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Highlights
e A novel comprehensive cloud-native MLOps platform covers the entire preclinical
drug discovery process end-to-end.
e Flexible integration strategies bridge a fragmented digital ecosystem and deliver
Al value to scientists for informed decisions.
e Decoupling of machine learning and operational code enhances reliability and

R&D specialization.

Abstract

The increasing application of machine learning (ML) and artificial intelligence (Al) in
drug discovery necessitates robust and scalable solutions for operationalizing these
technologies. This paper presents the development and implementation of a
cloud-native Machine Learning Operations (MLOps) platform designed to accelerate the
delivery of production-ready, scalable, and reliable Al models within the pharmaceutical
drug discovery environment. The platform addresses challenges associated with
operationalizing Al in complex research and development settings, emphasizing the
critical interplay between well-defined business requirements and robust technical
capabilities. Foundational business needs, such as ensuring model trustworthiness,
data traceability, and rapid experimental iteration, directly influenced the technical
architecture, including choices around orchestration (Kubeflow Pipelines), real-time
serving (KServe), data integration, and monitoring. Our comprehensive MLOps

approach demonstrates how strategic alignment of business objectives with scalable



technical solutions can unlock significant value, showcasing practical applications
across diverse ML workflow types. The platform fosters operational excellence,
accelerates research in a cost-effective manner, and provides valuable insights and a
proven methodology for bridging the gap between scientific innovation and large-scale

Al deployment in various industries.
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Introduction

The past few years [1-4] have witnessed a dramatic surge in the demand for machine
learning (ML) and artificial intelligence (Al) models in drug discovery and early
development, highlighted by transformative examples like AlphaFold [3], DINOv3 [5],
MolMIM [6], DiffDock [7] and Evo [8]. Although there are distinctions between Al and ML
models, for simplicity and consistency, we will predominantly use the term Al throughout
this manuscript to refer to both model types, and only explicity mention ML when a
specific distinction is required. Applications of these models range from target
identification and prioritization [9,10], optimization of lead series in small and large
molecule research all the way to image classification for digital pathology [11,12].
However, taking proofs of concepts in Al all the way to production has remained an

important challenge for many organizations who often struggle to fully scale the usage
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of their models in a sustainable manner [13—15]. Many of the challenges encountered
are of operational nature and linked to the difficulties associated with deploying ML
pipelines or endpoints, ensuring traceability and reproducibility of the pipelines and
computational steps and finally, providing scalable solutions that are fully accessible to
end users. These challenges have become even more complex in recent years with a
sharp increase in the reuse and/or fine tuning of publicly available models internalized
from publications or from platforms such as Hugging Face© [16,17] and NVIDIA NIM™
[18]. Failing to address and overcome these challenges can result in a slower adoption
of Al in research processes and workflows, an increase of the failure rates of the Al
initiatives and ultimately a loss of competitiveness [19-21]. While some teams have
described successful solutions to certain aspects of drug discovery such as compound
design [22], or specific challenges like multimodal applications[23], there are no known
holistic approaches to operationalize models used throughout the entire discovery
process.Here, we present our cloud-native Machine Learning Operations (MLOps)
platform, specifically built to accelerate the delivery of production-ready, scalable and

reliable Al models for drug discovery.

Results

(1) Complex Needs for Al Model Operationalization in Drug Discovery Require
Flexible Solutions
As Al plays an increasingly critical role in drug discovery [24], we set out to better

understand the technological needs of our research organization in these areas. To
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achieve this goal, we listed key processes and workflows which either already relied on
Al models or were planned to do so in the future. We listed these processes &
workflows together with the models that support them: we identified 28 use cases
requiring partial or full operationalization of Al. Of note, the majority of such processes
(n=17, 60.7%, Table S1) needed several models to fully leverage the potential of the
technology and deliver improvements in the drug discovery value chain. The expected
impact of these use cases spanned the whole drug discovery and development pipeline,
from preclinical phases all the way to Phase 3 clinical trials. However, as the majority of
the proposals (n=18, 64.3%, Table S2) originated from preclinical phases (i.e. before
entry into humans), we focused our efforts on providing solutions fit for purpose in

preclinical and non-validated environments.

We analyzed these use cases by systematically collecting information on technical
requirements for training, inference and validation workflows, as well as the required
input data for each of the pipelines. We also conducted multiple interviews with
scientists developing models together with their users and other important systems and
applications owners in our organization. Key requirements and needs were extracted
and formalized into user stories and ranked based on their importance and urgency

(see method section for a more detailed overview of our methodology).

The first important finding from this analysis is that business processes relying on the
output of models had very different serving needs; from online, real-time serving,

sometimes with very low latency to accommodate demanding user experience, all the



way to complex parallelisation of workflows to simultaneously process large amounts of
images or objects, sometimes with speed. We even had processes requiring fast and
efficient out-scaling of the delivery of model outputs in the context of surges of traffic
and demand for predictions. Although the majority of models (n=19, 67.9%, Table S3)
were expected to impact less than 50 end users, they were impacting critical business
processes and based on their diverse serving needs we were able to get some first

estimates of the type of scalability requirements for our platform.

A lot of the use cases considered highlighted the importance of demanding
computational needs such as GPU access (n=11, 39.3%, Table S4). As establishing
reproducible training pipelines is crucial for ensuring transparency and traceability in the
model development process, we considered this as a key requirement for our platform.
This need for GPU access later extended to inference pipelines due to the rapid
development of use cases leveraging transformers technologies, such as embeddings

generation [25-28].

