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Abstract
Supply management is a complex and critical aspect of operations
that requires decision-making under uncertainty and changing con-
ditions. In many real-world settings, such as healthcare, supply
systems are subject to dynamic demand, resource constraints, and
non-stationary environmental behaviour, making it difficult to rely
on fixed or predefined models and requiring timely and responsive
decision-making. In this paper, we propose a model-based approach
that enables the runtime adaptation of supply management models
by continuously revising their assumptions about environmental
dynamics. The approach integrates Markov Decision Processes
(MDPs) with Surprise-Based Learning (SBL) to dynamically update
transition probabilities based on observed behaviour. We further
incorporate human-in-the-loop feedback to support informed and
context-aware decision-making. We evaluate the approach in the
context of hospital supply management, assessing its correctness,
usefulness, and adaptability compared to a fixed baseline. The re-
sults show that enabling runtime adaptation of model assumptions
leads to improved responsiveness and more robust decision sup-
port under varying conditions, as reflected in the system’s ability
to maintain more stable supply levels and ordering behaviour com-
pared to a fixed baseline.

CCS Concepts
• Software and its engineering→ Software as a service orches-
tration system; Software design engineering; • Human-centered
computing→ Collaborative interaction.
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1 Introduction
Supply management is a critical aspect of operations in many indus-
tries and domains, such as healthcare [10]. In the healthcare domain,
specifically, it directly impacts patient care quality and operational
efficiency [3]. Effective supply management ensures that necessary
medical supplies and equipment are available when needed [30],
while also minimising costs and waste [29]. However, managing
supply chains in healthcare is complex due to factors such as de-
mand variability, supplier reliability, and the need for rapid response
to changing conditions [37]. Decision making needs to account for
uncertainty about how these factors influence supply management.
Furthermore, the COVID-19 pandemic has highlighted the vulnera-
bilities in healthcare supply chains, emphasising the need for more
adaptive and resilient supply management strategies [39].

Existing approaches to adaptive decision-making under uncer-
tainty typically assume fixed or externally specified models of envi-
ronmental dynamics. However, in many real-world settings, such as
healthcare supply systems, these dynamics are not stationary and
cannot be reliably predefined. This raises a key modelling challenge:
how can systems represent and continuously revise assumptions about
environmental volatility at runtime, rather than relying on fixed or
manually defined abstractions?

In this paper, we address this challenge by proposing a model-
based approach based on Markov Decision Processes (MDPs) for
representing and adapting decision-making in dynamic supply sys-
tems, with a specific focus on healthcare. We define an abstraction
in which supply management is represented as a constrained, adap-
tive MDP, where states capture resource, supply, and limit vari-
ables, constraints restrict feasible actions, and transition dynamics
are continuously updated via surprise-based learning. Healthcare
supply systems provide a particularly suitable case study, as they
combine high demand variability, critical resource constraints, and
the need for rapid adaptation, making them representative of dy-
namic and uncertainty-intensive environments. We integrate this
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model with BedreFlyt [23, 34, 35], an open-source self-adaptive
digital twin (DT) that leverages semantic reflection [20], a tech-
nique that allows the system to reflect on its own structure and
behaviour, enriching the runtime knowledge base and enabling
better-informed decision-making. BedreFlyt has proven effective
in managing dynamic systems, with the goal of providing insights
and decision support for patient allocation. While demonstrated in
a Digital Twin setting, the proposed modelling approach is inde-
pendent of the underlying platform and applies to general resource
management systems.

A key challenge in such settings is how to detect and respond
to deviations between expected and observed system behaviour.
Such discrepancies can indicate that the underlying environmental
dynamics have changed, requiring the model to be revised. To ad-
dress this, our approach leverages Surprise-Based Learning (SBL)
techniques to quantify these discrepancies and update the model
accordingly over time [9]. This is accomplished by dynamically
updating the transition probabilities of the model at runtime, al-
lowing the system to revise its assumptions about environmental
dynamics and adapt to changes as they emerge.

By integrating SBL techniques into the DT, the system can learn
from unexpected events and adapt its behaviour accordingly. This
is particularly important in healthcare supply management, where
sudden changes in demand or supply disruptions require timely and
informed responses. Our approach allows the system to identify
and respond to these surprises, improving the overall resilience and
efficiency of the supply chain.

The main contributions of this paper are as follows:
• A constrained and adaptive MDP formulation where feasi-
bility constraints are explicitly modelled separately from re-
wards, and transition dynamics evolve at runtime via surprise-
based learning.
• A surprise-based learning mechanism that enables the run-
time adaptation of transition models in response to changing
environmental conditions.
• An instantiation and evaluation of the proposed approach in
BedreFlyt, demonstrating improved decision support com-
pared to a fixed, non-adaptive baseline.

To investigate the effectiveness of the proposed model-based
approach, we pose the following research questions.
RQ1 How can a model-based framework provide an appropriate

abstraction for representing and reasoning about uncertainty,
adaptation, and human feedback in dynamic supply systems?
(abstraction)

RQ2 How does surprise-based learning enable the runtime adap-
tation of the model to varying environmental conditions
compared to using fixed transition probabilities? (adaptation
mechanism)

RQ3 How can an MDP-based, surprise-aware model provide ef-
fective decision support for supply management in dynamic
environments compared to a fixed approach? (evaluation)

RQ1 is addressed through the formalisation of the proposed model
and abstraction in Section 4, whereas RQ2 and RQ3 are examined
through the evaluation presented in Section 5.

The rest of the paper is structured as follows. Section 2 reviews
related work in supply management and model-based approaches,

Sect. 3 provides an overview of the extension of BedreFlyt with
the MDP and SBL, Sect. 4 describes our proposed methodology,
including the integration of SBL techniques into the DT and Sect. 5
presents our evaluation results. Section 6 reflects on implications,
limitations, and potential impact of our work and Sect. 7 concludes
the paper with a discussion of findings and future work directions.

