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ABSTRACT
Large Artificial Intelligence (AI) and generative large language
models (LLM) are key computational drivers. For researchers de-
veloping new tools or incorporating LLMs into their processing
pipeline, the scale of data and models require supercomputing re-
sources which can only be met through cloud or High Performance
Computing (HPC) architectures. Many of these researchers have
deep experience with AI, LLMs, and their research area but are
new to HPC concepts, challenges, tools, and practices. To assist
this researcher community, the Research Facilitation Teams at MIT
Office of Research Computing and Data (ORCD) and the MIT Lin-
coln Laboratory Supercomputing Center (LLSC) have developed
tutorial materials to teach researchers how to build their own Re-
trieval Augmented Generation (RAG) workflows. Selecting RAG
systems as the project focus provides motivation for developing a
wide range of skills necessary for efficiently working with LLMs
on an HPC system while creating a useful application.

This work details LLM-RAG implementation concerns on two
different systems, the design decisions associated with developing
the examples, deployment of the workshop training, and the feed-
back received from the participants. Both the MIT ORCD and MIT
LLSC systems are representative of HPC community systems and
we plan to refactor the in-person and live virtual workshops into
a micro-course built from online, self-paced modules that will be
reusable across other HPC centers with slight modifications.
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1 INTRODUCTION
Large Artificial Intelligence (AI) and generative large language mod-
els (LLM) are key computational drivers. For researchers developing
new tools or incorporating LLMs into their processing pipeline, the
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size and scale of data and models require supercomputing resources.
The resource needs can be met through cloud architectures or High
Performance Computing (HPC) systems. Many of these researchers
have deep experience with AI, LLMs, and their research area but are
new to HPC concepts, challenges, tools and practices. The paradigm
shift from existing tutorials on YouTube and HuggingFace where
examples are designed for personal systems to the tasks associated
with using a community supercomputing system is massive. As
part of this shift researchers need to learn how to install code and
packages in user space, select the appropriate compute and memory
resources, and run their applications through a scheduler. Addition-
ally, they need to understand the basics of distributed computing in
order to understand the challenges associated with running large
applications that require multiple nodes for processing.

There are ways to lower these barriers to entry, including the use
of containers, modules, well designed teaching examples, and user-
guided tutorials. Based on researcher demand, the authors elected
to explore approaches to supporting researcher efforts through the
development of LLM Retrieval Augmented Generation (LLM-RAG)
systems.

A cursory review of in-depth user guides and written tutorials
provided by HPC centers highlights two broad approaches for creat-
ing LLM-RAG examples that researchers can emulate: provisioning
containers [9] and LLM-RAG systems created with a combination
of bash and python scripts [3, 5, 10]. In this paper we examine
both approaches to building LLM Retrieval Augmented Genera-
tion (RAG) systems on an HPC system. The authors represent two
distinct supercomputing centers with two distinct approaches to
deploying LLM software and training for the research community.
Note that when we refer to training in this paper we are referring
to educational training.

2 TECHNICAL APPROACH TO EXAMPLE
DEVELOPMENT

At a high level an LLM-RAG pipeline executes the following steps:

(1) Load the data set into a machine readable format
(2) Embed the data into a vector database, i.e. vectorstore
(3) Create a workflow that chains the embedding model, vector-

store, and language model together to read user inputs and
use them to augment queries and return answers
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Table 1: Key ImplementationDifferences betweenMITORCD
and MIT LLLSC

Configuration MIT ORCD MIT LLSC
Internet access from compute nodes Yes No

Offline model repository No Yes
Multi-node examples No Yes

The implementation of the LLM-RAG pipeline examples on the MIT
ORCD and MIT LLSC systems is impacted by the differences in
how these systems are configured and the policies that are applied.
The key differences can be seen in Table 1.

In each case, the authors used the Python programming language
and the Langchain [1] suite of packages to create the pipeline.

