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ABSTRACT
Deep learning methods are transforming research, enabling new
techniques, and ultimately leading to new discoveries. As the de-
mand for more capable AI models continues to grow, we are now
entering an era of Trillion Parameter Models (TPM), or models with
more than a trillion parameters—such as Huawei’s PanGu-Σ. We
describe a vision for the ecosystem of TPM users and providers that
caters to the specific needs of the scientific community. We then
outline the significant technical challenges and open problems in
system design for serving TPMs to enable scientific research and
discovery. Specifically, we describe the requirements of a compre-
hensive software stack and interfaces to support the diverse and
flexible requirements of researchers.

CCS CONCEPTS
• Computer systems organization → Grid computing; • Com-
putingmethodologies→Artificial intelligence; •General and
reference → Surveys and overviews; • Applied computing →
Physical sciences and engineering.
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1 INTRODUCTION
In recent years, much attention has been drawn to Artificial Intelli-
gence (AI) and, more specifically, the subfield of Deep Learning (DL).
DL uses deep neural networks. These models, if given sufficient
data, can learn very complex patterns hidden in large amounts of
data. The success of DL for a variety of different problems has led to
the release of various public-facing models, such as OpenAI’s Chat-
GPT [41] andDALL-E [47], Google’s Bard [15] and LaMDA [55], and
Huawei’s PanGu-Σ [49]. Notably, ChatGPT has sparked discussion
about new applications of AI due to its ability to generate textual
answers to user provided questions, write songs in the style of a pop
music artist, and draft professional emails. Even before the prolifera-
tion of Large Language Models (LLMs) like ChatGPT, AI models like
AlphaFold [26] and AlphaGo [52] demonstrated utility in specific ar-
eas. Following these recent advancements, many scientists are now
using AI as a tool in their research workflows [20, 22, 45, 59, 66].
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Figure 1: (1a) Size of AI language models over the past few years. The gray line is the trend-line as a rolling average. The
top-right corner features 3 TPMs: Switch-C Transformer [11], PanGu-Σ [49], and (rumored) GPT-4 [42]. (1b) The benchmarked
AI-PetaFLOPS of state-of-the-art HPC systems over time. Note: An asterisk means the anticipated benchmark numbers.

Looking towards the future of AI for science, it will become in-
creasingly important to consider what is required to train and serve
AI models for science. As we enter the era of Trillion Parameter
Models (TPMs)—models with at least one trillion parameters—we
must also consider the specific challenges of serving large models
with significant resource needs. Huawei’s PanGu-Σ [49] is an ex-
ample of a TPM. First, at least one large-scale High-Performance
Computing (HPC) system is needed to train and serve such a model
with sufficient throughput. Second, one would need to exhaustively
curate and collect enormous troves of scientific data to train a TPM
for scientific purposes. This will require active collaboration with
scientific researchers across a large number of disciplines. Third,
facilities with the technical talent and resources necessary to main-
tain the model and data infrastructure are essential to ensure that
TPMs are accessible.

These three aforementioned challenges are general and apply to
any system which builds and hosts a TPM. Scientific researchers, on
the other hand, have unique requirements (e.g., more fine-grained
access to the TPM) that demand custom solutions compared to those
used to serve commercial AI models to the public. For small models
that can fit on a single machine, this is a relatively simple problem.
However, for a TPM, the problem becomes more challenging. There
remain open problems about designing friendly users interfaces
that are still comprehensive enough to meet the flexible needs of
scientists. Supporting these requirements at the largest scales, e.g.,
exascale computing projects [34], will introduce new system design
challenges to support TPMs for scientific research.

This paper presents a vision and the associated technical chal-
lenges with building systems for serving TPMs for scientific ap-
plications. The focus of this paper is not training TPMs. Section 2
presents an overview of the history of serving large-scale models.
Section 3 discusses the current landscape of research into large-scale
models and the application of AI in scientific workflows. Section 4
presents our vision for incorporating TPMs into scientific research.
Section 5 explores several challenges associated with implementing
such a system. Section 6 concludes our vision.

2 HISTORY OF SERVING LARGE MODELS
Starting in the 2010s, significant advancements in both machine
learning algorithms and computer hardware ushered in more effi-
cient techniques for training deep neural networks. Consequently,
businesses began integrating ML and DL models into their daily
operations. However, a challenge became evident as managing the
ML lifecycle proved to be a slow and challenging process when it
came to scaling for business applications. In response to this need
for more efficient management, the concept of MLOps emerged in
2015. Often referred to as “DevOps for machine learning,” MLOps
streamlines the entire process, from development to deployment,
by incorporating essential elements like monitoring, validation, and
governance into the management of ML models.

IBM Watson took the pioneering step of becoming the first AI-
as-a-Service platform in 2013. This led to other companies such
as Amazon following suit. In the subsequent years, a plethora of
model repositories and serving systems have been introduced, each
contributing to the evolving landscape of ML and AI services. In the
following sections, we delve into some of these notable services.

Model repositories, such as HuggingFace Transformers [61],
ModelHub [35], and Caffe Zoo [25], to name a few, play a piv-
otal role in the ML lifecycle by providing tools to facilitate consis-
tent, reproducibile management and publication of models. Model
repositories provide tools to systematically track, version, manage,
disseminate, and compare different iterations of models. Reposito-
ries also promote collaboration by allowing teams to share models,
documentation, and associated metadata, streamlining the process
of model deployment and integration.

Model serving platforms provide capabilities to host trained
models for rapid inference. Many serving platforms also include
functionality to manage the ML lifecycle. Cloud-hosted MLOps so-
lutions, such as Amazon SageMaker [1], provide flexible scalability
via on-demand computational resources that can be dynamically
adjusted to meet requirements, be it data preprocessing, model
training, or deployment. These services offer a myriad of tools tai-
lored for different stages of the ML lifecycle, from data storage and
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Extract-Transform-Load (ETL) operations to hyperparameter tun-
ing and model serving. This cohesive ecosystem promotes stream-
lined workflows, simplifies experimentation, and accelerates the
time-to-market for ML solutions. Managed services include built-in
monitoring, logging, and security protocols.

The practice of implementing MLOps on-premises, carries signif-
icant importance in the context of data management, security, and
operational flexibilitywhilemaintaining data andmodel sovereignty.
Local MLOps, such asMLFlow [62], Kubeflow [54], and Clipper [10],
offer more customized infrastructure solutions, enabling users to
tailor their computational resources and networking based on spe-
cific project requirements, thereby avoiding potential bottlenecks
or inefficiencies that could arise in general cloud environments.
This bespoke approach can lead to optimized performance and
costs while reducing latency.

Utilizing HPC resources for hosting models offers several distinct
advantages over traditional cloud platforms by providing tuned
infrastructure designed to accommodate ML workloads and capabil-
ities to host and share large data and models that would otherwise
be impractical. Ray Serve [36], DLHub [8], and Garden [12] are
three projects that enable the use of HPC resources, exposing the
benefits from direct access to large, high-speed storage systems and
tailored network configurations, enhancing data transfer rates and
reducing latency.

3 ARTIFICIAL INTELLIGENCE IN SCIENCE
Scientists and researchers are broadly interested in large-scale mod-
els from two angles: (i) studying the large-scale models directly and
(ii) using large-scale models as a research tool. While the focus of
this work is to support TPMs as a tool for scientific applications
and workflows, we argue that studying and understanding a TPM
is a necessary component, or even prerequisite, to using the TPM
for science. For example, Meta’s Galactica [53], a large language
model for science, was quickly removed due the models propensity
to generate fake or misleading scientific information [18]. Science-
oriented TPMs necessitate more rigorous evaluation, and thus, we
first discuss work in studying AI models before describing the
landscape of AI for science.