2 Related Work
To tackle the challenges of supply management, several approaches
have been proposed in the literature. Among these, model-based
approaches have shown promise in providing structured represen-
tations [1, 19]. Moreover, blockchain-based approaches have been
explored for their potential to enhance transparency and trace-
ability in supply chains [31], and artificial intelligence has been
leveraged for predictive analytics and decision support [15].

Digital twins for supply management. DTs have also emerged
as a powerful tool for supply management, offering capabilities
in predictive quality assurance [5], provide insights for reduced
wastes [21]. They also proved effective for supplier selection and
order allocation [16]. However, to the best of our knowledge, model-
based approaches that leverage SBL techniques for supply manage-
ment have not been explored in the literature. This gap motivates
our research, as we aim to investigate the potential of integrating
SBL techniques to enhance supply management in dynamic envi-
ronments. It further motivates our use case of application of these
techniques within DTs.

MDPs and RL for supply management. Reinforcement learning
(RL) is another technique that can be used to manage supplies and
this will often involve the utilization of a MDP. MDPs and RL have a
long history in supply management [18] and in this time their usage
has been extensively studied but still with areas to improve. One
such area is in improving adaptability of RL models (that operate on
anMDPmodelling a supply chain) [6], using contextual information
added to the MDP, this information is then used during online
deployment to add adaptability to the model even after training. A
more encompassing approach is presented in [25], which combines
a myriad of deep learning, RL, and AI techniques to model, analyse,
and make predictions about several parts of a supply chain. Also
relevant to our work are MDPs for supply management in hospitals,
which has begun incorporating more elements from modern RL
such as deep techniques and generative AI [27, 28, 32]. In particular,
Zwaida et al. [4] study how a deep Q-network approach can be
used to decide on the optimal policy for a series of MDPs relating
to different drugs in a domain not dissimilar from ours.

Self-adaptive systems and uncertainty at runtime. Our work re-
lates to research on self-adaptive systems and models at runtime,
where runtime models support monitoring, analysis, and adapta-
tion through feedback loops such as MAPE-K [12, 17, 22]. Within
this area, uncertainty has been recognised as a central challenge,
including uncertainty in system dynamics and adaptation deci-
sions [11, 13, 38]. Our contribution differs in focusing on surprise
as an explicit runtime signal for revising transition assumptions in
decision models for dynamic supply management.
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Figure 1: Allocation process flow in BedreFlyt with Surprise-Based Learning for Supply Management. The lines show how the
DT components interact and the circled numbers show the order of interaction.

3 BedreFlyt
BedreFlyt is an open-source DT prototype which aims to improve
hospital ward management. BedreFlyt leverages semantic reflec-
tion, penalty-based optimisation, and human-in-the-loop feedback
to provide insights and decision support for patient allocation. The
underlying model of BedreFlyt is a real hospital ward, which is
represented through ontologies that capture the structure and be-
haviour of the system. The Semantic Model of BedreFlyt is designed
to be flexible and adaptable, allowing it to adapt over time to chang-
ing conditions and new information. The model is updated through
a process of semantic reflection [20], where the DT compares its
runtime state with the ontology and adjusts its model accordingly.
This allows BedreFlyt to maintain the model updated and accurate,
even in the face of changing conditions and new information.

The DT is designed to adapt to changing conditions and improve
decision-making over time, making it a powerful tool for manag-
ing dynamic systems in healthcare. Within BedreFlyt, a penalty-
based optimisation approach has also been implemented to support
decision-making. This approach allows the DT to evaluate differ-
ent options and select the one that minimises penalties, which are
defined based on the specific goals and constraints of the system.
The penalty-based optimisation approach is designed to be flexible
and adaptable, allowing it to adjust to changing conditions and new
information. The human-in-the-loop feedback mechanism allows

for human input and feedback to be incorporated into the decision-
making process, providing a way for the DT to learn from human
expertise and experience.

In BedreFlyt, semantic reflection is used to maintain consistency
between the DT and the real hospital ward, when the latter changes
over time, as well to ensure the evolution of system decision models
and operational assumptions. The Semantic Model captures com-
ponents, relationships, and assumptions of the physical system.
Semantic reflection is used to update the Semantic Model at run-
time, such that the DT can detect deviations between its decision
models and the observed behaviour, and update its models accord-
ingly. This way, semantic reflection enables the adaptation layer to
evolve rather than treating the DT as a fixed simulation model.

We extend the Semantic Model of BedreFlyt to include supply
management, which is a key aspect in hospital resource manage-
ment. We add to our model the concept of supplies, which are
defined as resources that are necessary for the operation of the
hospital ward. We further propose a model-based approach that
integrates MDPs and SBL techniques into BedreFlyt to enhance
supply management in dynamic environments.

The overall structure of BedreFlyt is shown in Fig. 1, where our
extensions are highlighted in blue. Apart from the SBL, we also
added an Event Queue component to transmit to the human-in-
the-loop the suggestions on supply orders. This extension enables
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BedreFlyt to improve resilience and efficiency in the DT by incor-
porating supply considerations into decision-making and adapting
to changing supply chain conditions.

4 Methodology
In this section, we present the modelling approach underlying our
solution to adaptive supply management. We define a runtime
model based on a MDP that captures the key elements of supply
decision-making under uncertainty, including states, actions, tran-
sition dynamics, rewards, constraints, and human feedback. A key
aspect of this model is that the transition probabilities are not fixed,
but are continuously adapted at runtime using SBL. This allows
the model to revise its assumptions about environmental dynamics
in response to observed behaviour, enabling more responsive and
informed decision-making in dynamic environments. The overall
architecture of our approach is illustrated in Fig. 2, which high-
lights the main components of the model and their interactions.
From amodelling perspective, this defines a runtime decision model
in which both system dynamics and decision policies co-evolve
through continuous interaction with the environment.