2.1 Deployment via Apptainer
ORCD deployed LLM-RAG using a world-readable Apptainer [11]
image containing a prebuilt Anaconda environment to run on our
Engaging cluster. We chose container technology over other ap-
proaches to minimize the setup time, allowing more class time to
be spent interacting directly with the RAG pipeline. To further
streamline our deployment, we distribute a shell script to run the
pipeline, thus allowing users to interact with the LLM agent using a
single command from the command line. The script uses the online
ORCD documentation as a knowledge base by default, and with
a second shell script users can create an alternative vector store
with their own set of documents. The ORCD documentation exists
in the form of Markdown files which are generally well suited for
vector store creation.

By default, our pipeline uses Mistral AI’s 8B Instruct LLM [6].
We chose a small model to reduce download time for our users,
limit the GPU resource requirement, and save space on our systems.
Furthermore, we found Mistral’s models to be the most practical for
our use case because they are open source, readily available through
HuggingFace, and well-suited for LLM agents. While we explored
saving the model in a global location on our cluster to be shared
by all users to avoid multiple individual downloads, we found that
the download process was a good opportunity for users to learn
about storage and bandwidth. Many users might not understand the
computational scale of LLMs, and witnessing how many resources
are required even for relatively small models should influence their
point of view as they develop their own AI workflows.

Our deployment allows for varying levels of engagement among
our users. For those who simply want to interact with the LLM
agent, they can do so with a single shell command. For users who
want to easily customize the pipeline to fit their needs, we added
flags that can be used when running the shell scripts, which allow
users to set different knowledge bases or change the temperature
of the LLM. Advanced users seeking deeper customization, such as
enabling multi-GPU inference for larger models or experimenting
with different LLM prompt contexts, can treat our code base as a
flexible foundation. Its design makes it easy to adapt and extend
for more complex use cases.

2.2 Deployment in Offline Mode
To avoid sharing data, queries, and results across the open internet,
many organizations discourage or forbid access to public, open
LLM tools for professional work. In these environments, researchers
require offline models that can be used locally. Downloading models
to a laptop quickly becomes infeasible, and researchers often turn
to approved cloud providers or organizational clusters. While the
use of organizational clusters enables research teams to work from
a single system, resource requirements for ever larger models risk
overwhelming a shared system. To support the requirements of
Lincoln Laboratory projects engaged in LLM research, the LLSC
provides a fully on-premise solution. Equiping a useful system for
researchers requires providing access to an ever-expanding set of
models and a means of serving the models to applications.

The LLSC provides access to open language models through a
shared directory on the central file system. Publicly availablemodels
used by multiple research groups are downloaded and staged by the
LLSC team. To avoid accidental deletion or corruption, the directory
is set with read and execute permissions, while only members of
the LLSC team have write permission. If a research team needs a
model that is not open, they are advised to request a shared (Linux)
group and stage the model in the group protected directory.

For models that are small enough to fit on a single node, provid-
ing users with the path to the models is enough to get them started.
For larger models that require more GPUs than those on a single
node, researchers need a way to serve a distributed model from
multiple nodes to their application. To address these concerns, the
LLSC has chosen to use vLLM [4] because vLLM

• handles communication between nodes,
• coordinates GPU memory through optimized CUDA kernels,
• offers fast model execution with CUDA/HIP graph,
• is well integrated with HuggingFace models, and
• provides an OpenAI compatible API server.

This approach provides enormous flexibility for the researchers
allowing them to select a model at run-time by specifiying the
model and resources requirements, e.g., number of GPUs, in the
submission script. With templated scheduler submission scripts,
users only need to change one or two parameters to select a new
model for testing. However, one challenge with the LLSC’s initial
implementation of the vLLM approach was that users needed to
develop a fairly deep understanding of Linux, bash scripting, and
scheduler (resource manager) use in order to be fully effective.
Throughmultiple iterations of the learning module these challenges
have been simplified but not eliminated. The process of training
researchers to migrate from more open environments to the on-
premise solution is discussed in Section 3.