3.1 Studying AI Models
The models used in modern AI (e.g., DNNs) are made up of several
components that enable them to learn very complex functions that
map inputs to outputs. These learned functions are often so obscure
that a human struggles to make sense of it. To this end, expansive
research is conducted with the goal of better understanding these
models.

A lot of AI research focuses on studying how to create better
deep learning models from different perspectives and approaches.
The de facto approach to implementing models that achieve greater
accuracy has been to increase the model size (i.e., parameters) [28].
Another approach focuses on designing new mathematical struc-
tures to include in a DNN to capture relationships in data, for ex-
ample long short-term memory [19], gated recurrent units [9], and
transformers [56]. Finally, others have instead taken the approach
of trying to find the most optimal sequence of DNN components
to maximize model accuracy [4, 24, 32]. In these cases, researchers

have applied strong mathematical reasoning, apply heuristics, or
use AI-based techniques to tackle the problem (e.g., neural archi-
tecture search [30, 48]). A subset of these approaches will also
consider constraints to avoid just carelessly increasing the model
size [31]. This research is attractive to those that work in resource-
constrained settings in the computing continuum (e.g., edge and
fog computing systems [21, 63]).

Compared to classical statistical methods (e.g., linear regression),
DNNs are often very large and complex. While DNNs can learn
over complex data without requiring rigid feature engineering, this
makes them very difficult to directly interpret and understand. The
ability to interpret a trained DNN is not necessary for all end users.
However, it is an open problem in AI for several reasons. One
relevant reason is to identify and eliminate bias from pre-trained
models. The concern around bias in models has grown as generative
models (e.g., ChatGPT) become widely accessible. A second reason
is to better understand points of failure for AI models responsible
for automated decision-making. Imagine a scenario where a self-
driving car operated by AI is involved in a crash. In this case, it is
crucial to understand how the model reached a decision to take the
actions it did leading up to the crash to have a more informed idea
of who is at fault. A third example is to simply better understand the
training data. In classical statistical methods, much can be learned
about the nature of the data by using regression. A researcher may
be able to discover phenomenon based on how the model was fit
to their data. This is more challenging with DNNs because of their
complexity. If a DNN is trained on a large amount of scientific data,
interpretability may lead us to groundbreaking scientific discoveries
that may not be detected by manually interpreting the data.

Finally, much research in deep learning has focused on expand-
ing the modalities of data considered. Convolutional Neural Net-
works (e.g., ConvNets) are widely-used DNN architectures that are
applied to several types of data (e.g., images, videos, sound rep-
resented as spectrograms). However, ConvNets are designed for
Euclidean data (e.g., regular 𝑛-dimensional data), such as images
or sequences. Many data are naturally non-Euclidean. Simple ex-
amples include the topologies of social networks, gene regulatory
networks, Internet traffic, supply chains, and biological systems.
Much research has focused on converting these non-Euclidean data
into vectorized forms such that Euclidean DNN components can
learn on them [16, 38]. This, of course, has limitations because
the full nature of the original data is not completely expressed.
Increasingly, researchers are exploring new DNN architectures,
such as Graph Neural Networks [65], to natively operate on non-
Euclidean data (e.g., graphs, point clouds). Research in this area
could empower future scientific discoveries as we make progress
on designing architectures that are naturally compatible with more
modalities of data.

3.2 AI for Science
The steady adoption of AI within science [5, 58, 59, 66] has primed
the rapid creation and realization of opportunities for deploying
TPMs. Many modern applications of AI evolved from needs which
were once and still solved by conventional statistical or computa-
tional models, such as “how will X happen under Y conditions” (i.e.,
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supervised learning) or “which of Z are the most similar” (unsu-
pervised learning). The approaches taken in AI to answer these
scientific questions have diverged over time, from Bayesian-based
methods to prompt engineering for modern-day LLMs.

A suitable vignette for the role and approaches of AI in science
is the design of molecules. Science in the 1960s approached the
challenge in a very human-centric way through regression models
with clear, understandable functional forms meant as tools for use
by human scientists [17]. These Quantitative Structure-Property
Relationship (QSPR) models are used extensively today in a similar
context: tools meant for and primarily employed by humans [29].

Advances in computing and mathematics have opened a differ-
ent modality for machine learning: tools smart enough to act as
intelligent actors. More advanced roles require solving more intelli-
gent tasks, such as “produce something that is similar to X” (e.g.,
using an autoencoder [14]) or “design an experimental campaign to
optimize Y” (e.g., using active learning [60]). Human involvement in
such tasks is less frequent, yet this has become an accepted practice
with AI directing mobile robots in laboratories.

The role of AI becoming more advanced with time is hardly lim-
ited to molecular design nor even chemical data. A Department of
Energy report on “Advanced Research Directions on AI for Science,
Energy, and Security” outlines six key high-level AI approaches [6]:
(i) AI and surrogate models for scientific computing; (ii) AI foun-
dation models for scientific knowledge discovery, integration, and
synthesis; (iii) AI for advanced property inference and inverse
design; (iv) AI-based design, prediction, and control of complex
engineered system; (v) AI and robotics for autonomous discovery;
and (vi) AI for programming and software engineering.

The next stage in AI development is for AIs to learn from and
participate in science in the same way as humans. The previously-
described examples of AI were purpose-built from curated data and
communicate with humans through restricted software interfaces
or bypass them completely by only communicating with robots
through restrictive software interfaces. Limited access to data ex-
cludes AI from learning from broader scientific discourse and the
limited ways to interact with the human world reduce their poten-
tial impacts. The increased ability of AIs to learn from data in its
natural forms and perform increasingly-complex tasks mandate
new ways for the AI to interact with the human world.

TPMs will open opportunities for using AI in science that, in
particular, place intensive demands on computing systems. These
opportunities include: (1) Collaborative Literature Comprehen-
sion where a human and an AI trained on scientific literature can
collaboratively develop hypotheses based on the current litera-
ture. Responding to queries and summarizing existing literature
requires near-real-time inference to be suitable partner for a sci-
entist. (2)Multi-modal learning is likely to become a prevalent
technique as many types of scientific data are naturally presented
in non-textual forms. The breadth of data types and consistent de-
velopment of techniques to learn from scientific data will create
constant needs to fine-tune new models. Once created, such models
could be useful in demanding inference tasks such as on-demand
data analysis in scientific and experiments workflows. (3) Re-con-
figuring Computational Workflows and Laboratories is the
next step over the experimental design techniques of today which

are bound to existing workflows. Writing new software or an exper-
imental procedure is a complex task and may involve iteration with
digital twins to evaluate the safety or effectiveness of a workflow,
which means that longer response times are not as mandatory as in
collaborative uses. However, it does mean that the software systems
for TPM inference must be tied closely with compute capable of
quickly evaluating the TPM’s proposals.

4 VISION FOR THE FUTURE
We discuss here our vision for an ecosystem of the users, infras-
tructure, and interfaces involved in serving TPMs. This vision is
guided by our own experience in applying large-scale models to
scientific discovery, current research in large-scale model serving,
and envisioning future requirements or use cases.

4.1 User Community
Large-scale models have already proven useful in more domains
than we can enumerate. The scope of AI for science will continue
to expand as TPMs are made accessible to the scientific community.
Supporting the diverse and widespread user community motivates
much of our vision for the future of TPMs.

As we have seen with existing large-scale models, building one
(or a few) foundational TPMs has proven more powerful and cost-
effective than building individual domain-specific models. While
the process of training a foundational TPM for science is outside
of the scope of this work, we note that a model of this scale will
likely be trained on many data modalities encompassing data from
thousands of sources. Users of TPMs will want to perform inference
on a similarly diverse set of modalities and data sources.