The managed system in our case is the physical system, which
includes inventory levels, demand patterns, and budget constraints.
Additionally, we also consider the human operator as an interme-
diate layer between the managed and managing systems, as the
human operator plays a critical role in the decision-making process
for supply management. The human operator interacts with the
system by providing feedback on the suggestions generated by the
MDP model and making decisions based on those suggestions. This
interaction allows for a more collaborative and adaptive approach
to supply management, the system learns from the human opera-
tor’s feedback and improves its suggestions over time. The MDP
model is used to represent the decision-making process for supply
management, while the SBL techniques allow the model to adapt
to changes in the environment. Feedback loop mechanisms enable
continuous learning and improvement of the supply management
strategy based on observed outcomes and user feedback. The Se-
mantic Model and the SBL provide the necessary knowledge for the
MDP model to generate meaningful suggestions for supply man-
agement. The Semantic Model captures the relevant information
about the required supplies, while the SBL allows the model to
adapt its transition probabilities based on observed data, improving
the decision-making process in dynamic environments. From a
modelling perspective, this architecture defines a feedback-driven
runtime model in which decision-making is continuously informed
by observations, updated model assumptions, and human input.

4.1 Modelling Supply Management with MDPs
We briefly recall the basic notions of MDPs, then explain how these
are used to construct models of supply management.

A (discrete probability) distribution is a function 𝜇 : 𝑋 → [0, 1]
with a discrete domain 𝑋 such that

∑
𝑥∈𝑋 𝜇 (𝑥) = 1. We write

Distr(𝑋 ) for the set of distributions with domain 𝑋 . A Markov
decision process (MDP)M with rewards is a tuple ⟨Σ, 𝐴, 𝜎𝑜 ,𝑇 , 𝑅⟩,
where Σ is a finite set of states, 𝐴 is a finite set of actions, 𝜎0 ∈ Σ,
𝑇 : Σ ×𝐴 ⇀ Distr(Σ) is a partial function, and 𝑅 : Σ→ Int is a re-
ward function. For each state 𝜎 ∈ Σ, let𝐴(𝜎) be the set of all actions

Managed System

Human-in-the-Loop

Knowledge
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MDP SBL
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Plan
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Analyse

Managing System

Solve

Request

Human Interaction

Figure 2: Reference architecture of the managing and man-
aged system.

𝑎 ∈ 𝐴 for which 𝑇 (𝜎, 𝑎) is defined; we require 𝐴(𝜎) ≠ ∅ and say
that the actions in 𝐴(𝜎) are enabled in 𝜎 . By 𝑇 (𝜎, 𝑎, 𝜎 ′) we denote
𝑇 (𝜎, 𝑎) (𝜎 ′) if 𝑇 (𝜎, 𝑎) is defined and 0 otherwise. A (deterministic)
policy is a function 𝜋 : Σ→ 𝐴 that maps states to actions.

To construct MDP models for supply management, we first in-
stantiate the key components of the MDP for this domain, including
the states, actions, transition probabilities, and the reward function.
The states will represent the current status of the supply chain,
including factors such as inventory levels, demand patterns, and
budget constraints. The actions represent the decisions of order-
ing new supplies. Transition probabilities capture the likelihood of
moving from one state to another, given a specific action, while the
reward function quantifies the desirability of different outcomes
based on factors such as cost, efficiency, and service levels.

To define supply management models, let us consider a set of
items 𝐼 as our objects of interest, taking inspiration from [4]. Our
goal is to maintain a healthy stockpile of these items and to avoid
running out of stock. We track the consumption rate (𝑅𝑐) and stock-
pile (𝑆𝑐) of each item. For each item, let 𝐿 represent a global budget
limit. Whereas 𝑅𝑐 and 𝑆𝑐 are local measures for every item 𝑖 ∈ 𝐼 , 𝐿
is a global measure representing how much of some global resource
we can expend to procure more items. In order to decide whether
or not we should issue an order for a given item, we attach a MDP
to each item to produce a recommendation. This forms the basis
for the following notion of supply management models:

Definition 4.1 (Supply management models). Given a finite set 𝐼 ,
let 𝑅𝑐𝑖 , 𝑆𝑐𝑖 , 𝐿𝑖 ⊆ Int, Σ𝑖 = {⟨𝑟, 𝑠, 𝑙⟩ | 𝑟 ∈ 𝑅𝑐𝑖 , 𝑠 ∈ 𝑆𝑐𝑖 , 𝑙 ∈ 𝐿𝑖 } with
𝜎𝑖0 ∈ Σ𝑖 , 𝐴𝑖 = {order (𝑖), no_order (𝑖)}, 𝑇𝑖 : Σ𝑖 × 𝐴 ⇀ Distr(Σ𝑖 ) and
𝑅𝑖 : Σ𝑖 → Int for every 𝑖 ∈ 𝐼 .

A supply management model S for 𝐼 is a mapping from 𝐼 to MDPs
M defined by

S(𝑖) = ⟨Σ𝑖 , 𝐴𝑖 , 𝜎
𝑖
0,𝑇𝑖 , 𝑅𝑖⟩. (1)

Given a supply management model for items 𝐼 , a policy for an
item 𝑖 ∈ 𝐼 is simply obtained from the policy of the underlying MDP
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for 𝑖 . We refer to 𝑟𝑖 , 𝑠𝑖 and 𝑙𝑖 respectively as the supply, resource
and limit variables of a state ⟨𝑟𝑖 , 𝑠𝑖 , 𝑙𝑖⟩ ∈ Σ𝑖 (omitting the index 𝑖 if it
is clear from the context). Observe that this representation captures
both the local resource dynamics (e.g., item-level consumption
and stock) and the global constraints (e.g., budget limits), thereby
providing a structured abstraction of the supply system state.