3 TEACHING AND TRAINING APPROACH
The choice of LLM-RAG provides the training team with the ini-
tial opportunity to teach researchers about user space, basic Linux
commands, and the shared needs of community systems. The scope
of models used in RAG systems motivates the need to better under-
stand how to use GPUs efficiently in a shared community system.
For both teams, the LLM-RAG pipeline created the opportunity to
build HPC skills using a Just-In-Time approach.
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3.1 Learning Objectives
We designed our educational material with two goals in mind: (1) to
teach users how to run and customize an LLM agent on a computing
cluster and (2) to demonstrate best practices for HPC more broadly
through the use of an example application. This results in two sets
of learning objectives for students, which we describe below.

3.1.1 LLM-RAG learning objectives. The learning objectives as-
sociated with developing and running LLM-RAG pipeline include
theoretical concepts, practical implementation concerns and trou-
bleshooting skills. In particular, the teams designed the training so
that learners completing the workshops, would

• understand the components of LLM-RAG pipelines, includ-
ing vector stores, embedding models, and LLM context tun-
ing,

• be familiar with implementing a RAG pipeline using pro-
vided code

• be able to modify the RAG pipeline based on individual
needs,

• be able to create a vector store based on any set of documents,
• be able to pre-process a set of documents to minimize trou-
bleshooting of vector store creation,

• understand how to launch a vLLM server through an HPC
scheduler (MIT LL), and

• be able to use LLMs on a supercomputing/HPC system using
GPUs.

3.1.2 HPC learning objectives. While the set of learning objec-
tives associated with running a LLM-RAG pipeline on a supercom-
puting system were the key drivers of the training, success required
that learners develop an understanding about HPC systems and the
skills to use them. In practice this meant that the training teams
had an opportunity to include a number of general HPC skills in
the training. Thus, at the end of the workshop, not only did the
learners develop the skills in the previous section, but they also

• understood what containers were and when to use them,
• were able to use containers in an HPC setting (MIT ORCD)
• understood the role of an HPC resource manager (scheduler)
(MIT LL),

• were able to submit jobs and monitor jobs through the re-
source manager (MIT LL),

• gained greater familiarity with Linux command line use,
• had experience monitoring GPU utilization for memory and
compute,

• had experience configuring and confirming Python environ-
ments in user space,

• had experience configuring user shell environments more
broadly, and

• understood best practices for file system use when down-
loading data and models.

In the next section we discuss how these learning objectives were
woven into the course material, through the lecture/presentation
and the hands-on practice.

3.2 Workshop Design and Delivery
3.2.1 ORCD workshop. ORCD offered an in-person, two-hour

course on running the RAG pipeline as part of the summer HPC

course series presented to interested learners in theMIT community.
The course was accompanied by a “How-To” guide included in our
online documentation. Based on a pre-course survey, learners came
from a variety of disciplines atMIT andmostly consisted of graduate
students and postdoctoral scholars.

The ORCD team designed our workshop to be highly practical,
focusing on hands-on application rather than delving deeply into
the theoretical mechanics of LLM agents. That said, we did provide
a brief overview of key concepts, including visual explanations of
RAG pipeline architecture and the process of embedding documents
to build a vector store. This was intended to provide our users
with just enough context so that they could make any necessary
customizations to the pipeline later on.

The workshop was also highly interactive, with most of the of
the teaching taking the form of live coding, which allowed students
to follow along on their own. Frequent pauses were taken to ensure
that students were not left behind and personal assistance was
provided to students as needed. We aimed for a low instructor-
to-student ratio, with one teacher and two helpers for every 20
students. Helpers were present to provide one-on-one support to
students who had user-specific issues that may not apply to the rest
of the class, such as unique environment configurations or storage
limitations.

There were a few setup steps that users were required to follow
before they could start interacting with the LLM-RAG agent. We
informed users of some of these steps in the days leading up to the
workshop, but still went over them in person. Users needed to create
an account on HuggingFace and generate a user token in order to
gain access to the pre-trained LLMs and embedding models used in
our setup. Then, from the command line, we went over saving the
tokens to individual shell initialization scripts, which we used as an
opportunity to teach about shell configuration on shared systems.