To accommodate a global community of researchers, we envision
that a foundation TPM be replicated at many different locations.
For instance, being co-located with scientific experiments with high
throughput requirements such as scientific instruments. We also
expect that TPMs support a variety of common data modalities
(e.g., text, floating point, graphical, surfaces, point clouds) or even
arbitrarily structured formats. Support for these various data modal-
ities will be necessary to support the various types of scientific data
which may be of interest for these models (e.g., metal organic frame-
works, atomic orbitals, epigenetic data, beamline data).

4.2 Serving Providers
Research computing centers (RCCs), such as those at universities
and government laboratories, are well positioned to support the
storage, serving, and maintenance of TPMs. RCCs with flagship
compute clusters have the compute capabilities and support staff to
make TPMs accessible to the research community. In addition, RCCs
(1) provide user authentication and resource quotas, (2) are often
co-located with other scientific workloads and experiments, and (3)
have high-speed network connections to other research institutions
and computing facilities (e.g., Internet2 and ESnet). Thus, we argue
the RCCs at institutions, national cyberinfrastructure providers like
ACCESS, and Leadership Computing Facilities at Argonne and Oak
Ridge National Laboratories are ideal locations to host TPMs. We
envision a few requirements for hosts of TPMs.

First, dedicated compute nodes will be provisioned for persis-
tent serving of one or more TPMs. This could be a subset of nodes
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on a larger GPU cluster or a smaller dedicated serving cluster. In
the case of a dedicated serving cluster, specialized AI accelerators
(e.g., Cerebras, GraphCore, or SambaNova) could improve serving
throughput compared to the more general purpose clusters hosted
at many RCCs. Second, TPMs need be accessible programmatically
(i.e., APIs and SDKs) and via web interfaces. As noted in Section 3,
we expect the usage of TPMs to be tightly coupled with scientific
applications executing on compute clusters at the same RCC. Thus,
workloads within the RCC need high throughput access to the TPM,
but we also note it is important to enable other access modes. For
example, external web-based access to a TPM can enable develop-
ment, demonstrations, and workshops. Third, RCCs will need to
provide model version control [27] for TPMs that evolve over time
through periodic retraining or continual learning. Reproducability
is a foundational component of scientific research, but AI models
used for scientific research must also improve over time. Effective
version control can ensure both model advancement and reprodu-
cability. Given the sheer size of TPMs, version control systems of
these models will require great space efficiency to avoid exhausting
storage resources.

4.3 Inference Modes
The needs of domain scientists and computer scientists are diverse.
In order to enable innovation and scientific discovery, simple and
common interfaces to TPMs may not be sufficient. The current
paradigm popularized by ChatGPT relies on a web-based interface
that allows for the submission of requests to a mostly closed source,
cloud-hosted model. However, we expect the needs of science mod-
els to vary vastly from those of a chat-bot, and from use case to use
case. Open science models will need to support non-experts who
want easy and quick access, through to highly equipped research
groups with vast resources who want to be able to customize all
parts of the model. Here, we expand upon alternative modes of
inference serving and position them within the needs of domain
science. Systems researchers working on AI for science will need
to build new, dynamic infrastructure that enables these use cases.

4.3.1 Query Only. This use case targets scientists who want to
use the foundational model for standardized queries, similar to the
model interfaces common today (i.e., chat, sentence completion,
etc.). We imagine that this use case could be readily supported
by adopting existing approaches to model serving. This approach,
seen in Fig. 2(a), allows for the greatest level of optimization and
scaling as users interact with the model as a whole rather than
customizing input and output or reading and writing intermediary
representations. Thus, serving requirements are limited to scaling
up and down entire TPM instances.

4.3.2 Customized Embeddings. Expert users will want to customize
TPMs to their own use case. Specifically, large experiments or do-
mains with their own data may want to build custom methods for
data ingestion and output on top of the foundational models or
even develop additional fine-tuned layers for their own field. We
imagine a middle ground approach between using a model service
and self-hosting where the core model is the same between all users
and each user has their own method for feeding data in and unem-
bedding the outputs from the final core layer—see Fig. 2(b). In this

Standard
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Input Layer
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Output Layer

App-Specific
Input Layer
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Output Layer

Hooks
User Input User InputUser Input
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Figure 2: The three envisionedmodes of inference. Boxes rep-
resent the modular components that go into the respective
serving modes; the trapezoids indicate the model portions
for ingesting data and generating outputs; and the arrows
denote communication between the modules.

case, the core model acts as a module and the application-specific
embedding and unembedding layers are their own modules that
can and should be reused across different applications with the
same data formatting and output needs.

4.3.3 Intermediary Accesses. More advanced users knowledgeable
or intrigued by intermediary layer outputs will need a method to ac-
cess all parts of a model. This would also encompass users whowant
to introspect the model at different points for things such as ma-
chine interpretability [50]. The challenges with this approach come
with designing a flexible serving system that modularizes what is
possible while exposing the model via a system of hooks where
users can read from and write to specific parts of the model—see
Fig. 2(c). In this case, we would want multiple levels of modularity
that can be composed dynamically depending on what the user
requires. For example, we should be able to independently serve
everything from single matmul operations up through entire layers
or even blocks of layers. As model weights within the modules
are immutable, we are still able to efficiently precompile and scal-
ably serve the portions of the model users do not wish to change
while providing the customizability of plugging in custom layers,
hooks, or introspection tools. This is perhaps the least supported
by current serving infrastructure.

5 CHALLENGES
Achieving the vision outlined in Section 4 will necessitate tackling
a wide-range of open challenges. Theses challenges range from
administrative to academic at all levels of the serving stack. While
not exhaustive, this list highlights key areas for innovation.

5.1 Access Control
Open access to TPMs is necessary to advance scientific progress
in a manner which supports the peer review process and removes
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economic barriers; however, some degree of access control is nec-
essary to enable fair access and prevent misuse of resources. Open
large-scale models have a very different economic model in con-
trast to proprietary large-scale models offered by commercial model
providers. For example, a commercial model provider may charge
users per thousand tokens of input or per inference query. This
profit-driven model enables a commercial model provider to scale
resources in or out based on demand. Comparatively, a RCC hosting
an open TPM will be operating in a resource-constrained environ-
ment: budgets or grants are fixed and resources are generally static.

RCCs already provide a mechanism, service units (SUs), for fairly
sharing constrained resources among the RCC’s user community.
Users can apply for an allocation of SUs over a given time period
according to their needs. The SU allocation system ensures that in-
terested parties have access to resources and that bad actors cannot
starve others’ access. However, SUs at modern RCCs are typically
very coarse grained—equating to a core-hour or GPU-hour. An al-
location system for TPM access will require more granular control.
Naively, an RCC could charge per query, but not all queries are
created equal—the amount of data provided as input or generated
by a model can incur I/O costs on behalf of the provider.

Further, access control mechanisms that limit what aspects of
a model or serving infrastructure users can interact with may be
necessary to prevent misuse of resources. For example, a researcher
may want to fine-tune part or all of a TPM. This may be prohibi-
tively expensive in terms of compute, storage, and I/O, so providers
may need to limit the degree to which this can be done. Further,
a custom fine-tuned model may need additional access control to
avoid leaking sensitive data, or worse, to avoid the creation of
malicious models.

5.2 Resource Availability
Allocations can enable fair access in resource constrained settings,
but computing facilities will also need to set and meet service level
objectives (SLO). SLOs in the context of TPM serving may include
average response time, maximum queries per second, or uptime.
Scientists running large-scale workflows that query a TPMwill need
to know what performance they can rely on when configuring the
parameters and scales of individual runs. If the serving of a TPM is
too unreliable, such as exhibiting high variance in response times,
then subsequent programs interacting with the TPM will exhibit
the same inconsistencies. This could be costly in terms of machine
utilization for high-performance computing applications.