Interestingly, while frequent and automated re-training is considered best practice in ML,
only two thirds of the surveyed use cases have considered these needs (n=18, 64.3%,
Table S5) while for one third of the cases the frequency of re-training was expected to
be very low (n=8, 28.6%, Table S5), often due to the difficulty to obtain new relevant
training datasets, or was not considered at all as a requirement (n=2, 7.1%, Table S5).
We therefore concluded that not every use case would need to automatically trigger

training pipelines and that manual control of the training workflows was also necessary
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in many cases.

For all cases, the need for a reliable, scalable and functional integration with other
systems was very prominent. This was also a key requirement identified by our
stakeholders which we chose to prioritize. This requirement is particularly critical and
challenging as our use cases rely on a wide variety of data modalities, including
structured tabular data (n=14, 50%, Table S6) and unstructured data like text (n=5,

17.9%, Table S6) or images (n=5, 17.9%, Table S6) to deliver their output.

As our models are processing valuable data assets subject to very high levels of
confidentiality, we also concluded that any technical solution built to operationalize Al in
our organization should adhere to the strictest security, data protection, and compliance
standards required, such as GDPR(General Data Protection Regulation) [29] and EU Al

act [30].

Finally, our analysis revealed that while most models are developed using Python as the
main programming language (n=15, 53.6%, Table S7), some rely on the statistical
language R (n=9, 32.1%, Table S7) and sometimes on proprietary languages such as
Matlab. We therefore concluded that any solution that supports operationalization of
models should support at least Python and R as programming languages used to
develop models. The aim behind this effort was to eventually be able to reach higher
MLOps maturity levels that consider the tools and platforms to be completely language

agnostic [31,32].
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These findings guided the development of a computational platform to efficiently support

the wide variety of the needs for the operationalization of Al in drug discovery.

(2) Building the MLOps Platform: A Scalable and Modular Infrastructure
Leveraging Kubeflow and KServe for Three Primary ML WorkflowTypes

We listed the requirements emerging from our key processes and translated them into
concrete technical requirements to steer the creation of an MLOps platform to
operationalize Al models. In particular, we identified that the diverse computation needs
could be met by providing an infrastructure able to cope with 3 primary types of ML
workflows:

1. (Re-)training workflows: The jobs supporting these workflows tend to run over
extended periods, but their traffic pattern is periodic - most of these jobs typically
check for new data availability at given frequencies to ensure models are only
trained when necessary.

2. Real-time (or online) inference workflows: The jobs supporting online
inference workflows usually complete within a shorter time frame, but their traffic
pattern is characterized by unpredictable spikes. Low latency and high
throughput to deliver inference is a key requirement for these jobs.

3. Batch (or offline) inference workflows: The workflows are commonly used for
data modalities that require significant computational resources, such as large
images, and where real-time inference is not necessary or possible. Batch

inference jobs supporting such workflows often run for longer times, and their



traffic pattern is sporadic, depending on the need for inference generation.
As all of these jobs can be computationally and/or memory-intensive, we reasoned that
the computational infrastructure of our MLOps platform would require both horizontal
(adding more machines or nodes) and vertical (increasing the power of existing
machines, such as adding more CPU, RAM, or storage) scalability to accommodate

these needs.

Our current on-premises High Performance Computing (HPC) infrastructure failed to
satisfy these requirements due to a lack of elasticity as well as reduced availability and
scalability (both horizontal and vertical). In particular, we observed that many users
faced growing challenges when running online or batch inference jobs and workflows.
These limitations prompted us to adopt a cloud-first approach for our MLOps platform,
and to therefore opt for cloud-native technologies. Indeed, cloud infrastructures offer
on-demand access to computational and storage resources in a modular manner. We
reasoned that it would allow our users to dynamically scale horizontally and vertically
based on the nature of their ML workflows, thereby fulfilling the requirements described

above.

Table 1: Key Components of our Scalable and Modular MLOps platform. This table
summarizes the key technologies utilized in the scalable and modular computational
infrastructure of our MLOps platform for handling ML workflows, detailing the primary
function of each component and the criteria that necessitated its selection. These

components are articulated in the broader architecture shown in Figure 1.



Key Functionality | Technology Selected | Key Criteria
MLOps Platform Amazon Web Provides the necessary horizontal and
Foundation & Services (AWS) EKS / | vertical scalability for diverse,

Container

Orchestration

Kubernetes

computationally intensive ML workflows.
Adoption of a cloud-first approach resolved
limitations of previous on-premises HPC

infrastructure.

ML Pipeline

Orchestration

Kubeflow Pipelines

Selected as the central orchestrator for

reliable, scalable training and batch inference
workflows. Chosen for native Kubernetes
and custom

integration flexibility  for

DAG-based workflows.

Real-time Model KServe Enables the serving of real-time (online)

Serving inference jobs with low-latency and
auto-scaling capabilities.

API Management Gravitee.io Manages REST APIs, ensuring standardized

& Gateway

access, provides granular Role-Based

Access Control (RBAC), and allows for

monitoring of AP health.




