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1.  Executive summary 

Work Package 3 (WP3) has successfully advanced towards its objectives, and this D3.1 
report presents a comprehensive literature review in progress as well as ongoing stakeholder 
discussions across multiple use cases. The report points out key deficiencies in current AI 
solutions that the literature review has identified, including inflexible search and planning 
methods, lack of transparency in recommender systems, limited interactivity in explainable AI 
(XAI), and rigid conversation management techniques.  

To address these challenges systematically in practice, we report on the proposed PEER 
agent architecture that has been developed, enabling independent customization of AI 
components. In the first release of our Minimum Viable Product (MVP), this architecture has 
been instantiated in four PEER use cases: 

• Sonae – A personalized in-store navigation assistant 
• City of Amsterdam – A navigation app for wheelchair users 
• Proditec – A human-in-the-loop anomaly detection trainer 
• Datacation – AI-assisted warehouse configuration optimization 

 In D3.1 we also highlight the next steps which involve enhancing decision-making for Sonae, 
developing interactive prototypes for Amsterdam, Datacation and Proditec, and further 
integrating user modeling and explainability features across all applications. 

1.1  Objectives of Work Package 3 

WP3 is named “Build: Human-AI collaboration on sequential decision-making tasks”. In this 
work package, we aim to develop the next generation AI planning systems that will be used 
at the core of the PEER collaborative AI assistant. They will support improved feedback loops 
and two-way communication flow between AI and human user, allowing for better 
collaborative human-AI teamwork in complex tasks that extend over time. 
The timeline of WP3 tasks is outlined in the Gantt chart below (Figure 1). Task 3.1 lays the 
foundation by developing flexible AI planning methods. Task 3.2 enhances AI-user interaction 
by refining explanation and feedback mechanisms. Finally, Task 3.3 integrates these 
advancements into a comprehensive conversational framework, ensuring a cohesive and 
adaptive AI experience. This document, as part of Deliverable 3.1, provides a report on the 
progress of these three tasks so far, and details our work towards a "minimal viable product 
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of planning algorithms, XAI and user modelling, and human-AI conversation loop for lab 
evaluation" (MVP). 
 

 
Figure 1. WP3 Gantt Chart 

1.2 Deliverable Structure 

This report is structured to provide a comprehensive overview of work performed in WP3, its 
processes, research, and integration with other work packages. Section 2 gives an overview 
of our work processes that led to the MVP, primarily literature study and stakeholder 
engagement. It also highlights the integration with other work packages and documents 
changes in one of the use cases. Section 3 focuses on the literature study conducted for each 
task, along with the first results and contributions made in WP3 as well as promising research 
directions to explore in this project. In Section 4, we propose a modular architecture for the 
envisioned PEER AI systems, composed of generic building blocks. Finally, Section 5 outlines 
how the proposed architecture has been realized in the MVPs for the individual use cases 
within PEER, together with planned next steps for their development. 
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2.  Process Overview 

WP3 officially commenced in Month 6 (M6), which explains why much of our work being 
reported in this deliverable is still in its early stages. Beside reviewing the literature and 
identifying research gaps for collaborative sequential decision-making algorithms, AI 
researchers in WP3 have been working on defining the concrete scope and functionalities of 
the first release of Minimum Viable Product of the PEER Collaborative AI Assistant for Lab 
Evaluation. This section reports the key activities undertaken so far, including stakeholder 
engagement, task specific literature review, exploration of relevant algorithms, and 
integration with the use cases. 

2.1  Stakeholder Engagement 

To ensure that the project aligns with real-world needs and expectations, we have actively 
engaged with key stakeholders of each use case, including domain experts and potential end-
users. This engagement has been instrumental in gathering insights into practical challenges 
and requirements that will shape the development of the PEER Collaborative AI Assistant. 

• Meetings and Discussions: A series of meetings has been conducted with 
stakeholders of each use case to align project objectives with their issues, workflows, 
and expectations. These interactions have facilitated the identification of critical user 
needs and relevant AI approaches, ensuring that our deliverables will be impactful. 

