database tools let it query clinical tables,
generating the SQL query statement to retrieve the
data, knowledge bases, or experiment records in a
more precise way.

There is also a dedicated reasoning step,
sometimes called a thinking tool, that gives the
agent space to work through a problem more
carefully before committing to an answer. This
tends to improve response quality, and the outputs
from this step can be evaluated using standard
RAGAs metrics described in Section 4 (and the
comparison in this section). On top of all that,
agents can include citation tools that automatically
link the final answer back to the specific documents
that were retrieved, making the response easier to
verify and trust.

Most agentic pipelines follow a repeating loop:
the model thinks about what to do, takes an action,
observes the result, and then decides what to do
next. ReAct [21] formalized this pattern, and it
has become a common foundation for how these
systems are built.

LangGraph [19, 3] takes a similar idea and
organizes it as a graph, making it easier to design
and manage more complex workflows with multiple
steps and branching paths.

More recently, dedicated thinking tools [16] have
been introduced to give models a structured space
to reason through harder problems before acting,

Table 1. Illustrative performance comparison of agentic
RAG systems with and without thinking capabilities
(values reported in the presentation)

Metric Non-thinking Thinking

Faithfulness 0.9569 0.9552
Answer relevancy 0.8033 0.8184
Context precision 0.8276 0.8548
Context recall 0.8361 0.9265
Semantic similarity 0.9240 0.9262
Answer correctness 0.6000 0.6014

which tends to help in situations where several
steps need to chain together.

5.1 Thinking vs. Non-Thinking Results

To illustrate how the thinking step may affect
system performance, the same agentic RAG
system was run twice, once with the thinking
tool enabled and once without it. The table
below reports the observed metric values for that
comparison.

In this comparison, adding the thinking step
was associated with higher answer relevancy,
context precision, context recall, and semantic
similarity. Faithfulness changed minimally, and
answer correctness remained nearly unchanged.
Because this section reports one comparison from
presentation results, these differences should be
interpreted as indicative rather than conclusive;
multiple runs with variance estimates are needed
to confirm the effect.

6 Applications

In life sciences and drug development, RAG
systems are most useful when they are connected
to the right sources, research papers, clinical
text, internal databases, and other domain-specific
material. Pairing that with agentic tool use makes
the whole setup considerably more capable.

The practical benefit is that these systems
cut down the time researchers spend on the
slower parts of scientific work. Instead of
manually combing through literature, gathering
evidence piece by piece, or waiting on data
synthesis, teams can run those steps faster
and interactively. Sources get retrieved and
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checked quickly, hypotheses can be refined earlier
in the process, and the gap between asking
a question and having something testable gets
noticeably smaller.

This kind of setup is already being explored in
real workflows. Collaborative multi-agent designs
have been applied to drug discovery [7], and
agentic RAG pipelines have been used to work
through multi-omics data in precision medicine
contexts [1]. In the same broader direction,
recent work on summarization, information re-
trieval, and natural-language medical interfaces
provides enabling components that align with
this pipeline-oriented view of enhancing scientific
reporting approaches [12, 15, 13, 2].

7 Conclusions and Limitations

This paper summarizes RAG and agentic RAG
approaches used to accelerate scientific work
in industry environments, with a focus on drug
development use cases.

Current limitations include retrieval bottlenecks
(missing or low-quality context), hallucination risk
in high-stakes scientific settings, and increased la-
tency/cost for iterative or thinking-enabled agents.
Future work is likely to focus on improved
domain embeddings, stronger provenance/citation
tracking, and tighter integration with scientific data
sources and automation.
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