We then walked users through requesting necessary resources
to run the pipeline. Users connected to our cluster using the shell
access to login nodes available through our Open OnDemand web
portal [2]. We chose this route over SSH connection to limit the
barrier to accessing our systems and ensure a consistent experi-
ence among our users, circumventing any individual differences
in operating systems and SSH clients. After connecting to a login
node, we showed users how to start an interactive job using a GPU.
Our Engaging cluster has L40S GPUs, each with 46GB of memory,
which is enough to run inference on the Mistral 8B model.

The overall flow of the workshop was intended to start as simple
as possible and increase in complexity as time went on. After setup,
the first exercise that students performed was running the single
shell command that allowed them to interact with the LLM-RAG
agent right away. Students initially had to wait for the model to
download, during which time we walked through the code and
general architecture of the pipeline.

Then, we evaluated the agent by posing different types of prompts.
The goal in this portion was to teach the students how to assess
the agent’s ability to pull information from the knowledge base.
In RAG, it is sometimes difficult to know when the agent is gen-
erating responses based on parametric memory (i.e., knowledge
encoded in the parameters of the LLM) or non-parametric memory
(i.e., knowledge gained from external sources of information, such
as a vector database of documents). To illustrate this concept, we
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asked the agent questions that were deliberately absent from the
knowledge base (such as, “When did the United States declare its
independence?”). The agent would provide a response but would
not always elaborate on whether relevant information was present
in the provided documents. In the class, we facilitated student input
on how to manage this issue.

After experimenting with the LLM-RAG agent on the default
ORCD online documentation, we showed students how to create
an alternative knowledge base from on another set of documents,
and then run the pipeline using the newly created vector store.
The example document we used for this portion was a PDF of
MIT’s Wikipedia page, chosen for its simplicity and relevance. We
walked students through uploading files to our computing cluster
and running the vector store generation script with necessary flags
that point to the new documents. We ran further example prompts
using this new agent. The prompts revealed that the agent was less
adept at pulling information from the new vector store, suggesting a
difference in the embeddingmodel’s capacity to encode information
from PDFs versus Markdown files.

At the end of the class, students were given the opportunity
to try running the LLM-RAG agent using their own documents.
Many students came to class prepared with PDFs of academic ar-
ticles, technical documentation, or other domain-specific sources
of information. This portion of the class was highly interactive
and collaborative, with many students needing assistance under-
standing the filesystem on our cluster as well as curating their
documents to fit the pipeline. This portion created opportunities
to discuss various HPC concepts with students, including memory,
GPU utilization, and storage.

3.2.2 LLSC workshop. The LLSC HPC-RAG training module
was initially delivered as part of an 8 week virtual professional
education course on Large Language Models. Additional offerings
included a hybrid short course on the theory and practice of LLMs
and a second run of the 8 week virtual LLM course. In each case,
the goal of the HPC-RAG module was to provide students with
hands-on exposure to LLMs on an HPC system prior to the start
of their student-defined, mentor-guided project. We note that the
mix of students included many who haven’t written code in years
and others with deep backgrounds in LLMs but limited experience
with HPC systems.

The long courses were designed so that each module, or week,
included online asynchronous learning material: videos, articles,
and hands-on practice along with a 90 minute live, synchronous
session. When designing the RAG module we reviewed the skills
and knowledge that students needed to work independently, the
information required for setting up their HPC accounts to work
through the RAG example, and the skills required to be successful
with the example. Based on the review, the asynchronous online
preparatory work included

• an introduction to HPC including a short video about the
components of HPC systems and how they differ from a
laptop,

• information on accessing the HPC system through the web
portal including a short question to confirm access,

• information on Jupyter Lab and Jupyter Notebooks including
how to start them on the system and how to use them, and

• best practices for Jupyter Notebook use.

Similar to the ORCD workshop, the live, synchronous session in-
cluded a presentation introducing and explaining RAG pipelines,
their architecture, and the hands-on RAG activity. The hands-on
portion of the session used live coding extensively within Jupyter
Lab running on the HPC system. As with ORCD’s workshop, this
approach was chosen to ensure access and a consistent environ-
ment for all students. To work with the RAG example, students
needed to first start a terminal in Jupyter Lab and submit a job to the
scheduler to start the vLLM server. Once the server was running,
they used the Python scripts provided to set up and run the RAG
pipeline. To provide additional assistance for students during the
hands-on activity, LLSC staff from the Computational Science and
Engineering team joined the session and used breakout rooms to
work with students. Student feedback on the module was very good
and students suggested that a re-run of the course should include
more interactive modules.