• Integration and interaction with WP2: WP3 is tightly integrated with WP2.  WP3 is 
building upon reports such as Deliverable 2.1, in which social and technical 
requirements were captured from end users to ensure that the AI algorithms being 
developed are in line with expectations and human value. WP2’s work on e.g. novel 
low fidelity simulation method workshop formats (Deliverable 2.3) is informed in turn 
by the AI approaches taking shape in WP3. 

• Interaction with WP4 and WP5: WP3, WP4, and WP5 work in close synergy to 
ensure the development and evaluation of AI-driven collaborative planning solutions. 
WP3 focuses on advancing the state-of-the-art methods and developing new AI 
approaches, while WP4 assesses their acceptability through user studies. To bridge 
these efforts, WP3 has initiated an analysis of AI system behaviors and engaged with 
use case stakeholders, leading to the creation of Figma mockups that simulate AI 
interactions. These mockups serve as a crucial tool for WP4, facilitating user 
evaluations and gathering insights on system usability and acceptance. 
Simultaneously, the feedback from WP4 helps refine the envisioned AI solutions in 
WP3, fostering an iterative design process that ensures the systems align with user 
needs and expectations. These mock-ups and simulated behavior will be reported as 
part of Deliverable 5.3 (WP5). 



   
 

 12 

2.2  Scientific Literature Review 

A comprehensive review of existing literature and state-of-the-art algorithms is currently 
underway as part of Tasks 3.1 to Task 3.3. This review aims to assess current methodologies, 
identify gaps in existing approaches, and inform the development of innovative solutions. We 
have conducted a systematic evaluation of contemporary AI models for sequential decision-
making, as well as applicable explainable AI techniques and user modelling approaches 
relevant to WP3 objectives. This has helped us understand the strengths and limitations of 
existing approaches. To further align with PEER methodology and user-centric design, 
alongside the scientific literature review, regular discussions with stakeholders across all use 
cases helped us to identify key deficiencies in current AI solutions. These findings will guide 
the development of our collaborative AI assistant, ensuring that it addresses real-world 
challenges effectively. 

2.3  Onboarding of a New Use Case 

As part of WP3’s ongoing efforts, we have successfully onboarded Datacation as a 
replacement use case for Continental. The Datacation use case is focused on AI support for 
logistics engineers in warehouses, whose tasks include organizing and re-organizing storage 
space and allocating deliveries efficiently. Challenges include complex legal and physical 
constraints on the storage of hazardous goods; uncertainty about exact timing and volume of 
future in- and outflows; efficient optimization with regard to the frequencies of handling 
different goods; preferences of customers; and others. This process involved aligning 
Datacation’s expectations and contributions with the work already completed, ensuring 
smooth integration into ongoing tasks. 

• Alignment with Existing Tasks: We have structured the collaboration in a way that 
minimizes disruptions while maximizing the contributions from Datacation. This 
includes ensuring that their requirements are adequately addressed within the 
existing framework of WP3. 

• Strategic Allocation of AI Beneficiaries: Recognizing that all use cases will require 
solutions spanning multiple tasks, we have strategically assigned AI beneficiaries to 
specific use cases while allowing them to leverage their areas of expertise. Each AI 
beneficiary has been designated as a primary contact for one or two use cases, 
ensuring continued engagement and minimizing the need for redundant meetings. 
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3. State-of-the-art and Work Performed 

3.1  Planning and Search Algorithms for Human-AI Collaboration (Task 3.1) 

According to DoA: Within this task, we will extend the planning and search algorithms at the 
heart of the AI systems used in the different use cases. The main idea is to allow for the 
flexibility that improved human-AI communication and collaboration will require, such as 
proposing partial instead of complete solutions, proposing a variety of solutions instead of 
single solutions, updating the solutions instead of computing them from scratch, proposing 
simple to explain solutions instead of complex ones, and adapting the problem-solving 
algorithms to process a richer set of input data: not only from the problem definition itself, 
but also from the human-AI conversation around it. We work on automated construction/ 
updating of planning models (action models and control structures). 