Let us briefly remark on this choice of state representation. The
use of variables over consumption rate (𝑅𝑐), stockpile (𝑆𝑐), and
global budget (𝐿) per item seems applicable for many domains that
share the requirement of measuring consumption, available stock,
and a global limit on costs, but these variables are of course not
the only option. We have also opted for a uniform structure, using
the same variable representation for all items considered in the
supply management model, but this could also vary depending on
the domain. For our current case study it is sufficient to represent
the global budget as a single integer, but the representation of the
global budget can also be expanded to an array of values.

We abstract the state space by considering a series of boundary
values for each set 𝑅𝑐 , 𝑆𝑐 , and 𝐿, to determine how well each vari-
able 𝑟 , 𝑠 and 𝑙 is performing. For instance, we can set thresholds
such that if a variable is above a certain value “𝑥”, it is considered
to be performing well, while if it is below a certain value “𝑦”, it is
considered to be performing poorly. The values between “𝑥” and
“𝑦” represent an intermediate state. Determining these boundaries
results in a reduced state space that represents the unique combi-
nations of the intervals between boundaries for the variables. In
our case, we have 18 states for each item, as we use 3 boundaries
for 𝑅𝑐 and 𝐿, but 2 boundaries for 𝑆𝑐 , .

The reasoning behind these bounds stems from a compromise.
While theoretically a continuous space could allow us to maintain
greater detail in our model, it would also be very computation-
ally expensive. To keep the problem tractable, a discrete space is
preferable and the bounds allow us to define the state for all values.
Increased detail comes at a cost in time to compute as the state
space increases.

The set of actions 𝐴𝑖 and transition probabilities 𝑇𝑖 are defined
for each item 𝑖 as follows: we have two actions corresponding to
ordering versus not ordering more of the given item. By ordering, we
increase the number of units of that item in our stockpile by a set
amount, while also deducting a cost from our budget. The transition
probabilities represent the likelihood of changing from one state to
another when performing an action, with specific adjustmentsmade
based on the SBL techniques described in the following section.

The reward function 𝑅𝑖 combines two components: state-based
rewards and penalties. State-based rewards represent a fixed value
that increases for better states (i.e., the reward is larger for states
that are further away from some resource shortage). Penalties repre-
sent negative rewards applied when certain thresholds are breached.
Going below zero supplies is heavily penalised, but does not consti-
tute a system failure. In contrast, a budget dropping below zero is
treated as a critical failure and incurs a significantly higher penalty.

We distinguish between rewards and constraints in our model.
Rewards encode optimisation objectives over states and transitions,
guiding the selection of preferable behaviours. In contrast, con-
straints capture hard feasibility conditions that restrict admissible
actions or transitions (e.g., storage capacity limits), and are not

represented within the reward function. Unlike standard MDP for-
mulations where constraints are often encoded implicitly in reward
functions, we model constraints as explicit feasibility conditions
over state–action pairs, enabling clearer semantics and guarantees
on policy well-formedness.

Constraints. We extend the supply management model with
domain-specific constraints that reflect important factors in sup-
ply chain management. This is done by considering additional
requirments on actions in the MDP of an item 𝑖 , such as the cost of
performing any action in 𝐴𝑖 , the cost of performing a specific action
𝑎 ∈ 𝐴𝑖 (e.g., ordering the item 𝑖) and the maximum storage capacity
for each item in the state (𝑀𝑐). We represent constraints for an item
𝑖 as predicates over state–action pairs that determine whether an
action is admissible in a given state. They restrict the set of feasible
actions based on conditions such as cost limits or storage capacity.

The cost of ordering an item affects the decision-making process,
as it impacts directly the budget and the overall cost-effectiveness
of supply management strategies. The maximum storage capacity
is also a critical factor, as it limits the amount of supplies that can
be stored and affects the ability to meet demand. These constraints
are incorporated into the supply management model to ensure that
the recommendations provided by the model are meaningful and
can be applied to real-world supply management scenarios. These
constraints are important when constructing the MDP model, as
they ensure that the resulting recommendations can be applied in
practice. They are further used to refine the policy by checking
whether candidate actions satisfy the constraints in a given state.

To ensure that the constraints associated with an action are ac-
tionable, we require that they are defined consistently. In particular,
for any given item, state, and action, the applicable constraints
should not conflict with each other.

This guarantees that the decision-making process remains clear
and unambiguous. From a system perspective, the adaptation and
solving processes are performed at the level of individual item-
specific MDPs. The resulting decisions are then combined at the
level of the supply management model, ensuring that global con-
straints (e.g., budget) are respected across all items.

Finally, let us consider how these parameters impact performance
and scalability. The state space is given by the equation 𝑆𝑖 = 𝑟𝑖×𝑠𝑖×𝑙 ,
where 𝑟𝑖 and 𝑠𝑖 are the item-specific bounds and 𝑙 the global resource
limit. While only changing one parameter results in linear growth,
the state space can become intractable when all parameters increase.

