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Software-intensive systems companies face mounting pressures to accelerate time-to-market. This drives
adoption of DevOps, frequent deployments and Al-enabled analytics. However, while traditional feedback
loops channel usage data, logs and interactions into development cycles, this doesn’t necessarily translate into
learning. Although companies use DevOps, they still view product development as building products with
a fixed scope. To address this, we conceptualize the notion of learning loops and how companies move to-
wards continuous improvement of product performance. In our view, ’learning loops’ distinguish themselves
by translating data from products into actionable improvements executed by humans, by traditional ML, by
Agentic Al or by a combination of these. This paper synthesizes longitudinal case study research and in-
terviews, revealing that mechanisms like continuous integration and deployment, A/B testing, federated and
reinforcement learning are unified instances of post-deployment learning loops. The contribution of this paper
is two-fold. First, we provide empirical examples reflecting how R&D teams and systems learn and improve
performance over time. Second, we present a conceptual model in which we detail the concept of learning

loops that can be executed by humans, by traditional ML, by Agentic Al or by a combination of these.

1 INTRODUCTION

Software-intensive companies operate in an increas-
ingly dynamic environment where time-to-market is
critical. To realize this, short development and deliv-
ery cycles are key and during recent years the transi-
tion towards continuous practices has permeated most
industry domains (Lopez et al., 2021), (Nguyen-Duc
et al., 2023), (Zhu et al., 2016) (Olsson and Bosch,
2020), (Bosch and Olsson, 2021), (Dakkak et al.,
2023b). Release cadences that were once measured
in months or years have been compressed into weeks,
days or even multiple deployments per day. This ac-
celeration is tightly coupled with the adoption of De-
vOps (Zhu et al., 2016), (Lwakatare et al., 2020),
(Dakkak et al., 2023b), in which development and op-
erations are integrated and value is delivered through
frequent deployment of new software versions.

With continuous deployment of functionality
there is the opportunity for continuous feedback from
which R&D teams, as well as the system itself, can
learn and improve. With effective feedback loops in
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place, data collected from products is continuously
fed back into DevOps cycles as the basis for refining
functionality, improving quality and informing new
feature development (Zhu et al., 2016), (Bou Ghan-
tous and Gill, 2017), (Perera et al., 2017). With the
advent of Artificial Intelligence (Al), these feedback
loops can operate at far greater scale and speed as ma-
chine learning techniques automatically extract mean-
ingful patterns from high-volume and noisy data, de-
tect anomalies and estimate the impact of alternative
design choices. Consequently, Al has the potential to
transform feedback into a continuous and data-driven
learning mechanism that can used to iteratively opti-
mize both products and processes in near real-time.
However, in our experience there is a difference
between feedback loops and learning loops. While
feedback represents data coming back from products
in the field, learning loops represent the actions taken,
and the improvements made, based on this data. What
we have noticed is that most companies have ample
feedback from products in the field. This, however,
does not automatically mean that they learn from this
data and that they take actions to improve their sys-
tems based on this data. In practice, companies have
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continuous integration (Stahl and Mértensson, 2018),
and continuous deployment (Rodriguez et al., 2017),
(Savor et al., 2016) infrastructures in place but often
they still view product development as building prod-
ucts with a fixed scope. In addition, the traditional
view is that R&D teams are the ones improving the
systems. Although this is still a valid view, it is only
partly true as the introduction of agentic Al is rapidly
changing the nature of product development.

In this paper, we conceptualize the notion of learn-
ing loops. By using examples from our previous re-
search as well as from a recent interview study, we
present a holistic view on how systems learn over
time and how this learning is amplified in Al-driven
systems. To achieve this, we synthesize findings and
present results that build on several years of close col-
laboration with companies in the software-intensive
systems domain. Over the years, we have worked to-
gether with these companies to improve performance
of their systems. The companies use a variety of
different mechanisms such as DevOps, A/B testing,
federated learning (FL) and reinforcement learning
(RL). When reflecting back, we realize that although
these mechanisms may look independent, and as if
they serve different purposes, they are all instances
of a common and higher-level concept that is what
we refer to as learning loops. Our research focuses
on post-deployment learning, i.e., learning that takes
place when the product is deployed in the field and
the conceptual model that we present is inductively
derived based on empirical insights that we collected
throughout our research.