3.1.1 Introduction to Sequential Decision Making 

The PEER project focuses mainly on problem settings where agents must make decisions 
sequentially and plan to reach a designated goal. Sequential Decision Making (SDM) is the 
process of making a series of interdependent choices over time, often in uncertain and 
dynamic environments. Unlike single-step decision-making problems, SDM requires 
considering how current actions influence future states and long-term objectives. This is 
fundamental in fields such as Artificial Intelligence (AI) [1], robotics, operations research, and 
finance, where agents must optimize their behavior over extended time horizons.  
A widely used formal framework for these problems is the Markov Decision Process (MDP), 
which assumes the Markov property—i.e., the future state of the environment depends only 
on the current state and the agent’s current action, and is independent of history [2]. In cases 
where the state is partially observable, the problem is extended to Partially Observable 
Markov Decision Processes (POMDPs), where the agent can infer hidden state information 
using a belief distribution over possible states. Solution techniques for these models include 
Dynamic Programming (e.g., value iteration, policy iteration), heuristic search (e.g., A* search, 
Monte Carlo Tree Search), and Reinforcement Learning [3] (e.g., Q-learning, policy gradient 
methods). Figure 2 gives a convenient symbolic representation of MDP problems. These 
models provide a formal structure for representing states, actions, transition probabilities, and 
rewards (e.g., goals), enabling the use of methods for optimal decision-making. 
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Figure 2. Symbolic Representation of MDP[4]  

 
This section briefly introduces planning and classical search algorithms and highlights the 
research gaps and requirements for human-AI collaboration. 

3.1.2 Decision and Utility Theory 

Decision theory provides a formal framework for making rational choices under uncertainty. It 
encompasses normative models, which describe how decisions should be made to maximize 
expected utility, and descriptive models, which study how decisions are actually made by 
humans [5]. The foundational concept in decision theory is Expected Utility Theory (EUT), 
where an agent selects actions to maximize the expected value of a utility function that 
encodes decision makers’ preferences over outcomes. Under this framework, rational agents 
should always choose the action that maximizes their expected utility. However, human 
decision-making often deviates from this ideal due to cognitive biases, loss aversion, and 
bounded rationality [6]. Alternative models, such as Prospect Theory, account for these 
psychological factors by weighting probabilities of outcomes non-linearly and incorporating 
reference-dependent preferences. Utility theory extends decision theory by defining 
preference structures that can be either ordinal (ranking outcomes) or cardinal (assigning 
numerical values). A fundamental challenge in decision-making is defining an appropriate 
utility function, particularly when multiple objectives or stakeholders are involved. This leads 
to the distinction between single-objective and multi-objective problems, which are crucial in 
PEER AI assistant designed to fine-tune AI models or make decisions on behalf of humans. 
In single-objective decision problems, there is a well-defined single goal, such as minimizing 
cost, maximizing reward, or achieving a specific performance metric. These problems are 
common in robotics (e.g., shortest path planning), reinforcement learning (e.g., maximizing 
cumulative reward), and finance (e.g., portfolio optimization). Traditional approaches, such as 
MDPs and DP, provide solutions for these problems by computing an optimal policy that 
maximizes a scalar objective function [2]. However, many real-world decision problems 
involve trade-offs between competing objectives, leading to multi-objective decision-making 
(MODM). In these cases, an agent must balance conflicting goals, such as cost vs. quality in 
manufacturing, safety vs. speed in autonomous driving, or energy consumption vs. 
performance in cloud computing [7]. A standard approach to multi-objective decision-making 
is to identify Pareto-optimal solutions, where no objective can be improved without degrading 
another. Multi-objective reinforcement learning (MORL) techniques, such as Pareto Q-
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Learning and Scalarization methods, address these challenges by learning policies that 
balance competing criteria dynamically [8]. 