Temporary Data AWS Elastic File Provides temporary locations to host data
Storage System (EFS), AWS (e.g., features, model binaries) close to
Elastic Block Store computation to minimize data transfer costs
(EBS), and S3 and time. These accounts are managed
buckets independently for resilience.
Observability & Datadog, Grafana Metrics and logs are collected and monitored
Performance Loki, Grafana to ensure adequate observability, enabling
Monitoring Dashboards the MLOps platform team to track
performance bottlenecks and model usage
patterns.

To build our MLOps platform, we leveraged Amazon Web Services (AWS) cloud
services. We used Infrastructure as Code (laC) to effectively manage and provision
such infrastructure resources. laC allowed us to create, modify, and remove
infrastructure resources in a consistent and repeatable manner, reducing errors and
improving efficiency. It also promoted collaboration among team members and ensured
that infrastructure changes are well-documented and versioned, thereby facilitating

traceability and auditability.

Building upon this foundation of robust infrastructure management [33,34], we then
focused on the specific requirements of our ML workflows. As (re-)training jobs and

batch inference jobs require robust, scalable, and flexible pipelines, we selected
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Kubeflow as a central ML pipeline orchestrator for our MLOps platform. By deploying
Kubeflow on AWS EKS, we therefore were able to leverage Kubernetes' inherent
scalability, enabling efficient resource management and scalability of ML workflows in
response to demand. Indeed, Kubeflow Pipelines facilitate the definition of ML
workflows as Directed Acyclic Graphs (DAGs), with each step encapsulated in a Docker
container. This containerized approach provides automation capabilities that minimize
the risk of human error and increase reproducibility. It also ensures isolation,
reproducibility, and the ability to execute each step with specific resource requirements.
By tailoring resource allocation to the needs of each pipeline step, we optimize
computational resources. For instance, simple tasks like data schema validation, which
have lower memory needs and computational requirements, can leverage cost-effective
CPU instances. In contrast, resource-intensive training jobs, which rely on frameworks
like TensorFlow or PyTorch and require substantial memory benefit from the parallel but
costly processing power of GPU instances. Finally, thanks to Kubernetes' dynamic
resource management and serverless scalability principles, resources are adjusted
based on demand, further enhancing cost efficiency and ensuring that training and
batch inference workflows seamlessly handle varying levels of load without manual

intervention.

Alongside Kubeflow, we deployed KServe on AWS EKS to run real-time inference jobs.
KServe is a robust Al model serving platform designed to deploy and manage Al
models at scale, with features like automatic scaling and seamless platform integration

also utilized by companies such as NVIDIA[35], RedHat[36], Ubuntu[37],
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Bloomberg[38], Cisco[39], and Hewlett Packard Enterprise[40]. KServe’'s standardized
and scalable approach to serving models helped us achieve low-latency and
high-throughput, which is critical for real-time inference jobs. Additionally, KServe's
auto-scaling capabilities ensure that our InferenceServices can dynamically adjust to
varying loads, scaling down to zero when not in use, thereby optimizing resource

utilization and cost.

As all 3 types of ML workflows require access to data, we had to consider integration
with data sources as a critical component of our MLOps platform. Due to the very
complex data landscape in drug discovery (see results section 3), we did not intend to
maintain primary data storage on our MLOps platform, but rather provided temporary
storage locations backed by AWS Elastic File System (EFS), AWS Elastic Block Store
(EBS), and S3 buckets. These temporary storage locations are intended to host data
such as pre-calculated features and large model binaries, keeping the data close to the
computation. This approach helped minimize the traffic required to move data from
on-premise infrastructure to the cloud and vice versa, and therefore reduced costs and

computation time.

Moreover, to ensure adequate observability of our entire solutions and of the models
deployed, we invested in proper monitoring service tools. We relied on Datadog to
collect metrics describing usage of all of our models in production, including the number
of predictions or output requested over time either via API or inference pipelines. The

ability to observe which clients requested such outputs helped our scientists refine their
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understanding of model usage and therefore of their impact. We also collected logs to
get richer context such around usage (such as details about the payloads from
inference requests) and improve our understanding of usage patterns. Logs were

collected using Grafana Loki[45] and accessed through Grafana Dashboards[46].

Ultimately, the combination of Infrastructure as Code, Kubeflow Pipelines, and KServe
has created a comprehensive, end-to-end solution for deploying and managing Al
models within our drug discovery workflows. This strategic decision effectively
addresses the limitations of our previous on-premises HPC infrastructure. In addition, it
ensures the scalability and cost-effectiveness of our operations and also fosters
operational excellence by automating complex tasks, optimizing resource allocation,

and providing a robust foundation for handling diverse workflow patterns.

The overview of the architecture of our MLOps platform’s infrastructure in Figure 1
shows how different modular components are orchestrated and integrated to meet our
computational needs. The container orchestration system (Kubernetes) is the
foundational infrastructure service which supports the deployment, scaling, and
management of all the ML containerized workflows that are running on our MLOps
platform. The ML pipeline orchestrator (Kubeflow) and API services (relying on KServe
for autoscaling) provide key functionalities as they allow users to train models and
deploy them in production, either via pipelines or REST API endpoints. They provide the

abstraction required for the successful containerization and deployment of each ML
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workflow which runs on the container orchestration system. Once trained, models are
stored in a registry, together with relevant metadata. Cloud-based data storage
accounts, data streaming tools and APIs facilitate integration with the rest of the digital
ecosystem and are managed independently of our container orchestration system to
improve the resilience of our MLOps platform. In this context, by digital ecosystem we
refer to the ensemble of other systems, data products, and user-facing applications with
which our MLOps platform integrates but are not part of it. More details about the
technical solutions used for those integrations can be found in the next section and on
Figures 2.1-2.4. Of note, the different components of the digital ecosystem may be
deployed on premise or on other cloud landing zones. Finally, the APl management
platform and the Monitoring Service tools ensure adequate observability of our entire
solutions and of the models deployed, both for our MLOps platform team and for the

scientists deploying models.
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Figure 1. The architecture of our MLOps platform. The key components of our
MLOps platform architecture are deployed using cloud native technologies and depicted
on the right end side of the figure. Integrations between the components of the MLOps
platform are highlighted in continuous lines. Integrations between the MLOps platform

components and the rest of the digital ecosystem are represented in dashed lines.