While the students were successful during the synchronous ses-
sion, when they started working on their guided projects, their first
challenge was the lack of internet connectivity from the compute
nodes. Most researchers are used to using “sudo” or “pip” to install
packages as needed, sometimes even as they start their application,
so the lack of internet access caused some confusion. The work
around is to set up the compute environment from either a login or
download node before starting work. Students struggled, though
documentation was provided. To address this the training team
re-evaluated the learning objectives in preparation for updating
the module prior to the second run of the 8 week course.

The “Introduction to LLMs: Theory and Practice” short course
provided an ideal opportunity to refactor the initial module and
test it with a live class. There were two significant changes in the
learning material. The first resulted from re-factoring the way that
we addressed the challenges associated with the lack of internet
connectivity from the compute nodes. The new version included
content about required tasks resulting from the constraint. In par-
ticular, the newly created training materials built on an analogy to
traditional HPC processing where applications require completing
pre-processing, processing, and post-processing tasks. In the con-
text of LLMs or interpreted packages in general, the pre-processing
stage (Phase 1) is the creation and confirmation of the user’s com-
puting environment. The processing stage aligns with the execution
of the LLM pipeline and application. Students in the short course
found this separation of the two phases clear and easy to follow.
They also understood that this approach would be required anytime
there were changes in the environment, such as new or updated
packages. This refactoring has the additional benefit of motivating
the need to understand Linux environments, how to use modules,
and how to troubleshooting environment issues.

The material in Phase 1 required students to use the Linux com-
mand line, load module files, install packages in user space, confirm
package installation, and test the environment. In some cases, stu-
dents had to start the Python interpreter at the command line to
download or update additional packages. The ability to do all this
highlighted their HPC skills and prepared them for their individual
projects in addition to the RAG pipeline example.
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The second major change was to convert the scripts associated
with setting up and running the RAG pipeline into cells within a
Jupyter Notebook. This new approach meant that students were
still required to use the Linux command line to submit a job to
the scheduler to start the vLLM server, but once started they were
able to explore the pipeline in a Notebook. One advantage of this
approach was the ease with which new cells could be added and
used to experiment with a range of prompts. The output from
previous cells was still available in the Notebook making it easy to
compare the prompts and outputs.

To increase the usability of the RAG example, the second 8 week
course was augmented with an extra short lab in Module 3, the
week prior to the RAG pipeline (Module 4). The augmented lab
required students to complete the Phase 1 steps during the Week
3 asynchronous work. In addition, they were asked to upload doc-
uments related to their projects. During the synchronous session
for Module 3, students used and modified a Jupyter Notebook to
load their documents, select an embedding model and embed their
documents in a vector store. This redesign had multiple benefits:
(1) because some documents had errors during the embedding it
prompted a discussion about data preparation, (2) at the end of
the session student documents were embedded in a vector store
and ready to use for the RAG example, and (3) we uncovered and
resolved issues that would impact the success of the RAG example
the following week.

4 LESSONS LEARNED
The MIT ORCD and LLSC teams took away many lessons from the
RAG training workshops—some related to provisioning the tools
and others related to training.

4.1 Training
The examples created by the MIT ORCD and MIT LLSC teams were
developed and tested across multiple training events. Through this
process, the authors learned:

• Providing templates is helpful, but users still need con-
text.
The shell scripts administered by ORCD and the Jupyter
Notebook administered by LLSC allowed students to run
things quickly, but a more thorough understanding of the
pipeline is necessary for a student to personalize things to
fit their own use case.

• Providing editable scripts that are very similar to de-
fault scripts encourages users to experiment in a scaf-
folded environment.

• Converting demonstration examples to teaching exam-
ples requires explaining what the steps are and why
they are necessary.