The key contributions of this paper are the follow-
ing. First, we provide empirical examples that reflect
how R&D teams and systems learn and improve their
performance over time. Second, we present a concep-
tual model in which we detail the concept of learning
loops that can be executed by R&D teams (humans),
by traditional ML, by Agentic Al or by a combination
of these.

The remainder of the paper is organized as fol-
lows. In section 2, we outline the background and we
review literature that is relevant for this study. In sec-
tion 3, we describe the research method that we em-
ployed for this study. In section 4, we present the em-
pirical findings. In section 5, we present a conceptual
model that is inductively derived from our empirical
findings. In section, 6, we discuss threats to validity
and in section 7, we conclude the paper.
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2 BACKGROUND

2.1 Continuous Value Delivery

Contemporary software-intensive companies oper-
ate in an environment where value delivery cycles
are continuously shortening (Lépez et al., 2021),
(Nguyen-Duc et al., 2023), (Zhu et al., 2016). This
acceleration is tightly coupled with the increasing
adoption of DevOps practices (Zhu et al., 2016),
(Lwakatare et al., 2020), (Dakkak et al., 2023b).
DevOps denotes an organizational and technical ap-
proach that integrates software development and IT
operations to enable fast, reliable and continuous de-
livery of value to users(Savor et al., 2016), (Rodriguez
et al., 2017).

As the basis for continuous value delivery, and
as input for DevOps cycles, data from products in
the field is critical for closing the feedback loop be-
tween real-world usage and development (Olsson and
Bosch, 2014), (Fabijan et al., 2015), (Fagerholm et al.,
2017). For software intensive systems, this data is of-
ten the only reliable way to see how complex products
behave at scale, under diverse conditions and in dif-
ferent usage situations. In software-intensive systems
companies, the use of data has expanded to involve
development of services for enhancing and extending
product performance, as well as to develop entirely
new data-driven and digital services (Kampker et al.,
2018), (Bosch and Olsson, 2021).

2.2 Continuous Learning

In a dynamic context as described above, learning
emerge as a critical organizational capability (Lak-
shmi and Ajay, 2025). With effective learning loops,
companies can close the gap between action and in-
sight by repeatedly collecting data on how the system
behaves, analyzing the outcomes and feeding the re-
sults back into design, configuration and operation.
While the concept of learning loops is not new
(Argyris, 1996), (Al-Baik and Miller, 2018), (Buckell
and Macintyre, 2021), it has primarily been studied
from an organizational perspective and particularly
within management literature. In (Georges L. Romme
and Van Witteloostuijn, 1999), the authors discuss
how the development of a sustainable learning ability
of the organization is a prerequisite to survive. The
authors use the definitions by (Argyris, 1996) when
distinguishing between single, double and triple loop
learning. In (Lof, 2010), the author recognizes how
the concept of learning loops display distinct similar-
ities with adaptation and transformation and also here
the concept of single, double and triple loop learning



is used.

In software engineering research, there is an in-
creasing number of studies on the topic of self-
adaptive systems e.g., (Weyns, 2019), (De Lemos
et al., 2013), (Macias-Escriva et al., 2013), (Gheibi
et al., 2021). Although there exist several definitions,
self-adaptivity is typically referred to as the capabil-
ity of a system to adjust its behavior in response to the
environment (Brun et al., 2009) and/or a system that
evaluates its own behavior and changes its own per-
formance when the evaluation indicates that it is not
accomplishing what the software is intended to do, or
when better functionality or performance is possible
(Salehie and Tahvildari, 2012).

In our research, we recognize the importance of
previous research. However, our research takes a dif-
ferent point of departure as we note that the tradi-
tional understanding of learning loops is changing.
First, while organizational studies recognize learn-
ing as critical, the learning loops that are referred to
are primarily concerned with process improvements
based on historical data and collective (human) ex-
periences. In contrast to this, our research focuses
on teams that improve specific capabilities of a sys-
tem and the learning loops we refer to are proactively
initiated by utilizing techniques such as A/B testing,
reinforcement learning and federated learning. In ad-
dition, we recognize the fact that learning is not only a
human capability but a capability that can be executed
by humans, by traditional ML, by Agentic Al or by a
combination of these. Second, while research on self-
adaptive systems has shown the importance of adap-
tation, the primary approach to achieve this is control
loops. The focus is on different techniques for main-
taining the desired behaviour of a system. In contrast,
the learning loops that we refer to are not concerned
with maintaining homeostasis but instead with how to
continuously improve a system.