(3) Flexible System Integration Strategies for Functional Data Pipelines and Al
Model Output Delivery

The analysis of our use cases highlighted a significant challenge: the sheer number of
our digital ecosystem components required to host critical input data for our ML

pipelines almost mirrored the number of use cases themselves, pointing to a highly



fragmented digital landscape. This analysis also showed that the scientists that are
relying on predictions and other Al model outputs, they also heavily use the digital
ecosystem to interpret and leverage these outputs. This trend, also corroborated in a
recent study [41], results in a very high number of integration points between those

different components of the digital ecosystem used in the research organization.

To successfully integrate our MLOps platform in this digital ecosystem and meet user
requirements, we therefore resorted to multiple system integration strategies (Figures

2.1-2.4):

1. Kubeflow components: a direct system integration from Kubefow pipelines.
As each component (or step) in a Kubeflow Pipeline may be used as an
execution runtime for Python code, we leveraged this capability to build a
collection of connectors to key parts of the digital ecosystem. These
connectors were built using Python code packed into Docker images
which are executed from the Kubeflow pipeline tasks (more details may be
found in the following section). We used such connectors to ingest training
data, model binaries but also to publish inference and other model outputs
into relevant components of the digital ecosystem. The use of versioned
Python code to create these connectors made them highly reusable
across pipelines and models requiring similar systems integration. They
could also be customized whenever necessary to meet specific technical

and/or functional requirements. In addition, the unified, versioned code
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base made maintenance of the interfaces leaner and faster, thereby

contributing to the scalability and reliability of the MLOps platform.

Finally, such components could also be shared within the community of
engineers and scientists actively building pipelines, which encouraged
collaboration and exchange. In total, we built just a handful of connectors
to deploy hundreds of unique Kubeflow pipelines in production. They
allowed us to ingest data from compound registration systems, data
warehouses critical for medicinal chemists but also data lakes hosting
microscopy images. Many components were used both in training and
batch inference pipelines, highlighting the benefits and portability of the

approach.

2. Streaming services: asynchronous and flexible integrations between our
MLOps platform and the digital ecosystem.
A few of our use cases required the rapid generation of inference following
specific events (such as new compound registration in a database) or
even very large batch processing over all the records of a data
warehouse. This was the case for many compound property predictions
that needed to be generated for entire libraries of large or small
molecules. The use of traditional approaches to satisfy these requirements
often proved unsuccessful. Indeed, relying mostly on API calls, cron-job

or manual triggering of pipelines proved either too slow or unreliable due



to the complex digital ecosystem and often tight coupling of its

components.

To overcome these challenges, we used Confluent Kafka as an event
streaming and queueing service to maintain a loosely coupled, and
sometimes asynchronous integration between our MLOps platform and

key components of the digital ecosystem.

The publication of messages describing events of interest into relevant
Kafka topics helped us generate all required inferences while tightly
controlling the computational load on our MLOps platform. We also used
specific topics to transfer these inference results to the appropriate
consumers from pipelines or microservices (see point 4 below), thereby

ensuring timely and accurate delivery of model outputs.

In addition, by defining and enforcing schemas for the messages
exchanged between our MLOps platform and the digital ecosystem, Kafka
helped us maintain data integrity and reduce errors caused by inconsistent
data formats. Finally, Kafka's fault-tolerant architecture and replication
mechanisms helped us to ensure reliable delivery of model outputs, even
in the event of hardware failures or network disruptions. This increase in
reliability was particularly important to foster trust in the technical solutions

delivering model predictions.



3. API gateways: Gravitee.io and standardization of APl access.

Many of our use cases required an efficient approach to serve online
predictions. This was generally achieved thanks to the creation of scalable
inference endpoints, supported by Kserve (see section above). However,
as our MLOps platform usage grew, both the number of endpoints and the
number of requests per units of time also substantially increased. To cope
with the scalability challenged, we introduced the API gateway Gravitee.io
to effectively manage our REST APIs. The introduction of this gateway
provided 5 key benefits to our MLOps platform and users:

e Standardized APl Access: Gravitee.io allows us to define and
enforce a consistent definition for all our REST APIs. This
standardization simplifies the process of integrating with our APIs
and ensures a seamless experience for consumers.

e Granular Access Control: We Ileverage Gravitee.io's
authentication and Role-Based Access Control (RBAC)
mechanisms to manage access to our APIs. This enables us to
control who can access specific APIs, ensuring the security and
privacy of our data.

e Comprehensive APl Analytics: Gravitee.io provides us with
detailed analytics and reporting capabilities. We can monitor API
usage patterns, track performance metrics, and measure the

impact of our APIs on drug discovery programs. This data-driven



insights help us make informed decisions and continuously improve
our APIs. We used Datadog, Grafana Loki and Grafana
Dashboards for collecting and monitoring metrics and logs that
inform model owners and our MLOps platform team on model
usage. These were also used to assess the impact of the MLOps
platform on drug discovery, as detailed in the result section 5.

e API discoverability: The rich metadata associated with each API,
together with granular access control helped us safely increase the
discoverability of existing model endpoints throughout the
organization. This can be particularly impactful in the context of
research to avoid duplication of the efforts required to build models
requiring very deep and domain-specific expertise.

e API health and performance monitoring: Gravitee.io built-in
capabilities to monitor APIs health and performance helped us
increase the reliability of our MLOps platform and quickly respond

to incidents affecting users.