3.1.2.1 The Role of Decision Maker Preferences 

Preferences play a crucial role in decision-making, especially when AI systems act on behalf 
of humans. In single-objective settings, preferences are often encoded implicitly within the 
objective function, whereas in multi-objective settings, they must be explicitly modelled to 
capture trade-offs between different criteria. Reference elicitation methods, such as utility 
surveys, interactive learning, and inverse reinforcement learning (IRL), aim to infer human 
preferences from behavior and demonstrations. One key challenge is the alignment 
problem—ensuring that AI agents make decisions that align with human values [9], ethical 
considerations, and societal norms. This is particularly relevant in high-stakes domains such 
as healthcare, where an AI system planning treatments procedure must balance 
effectiveness, patient comfort, and ethical considerations. In both Task 3.1 and Task 3.2, we 
study how methods such as Explainable AI (XAI), seek to bridge this gap by incorporating 
human feedback, enabling collaboration in the planning and reasoning process [10]. 

3.1.3 Planning and Search Problem 

Formally, a SDM can be defined as a tuple (𝑆, 𝐴, 𝑇, 𝑅, 𝛾), where 𝑆 is the world states, 𝐴 is the 
set of possible actions, 𝑇(𝑠′|𝑠, 𝑎) represents the transition dynamics defining the probability 
of reaching state 𝑠́ from state 𝑠 after taking action 𝑎, 𝑅(𝑠, 𝑎) is a reward function that quantifies 
the immediate benefit of taking action 𝑎 in state 𝑠, and 𝛾	 ∈ [0,1] is a discount factor that 
weighs the importance of future rewards [11]. The goal is to find an optimal policy or plan 𝜋∗ 
that maximizes the (expected) cumulative reward over a time horizon. Considering the utility 
theory, formally, the decision maker faces a set of possible actions 𝑎 and each action 𝑎	 ∈ 𝐴 
leads to a set of possible states/outcomes 𝑠′ with associated probabilities 𝑇(𝑠′|𝑠, 𝑎) and 
utilities 𝑈(𝑠′), the Expected Utility (EU) of an action is given by: 

𝐸𝑈(𝑎) = 	8 𝑇(𝑠′|𝑠, 𝑎)𝑈(𝑠′)
"́	∈	&

 

 
The most basic form of AI planning is defined by a single-agent system operating in a 
deterministic and fully observable environment. In such a setting, every action always 
succeeds as intended, the agent has complete knowledge of the world state at all times, and 
actions occur instantaneously without any temporal constraints. A classical planning problem 
consists of four key components: (a) a set of all possible world states, 𝑆	 ; (b) a set of valid 
state transitions, 𝑇	 ⊆ 𝑆 × 𝑆	; (c) an initial state,  
𝑠! ∈ 𝐺	 ; and (d) a collection of goal states, 𝐺 ⊆ 𝑆. A plan, then, is simply a sequence of 
transitions—each corresponding to an action—that takes the system from the initial state s0	
to one of the goal states 𝑠" ∈ 𝐺	[12]. We can visualize an environment as an explorable state-
space graph where nodes represent states of the world, which are total assignments of value 
to each feature, and edges correspond to actions that can be carried out from the source state 
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node to the destination one. An algorithm that searches the state-space graph from the initial 
state looking for a state that satisfies a goal description is called a forward planner, this is 
more convenient than just using a state-based representation of the actions since it 
dynamically generates the parts of the search graph that are relevant, based on available 
actions and, eventually, a heuristic function that estimates the cost of solving the goal from 
the state, like in the case of A* [4]. Various representations exist for defining such transition 
systems, with the Planning Domain Definition Language (PDDL) [13] being the most widely 
adopted standard. PDDL was designed to unify and standardize AI planning languages, 
drawing inspiration from earlier formalisms such as STRIPS [14] and ADL (Action Description 
Language) [15]. Unlike these earlier propositional logic-based representations, PDDL 
employs a more compact, first-order logic approach using predicates. A PDDL-based 
planning problem is divided into two key components: the domain and the problem instance. 
The domain file specifies the fundamental structure and rules governing the environment, 
independent of any specific planning task. It defines: object types categorizing the elements 
within the world, predicates that describe possible relationships between objects, and 
operators (or actions), made of parameters, preconditions and effects. Preconditions must be 
satisfied for the action to be executable in a given state, and the effects describe how the 
state changes after executing the action. The problem file, on the other hand, is tailored to a 
specific planning instance, detailing the concrete objects in the world, the initial conditions, 
and the desired goal state. Over time, PDDL has been extended to incorporate additional 
features. For example, PDDL2.1 introduced time and numerical effects, PDDL3 added support 
for constraints and preferences, and PDDL+ expanded the language to model processes and 
events. 
When applying PDDL to human-AI collaborative planning scenarios, the aforementioned 
planning definition needs to be extended and framed as a temporal PDDL problem with 
differing action costs and execution durations, accounting for different agent capabilities and 
preferences. For instance, a particular action may be faster for one agent but come at a higher 
cost due to personal preferences. To account for such trade-offs, the planning metric to be 
minimized is defined as a weighted sum  
𝑔(𝑝) = 𝛼 ⋅ 𝑚(𝑝) + (1 − 𝛼) ⋅ 𝑐(𝑝)	where 𝑚(𝑝)	represents the makespan of the plan (i.e., the 
total time required for execution), 𝑐(𝑝) denotes the total cost of all actions in the plan, and 
𝛼 ∈ [0,1]	is a weight parameter that determines the balance between minimizing makespan 
and cost [16], [17]. By adjusting α, the planning process can be adapted to accommodate 
varying human preferences and agent capabilities, ensuring that the generated plan aligns 
with different optimization priorities. 