3 RESEARCH METHOD

The objective of this paper is to explore and concep-
tualize the concept of learning loops and how these
are used as part of DevOps practices to improve per-
formance of systems. To study this, we bring together
two empirical components:

1. We synthesize findings from longitudinal multi-
case study research in which we accumulated in-
sights by engaging in close collaboration with
companies in the software-intensive systems do-
main.

2. We present findings from an expert interview
study conducted in 2025 - 2026 where we met

Learning Loops in the Age of Al

with experts from multiple companies who have
long-term experience from roles closely con-
nected to continuous improvements of large-scale
systems.

3.1 Longitudinal Multi-Case Study
Research

In this paper, we synthesize insights that we gained
during several years of multi-case study research
(Runeson and Host, 2009), (Maxwell, 2012). Based
on these longitudinal and collaborative research en-
gagements, we are able to reflect on the ways in which
we see industry practices change.

3.2 Interview Study

We employed an expert interview approach due to its
potential to generate in-depth and multi-perspective
data that represents the experiences of experts in the
field (Seaman, 1999), (Myers and Newman, 2007),
(Schultze and Avital, 2011). All experts were senior
people with long-term experience from the companies
they represent. They work closely with teams respon-
sible for data collection, analysis and processing and
they are involved in AI/ML related initiatives to fur-
ther enhance product capabilities and performance.
All interviews lasted for one hour, they were con-
ducted online using Teams and they were recorded
and transcribed.

3.3 Data Collection and Analysis

For the synthesis of previous research, we use a set of
selected studies in which we explored DevOps, A/B
testing, federated learning and reinforcement learn-
ing initiatives in the companies. These studies were
conducted as multi-case studies and they have been
reported in previous publications. In this paper, we
synthesize these findings as we realize that they are
instances of a higher-level concept what we refer to
as learning loops. Throughout our research, we col-
lected data using a mix of data collection methods
such as interviews, workshops, experiments and sim-
ulations (Runeson and Host, 2009). The examples we
have selected reflect research that was conducted be-
tween 2015 - 2025.

The expert interviews were conducted in two sep-
arate phases. The first round of interviews was con-
ducted between January 2025 - April 2025 and in-
volved semi-structured online interviews with 11 ex-
perts representing nine different companies (Table 1).
The second round of interviews was conducted be-
tween October 2025 - January 2026 and involved in-
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Table 1: Overview of interviewees involved in the first
round of interviews.

Industry Role
Telecommunications CI/CD expert
Digital infrastructure and communication | Head of Al and data

Consulting Al and technology advisor
Automotive Al adoption manager
Consulting Al & Society expert
Tobacco Al transformation expert

Technology and services supplier
Security and surveillance
Security and surveillance Product owner

Technology and services supplier Security & Software expert
Defense Chief digital officer

Head of Engineering
Engineering manager

Table 2: Overview of interviewees involved in the second
round of interviews.

| Industry

Role |

Data and Al strategy
Data scientist

Security and surveillance
Telecommunications

Automotive Data scientist
Automotive Business transformation
Processing and packaging | Data and Al engineer
Defense Product manager

terviews of a semi-structured format with six experts
representing six different companies (Table 2).

For the analysis of our empirical data, we em-
ployed thematic analysis which is a well-established
method for systematically identifying, analyzing and
reporting patterns of meaning (themes) within quali-
tative datasets (Runeson and Host, 2009), (Maxwell,
2012). By relating individual observations to higher-
order themes the approach of thematic analysis pro-
vided a robust foundation for synthesizing our find-
ings and for generalizing the concept of learning.

4 EMPIRICAL FINDINGS

In this section, we first present selected examples
from several years of multi-case study research with
companies in the software-intensive systems domain.
Second, we present results from the interview study
that add additional empirical insights from industry
experts.

4.1 Multi-Case Study Research
Examples

4.1.1 DevOps, DataOps and MLOps
In (Dakkak et al., 2023a), we develop a framework
for product-service systems where services act as the

glue between Dev (development) and Ops (opera-
tions). Based on longitudinal participant observations
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at a telecommunications company, we identify bidi-
rectional flows, i.e., how software flows from ’Dev’
to customers via ’Ops’, while feedback (usage data,
customer insights etc.) flows back via services to in-
form ’Dev’. In (Dakkak et al., 2024), we explore
AlIOps and we show how Al can automate anomaly
detection, root-cause analysis and remediation in ser-
vice delivery. Learning loops here involve Al mod-
els trained on operational data to predict and pre-
vent issues and continuously refine service quality
and system reliability. In (John et al., 2025), we de-
velop and validate a five-dimensional MLOps frame-
work encompassing a five-stage maturity model that
illustrates the steps companies take to advance their
MLOps practices.