4. Microservices: Ad-hoc integrations between our MLOps platform and the
digital ecosystem.
Despite the very high flexibility of the 2 approaches mentioned above, we could
not always successfully rely on them to integrate our MLOps platform with
systems built using legacy software engineering paradigms. These particular

cases therefore required dedicated microservices that were built with a single



use in mind. While we only relied on this approach in a handful of cases, it
proved to be instrumental for the success of our MLOps platform in delivering Al
model predictions to scientists in the right context and throughout the digital

ecosystem.

We used the strategies described above to integrate our MLOps platform with relevant
components of our digital ecosystem. However, through our requirement analysis, we
also identified multiple data analysis workflows requiring filtering data records using
ML-generated value as criteria. Indeed, we found this to be a very common need for
protein engineering as well as medicinal chemist teams that need to prioritize
compounds to proceed through the various stages of drug discovery projects such as
lead identification and optimization. To address this challenge, we chose to permanently
store the relevant Al model predictions required for these queries and workflows.
Indeed, once stored in an appropriate data management system (usually a relational
database), these predictions could be consumed by downstream applications and data
warehouses to constrain searches and data queries. We exclusively relied on existing
data management solutions to store such predictions and ensure that they would be
readily and easily accessible to scientists who need them for their daily work. We then
integrated such inference stores with our MLOps platform using the streaming services

or the Kubeflow components described above (integration strategy 1 and 2).

Across all our use cases, we experienced that integration with the digital ecosystem is

crucial to deliver model outputs in the right contexts, in other words delivering model



outputs where and when the scientists need them. Using the panel of integration
strategies described here, we were able to always adapt to the technical constraints of
our digital ecosystem and to deliver inference at scale, across multiple stages of the
drug discovery process. This was however only possible thanks to reliable workflows
and a good management of the operational aspects of Al models which we will describe

in the next sections.

STRATEGY 1
Kubeflow Pipeline
Data upload Additional | — | Additional Data export
component components components component
Input for inference Inference, model
or training outputs
— —V_

Data Product Data Product

Figure 2.1 Integration strategy 1: Kubeflow Components. Re-useable Kubeflow
components are deployed to upload and export data during the ML pipeline runs. These
components provide a direct integration between the digital ecosystem and our MLOps

platform for training and inference pipelines alike.
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Figure 2.2 Integration strategy 2: Streaming Services. Data streaming services
provide a loose and asynchronous integration between our MLOps platform and other
components of the digital ecosystem. The use of messages and queues helps control
the computational load on our MLOps platform while the enforcement of consistent

schemas on data models provides consistency across the entire landscape.
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Figure 2.3 Integration strategy 3: API gateways. Inference data may also be served
directly via REST API endpoints. These endpoints are managed and catalogued using

Gravitee.io, the APl management system.
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Figure 2.4 Integration strategy 4: Microservices. Microservices are sometimes used
to build ad-hoc integrations requiring complex workflow management. In this case, a
microservice batches calls and distributes them across various inference endpoints. The
returned predictions are batched together before being published as a single table to
the relevant components of the digital ecosystem, for consumption by scientists in the

organization.

(4) Decoupling ML and Operational Code for Artifact Management: Enhancing
Specialization, Focus, and Reliability of Critical Workflows

Managing key artifacts effectively and with traceability is crucial for ensuring the
successful deployment and operation of Al models. In order to provide a higher level of
autonomy and flexibility to scientists developing models, we opted for a separation of

concerns between the ML code and the operational code as shown in Figure 3. This



separation involves decoupling the people and processes responsible for Al model
design from those responsible for model deployment and operations. We implemented
this separation by systematically creating 2 separated code repositories (see the Data
Availability section for the urls) serving distinct purposes: one of these repositories
contains the ML code itself and is primarily managed by the scientists developing the
model while the second repository contains all the code necessary for the successful

operationalization of the model.

The operational code encompasses the necessary components for the relevant
Kubeflow pipelines, which are defined as “portable and scalable definition[s] of a ML
workflow” [42] which in our case usually are training and inference pipelines. These
pipelines are designed to handle tasks such as model training, validation, and
deployment. The code defines the components within these pipelines, ensuring that
each step is properly configured and executed. The CI/CD pipeline in the
operationalization repository automates the integration, testing, and deployment stages,
ensuring that any changes to the codebase are seamlessly deployed to Kubeflow, our
pipeline orchestrator. The actual code executed in each component (or step) of the
Kubeflow pipelines actually originates from the code repository which is primarily
maintained by scientists creating the Al model. This code repository is containerized
using Docker, via a Dockerfile that specifies the base image, dependencies, and the
environment setup. The resulting container includes all the relevant code and

environments needed for the pipelines and is stored in a Gitlab container registry, which
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the operational code can access. Access to the container registry is managed to ensure

security and compliance with industry standards.