4.2 Surprise-Based Learning
Dynamic supply environments require transition models that can
adapt as demand patterns and system behaviour evolve over time.
To address this, we introduce Surprise-Based Learning (SBL) as a
runtime adaptation mechanism over the MDP. Rather than treat-
ing the transition function as fixed, SBL continuously updates the
transition probabilities based on observed discrepancies between
expected and actual system behaviour. In this way, SBL enables the
model to evolve over time, allowing it to better capture changing en-
vironmental dynamics and support more effective decision-making
under uncertainty. Thus, SBL serves as a mechanism for modelling
and updating uncertainty at runtime, rather than relying on fixed
or offline-estimated transition dynamics.
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Figure 3: Activity diagram for the creation and management
of the MDP with the SBL component.

The term surprise refers to the concept of measuring the dif-
ference between the expected outcome of an event and the actual
observed outcome after an observation [9]. This can be used to
model and adapt uncertainty during runtime, which means any
variable subject to uncertainty can be modelled or at least have its
modelling assisted by SBL. The SBL uses surprise to balance how
much new information should be added to the model and if/when
we should reset the model; this is accomplished using surprise
minimisation [14]. In our case, we use SBL to model and produce
transition probabilities for our MDPs. The benefit of this approach
is twofold: the first is that it provides our models with a level of
adaptability that allows them to respond to changes in the environ-
ment and improve internal models of the transition in real-time; the

second is that it saves a considerable amount of effort compared to
creating transition probabilities by hand for each item. A drawback
to this approach is that the transition probabilities may not achieve
as good performance as a well-made transition function would
if created with full domain knowledge. However, the time saved
makes this a more appropriate choice. In this paper, we integrate
SBL techniques into our MDP model to enhance its adaptability
and improve the decision-making process for supply management,
as shown in Fig. 3.

SBL maintains three runtime artefacts: (i) a transition model,
initially represented by a uniform probability distribution, (ii) an
internal belief model represented by pseudo-counts over successor
states for each state–action pair, and (iii) an adaptation rate. Let
𝐼𝑀 denote the internal belief model, where 𝐼𝑀 (𝑠, 𝑎) is the vector of
pseudo-counts over successor states for the state–action pair (𝑠, 𝑎).
The pseudo-counts record the accumulated evidence from observed
transitions and are used to derive the transition probabilities by
normalisation. The adaptation rate𝛾 ∈ [0, 1] determines the relative
influence of the existing belief model and new observations during
belief updating. High surprise leads to larger values of 𝛾 , causing
the model to place greater weight on resetting towards a uniform
distribution, whereas low surprise results in smaller values of 𝛾 ,
allowing new observations to reinforce the existing belief model.

We also keep track of 𝑃𝑐 , which represents the probability of
change, or environmental volatility [24]. From a modelling per-
spective, 𝑃𝑐 encodes assumptions about environmental volatility,
controlling how strongly new observations influence the evolution
of the transition model. Due to our lack of prior knowledge about
the environment, we choose 0.5 as a balanced initial setting for
adaptation. This value can be adjusted in future work based on
empirical observations or domain knowledge about the specific
supply management scenario being modelled.

Each time we choose a new action and enter a new state, we
pass this information to the SBL. Depending on how these obser-
vations compare to the internal model, we calculate the surprise
between the observation and the model. This surprise, together
with 𝑃𝑐 , is used to compute the adaptation rate𝛾 . Although different
surprise measures could be considered, we use confidence-corrected
surprise [26], because it incorporates a measure of confidence and
is less susceptible to large variations caused by environmental
volatility. Confidence-corrected surprise is defined in Eq. 2, where
𝑋 denotes the current belief probability distribution, 𝑌flat the cor-
responding uniform distribution, and 𝐷KL the Kullback–Leibler
divergence between these distributions.

𝑆cc = 𝐷KL (𝑋 ∥ 𝑌flat) (2)

We use this adaptation rate to update our model, combine the
new model (including the new observational data) with a flat ver-
sion of the model (one with uniform values), with 𝛾 determining
how much of one model we use vs the other. A flat model is chosen
as our alternative to fallback to as if we encounter any data out-
side of our expectations and importantly if that data completely
contradicts our model we can restart and hopefully better adapt to
a future encounter of that scenario. The last of the SBL involves
converting this internal model back into a probability distribution
that can be used by the transition function.



Runtime Decision Models under Uncertainty using Surprise-Based Learning for Supply Management MODELS 2026, October 04–09, 2026, Málaga, Spain

Algorithm 1 Generic SBL pseudocode
1: 𝑁 ← number of states
2: 𝐴← number of actions
3: 𝐼𝑀 ← internal model
4: 𝑅𝑒𝑠𝑒𝑡 ← flat distribution across the states
5: 𝑚 ← 𝑃𝑐

1−𝑃𝑐
6: 𝛾 ← the adaptation rate
7: while Loop do
8: get observational tuple (𝑠𝑡 , 𝑠𝑡+1, 𝑎) for the previous state, current

state, and action
9: use 𝑠𝑡+1 and 𝑎 to compute surprise 𝑆
10: 𝛾 = (𝑚 ∗ 𝑆 )/(1 + (𝑚 ∗ 𝑆 ) )
11: 𝐼𝑀𝑡+1 = 𝐼𝑀𝑡 ∗ (1 − 𝛾 ) + 𝑅𝑒𝑠𝑒𝑡 ∗ (𝛾 ) + 𝛿 (Delta is the Kronecker

function, we add one specifically to the state we just entered and 0
otherwise)