It may also be necessary to provide tiers connected to the SUs a
user is allocated. A users wanting to make millions of queries to
a TPM for a data processing task has very different performance
requirements from a user that wants to hook into the intermediate
layers of a model to interpret a single model output in fine detail.
Similar to commercial model providers like OpenAI which serve
multiple kinds of models at different cost tiers, different resource
tiers based on use case can enable providers to better optimize
deployments and independently scale different services in or out.

Another avenue for consideration is how users can bring their
own allocations or resources to host the model. For example, can a
project with an existing allocation on a GPU cluster use that cluster
to spin up an instance of the TPM for their sole ephemeral use

while conducting a large-scale experiment? Or would this project
need to request the the provider scale out the TPM serving ahead of
time for their experiment? Services such as Globus Compute [7]—a
federated Function-as-a-Service platform—may provide a basis for
enabling a “bring your own” compute model.

5.3 Model Evolution
AI advances so rapidly that it is necessary to consider how quickly
current TPMs will become obsolete. Organizations may be unwill-
ing to make temporal or financial investments in developing TPM
serving infrastructure that quickly becomes deprecated. System
infrastructure will need to be adaptable to future models as the
goals and model architectures change over time.

Beyond the hazy horizon of future model architectures, an imme-
diate challenge is that of maintaining a single model that evolves
over time. Amodel can evolve because it is being continually trained
or periodically retrained (we discuss the technical aspects of updat-
ing models in more detail in Section 5.6). Updating a TPM designed
to enable science is particularly pertinent because scientific knowl-
edge is continually produced and updated. Thus, there will be a
trade-off between keeping TPMs up-to-date and reproducible. For
example, the storage costs would be prohibitive to store a complete
copy a TPM’s weights when the model is updated on a regular
basis (e.g., daily through continual training). A robust, scalable, and
storage-efficient versioning system is necessary to reconcile the
storage requirements with the need for researchers to be able to
reproduce their results using prior model versions.

5.4 Interfaces
To make a foundational TPM accessible to a wide range of users,
including those with limited technical knowledge, several essen-
tial aspects must be considered. First, the user interface should be
intuitive and user-friendly, ensuring that users can interact with
the AI model effortlessly. Moreover, providing “multilingual” sup-
port or API translations can make the AI model accessible to users
from diverse programming language backgrounds. Customization
of output is another important aspect, allowing users to adjust
technical depth, response format (text, audio, visual), and content
to suit their specific needs and use cases. Simplifying the model
embedding extraction process makes it easier for users to integrate
this information into their own workflows. Additionally, compre-
hensive and user-friendly documentation and tutorials should be
developed to cater to users with varying levels of technical exper-
tise. Encouraging community involvement by allowing users to
share their customizations, templates, and accessibility improve-
ments can enhance usability and accessibility. Finally, ensuring
scalability is essential to accommodate a growing user base without
compromising performance and accessibility.

Researchers will need access to interfaces which enable more
fine grain access during a forward pass. Current large cloud-hosted
LLMs typically only allow users access to the final embedding ob-
ject or the decoded output. Customization of the forward pass is
typically limited to parameters which modify the final decoded
output such as the response format, number of unique responses,
and temperature for controlling randomness. These APIs will need
to be extended to support open model research, but it is also not
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Figure 3: Interpreting the residual stream with a lens frame-
work that can directly give intermediate outputs from indi-
vidual attention heads in GPT-like LLMs. This figure uses
input, intermediate, and output values from GPT2-Large.

possible to know of all manners of access that will be required. Thus,
it may be necessary to allow users to hook into the model’s forward
pass. Deep learning libraries already provide mechanisms for regis-
tering hooks onto component modules of a model (e.g., PyTorch’s
register_module_forward_hook()). Careful consideration must
be given to the design of a feature like this due to security concerns,
but this is a powerful and novel feature which can enable far more
advanced research into TPMs.

5.5 Interpretability
As ML models are increasingly used in scientific computing, it is
important to understand what spurious algorithmic behavior may
emerge and the degree to which there is uncertainty in a calculation.
However, extracting such behavior/metrics from many ML work-
flows is an open research problem. TPMs for science need increased
transparency to allow researchers to investigate their properties
and behaviours (some of which may not be known). To elevate
transparency it is important to make public the training/validation
dataset, the training procedure details, and model weights. How-
ever, in many cases, due to massive scale or intellectual property
concerns, it may not be possible to make available one or more of
these pieces of information.

For these reasons, it is important to provide as many model
probing capabilities as possible when serving a TPM. This need
is validated by recent work in ML interpretability which attempts
to reverse engineer how behaviors emerge in models, typically by
compiling empirical evidence for behavior mechanisms by causally
probing a model [13, 37, 57]. A critical tool in these interpretability
workflows is the ability to hook the output of intermediate layers to
understand what the model may be “thinking” as it refines the final
output [3, 40, 51]. For example, in Figure 3, researchers directly
investigate what tokens (or parts of known vocabulary) the model

is paying attention to during the forward pass. Current research in
mechanistic interpretability of pre-trained language models have
investigated how to directly edit the weights of these models to
correct disinformation without needing to retrain them [33]. These
techniques, as they mature, may be an attractive alternative to
correcting a science-oriented TPM without need to perform costly
retraining. Recent interpretability research has investigated how
to meaningfully “nudge” models towards more correct reasoning
during the forward pass using injection mechanisms [50]. Similar
methods can be developed to bootstrap scientific idea generative
tasks to aid interdisciplinary research and discover new connections
across scientific domains.

Enabling this interpretability and transparency research with
TPMs will influence API design considerations as mentioned in Sec-
tion 5.4, and we discuss the performance implications of saving and
returning intermediate layer outputs in Section 5.8.

5.6 Incorporating New Knowledge
In a world where data is being created from single sources at more
than a PB/day [6], updating models to incorporate new insights and
knowledge becomes a non-trivial challenge. Two primary solutions
that currently exist for this problem are vector databases—to enable
models able to encode and subsequently query keys to access data
sources—and retraining, which is prohibitively slow at this scale.

5.6.1 Vector Databases. Popular commercial solutions such as
Pinecone [44] enable end users to create stores of data (or infor-
mation) from different sources that makes them queriable and ac-
cessible by common model architectures. This type of technology
could potentially be scaled up to handle multiple simultaneous
encoding workflows (e.g., defining how to handle data at the ob-
servation, experiment, or data level). Additionally, such a system
would have to incorporate static embedding methods across all
queriable knowledge accessible to the TPM such that all models can
retrieve from the same data store. This consideration would require
some static connotation across all applications of the TPM, which
could be suboptimal for certain fine-tuned science applications.
However, the inverse could also be beneficial in data siloing via
unique query/embedding spaces.

5.6.2 Retraining. Accommodating novel data can also include se-
lective retraining of the TPM. The tradeoffs and forms this may
present as are many and complex. For example, the principles out-
lined in Section 5.5 could incorporate or edit knowledge identifiable
within the model. Additionally, some sort of selective threshholding
can be used to update the model based on the amount or uniqueness
of data collected. Quantifying the tradeoff is extremely important as
any sort of whole-model retraining is subject not only to extremely
high compute costs but also the potential of degrading or altering
response characteristics for other tasks.

5.7 Integration into Scientific Workflows
The ultimate success or failure of TPMs in science will depend
on the scale and speed of adoption of these methods by science
applications. The primary barrier to widespread adoption is inte-
grating existing science interfaces (e.g., workflows, data, control
processes, etc.) with interfaces to foundational AI infrastructure.
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Here we discuss the challenges that must be overcome to facilitate
that alignment.