We observed several benefits to decoupling the Al model design and deployment
artifacts via our solution. The first key benefit was a strong gain in specialization and
focus as scientists designing Al models can concentrate on developing and refining
models. This is particularly critical in drug discovery as only data scientists with domain
expertise on biology, chemistry and specific disease areas can ensure that Al models
remain purposeful and will impact the value chain. Conversely, the deployment and
operations team can focus on ensuring that models are deployed and operated
efficiently and reliably. This way, DevOps best practices are not sacrificed at any point in
the model life cycle and operational excellence is maintained. This resulted in an
increased reliability of the ML workflows when compared to deployments managed by
scientists themselves. We also observed a significant drop in incidents without hindering
new development on the models deployed in production. A second benefit to this
separation of concerns is the increase in productivity and operational efficiency. By
focusing on the deployment of multiple pipelines and endpoints, engineers working on
operationalization are more likely to identify patterns and pinpoint reusable components
in ML pipelines but also in the rest of the technological stack. This often resulted in a
faster automation of key pipeline and computational steps thus reducing the operational
footprint of deploying multiple models in production. Finally, this separation of concerns
also helped us navigate the proliferation of tools and platforms dedicated to model

development. Indeed, by focusing on an integration at the code repository level, we



could abstract the operationalization of models from the initial, experimental
development. This also provided more freedom to scientists in drug discovery who are

constantly experimenting with new methods and approaches to Al.

The separation of the operational code also brought some challenges. The first and
main one is that, prior to a productive release, the ML code must be refactored and
adjusted to integrate seamlessly into the operational pipeline(s). Difficulties may arise
due to scientists' lack of expertise in writing operational code and the MLOps team's
unfamiliarity with the scientific context of the ML code and model. We addressed this
challenge by establishing a predefined pipeline structure in advance, enabling scientists
to refactor their code accordingly while retaining its ownership. This pipeline structure
enables both scientists and the MLOps team to determine the appropriate level of code
modularity based on various factors, such as the resource requirements of different
pipeline components. By adopting this approach, scientists are responsible for creating
modular code, while the MLOps team can maintain the pipeline and more accurately

identify potential points of failure within it.

Another way that has helped overcome the operational code challenges was by
fostering a culture of writing well-structured code and educating scientists to consider its
future operational use. This aspect was reinforced with the introduction of checks and
guardrails, such as standardized pre-commit hooks that automatically fix issues related
to code formatting, style conventions, static typing, and security vulnerabilities. The

release of standardized project templates and reusable CI/CD components, also ensure



a consistent, pre-defined structure for all Al projects and streamline their integration into
operational pipelines. Indeed, the introduction of such reusable and curated
components not only helped speed up development but also contributed to increase the
security on our MLOps platform as they were kept continuously up-to-date to ensure
minimal common vulnerabilities and exposures. Finally, these approaches were made
even more successful by the advance of generative-Al powered coding assistants which

greatly facilitate and accelerate code re-factoring.

Another challenge pertains to the lifecycle management of Al models. Once an
operational pipeline is established, new model versions or code changes may be
introduced over time. Without proper guardrails and tests, these changes can trigger the
need for significant adjustments to the operational code but also incidents and workflow
failures. Consequently, we established several strategies to mitigate this risk throughout
the lifecycle of models in production. The first approach consists in systematically
incorporating automatic testing within CI/CD pipelines to ensure that breaking changes
are identified and corrected prior to deployment. Another, complementary measure is
employing robust version control for both code and models, which tracks changes and
allows for easy restoration of previous versions if needed. Continuous monitoring of
model performance is also essential, as it enables early detection of issues, facilitating
timely interventions and adjustments (see section below). Lastly, conducting thorough

reviews of any code changes is crucial for effective long-term model management.



While technology is helpful in overcoming some of the challenges, communication
channels and regular interactions remain critical to prevent the emergence of silos and

reduce the complexity still inherent to releasing Al models in production.
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Figure 3. Managing Artifacts. The figure shows the separation of ML and operational
code. lt illustrates the decoupling of ML code (left) from Operational Code (right) that
orchestrates it via Kubeflow Pipelines and deploys model endpoints using KServe. The
logos next to each component are highlighting the associated technologies: GitLab for
managing both code management, Kubeflow for orchestration, KServe for model

endpoint deployment and Docker for containerization.

(5) Enabling Observability and Interpretability to Measure Business Impact:
Collecting Usage Metrics and Contextual Artifacts for Production Models

Bringing Al models to production still represents a significant effort, in particular when
their integration in relevant tools and processes is required. Over the past six years, we

observed that it took sometimes weeks to months for our team to successfully deploy



well integrated predictors and pipelines in production for our 28 use cases which

represent more than 150 models altogether.