12: Convert 𝐼𝑀 to a distribution and return
13: end while

4.3 Policy Solving for Dynamic MDPs
To address supply management, we make use of Value Iteration [2]
and Bellman Operators [7, 8] to compute the optimal policy for
each item in the supply management model. In our approach, how-
ever, the transition probabilities of the MDP model are not fixed,
but are continuously updated using SBL described in the previous
section. Thus, the policy is recomputed over an adapted transition
model, rather than a static one. This distinguishes our approach
from standard MDP formulations, in which the transition model is
assumed to be fixed. The model is updated and solved at each step of
the decision-making process, creating a feedback loop between ob-
servation, surprise, model update, and policy recomputation. This
allows the system to adapt its decision-making strategy based on
observed outcomes and changing conditions in the environment,
ultimately improving the efficiency and resilience of supply man-
agement in dynamic environments. To ensure that the solver can
correctly provide meaningful suggestions for supply management
in dynamic environments, we need to define the correct constraints.
These constraints help us evaluate the correctness of the model and
its ability to provide useful suggestions for supply management.
The overall constraints that the model must satisfy include:

• Order new supplies only when the current inventory is be-
low a certain threshold, ensuring that the system does not
overstock or understock supplies.
• Do not exceed the maximum storage capacity when ordering
new supplies, ensuring that the system does not order more
supplies than it can store.
• Do not exceed the budget when ordering new supplies, ensur-
ing that the system does not spend more than the allocated
budget for supplies.

We violate these constraints by entering a deficit, which occurs
whenever the inventory level or the available budget becomes neg-
ative. To define the deficit 𝑑 for the MDP model, we define the
decision model by considering, for each item, whether or not to
buy new supplies. This model is then refined using the following
constraints for the given order action 𝑎:

:SBL Orchestrator :MDP :SBL :MDP Solver

Load config

Build state space

Create initial models

Ready

Create solver with MDP and VI params

Ready

Supply and Demand data

Compute reward

Update transition model

Updated probabilities

Solve

Get transition probabilities

Run VI

Optimal values and policies ready

selectActions (states, budget, stock)

Query cost and capacities

Select

orders[]

makeRequest(orders)

Update budget and stock

Updated budget and stock

Figure 4: MDP Solver sequence diagram that highlights the
process for solving.

• Capacity constraint

𝑎𝑖 ≤
⌈
capacity(𝑖) − inventory(𝑖)

size(𝑖)

⌉
(3)

• Budget constraint∑︁
𝑖

𝑎𝑖 · cost(𝑖) ≤ budget (4)

• Non-negativity constraint

𝑎𝑖 ≥ 0 (5)

The overall solving process is shown in Fig. 4.
Each item and its actions are tied together through the global

limit, as all must contend with the same shared pool of resources;
otherwise, the items would act independently and the problem
would shift to simply optimising per-item stockpiles with no con-
sideration for the rest. The model therefore computes recommen-
dations independently for each item, while coordinating decisions
through shared global constraints (e.g., budget) and without impos-
ing an explicit prioritisation or ordering between items.

4.4 The Feedback Loop
The aforementionedmodel ensures that theMDP Solver can provide
meaningful suggestions for supply management in dynamic envi-
ronments by defining the correct constraints for the MDP model.
However, to ensure that the MDP model is useful and can adapt to
changing conditions, we need to incorporate a feedback loop that
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Real System DT Orchestrator
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MDP Creator Surprise-Based Learner

MDP Solver

SBL

 
2
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5 Solve

4 MDP
6

1 Resource Request

7 Suggest orders

8 Take action

Figure 5: Operation flow for supply management with human-in-the-loop.

allows the system to learn from unexpected events and adapt its be-
haviour accordingly. This feedback loop can be implemented using
a MAPS (Monitor, Analyse, Plan, and Suggest) loop. The framework
of the MAPS loop extends the classic MAPE-K loop by including
human-in-the-loop and human validation as a critical component
for decision-making and adaptation. The MAPS loop swaps the
Execute phase with a Suggest phase, where the system provides
suggestions to the human operator based on the analysis and plan-
ning phases. The human operator then evaluates these suggestions
and decides whether to execute them or not, providing feedback
to the system for further learning and adaptation. This approach
allows for a more collaborative and adaptive decision-making pro-
cess, where the system adapts from the human operator’s feedback
and improve its suggestions over time, ultimately enhancing the
overall efficiency and resilience of the supply chain.

Figure 5 shows the operation flow for supply management with
human-in-the-loop, starting with a resource request from the real
system, which is captured by the DT Orchestrator, the main point of
interaction between the real system and the managing system. The
DT Orchestrator interacts with the SBL Orchestrator, the component
managing the SBL process, which adapts transition probabilities
and suggests supply orders by integrating the MDP from the supply
management model. TheMDP Solver solves the MDPwith the given
constraints to produce the policy for supply management. TheMDP
Solver then makes suggestions for supply management which are
presented to the user, who can then take action.

This operation flow allows for a dynamic and adaptive approach
to supply management, where the system can learn from unex-
pected events and adapt its behaviour accordingly. By incorporat-
ing surprise-based learning techniques, the system can improve
its decision-making over time, by adapting the rewards and the
transition probabilities of the MDP model based on the observed
outcomes of actions taken in the real system. This approach en-
ables the system to better handle uncertainty and variability in
supply management, ultimately improving the overall efficiency
and resilience of the supply chain.

5 Experiments
In this section, we present the evaluation of our proposed approach
for supply management within BedreFlyt1. We designed a simula-
tion environment to mimic the dynamics of a healthcare supply

1For the maintained code, see https://github.com/BedreFlyt/bedreflyt.

chain, where patient arrivals generate demand for various supplies.
We evaluate effectiveness in terms of the quality of the supply
decisions produced, the system’s responsiveness to changing de-
mand conditions, and the robustness of the resulting behaviour
under uncertainty. More concretely, we examine the stability of
supply levels and ordering behaviour under changing demand, and
compare these against a fixed baseline.