4.1.2 A/B Testing

In (Fabijan et al., 2018b), we outline how mature
organizations conduct experiments as an embedded
part of their organization. Here, product teams con-
tinuously generate hypotheses, run controlled exper-
iments, analyze results via shared platforms and use
the learnings to shape subsequent ideas. In (Fabijan
et al., 2018a), we extend this line of work by propos-
ing a model that addresses the seven critical aspects of
experimentation and can help companies to transform
their organizations into learning laboratories. Finally,
in (Liu et al., 2021) we study A/B testing practices in
automotive where fleets are smaller and experiments
are constrained. Here, learning loops are realized by
repeatedly deploying instrumented variants to subsets
of vehicles, thus enabling continuous improvement in
conservative and hardware-constrained domains.

4.1.3 Federated Learning

In (Zhang et al., 2025), we focused on how fed-
erated learning techniques can support continuous
data-driven improvements of complex and distributed
systems. Our research presents federated learning as
an infrastructure with edge nodes (vehicles, devices,
base stations etc.) that repeatedly train local models
on their latest data, send model updates to an aggrega-
tor, receive an improved model and immediately rede-
ploy this model in the field. In another study (Zhang
et al., 2024), we proposed real-time end-to-end fed-
erated learning with asynchronous aggregation proto-
cols. This reduces training latency and allows models
to be updated more frequently from whichever clients
are currently available. Finally, in (Zhang et al,,
2023a) we explored decentralized and low-effort se-
tups where federated learning can be configured and
operated with minimal manual intervention, empha-
sizing automation of client coordination, experiment



management and deployment to edge hardware.
4.14 Reinforcement Learning

In (Zhang et al., 2023b), we apply deep reinforcement
learning to dynamic control problems in telecommu-
nications. We frame RL as an iterative learning mech-
anism in which an agent interacts with a real or sim-
ulated environment, observes states and rewards, up-
dates its policy and deploys the improved policy to
perform better and hence, creating a self-reinforcing
cycle of exploration, evaluation and adaptation. In
a following paper (Zhang et al., 2023c), we extend
our research to multi-agent RL. where multiple drones
learn independently without communication or cen-
tral control. This decentralized setup allows the sys-
tem to scale and improve continuously.

4.2 Interview Results

Our expert interviews reveal several patterns that the
interviewees believe are changing the ways in which
companies learn from data from products in the field
to continuously improve performance of their sys-
tems. As one common pattern, customer feedback
loops are evolving from being infrequent and manual
activities to shorter, faster and more frequent mech-
anisms that directly influence product development.
Our interviews reveal that this evolution is driven
by three key enablers. First, ubiquitous telemetry
and in-product signals from connected systems en-
able continuous and passive data collection on us-
age patterns, errors and engagement that by far sur-
passes the cadence of surveys or meetings. Second,
DevOps and continuous delivery practices allow orga-
nizations to act on feedback within hours or days via
small incremental deployments rather than waiting
for quarterly reviews. Third, Al-powered analytics
and experimentation, e.g., A/B testing, automate pat-
tern detection and causal inference that helps surface
actionable insights from massive feedback streams.
As a result, customer feedback loops now operate as
high-velocity closed systems that accelerate product
evolution.

As a second pattern, the interviewees note how
product and usage feedback loops, as well as devel-
opment and test feedback loops, are shortening dra-
matically due to automation, continuous practices and
richer data flows. According to the interviewees,
this has profound effects on system performance im-
provements. In addition, Al-driven anomaly detection
and automated alerting surface issues within minutes
while techniques like A/B testing provide teams with
insights on feature impact during live operation.

Learning Loops in the Age of Al

As a third pattern, business KPIs are shortening
from monthly or quarterly reports to near real-time
dashboards and automated alerts. This is transform-
ing static metrics into dynamic signals that guide im-
mediate learning and immediate action.

S LEARNING LOOPS IN THE
AGE OF Al

Traditional systems were built in such a way that the
behavior was algorithmically defined through code
developed by engineers. At that time, there was al-
ready a learning loop, but it was most often concerned
with product generations. With DevOps, companies
extended the traditional learning loop by implement-
ing an additional, and continuous, learning loop be-
tween products deployed in the field and R&D teams.
In such a learning loop, teams and product managers
collect data from the field and use this data to deter-
mine the content for the next release (Ebert, 2007).