In the context of drug discovery, this high investment is only justified by the anticipated
business value and impact that these models will yield over time. We considered a
widely cited pharmaceutical value equation[43] to identify the relevant metrics that could
be impacted by the operationalization of models. Indeed, we anticipated that using
MLOps frameworks and tools in drug discovery would have the following impact:

e An increase in the value of in-silico predictive power over time by combining
model serving and model (re-)training in an iterative and coherent
active-learning-like loop, supporting novel approaches like lab-in-the-loop in drug
discovery[44].

e An increased number of Al models that are being deployed to business by
increasing the efficiency of many processes in drug discovery and therefore
allowing for more projects to run in parallel.

e An increase in the probability of technical success thanks to a greater likelihood
of successful transition from one stage to the next within the drug development
lifecycle. This can be achieved via a widespread use of models that help
scientists design drugs with superior properties.

e A decrease in cycle time thanks to the automation of repetitive and time

consuming tasks such as image annotation and segmentation for example.
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e A decrease in costs thanks to accelerated processes and a reduction of the
personnel time required to progress drug projects through the development

cycle.

In practice, we observed that quantifying the impact of Al models in productions on
these key business metrics is challenging. Indeed, as drug discovery is a highly
technical, multi-step process with continuous improvements stemming from
technologies other than Al, it is very difficult to quantify the exact impact of a model

released in production.

To overcome this challenge, we reasoned that an MLOps platform could provide some
technical capabilities allowing scientists and other researchers to measure metrics that
could be indicative of impact and value. Therefore, we invested in establishing
monitoring capabilities for the models put in production, so that we could effectively
capture rich data about usage patterns. This allowed us to better understand in which
context models are used, how often and to sometimes automatically list drug projects
relying on the predictions for decision making. This data is also critical to ensure that
our MLOps platform is able to cope with the fluctuating number of requests to serve
outputs over time (see previous sections for more details on the architecture of our
MLOps platform).

We also engineered reusable components and systems integration to enable scientists
to export key metrics and artifacts that make monitoring of the model performance

possible. These include key cross validation metrics, specifically generated predictions



or even intermediate image masks and saliency maps created during image
segmentation and classification. Making such artifacts available to end users and
scientists also increased the interpretability and explainability of the models deployed on
the MLOps platform, which is crucial to gain the trust of domain experts and

decision-makers.

In the case of compound property predictors, we also observed that end-users of the
models often request access to uncertainty values associated with Al model predictions
of small molecule pharmaco-kinetic parameters. This information helps them assess the
reliability and confidence of the model's outputs, which is crucial for making informed
decisions. We provided the appropriate computational infrastructure within our MLOps
platform and the necessary systems integration in order to return these values in those
systems of the digital ecosystem that end users rely on in their daily business. This

results in stronger adoptions of the model in key decision making steps.

Overall, our work on productizing several use cases showed that, while it remains
challenging to measure the value of Al models to production, implementing solutions to
help scientists export key metrics and artifacts that monitor usage or help explain and

interpret models is critical for adoption and impact tracking.

Methods
The methodology implemented for this study was built upon an iterative cycle of

requirements analysis, cloud-native platform selection, and the engineering of



operational strategies. To understand the operational needs for deploying Al models in
drug discovery, a rigorous requirements gathering and analysis phase was conducted,
which included interviews with data scientists across many groups and hundreds of
unique user stories. We conducted further business analysis by systematically collecting
information and statistics from 28 model proposals. We listed the type of data modalities
required for training and inference (e.g., tabular, text, images, molecules), the
programming language used to develop the model (e.g., Python and R), the impacted
stages of the drug discovery process (e.g. Lead ldentification, Lead Optimization),
information about the anticipated computational needs of our MLOps platform (e.g.
GPUs, CPUs) and finally the different components of the digital ecosystem hosting
critical datasets for the models and its users. This systematic process demonstrated
that model deployment requires support for multiple data modalities, multiple
programming languages, and different serving strategies to accommodate diverse
business needs. The MLOps platform was designed to achieve a Level 2 MLOps
maturity, the highest characterized level according to the widely referenced Google
MLOps framework[45], focusing on fully automated ML pipeline creation and
deployment. The key MLOps services in scope included model training and re-training,
real-time and batch inference serving, artifact management, and comprehensive
observability (monitoring and logging), while excluding manual experimentation
(supported by additional third party tools) and in some cases continuous training where
it was not needed. Orchestrated experimentation was made possible thanks to the full

integration and automation of all components.
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The derived technical requirements necessitated the design of an MLOps platform with
scalable and modular computational infrastructure. Due to identified limitations in
elasticity and availability within existing on-premises High Performance Computing
(HPC) infrastructure, a cloud-first approach utilizing Amazon Web Services (AWS) was
adopted. Infrastructure as Code (laC) using Terraform the AWS Cloud Development Kit,
and eksctl, the Amazon EKS command-line utility tool, was employed for consistent
resource provisioning and auditability. The MLOps platform architecture was defined to
support the three primary workflow types: scalable training, batch inference and
real-time inference. Specifically, Kubeflow Pipelines deployed on AWS Elastic
Kubernetes Service (AWS EKS) served as the central orchestrator for scalable training
and batch inference pipelines, while KServe (on AWS EKS) was utilized for low-latency,
real-time inference jobs. Overall, Kubeflow was chosen for its strong community
support, native Kubernetes integration, and flexibility for custom pipeline components,
features not equally supported by alternative orchestrators. Specifically, Kubeflow
Pipelines was chosen as the central orchestrator due to its native support for complex
DAG-based ML workflows and its tight integration with Kubernetes for scalable resource
allocation. Similarly, KServe was selected for real-time serving for its low-latency,

auto-scaling capabilities, critical for demanding user experience.