5.1 Experimental Setup
To evaluate the effectiveness of our proposed approach, we used a
simulated environment that mimics the dynamics of a healthcare
supply chain. The simulation includes various factors such as de-
mand variability with varying numbers of patients. We used the
Event Stream Generator [33] (ESG) to create a stream of patient
arrivals, which serves as input for our supply management system.
The ESG allows us to control the rate and characteristics of patient
arrivals, enabling us to test the adaptability of our system under
different conditions. The corresponding stream can be stochastic in
terms of both timestamp values and the number of occurrences per
interval. We also defined a fixed set of four supply items required to
manage patient care: gloves, gowns, IV bags, and masks. Each item
is modelled by an individual MDP. The supply management system
is then tasked with ensuring that the necessary supplies are avail-
able to meet the demand generated by patient arrivals, while also
adhering to constraints such as budget and storage capacity. While
evaluated in a healthcare setting, the approach is applicable to other
supply systems exhibiting similar uncertainty and volatility.

5.2 Results
For RQ1, we analysed the different states and parameters used in
the MDP with SBL approach, following the methodology described
in Sect. 4. As covered in the methodology, the number of states was
dependent on a series of bounds specified prior to instantiating the
model that covers when we have transitioned from one state to
another. In our current setup, there are 3 bounds for each of the
consumption states, stockpile states, and limitation states leaving
us with 18 states for each item or 72 states total (as there are 4
items). We chose to model states independently for each item (de-
spite the potential benefits of factoring in the conditions of other
items directly when deciding when to order) to reduce the number
of states. Producing a state for each unique combination of items

https://github.com/BedreFlyt/bedreflyt
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would result in (3𝑥2)4 base states, which would get further multi-
plied by 3 (as the limit is a global state shared by all) to produce 3888
unique states at the most extreme, and even taking more moderate
approach quickly produces a number of states in the thousands.
This number of states could potentially be used with deep methods
but this would involve a large amount of compute and time. Our
method, in contrast, can utilise more traditional RL approaches.

For RQ2, we compared how our model experiences the different
demand patterns and how it adapts to them when SBL is not used,
and fixed transition probabilities are used instead. The results, as
shown in Fig. 6, indicate that the MDP without SBL does not effec-
tively manage supplies under varying demand conditions, leading
to high variability of orders and supply levels. Since the transition
probabilities are not updated based on observed demand, the re-
sult is a suboptimal patterns of supply management compared to
when SBL is used. The results demonstrate the limitations of the
model without the SBL approach in managing supplies under vary-
ing requirements. This highlights the importance of incorporating
adaptive strategies in supply management systems to handle the
uncertainties of real-world scenarios effectively.

For RQ3, we evaluate our dynamic approach against a baseline
strategy that does not utilise the MDP or SBL. The choice of states
and parameters in our approach is informed by domain knowledge
and empirical data on supply management in healthcare settings.2
The bounds for consumption and stockpile levels were selected to
reflect realistic thresholds that would trigger different actions in the
supply management process. For instance, the consumption bounds
captures different levels of demand, while the stockpile bounds
are designed to ensure that there is sufficient inventory to meet
demand while avoiding overstocking. These modelling decisions
enable our approach to manage supplies under varying demand
conditions by allowing it to adapt its actions based on the current
state of the system. The results, as shown in Fig. 7, indicate that our
approach can react appropriately to changes in demand patterns
and optimise supply allocation, leading to improved performance
compared to the baseline strategy. The ability of our approach
to adapt to changing conditions is a direct result of the specific
states and parameters that were chosen, allowing it to capture the
dynamics of the supply management problem effectively. However,
as shownwithmasks, when demand is relatively stable, the outcome
of the MDP with SBL approach is comparable to the baseline, albeit
the latter does not consider maintaining a buffer stock, which is
crucial to handle unexpected surges in demand. This highlights the
importance of considering the specific characteristics of the demand
patterns when designing supply management strategies [36].

5.3 Threats to Validity
While our evaluation demonstrates the effectiveness of our pro-
posed approach, there are several aspects that should be considered.

First, our simulation environment may not fully capture the
complexities of real-world healthcare supply chains, which could
limit how our approach can be generalised and applied.

Second, the performance of our approach may be influenced by
the specific parameters and configurations used in the simulation,

2We used the following dataset: https://www.kaggle.com/datasets/vanpatangan/
hospital-supply-chain.

such as demand patterns and supply constraints. In this regard,
our results may not be representative of all possible scenarios and
may not fully capture the variability and uncertainty inherent in
real-world supply chain management.

Third, our evaluation focuses on a limited set of supplies and
may not account for the full range of supplies required in a health-
care setting. Currently, we set the parameters that define the supply
management problem in configuration files and we cannot easily
change the supply and demand patterns at runtime. In future work,
we plan to enhance the flexibility of our simulation environment
leveraging the semantic model to support the configuration of sup-
plies and demand patterns, which will enable more comprehensive
evaluations. This will allow us to better understand the performance
of our approach under a wider range of conditions and scenarios,
and to identify potential limitations or areas for improvement.

Our experiment demonstrates the feasibility of the proposed
runtime adaptation mechanism, and is not a validation under large-
scale deployments. The experiment considers one hospital ward and
a limited set of supplies, which may not fully capture the complexi-
ties of managing supply chains in larger healthcare systems. Future
work will investigate abstraction, decomposition, and approximate
reasoning techniques to enable and support the scalability of our
approach to larger and more complex supply environments.

Finally, our results are based on a limited number of runs and
may not fully capture the variability and uncertainty inherent in
real-world scenarios. Future work should address these limitations
by conducting more extensive evaluations in real-world settings
and considering a wider range of supplies and demand patterns.

6 Discussion
We discuss implications, limitations, and directions for future work
of our proposed approach. We also reflect on the impact of our work
on supply management and decision-making under uncertainty.