5.7.1 Application types. The first type of application is general
use; the type of integration we have seen so far in uses of commer-
cial infrastructure (e.g., ChatGPT, Bard) in software and science
workflows. On the science side, these uses involve transforming
the science query into the format the model was trained to ac-
cept. For an LLM, this requires translating a scientific query into a
human readable prompt. Expressing highly technical information
(e.g., molecular diagrams) as plain text can be challenging. Existing
translation methods have merit, such SMILES strings for molecules,
but model confusion can be common if training data lacks sufficient
examples of a given representation. Multi-shot inference methods
resolve some of these challenges, but this often requires significant
human curation which can be a barrier to adoption.

The second application relates to using the core of foundational
models with custom data ingestion techniques. In such a case,
unique data can be used with existing models while changing only
ingestion and output modalities (described further in Section 4.3).
For instance, a common example is the use of traditional CNNs to
embed images for use by LLMs. We envision this being a prime use
case for science as scientists do not want to and should not have to
significantly transform their existing data and workflows to work
within a specific model modality. In this case, users could use and
contribute embedding methods for different data formats and in
return get access to a wide range of domain embedding methods.
Think of this as a model zoo for AI data ingestions. Correspond-
ingly, we see parallels with model outputs as different science use
cases will require very different end states, particularly given the
contrast between currently prevailing autoregressive methods and
more traditional methods like classification tasks.

The third set of applications require direct access to internal
model representations as well as the ability to inject altered or
transformed versions of these representations. Such applications
will require the model to be modular enough to break apart into
interactive elements while allowing the unperturbed portions to
operate independently and efficiently. These use cases could in-
clude work in interpretability, interactive AI environments, and
deeper research into next-gen large models. The challenge here lies
in the interface to end-users. There will need to be some method to
enable programmatic and interpretable access to the inner portions
of the model, requiring on-the-fly recompilation. Additionally, any
loading or alteration of the model will have to rely on the afore-
mentioned modularity as it is infeasible to expect tests altering a
small portion of the model to require reloads or recompilations of
the entire model.

5.7.2 Interfaces. While the two most commonly seen interfaces in
current model serving offerings, namely text-based GUIs and APIs,
will undoubtedly be necessary (and likely most important) for serv-
ing TPMs, additional interfaces will undoubtedly be required. The
two primary examples of additional interfaces are an interface to
interact with inner portion of the model (discussed in greater length
in the previous section and in Section 4.3) and an interface to enable
model access to data repositories and data streams. The challenge
of internal interaction (beyond the previously discussed serving
and modularity systems challenges) lies primarily in defining how

scientists would need to access weights and intermediary represen-
tations. One critical roadblock is when intermediary outputs and
model weights need to be observable and editable simultaneously.
For example, the challenge of applying some normalization across
all the model weights and observing the effects on output would
be nontrivial. To interface models with data, there will need to be
a mechanism developed to allow for multiple inputs (i.e., the data
and the user query), that is plug-and-play and does not require
alteration of existing science infrastructure.

5.7.3 Tradeoff with usability and customizability. Overall, these
different levels of serving and interoperability demonstrate a new
tradeoff between model usability and customizability. One middle
ground is to create a model zoo for the embedding and unembed-
ding/output layers to enable reuse for a given problem or data type
within a domain. By creating a model zoo like this for different
data types and applications, we have the ability to create and serve
better optimized versions of these smaller model modules given
they will be reused within some domain of application and data.
Additionally, this can enable domain science engagement by of-
fering an embedding creation service where scientists receive a
fine-tuned embedding/encoding to connect their workflow to the
core model and then the hosting team gets access to troves of new
data and increasingly diverse application areas.

The challenge lies in enabling and automating such a service and
effectively serving the outputs. Initially, there will be overheads
of offering this in a centralized manner. However, automating the
service over time would offer greater benefits in terms of efficiency
with the slight cost of less direct end-user feedback. Enabling this
type of service gives access to more data which can be used to
further improve the abilities of the core model. Combined with the
automated embedding/integration service, automating updates of
the core model could form a feedback look similar to AutoML [23]—
by better ingesting data, we can access more and better quality data
to improve the core model, which will then enable a wider range
of use cases and so on.

5.8 Efficient Inference
Supporting the variety of inference modes outlined in Section 4.3
and Section 5.4 raises two key questions: does flexibility in model
usage come at the cost of inference efficiency and what does an
ideal interface look like for flexible inference patterns. In contrast to
for-profit AI services which are motivated by decreasing cost-per-
query and therefore increasing profit margins, hosting open models
may necessitate relaxing efficiency goals. Nevertheless, providing
flexible access to open models must still be done in a manner that
maintains high system utilization to (1) balance costs with academic
progress and (2) support more users.

Efficient inference with a TPM requires optimization at several
levels in the stack. At the highest abstraction level, the model ar-
chitecture, layer and weight partitioning across time (multiplexing)
and space (the compute cluster) enables parallelism and concur-
rency such as in DeepSpeed [2, 46], Megatron-LM [39], or PyTorch’s
Fully Sharded Data Parallel [43]. Optimally solving this schedul-
ing problem is challenging due to the heterogeneity of inter-GPU
communication in a multi-node GPU cluster (i.e., the latency and
bandwidth between two GPUs in the same node is different than
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between two GPUs in different nodes or even different racks). Per-
formance is difficult to model accurately so typically profiling is
done—either manually or automatically as in Alpa [64].

At a lower level, kernel fusions are crucial for efficient com-
putation on a single compute device. Kernel fusions lead to im-
proved arithmetic intensity (i.e., data reuse), which is reflective of
better cache locality and potential use of various fused hardware
intrinsics—fused multiply-accumulate (FMA) and matrix multiply
and accumulate (MMA). Such techniques generally require a global
view of the model (i.e., the whole computational graph) and are
thus at odds with distributed inference techniques which partition
the model. Fusions are primarily compiler driven—transparent to
the user—but can be helped or harmed by user choices.

Last, at the system level of abstraction (i.e., irrespective of the
unique properties of large-scale models) efficient memory alloca-
tion can affect performance. Assuming that any inference envi-
ronment is multi-tenant, concurrent threads can and will make
contending demands on the system’s memory allocator. A typical
high-performance allocator will be a multithreaded arena allocator,
reserving a small scratch space on a per-thread basis and a single
global arena for large allocations. The boundary (allocation size)
between these two allocation “regimes” is often user-configurable,
at both the system and application level, and can affect performance
through lock contention.

With this perspective on the complexities of optimizing inference
in mind, consider, for example, an inference use case which needs
access to the intermediate embedding outputs of the transformer
blocks in a large transformer (e.g., 100s of transformer blocks) such
as for knowledge-editing (Section 5.5). Inference on large mod-
els can be optimized because the computational graph is typically
static which allows for sequential operations to be fused together,
pre-allocation of memory, and more, but these techniques could
be inhibited if intermediate values need to be returned to the user
dynamically. Total memory usage would vary from inference batch
to inference batch, and tensor memory allocations will no longer
be static. Immediately moving intermediate values from accelerator
memory to host memory could alleviate some of these problems,
but would introduce memory copy and synchronization overheads.
Thus, while there exists mechanisms for optimizing inference serv-
ing, further work needs to be done to support the more flexible
deployment scenarios required by the scientific community.