Furthermore, to ensure functional data pipelines and contextual output interpretability
(e.g., for predictions used in the digital ecosystem), a strategy for flexible system
integration was adopted, including building reusable Kubeflow components for direct

system integrations, utilizing event streaming (Confluent Kafka) for asynchronous



transfers, and implementing the Gravitee.io APl gateway for centralized
management[46], access control, and monitoring of online prediction endpoints.
Kubeflow components were created using an internal Python library wrapping the
Kubeflow SDK. All code was versioned on Gitlab and all endpoints used for inference

serving were registered in the API gateway for findability and better access control.

Finally, operational experience dictated specific strategies for artifact management and
impact assessment. To increase the reliability of critical workflows, a separation of
concerns principle was enforced, decoupling the ML code (maintained by scientists)
from the operational code (maintained by the deployment team in a separate repository)
responsible for automating Kubeflow pipelines via CI/CD. ML code repositories primarily
use Python and R, while operational code is standardized in YAML and Python
templates defining Kubeflow components and CI/CD workflows. Both are organized
under consistent folder structures to simplify maintenance. This approach was

supported by robust version control and automatic testing within CI/CD pipelines.

For tracking business impact, the MLOps platform implemented procedures enabling
monitoring and interpretability. Datadog[47] was used to collect metrics detailing model
usage, such as prediction requests over time and resource utilisation. Logs were
collected using Grafana Loki[48] and visualised using Grafana Dashboard[49].
Furthermore, system integrations and components were engineered to allow for the
export of key metrics, artifacts, and uncertainty values associated with predictions,

thereby fostering trust and adoption among end-users and domain experts. These
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exported artifacts included cross-validation metrics, intermediate image masks, saliency

maps, and model prediction uncertainty values.

Conclusion

As machine learning and artificial intelligence have become an intrinsic part of modern
drug discovery efforts, the ability to deploy models and provide their outputs to scientists
has become a critical capability for pharmaceutical companies. Such deployments
usually present many challenges [50,51] such as scalability, reproducibility and
traceability, thereby requiring dedicated tools and sometimes engineering teams to

overcome them.

The MLOps platform presented here provides a concrete and novel solution to this
challenge, and it is to our knowledge the first of its kind reported in the scientific
literature for life sciences. Its ability to handle multiple data modalities across different
stages of drug discovery makes it a very powerful and essential tool for Research &
Development organizations, and it differentiates it from previously reported approaches
in life sciences. Indeed, existing solutions only focus on narrow parts of the discovery
process such as lead identification and/or optimization for small molecules [22], making
them unfit to support the entire pre-clinical discovery process. Beyond handling multiple
data modalities, our MLOps platform offers a holistic approach to operationalize models
throughout the entire drug discovery process, integrating with a diverse and complex
digital ecosystem and prioritizing a clear separation between ML and operational code

to enhance reliability and focus. We achieved this desired flexibility by selecting
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technologies that allow scientists to deploy any types of ML workflows and pipelines,

including training and inference, batched or online.

To successfully cover the entire drug discovery process, we also invested in integration
interfaces with specific components of the digital ecosystem used by scientists to
interpret ML outputs in the appropriate scientific context. This contributed very strongly
to the success of our MLOps platform, as it ensured accessibility of predictions and
models throughout the entire organization. Coupled with observability tools, it also
enabled us to assess the impact of each model on the discovery process, which is
becoming increasingly important given the high costs of training and deploying cutting
edge Al models, especially in the field of generative Al. This approach also enabled us
to overcome the limitations of existing off-the-shelf MLOps solutions, which did not
adequately meet our requirements. Many of these alternatives addressed only specific
phases of the model life cycle, supported a limited range of data modalities, or lacked

the scalability necessary to accommodate our diverse use cases.

Our harmonized MLOps framework for drug discovery facilitates the training and
onboarding of scientists by reducing technological complexity across the enterprise
environment. This harmonization also contributes to a lower operational footprint
relative to alternative MLOps solutions that are narrowly tailored to specific use cases.
Moreover, the establishment of a centralized engineering team responsible for model
deployment has enhanced code reusability and the systematic sharing of knowledge,

thereby accelerating the release and maturation of production models over time.



In addition, the separation of concerns between operational and ML code empowers
scientists to focus on accelerating drug discovery processes rather than manage daily
ML operations. The use of reproducible, shareable pipelines and code contributes to
effective collaborations between scientists, an increasing trend worldwide which is
sustained by platforms such as Hugging Face®© [16,17]. Our key learnings from these
approaches emphasize that a structured approach, starting with predefined pipeline
architectures and fostering a culture of well-structured code, significantly streamlines
the release of models in production. Continuous quality assurance through automated
testing, robust version control, and ongoing performance monitoring are critical for
maintaining reliability and enabling timely interventions on production workflows.
Ultimately, fostering open communication and collaborative interactions is paramount to

overcoming inherent complexities and preventing silos in the deployment of Al models.

Finally, we anticipate that the advance of complex and semi-autonomous Al-powered
workflows such as lab-in-the-loop therapeutic antibody design [44] or fully agentic
solutions will require more scalable and flexible MLOps platforms such as the one
presented here. Indeed, to sustain these transformative approaches, it will become
paramount to deliver Al inference at scale, and with great traceability. This will only be
achieved thanks to adequate investment in foundational MLOps capabilities, relying on

scalable, reliable and flexible technologies.
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