Adaptive capabilities to varying conditions. The results of our
experiments indicate that the integration of MDPs with SBL can en-
hance supply management in dynamic environments. Our approach
was able to adapt to changing demand patterns and optimise supply
allocation, which can affect real-world applications, especially in
contexts where demand is variable and unpredictable. Our work
shows that SBL can be used to revise transition probabilities during
runtime to provide real-time adaptability, which we use to enhance
the digital twin. Our findings suggest that incorporating adaptive
strategies like MDP and SBL can lead to improved outcome com-
pared to fixed strategies, that might struggle to manage supplies
effectively under varying conditions.

Scalability. Due to the computational complexity of MDPs, our
approach may not scale appropriately to larger and more complex
supply management scenario. Furthermore, the number of states
and actions in the MDP can grow exponentially with the number of
supply items and state patterns, which would limit the applicability
of our approach in complex settings. We can improve performance
for scalability by grouping items based on shared usage or supplier,
but risk losing fine-grained detail in the process. Future work could
explore techniques for reducing the state space or developing more
efficient algorithms for solving MDPs to enhance scalability.

https://www.kaggle.com/datasets/vanpatangan/hospital-supply-chain
https://www.kaggle.com/datasets/vanpatangan/hospital-supply-chain
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Table 1: The bounds for the consumption of our 4 items and the limit and the stockpile bounds for the 4 items.

Consumption 1 Consumption 2 Consumption 3 Stockpile 1 Stockpile 2

Gloves ≥ 90 ≥ 30 < 30 > 50 ≤ 50
Gowns ≥ 90 ≥ 30 < 30 > 50 ≤ 50
IV bags ≥ 125 ≥ 50 < 50 > 50 ≤ 50
Masks ≥ 60 ≥ 20 < 20 > 50 ≤ 50

Limit ≥ 666 ≥ 333 < 333 NA NA
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Figure 6: Overall results of supply management comparing the baseline with the MDP without the SBL approach. The results
demonstrate the limitations of the MDP without the SBL approach in managing supplies under varying requirements compared
to a flat baseline. Compared to Fig. 7, the variation of orders and capacity is inconsistent over time. The execution was run 10
times to average the results and show the standard deviation.

Human-in-the-Loop feedback. The addition of human-in-the-loop
feedback in our model allows for continuous adaptation to chang-
ing conditions. However, it also introduces potential challenges
related to the quality and consistency of user feedback. Future re-
search could investigate methods to ensure the reliability of human
feedback and to integrate it more effectively in the adaptive process.

Comparisons. Our approach is inspired by and can be compared
to other methods in the literature, such as deep RL techniques used
in [4, 27]. However, while the work proposed in [4, 27] encodes a
high-dimensional space using deep RL, our approach focuses on tra-
ditional solving techniques and limits the scope of states.We further
limited our approach by looking at just a single hospital and focus-
ing on how patient intake (modelled through BedreFlyt) can impact

consumption patterns. Our reason for avoiding these techniques is
to try and lower the amount of compute required to run our algo-
rithm as well as the data required for training. Future work could
involve benchmarking our approach against othermethods to better
understand its strengths and limitations in different scenarios.

Applicability to other domains. While our approach is designed
for supply management, the combination of MDPs and SBL could
potentially be applied to other domains where decision-making un-
der uncertainty is crucial. The adaptability and learning capabilities
of our approach could be extended to different domains by ap-
propriately defining the states, actions, and rewards. Furthermore,
the different components currently implemented in our approach
could be adapted to other resource management areas, where the
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Figure 7: Overall results of supplymanagement comparing the baselinewith theMDP and SBL approach. The results demonstrate
the effectiveness of the SBL approach in managing supplies under varying requirements compared to a flat baseline. The
execution was run 10 times to average the results and show the standard deviation.

same structure of the problem is present. Future research could
explore the applicability of our approach to other domains, such as
inventory management, logistics, or staff planning.

Modelling assumptions. Our approach relies on certain assump-
tions about the underlying system, in particular that the problem
can be represented using discrete states and actions, that the en-
vironment is subject to uncertainty, and that sufficient observed
data is available to estimate the transition probabilities and rewards.
The current approach assumes an observable environment; in fact,
extending our approach to partially observable environments is an
interesting direction for future work.

7 Conclusion
This paper presented a modelling approach and reference archi-
tecture to incorporate human-in-the-loop decision-making into
reinforcement learning through a structured feedback loop. We in-
stantiated the approach in a supply management system, in which
recommendations are generated through Markov Decision Pro-
cesses (MDPs) and exposed to human oversight. This results in an
adaptable decision-making framework that we applied to a hospital
case study. The framework can be generalised to other resource
management problems.

Our supply management models were designed for multiple con-
sumable items, each captured by an MDPwith its own consumption

rate and stockpile, while drawing from a shared global resource
when placing orders. Attaching Surprise-Based Learning (SBL) to
the MDPs reduces the effort required to manually define transition
probabilities and shifts adaptation from fixed transition specifica-
tion to runtime revision of model assumptions. This allows the
system to revise its assumptions about environmental dynamics
over time and make more responsive and informed decisions.

We further demonstrated the approach in the context of a DT for
hospital resource management with BedreFlyt, showing how the
proposed methodology can support more effective ordering deci-
sions in a hospital setting. Our results indicate that the approach can
improve supply management efficiency while maintaining a clear
and interpretable decision process. Further, the contribution of this
work lies in integrating formal decision models, adaptive learning,
and human oversight for decision-making under uncertainty.

Future work will focus on refining the model, extending the
methodology to additional application domains, and exploring
richer integrations with data-driven techniques. In particular, we
are interested in investigating how the approach can be applied to
other resource management settings, such as logistics, manufactur-
ing, and broader healthcare operations.
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