6 CONCLUSIONS
We have discussed the challenges and opportunities that lie ahead
as the scientific community embraces large-scale models as a tool
for scientific discovery.We have presented a vision for an ecosystem
that bridges the gap between TPM providers and users, with a focus
on enabling researchers to address novel and large-scale problems.
Moreover, our exploration has highlighted the technical challenges
and open problems associated with serving TPMs, emphasizing
the need for investments and a comprehensive software stack that
can accommodate the diverse requirements of researchers. In the
coming years, the collaboration between AI researchers, developers,
and the scientific community will be crucial in addressing the com-
plexities of TPMs and ensuring that these models become valuable
tools for advancing knowledge and innovation.

ACKNOWLEDGMENTS
This work was supported in part by the U.S. Department of Energy
under Contract DE-AC02-06CH11357.

REFERENCES
[1] Amazon Web Services. 2017. AWS SageMaker. https://aws.amazon.com/

sagemaker/. Last accessed on October 8, 2023.
[2] Reza Yazdani Aminabadi, Samyam Rajbhandari, Ammar Ahmad Awan, Cheng Li,

Du Li, Elton Zheng, Olatunji Ruwase, et al. 2022. DeepSpeed-Inference: Enabling
Efficient Inference of Transformer Models at Unprecedented Scale. In Proceedings
of the International Conference on High Performance Computing, Networking,
Storage and Analysis (SC ’22). IEEE Press, Article 46, 15 pages.

[3] Nora Belrose, Zach Furman, Logan Smith, Danny Halawi, Igor Ostrovsky, Lev
McKinney, Stella Biderman, and Jacob Steinhardt. 2023. Eliciting latent predic-
tions from transformers with the tuned lens. https://doi.org/10.48550/arXiv.
2303.08112

[4] PG Benardos and G-C Vosniakos. 2007. Optimizing feedforward artificial neural
network architecture. Engineering applications of artificial intelligence 20, 3 (2007),
365–382.

[5] Zhonglin Cao, Rishikesh Magar, Yuyang Wang, and Amir Barati Farimani. 2023.
Moformer: self-supervised transformer model for metal–organic framework
property prediction. Journal of the American Chemical Society 145, 5 (2023),
2958–2967.

[6] Jonathan Carter, John Feddema, Doug Kothe, Rob Neely, Jason Pruet, Rick Stevens,
Prasanna Balaprakash, et al. 2023. Advanced Research Directions on AI for
Science, Energy, and Security: Report on Summer 2022 Workshops.

[7] Ryan Chard, Yadu Babuji, Zhuozhao Li, Tyler Skluzacek, Anna Woodard, Ben
Blaiszik, Ian Foster, and Kyle Chard. 2020. funcX: A Federated Function Serving
Fabric for Science. In Proceedings of the 29th International Symposium on High-
Performance Parallel and Distributed Computing. ACM. https://doi.org/10.1145/
3369583.3392683

[8] Ryan Chard, Zhuozhao Li, Kyle Chard, Logan Ward, Yadu Babuji, Anna Woodard,
Steven Tuecke, et al. 2019. DLHub: Model and data serving for science. In 2019
IEEE International Parallel and Distributed Processing Symposium (IPDPS). IEEE,
283–292.

[9] Kyunghyun Cho, Bart van Merriënboer, Caglar Gulcehre, Dzmitry Bahdanau,
Fethi Bougares, Holger Schwenk, and Yoshua Bengio. 2014. Learning Phrase
Representations using RNN Encoder–Decoder for Statistical Machine Translation.
In Proceedings of the 2014 Conference on Empirical Methods in Natural Language
Processing (EMNLP). ACL, 1724–1734. https://doi.org/10.3115/v1/D14-1179

[10] Daniel Crankshaw, Xin Wang, Guilio Zhou, Michael J. Franklin, Joseph E. Gon-
zalez, and Ion Stoica. 2017. Clipper: A Low-Latency Online Prediction Serving
System. In 14th USENIX Symposium on Networked Systems Design and Implemen-
tation (NSDI 17). USENIX Association, 613–627.

[11] William Fedus, Barret Zoph, and Noam Shazeer. 2022. Switch transformers:
Scaling to trillion parameter models with simple and efficient sparsity. The
Journal of Machine Learning Research 23, 1 (2022), 5232–5270.

[12] Garden Team. 2023. Garden. https://thegardens.ai/. Accessed October 2023.
[13] Mor Geva, Jasmijn Bastings, Katja Filippova, and Amir Globerson. 2023. Dissect-

ing recall of factual associations in auto-regressive language models.
[14] Rafael Gómez-Bombarelli, Jennifer N. Wei, David Duvenaud, José Miguel

Hernández-Lobato, Benjamín Sánchez-Lengeling, et al. 2018. Automatic Chemical
Design Using a Data-Driven Continuous Representation of Molecules. ACS Cen-
tral Science 4, 2 (Jan. 2018), 268–276. https://doi.org/10.1021/acscentsci.7b00572

[15] Google. 2023. Bard. https://bard.google.com. Accessed October 2023.
[16] Martin Grohe. 2020. word2vec, node2vec, graph2vec, x2vec: Towards a theory of

vector embeddings of structured data. In Proceedings of the 39th ACM SIGMOD-
SIGACT-SIGAI Symposium on Principles of Database Systems. 1–16.

[17] Corwin. Hansch and Toshio. Fujita. 1964. 𝜌-𝜎-𝜋 Analysis. A Method for the
Correlation of Biological Activity and Chemical Structure. Journal of the Amer-
ican Chemical Society 86, 8 (April 1964), 1616–1626. https://doi.org/10.1021/
ja01062a035

[18] Will Douglas Heaven. 2022. Why Meta’s latest large language model survived
only three days online. https://www.technologyreview.com/2022/11/18/1063487/.
Accessed October 2023..

[19] SeppHochreiter and Jürgen Schmidhuber. 1997. Long Short-termMemory. Neural
computation 9 (12 1997), 1735–80. https://doi.org/10.1162/neco.1997.9.8.1735

[20] Zhi Hong, J. Gregory Pauloski, Logan Ward, Kyle Chard, Ben Blaiszik, and Ian
Foster. 2021. Models and Processes to Extract Drug-like Molecules From Natural
Language Text. Frontiers in Molecular Biosciences 8 (2021), 826. https://doi.org/
10.3389/fmolb.2021.636077

[21] Nathaniel Hudson, Hana Khamfroush, and Daniel E Lucani. 2021. QoS-aware
placement of deep learning services on the edge with multiple service imple-
mentations. In 2021 International Conference on Computer Communications and
Networks (ICCCN). IEEE, 1–8.

https://aws.amazon.com/sagemaker/
https://aws.amazon.com/sagemaker/
https://doi.org/10.48550/arXiv.2303.08112
https://doi.org/10.48550/arXiv.2303.08112
https://doi.org/10.1145/3369583.3392683
https://doi.org/10.1145/3369583.3392683
https://doi.org/10.3115/v1/D14-1179
https://thegardens.ai/
https://doi.org/10.1021/acscentsci.7b00572
https://bard.google.com
https://doi.org/10.1021/ja01062a035
https://doi.org/10.1021/ja01062a035
https://www.technologyreview.com/2022/11/18/1063487/
https://doi.org/10.1162/neco.1997.9.8.1735
https://doi.org/10.3389/fmolb.2021.636077
https://doi.org/10.3389/fmolb.2021.636077


BDCAT ’23, December 04–07, 2023, Messina, Italy Hudson et al.

[22] K. D. Humbird, J. L. Peterson, B. K. Spears, and R. G. McClarren. 2020. Transfer
Learning to Model Inertial Confinement Fusion Experiments. IEEE Transactions
on Plasma Science 48, 1 (2020), 61–70. https://doi.org/10.1109/TPS.2019.2955098

[23] Frank Hutter, Lars Kotthoff, and Joaquin Vanschoren. 2019. Automated machine
learning: methods, systems, challenges. Springer Nature.