3.1.3.1 Search Algorithms 

In SDM, finding optimal paths through state spaces can be approached through various search 
algorithms, with the choice depending on available information and the trade-off between 
optimality and computational efficiency. Consider a path-planning problem in a geographical 
zone, where we can represent the environment as a state space 𝑆 with well-defined transition 
dynamics 𝑇 and rewards 𝑅. All of this can be treated as a state-space graph to explore with 
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a forward planner. Informed search algorithms leverage domain knowledge about the goal 
state to guide exploration. A* search, a prominent best-first search algorithm, makes 
decisions by evaluating states using a function 𝑓(𝑠) 	= 	𝑔(𝑠) 	+ 	ℎ(𝑠), where 𝑔(𝑠) represents 
the actual cost (negative reward) accumulated from the initial state to the current state 𝑠, and 
ℎ(𝑠) is a heuristic function estimating the cost to reach the goal state [1].  
When the algorithm arrives in a node 𝑠, A* decides to choose the adjacent node with the 
lowest 𝑓(𝑠′) deterministic value, this can be formalized in our SDM framework (𝑆, 𝐴, 𝑇, 𝑅, 𝛾), 
as a process where A* selects actions 𝑎	 ∈ 	𝐴 at each state 𝑠 based on minimizing 𝑓(𝑠′), where 
𝑠′ represents the next state according to the transition function 𝑇(𝑠′|𝑠, 𝑎). For geographical 
pathfinding, a common heuristic is the Euclidean distance to the goal, which maintains 
consistency properties that guarantee optimality, however A* star can be used in many other 
fields like Natural Language Processing (NLP), where, for instance, in PCFG (Probabilistic 
Context Free Grammars) parsing a specific heuristic called “Viterbi score” is used to predict 
the most probable completion [18].  Going back to the example of pathfinding in a 
geographical zone, a good choice as a heuristic function ℎ(𝑠) is the Euclidean distance 
between the reached point in the map and the goal, this is because it is considered consistent 
so it maintains the property ℎ(𝐴) 	≤ 	𝑐𝑜𝑠𝑡(𝐴, 𝐵) 	+ 	ℎ(𝐵) [19]. 