• Teaching proper HPC resource utilization cannot be
ignored.
Students who are new to HPC or LLMs may not have a
sense for the resources required to run these models. Many
students are eager to start experimenting with larger models,
but without understanding their computational cost, they
may begin to monopolize resources that they do not need.
For example, an idle Jupyter Notebook that has multiple

GPUs allocated has a negative impact on other researchers
in the community who need to run their own computational
tasks.

• Unique use cases may cause the pipeline to break.
It is important to schedule in extra time for debugging in-
dividual use cases. In our classes, example documents that
some students brought did not perfectly integrate with the
pipeline that we had built. Furthermore, for the ORCD course,
some students did not have enough home directory storage
to download the LLM, so we had to walk them through ad-
ditional steps to save the files elsewhere.

• Tailoring material for multiple audiences is compli-
cated.
Our pre-workshop survey revealed that students joined the
course for various reasons. Some were trying to develop an
LLM-RAG pipeline of their own, but others attended to learn
about containers, and others simply wanted more experi-
ence using an HPC cluster. While this was in accordance
with our goal—to teach various concepts through a single
example—this made it difficult to choose which aspects of
the course to cover in more detail.

• Low teacher-to-student ratios are vital.
Due to the interactive nature of the course, students learned
through trial and error. We found it essential that enough
instructors were present to provide one-on-one assistance
to students.

• Students are interested in agent effectiveness.
Many students sought a practical application of this pipeline
to fit their needs as researchers. As a result, they needed to
know how accurate the agent is at summarizing information
to be reliable for their research. In the future, students would
benefit from a more formal teaching section on evaluating
the LLM-RAG agent.

4.2 Provisioning Resources
In addition to the lessons learned from teaching, the teams took
away a number of lessons associated with provisioning the systems
for these workshops:

• The LLSC team noticed a peculiar usage pattern with
vLLM.
A number of nodes were running jobs that had very spiky
usage, idle for long periods with intermittent workloads.
While this behavior is common for LLMs, it is particularly
problematic with multi-node models and made worse when
users do not shutdown the vLLM server. Various solutions
were applied including a time limit on the vLLM server and
configuring the vLLM server so that research groups could
share a single vLLM server instance.

• The pipeline should be configured to use optimal stor-
age spaces.
The ORCD team’s setup involved users downloading mod-
els to their home directory, which take up at least 15GB of
space. Because not all users have that much available space,
we encouraged them to choose alternate locations, such as
temporary scratch storage.
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• A vector database may be edited if a different LLM is
used. ORCD’s configuration stored its default vector data-
base in a global, read-only location on our computing cluster.
This became problematic when users attempted to experi-
ment with alternative LLMs, as the pipeline tries to write
to the vector store during execution if the LLM is changed.
To resolve this, we modified the pipeline to automatically
copy the vector database to the user’s home directory, en-
suring write permissions and preserving flexibility in model
experimentation.

5 SUMMARY AND NEXT STEPS
The authors developed LLM-RAG tutorials and used them to suc-
cessfully train researchers who were new to using supercomputing
systems. These learning modules should be reusable at other HPC
centers with slight modifications.

The ORCD team in particular hopes to make our approach more
generalizable by utilizing alternative software that helps make the
building of LLM agents more streamlined, especially on a shared
computing cluster. These tools, such as Ollama, vLLM, or Morphik,
are greatly valuable for scaling up workflows and simplifying the
development process. Furthermore, ORCD hopes to continue collab-
oration with MIT undergraduate students, who have been integral
to this project so far. We will continue to offer this course to our
community, constantly iterating and improving upon our setup to
make this a more valuable resource. Our course materials, including
our “How-To” guide as well as our GitHub repository, are available
public access online [8] [7].

The LLSC team is in the process of converting the individual
modules and hands-on exercises to a short "Building LLM pipelines
on HPC systems" course that should be easily modifiable for other
centers. The goal is to provide learners with a skeleton they can
modify and tweak to explore LLM pipelines along with a guide to
understand the general approach. As a result, the LLSC approach
doesn’t use any special tools, beyond vLLM, and should be trans-
ferrable to other HPC systems. In addition, the authors would like
to create a teaching guide that can be used by other members of
the education and training community.
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