[24] Mohammed Amine Janati Idrissi, Hassan Ramchoun, Youssef Ghanou, and Mo-
hamed Ettaouil. 2016. Genetic algorithm for neural network architecture opti-
mization. In 2016 3rd International conference on logistics operations management
(GOL). IEEE Computer Society, 1–4.

[25] Yangqing Jia, Evan Shelhamer, Jeff Donahue, Sergey Karayev, Jonathan Long,
Ross Girshick, Sergio Guadarrama, and Trevor Darrell. 2014. Caffe: Convolutional
Architecture for Fast Feature Embedding.

[26] John Jumper, Richard Evans, Alexander Pritzel, Tim Green, Michael Figurnov,
Olaf Ronneberger, Kathryn Tunyasuvunakool, et al. 2021. Highly accurate protein
structure prediction with AlphaFold. Nature 596, 7873 (01 Aug 2021), 583–589.
https://doi.org/10.1038/s41586-021-03819-2

[27] Nikhil Kandpal, Brian Lester, Mohammed Muqeeth, Anisha Mascarenhas, Monty
Evans, Vishal Baskaran, Tenghao Huang, Haokun Liu, and Colin Raffel. 2023.
Git-Theta: A Git Extension for Collaborative Development of Machine Learning
Models.

[28] Jared Kaplan, Sam McCandlish, Tom Henighan, Tom B. Brown, Benjamin Chess,
Rewon Child, Scott Gray, Alec Radford, Jeffrey Wu, and Dario Amodei. 2020.
Scaling Laws for Neural Language Models. arXiv:2001.08361 [cs.LG]

[29] Tu Le, V. Chandana Epa, Frank R. Burden, and David A. Winkler. 2012. Quantita-
tive Structure–Property Relationship Modeling of Diverse Materials Properties.
Chemical Reviews 112, 5 (Jan. 2012), 2889–2919. https://doi.org/10.1021/cr200066h

[30] Chenxi Liu, Barret Zoph, Maxim Neumann, Jonathon Shlens, Wei Hua, Li-Jia Li,
Li Fei-Fei, et al. 2018. Progressive neural architecture search. In Proceedings of
the European conference on computer vision (ECCV). Springer, Cham, 19–34.

[31] Qing Lu, Weiwen Jiang, Xiaowei Xu, Yiyu Shi, and Jingtong Hu. 2019. On neural
architecture search for resource-constrained hardware platforms.

[32] Renqian Luo, Fei Tian, Tao Qin, Enhong Chen, and Tie-Yan Liu. 2018. Neural
architecture optimization.

[33] Kevin Meng, David Bau, Alex Andonian, and Yonatan Belinkov. 2022. Locating
and editing factual associations in GPT. Advances in Neural Information Processing
Systems 35 (2022), 17359–17372.

[34] Paul Messina. 2017. The Exascale Computing Project. Computing in Science &
Engineering 19, 3 (2017), 63–67. https://doi.org/10.1109/MCSE.2017.57

[35] Hui Miao, Ang Li, Larry S Davis, and Amol Deshpande. 2017. Towards unified
data and lifecycle management for deep learning. In 2017 IEEE 33rd International
Conference on Data Engineering (ICDE). IEEE Computer Society, 571–582.

[36] Philipp Moritz, Robert Nishihara, Stephanie Wang, Alexey Tumanov, Richard
Liaw, Eric Liang, Melih Elibol, et al. 2018. Ray: A distributed framework for
emerging AI applications. In 13th USENIX symposium on operating systems design
and implementation (OSDI 18). USENIX Association, 561–577.

[37] Neel Nanda, Lawrence Chan, Tom Liberum, Jess Smith, and Jacob Steinhardt.
2023. Progress measures for grokking via mechanistic interpretability.

[38] Annamalai Narayanan, Mahinthan Chandramohan, Rajasekar Venkatesan, Lihui
Chen, Yang Liu, and Shantanu Jaiswal. 2017. graph2vec: Learning distributed
representations of graphs. arXiv preprint arXiv:1707.05005 (2017).

[39] Deepak Narayanan, Mohammad Shoeybi, Jared Casper, Patrick LeGresley,
Mostofa Patwary, Vijay Korthikanti, Dmitri Vainbrand, et al. 2021. Efficient
Large-Scale Language Model Training on GPU Clusters Using Megatron-LM.
In Proceedings of the International Conference for High Performance Comput-
ing, Networking, Storage and Analysis (SC ’21). ACM, Article 58, 15 pages.
https://doi.org/10.1145/3458817.3476209

[40] nostalgebraist. 2021. Logit Lens on Non-GPT2 Models + Extensions. https://colab.
research.google.com/drive/1MjdfK2srcerLrAJDRaJQKO0sUiZ-hQtA. Accessed
October 2023.

[41] OpenAI. 2023. ChatGPT. https://chat.openai.com. Accessed October 2023.
[42] OpenAI. 2023. GPT-4 Technical Report. arXiv:2303.08774 [cs.CL]
[43] Adam Paszke, Sam Gross, Francisco Massa, Adam Lerer, James Bradbury, Gre-

gory Chanan, Trevor Killeen, et al. 2019. PyTorch: An Imperative Style, High-
Performance Deep Learning Library. arXiv:1912.01703 [cs.LG]

[44] Pinecone. 2023. Pinecone Vector Database. https://pinecone.io. Accessed October
2023.

[45] Tijana Radivojević, Zak Costello, Kenneth Workman, and Hector Garcia Martin.
2020. Amachine learning Automated Recommendation Tool for synthetic biology.
Nature Communications 11, 1 (25 Sep 2020), 4879. https://doi.org/10.1038/s41467-
020-18008-4

[46] Samyam Rajbhandari, Jeff Rasley, Olatunji Ruwase, and Yuxiong He. 2020. ZeRO:
Memory Optimizations toward Training Trillion Parameter Models. In Proceed-
ings of the International Conference for High Performance Computing, Networking,
Storage and Analysis (SC ’20). IEEE Press, Article 20, 16 pages.

[47] Aditya Ramesh, Mikhail Pavlov, Gabriel Goh, Scott Gray, Chelsea Voss, Alec Rad-
ford, Mark Chen, and Ilya Sutskever. 2021. Zero-Shot Text-to-Image Generation.

In Proceedings of the 38th International Conference on Machine Learning (Proceed-
ings of Machine Learning Research, Vol. 139), Marina Meila and Tong Zhang (Eds.).
PMLR, 8821–8831. https://proceedings.mlr.press/v139/ramesh21a.html

[48] Pengzhen Ren, Yun Xiao, Xiaojun Chang, Po-Yao Huang, Zhihui Li, Xiaojiang
Chen, and Xin Wang. 2021. A comprehensive survey of neural architecture
search: Challenges and solutions. Comput. Surveys 54, 4 (2021), 1–34.

[49] Xiaozhe Ren, Pingyi Zhou, Xinfan Meng, Xinjing Huang, Yadao Wang, Weichao
Wang, Pengfei Li, et al. 2023. PanGu-Σ: Towards Trillion Parameter Language
Model with Sparse Heterogeneous Computing. arXiv:2303.10845 [cs.CL]

[50] Mansi Sakarvadia, Aswathy Ajith, Arham Khan, Daniel Grzenda, Nathaniel
Hudson, André Bauer, Kyle Chard, and Ian Foster. 2023. Memory Injections:
Correcting Multi-Hop Reasoning Failures during Inference in Transformer-Based
Language Models. arXiv:2309.05605 [cs.CL]

[51] Mansi Sakarvadia, Arham Khan, Aswathy Ajith, Daniel Grzenda, Nathaniel
Hudson, André Bauer, Kyle Chard, and Ian Foster. 2023. Attention Lens: A
Tool for Mechanistically Interpreting the Attention Head Information Retrieval
Mechanism. arXiv preprint arXiv:2310.16270 (2023).