With the emergence of Al, we see that in addition
to the R&D teams learning loop, multiple new learn-
ing loops are emerging. First, reinforcement learning
and other machine learning approaches can operate on
the deployed system itself. Here, the local learning
loop allows the system to learn from its actions and
the results that these actions generate (Wang et al.,
2025), (Nouwou Mindom, 2025). Techniques real-
izing this may include periodic retraining locally on
the system based on data collected during the previ-
ous period or reinforcement learning where the sys-
tem operates based on a state space, an action space
and a reward function and then trains itself to learn
which action is the best to select in each state.

In the reinforcement learning case, the operating
loop and the learning loop are typically located in the
same location, i.e. the deployed system. However,
that does not always have to be the case. One of the
typical patterns is where a central server collects data
from all the systems deployed in the field, periodically
retrains a model and then distributes it to all deployed
systems who then use the updated model in their op-
erating loops. In this case, the learning loop runs be-
tween the centralized compute infrastructure and the
systems in the field. In such a model, the deployed
systems share their data with the central compute in-
frastructure which, in the case of many systems and
frequent executions of the operating loop, can result
in high data volumes. In addition, in the cases where
the data that is executed upon in the operating loop
has associated confidentiality and privacy concerns,
there is an associated risk of data leakage and viola-
tions of privacy. In this case, the learning takes place
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Figure 1: End-to-end learning loop system.

in the central server, but the operating loop still re-
sides in the deployed systems.

A potential solution to the confidentiality and pri-
vacy challenge is where we adopt a hybrid approach.
Federated learning is an approach where deployed
systems train locally and share model updates with
a central server that combines the model updates (Lo
et al., 2021), (Goel, 2024), (Zhang et al., 2021). This
central server then periodically distributes an updated
global model that combines all the learnings from the
deployed systems. This approach works well in the
case where a global model is the optimal approach to
all deployments. In some cases, however, deployed
systems may learn to customize themselves to the lo-
cal context in which the system finds itself. In that
case, the performance of the global model need to
be compared to the performance of the trained local
model and each system may decide to adopt the global
model or to stay with its local deployment.

We already discussed the learning loop between
the R&D teams and the deployed systems, but R&D
teams can also operate in a meta-learning context
where the team optimizes the learning algorithms in
the central server or on the deployed systems. For ex-
ample, the team could develop an improved reinforce-
ment learning algorithm for deployment on systems in
the field or an improved federated learning model that
is deployed in the central server.

In Figure 2, we illustrate our conceptualization of
the entire learning loop infrastructure from an intra-
company perspective. In the figure, we show multiple
deployed systems that can have a local learning loop
or that may rely on a centralized system for learn-
ing. In addition, the R&D teams can improve the
software in the deployed systems and/or in the cen-
tral server. Also, teams can improve the learning and
meta-learning engines.
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6 THREATS TO VALIDITY

Throughout our study, we carefully considered the va-
lidity and trustworthiness of our results as emphasized
in e.g., (Runeson and Host, 2009). To address and to
mitigate construct validity, we made sure to share our
definition of key concepts and terminology in the in-
troduction of each workshop and/or interview to en-
sure a common understanding and to avoid potential
misinterpretations. To address and to mitigate inter-
nal validity, we engaged with highly experienced and
well-recognized experts from the different companies
who were able to provide an in-depth and rich under-
standing of the complexity of the phenomenon. To
address external validity, we used our empirical find-
ings to derive the conceptual model we present with
the intention to provide value for organizations with
similar characteristics and challenges as the software-
intensive systems companies we studied.

7 CONCLUSIONS

In this paper, we conceptualize the notion of learning
loops and we show how these are critical for an or-
ganization to move towards continuous improvement
of system performance. To achieve this, we synthe-
size findings and present results that build on several
years of close collaboration with multiple companies
in the software-intensive systems domain.

The key contributions of this paper are the follow-
ing. First, we provide empirical examples that reflect
how R&D teams and systems learn and improve their
performance over time. We do this by summarizing
our experiences from longitudinal case study research
in multiple companies in the software-intensive sys-
tems domain. Second, we present a conceptual model



in which we detail the concept of learning loops that
can be executed by R&D teams (humans), by tradi-
tional ML, by Agentic Al or by a combination of these.
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