While A* excels in single-agent scenarios, its effectiveness diminishes in multi-agent settings 
where the transition dynamics 𝑇 become more complex due to agent interactions, potentially 
leading to recurring collisions and replanning cycles. 
Dijkstra's algorithm can be viewed as a special case of A* where ℎ(𝑠) 	= 	0, making it an 
uninformed search method that doesn't utilize problem-specific information. Within our SDM 
framework, Dijkstra's algorithm exhaustively explores the state space 𝑆 by evaluating all 
possible transitions 𝑇(𝑠′|𝑠, 𝑎) and their associated rewards 𝑅(𝑠, 𝑎). While this comprehensive 
approach guarantees optimality for non-negative reward functions, it typically requires more 
computational resources than A* when a good heuristic is available [20]. 
However, both A* and Dijkstra's algorithm face significant challenges when the transition 
function 𝑇(𝑠′|𝑠, 𝑎) changes during execution. Dijkstra's algorithm, assuming static transition 
dynamics, requires complete recalculation when the environment changes, making it 
computationally expensive in dynamic settings. While modifications exist to handle 
predictable changes in the reward function 𝑅(𝑠, 𝑎) (like varying traffic conditions), these 
adaptations struggle with rapid or unexpected environmental changes. 
A* encounters similar issues: its heuristic function may become unreliable in dynamic 
environments. When state transitions change unexpectedly, the heuristic estimates of future 
costs may no longer accurately guide the search, potentially negating the efficiency 
advantage of A* over uninformed methods [21]. For example, in path-finding problems, 
sudden environmental changes can invalidate Euclidean distance heuristics, necessitating 
complete path recalculation. 
While in some tasks using a regressive function with a heuristic to estimate the value of 
possible outcomes is something feasible and that has led to excellent results (i.e. chess and 
checkers), in several other tasks building said function is a complex issue, one classic example 
is the game of Go. 
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Monte Carlo (MC) Simulations is a widely used class of methods based on random sampling 
that managed to obtain really good results in many fields, by constructing a best-first search 
method guided by results of MC Simulations, e.g. random exploration of the search space,   
Monte Carlo Tree Search was born [22].  
The basic framework consists in constructing a tree of evaluated states, this set of states is 
built incrementally iterating over four steps: 

1. Selection: Traverse from a root state 𝑠 to a leaf state 𝑠leaf using a selection policy 𝜋 
that balances exploration and exploitation  

2. Expansion: Create child states 𝑠′ according to the transition function 𝑇(𝑠′|𝑠leaf, 𝑎) for 
available actions 𝑎	 ∈ 	𝐴  

3. Simulation: From the expanded state, simulate trajectories using a rollout policy, 
obtaining cumulative rewards 𝑅  

4. Backpropagation: Update value estimates of all traversed states using the 
accumulated rewards, weighted by the discount factor 𝛾 [23]. 

The outline of the method is shown in Figure 3. 
In contrast to traditional search methods, MCTS offers a distinct advantage as an online 
planning approach. Rather than computing complete policies in advance, MCTS performs 
decision-time planning using the current state of the environment. This means when the 
transition function 𝑇(𝑠′|𝑠, 𝑎) changes, MCTS can immediately incorporate these updates into 
its simulation model, adapting its decision-making process to the new dynamics. 
However, this flexibility comes with a trade-off. While MCTS can rapidly adjust to 
environmental changes, its convergence to optimal decisions can be slow in domains with 
large state-action spaces  [24]. 
 

 
Figure 3: Outline of Monte-Carlo Tree Search  [23] 

 

Efficient decision-making in dynamic and uncertain environments is a fundamental challenge 
in planning and optimization. Traditional search algorithms, such as Dijkstra’s algorithm and 
A*, rely on static heuristics and predefined costs, which limit their adaptability in 
environments with changing conditions. For example, considering an autonomous car 
navigating a city, Dijkstra and A* compute the shortest path to its destination before starting 
the trip and if suddenly a segment of route becomes blocked, the generated path is invalid, 
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and the algorithms must restart or perform replanning. There are variants of A* that extends 
the algorithm to more dynamic settings and was studied by Likhachev et al.  [25]in their 
Anytime Dynamic A*, a graph-based planning algorithm that adapts the quality of the 
solution to the available time and repairs its previous solution when the environmental graph 
gets updated. With an analogous technique, Oyola et al. [26] introduced SSER (Shortest-Safe 
Evacuation Routes), a Dijkstra-based algorithm based on vector graphs designed to work in 
Safe Evacuation Routes in dynamic environments.  