[52] David Silver, Aja Huang, Chris J. Maddison, Arthur Guez, Laurent Sifre, George
van den Driessche, Julian Schrittwieser, et al. 2016. Mastering the game of Go
with deep neural networks and tree search. Nature 529, 7587 (01 Jan 2016),
484–489. https://doi.org/10.1038/nature16961

[53] Ross Taylor, Marcin Kardas, Guillem Cucurull, Thomas Scialom, Anthony
Hartshorn, Elvis Saravia, Andrew Poulton, Viktor Kerkez, and Robert Stojnic.
2022. Galactica: A Large Language Model for Science. arXiv:2211.09085 [cs.CL]

[54] The KubeflowAuthors. 2018. Kubeflow. https://www.kubeflow.org. Last accessed
on October 8, 2023.

[55] Romal Thoppilan, Daniel De Freitas, Jamie Hall, Noam Shazeer, Apoorv Kul-
shreshtha, Heng-Tze Cheng, Alicia Jin, et al. 2022. LaMDA: Language Models for
Dialog Applications. arXiv:2201.08239 [cs.CL]

[56] Ashish Vaswani, Noam Shazeer, Niki Parmar, Jakob Uszkoreit, Llion Jones,
Aidan N Gomez, Ł ukasz Kaiser, and Illia Polosukhin. 2017. Attention is All
you Need. In Advances in Neural Information Processing Systems, I. Guyon, U. Von
Luxburg, S. Bengio, H. Wallach, R. Fergus, S. Vishwanathan, and R. Garnett (Eds.),
Vol. 30. Curran Associates, Inc.

[57] Kevin Wang, Alexandre Variengien, Arthur Conmy, Buck Shlegeris, and Jacob
Steinhardt. 2022. Interpretability in the wild: a circuit for indirect object identifi-
cation in GPT-2 small.

[58] LoganWard, J. Gregory Pauloski, Valerie Hayot-Sasson, Ryan Chard, Yadu Babuji,
Ganesh Sivaraman, et al. 2023. Cloud Services Enable Efficient AI-Guided Simu-
lation Workflows across Heterogeneous Resources. https://doi.org/10.48550/
ARXIV.2303.08803

[59] Logan Ward, Ganesh Sivaraman, J. Gregory Pauloski, Yadu Babuji, Ryan Chard,
Naveen Dandu, Paul C. Redfern, et al. 2021. Colmena: Scalable Machine-Learning-
Based Steering of Ensemble Simulations for High Performance Computing. In
2021 IEEE/ACM Workshop on Machine Learning in High Performance Computing
Environments (MLHPC). IEEE Press, 9–20. https://doi.org/10.1109/MLHPC54614.
2021.00007

[60] Manfred K.Warmuth, Jun Liao, Gunnar Rätsch,MichaelMathieson, Santosh Putta,
and Christian Lemmen. 2003. Active Learning with Support Vector Machines
in the Drug Discovery Process. Journal of Chemical Information and Computer
Sciences 43, 2 (Feb. 2003), 667–673. https://doi.org/10.1021/ci025620t

[61] ThomasWolf, Lysandre Debut, Victor Sanh, Julien Chaumond, Clement Delangue,
Anthony Moi, Pierric Cistac, et al. 2020. Transformers: State-of-the-art natural
language processing. In Proceedings of the 2020 Conference on Empirical Methods
in Natural Language Processing: System Demonstrations. ACL, Online, 38–45.
https://doi.org/10.18653/v1/2020.emnlp-demos.6

[62] Matei Zaharia, Andrew Chen, Aaron Davidson, Ali Ghodsi, Sue Ann Hong, Andy
Konwinski, Siddharth Murching, et al. 2018. Accelerating the machine learning
lifecycle with MLflow. IEEE Data Eng. Bull. 41, 4 (2018), 39–45.

[63] Xiaobo Zhao, Minoo Hosseinzadeh, Nathaniel Hudson, Hana Khamfroush, and
Daniel E Lucani. 2020. Improving the accuracy-latency trade-off of edge-cloud
computation offloading for deep learning services. In 2020 IEEE Globecom Work-
shops. IEEE, 1–6.

[64] Lianmin Zheng, Zhuohan Li, Hao Zhang, Yonghao Zhuang, Zhifeng Chen, Yan-
ping Huang, Yida Wang, et al. 2022. Alpa: Automating inter-and Intra-Operator
parallelism for distributed deep learning. In 16th USENIX Symposium on Operating
Systems Design and Implementation (OSDI 22). USENIX Association, 559–578.

[65] Jie Zhou, Ganqu Cui, Shengding Hu, Zhengyan Zhang, Cheng Yang, Zhiyuan Liu,
Lifeng Wang, Changcheng Li, and Maosong Sun. 2020. Graph neural networks:
A review of methods and applications. AI Open 1 (2020), 57–81. https://doi.org/
10.1016/j.aiopen.2021.01.001

[66] Maxim Zvyagin, Alexander Brace, Kyle Hippe, Yuntian Deng, Bin Zhang, Cindy
Orozco Bohorquez, Austin Clyde, et al. 2022. GenSLMs: Genome-scale language
models reveal SARS-CoV-2 evolutionary dynamics. https://doi.org/10.1101/2022.
10.10.511571

https://doi.org/10.1109/TPS.2019.2955098
https://doi.org/10.1038/s41586-021-03819-2
https://arxiv.org/abs/2001.08361
https://doi.org/10.1021/cr200066h
https://doi.org/10.1109/MCSE.2017.57
https://doi.org/10.1145/3458817.3476209
https://colab.research.google.com/drive/1MjdfK2srcerLrAJDRaJQKO0sUiZ-hQtA
https://colab.research.google.com/drive/1MjdfK2srcerLrAJDRaJQKO0sUiZ-hQtA
https://chat.openai.com
https://arxiv.org/abs/2303.08774
https://arxiv.org/abs/1912.01703
https://pinecone.io
https://doi.org/10.1038/s41467-020-18008-4
https://doi.org/10.1038/s41467-020-18008-4
https://proceedings.mlr.press/v139/ramesh21a.html
https://arxiv.org/abs/2303.10845
https://arxiv.org/abs/2309.05605
https://doi.org/10.1038/nature16961
https://arxiv.org/abs/2211.09085
https://www.kubeflow.org
https://arxiv.org/abs/2201.08239
https://doi.org/10.48550/ARXIV.2303.08803
https://doi.org/10.48550/ARXIV.2303.08803
https://doi.org/10.1109/MLHPC54614.2021.00007
https://doi.org/10.1109/MLHPC54614.2021.00007
https://doi.org/10.1021/ci025620t
https://doi.org/10.18653/v1/2020.emnlp-demos.6
https://doi.org/10.1016/j.aiopen.2021.01.001
https://doi.org/10.1016/j.aiopen.2021.01.001
https://doi.org/10.1101/2022.10.10.511571
https://doi.org/10.1101/2022.10.10.511571

	Abstract
	1 Introduction
	2 History of Serving Large Models
	3 Artificial Intelligence in Science
	3.1 Studying AI Models
	3.2 AI for Science

	4 Vision for the Future
	4.1 User Community
	4.2 Serving Providers
	4.3 Inference Modes

	5 Challenges
	5.1 Access Control
	5.2 Resource Availability
	5.3 Model Evolution
	5.4 Interfaces
	5.5 Interpretability
	5.6 Incorporating New Knowledge
	5.7 Integration into Scientific Workflows
	5.8 Efficient Inference

	6 Conclusions
	Acknowledgments
	References