3.1.3.2 Reinforcement Learning for Policy Optimization 

Reinforcement Learning (RL) emerges as a powerful paradigm for solving complex sequential 
decision problems (e.g., MDPs) where agents must learn optimal behaviors through 
interaction with their environment. While planning algorithms like A* and MCTS assume 
known transition dynamics 𝑇 and reward functions 𝑅, RL addresses scenarios where these 
components must be learned through experience. 
RL formalizes how agents learn to make sequential decisions by trial and error, where positive 
rewards reinforce beneficial behaviors, and negative rewards discourage unfavorable ones. 
The fundamental goal remains consistent: finding an optimal policy 𝜋∗ that maximizes 
expected cumulative rewards. 
Value functions serve as the cornerstone of many RL algorithms, quantifying the expected 
return an agent can achieve from different states or state-action pairs. There are four primary 
value functions to consider: 

1. The on-policy value function 𝑉'(𝑠) represents the expected return when starting from 
state 𝑠 and following policy 𝜋 

2. The on-policy action-value function 𝑄'(𝑠, 𝑎) extends this by considering the initial 
action explicitly 

3. The optimal value function 𝑉∗(𝑠) captures the best possible expected return from state 
𝑠 

4. The optimal action-value function 𝑄∗(𝑠, 𝑎) combines both concepts of capturing the 
best expected return by considering an explicitly defined initial action. 

 A fundamental distinction in RL algorithms lies in whether they utilize a model of the 
environment's dynamics. Model-based methods explicitly learn or use the transition function 
𝑇 and reward function 𝑅 for planning, like the search algorithms discussed earlier. However, 
learning accurate models for complex environments often proves challenging.  
Model-free methods, which form our primary focus, learn optimal behaviors without explicitly 
modelling 𝑇 and 𝑅. These approaches fall into two main categories: 

1. Policy Optimization: These methods directly learn a parameterized policy 𝜋((𝑎|𝑠), 
optimizing the parameters 𝜃 to maximize expected returns. This typically occurs on-
policy, using data collected from the current policy version. 

2. Q-Learning: These algorithms learn to approximate 𝑄∗(𝑠, 𝑎), typically in an off-policy 
manner that can utilize data collected under any policy. The learned Q-function 
produces directly a policy through action selection: 𝑎(𝑠) 	= 	𝑎𝑟𝑔𝑚𝑎𝑥)	𝑄((𝑠, 𝑎) 
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Actor-Critic methods bridge these approaches by combining a policy (actor) with a value 
function approximator (Critic). A partial taxonomy of modern algorithms in RL can be seen in 
Error! Reference source not found.. 
The learning process can be either online, where the agent continuously updates its 
knowledge during interaction with the environment, or offline, where learning occurs on a 
fixed dataset of experiences. This distinction becomes particularly relevant when considering 
real-world applications where live interaction might be costly or risky [27]. 
 

 
Figure 4: Partial Taxonomy of Modern RL Algorithms [27] 

 
 

3.1.3.3 Making Search More Flexible and Adaptive 

The goals of PEER require search and planning algorithms to be more flexible and adaptive – 
in the Amsterdam use case for example to potentially changing (AI estimates of) user needs, 
as well as to potentially changing and non-stationary environments. This has been reflected 
so far in two strands of our prior and ongoing work. 
 
Algorithm Configuration in Sequential Decision Making [28]. Proper parameter 
configuration is essential to ensure that algorithms operate efficiently and effectively. This 
can be a time-consuming and difficult task, especially when many parameters need to be 
tuned 
or when the evaluation of parameter settings is expensive to compute – which is commonly 
the case with anytime algorithms like MCTS that make better decisions with more runtime. 
This algorithm configuration (AC) problem has been widely studied by the AI community [29], 
and its approaches can be categorized as static or dynamic, depending on whether the 
parameters are set at the beginning of algorithm execution, or changed at every iteration of 
the running algorithm [30]. Static approaches can be further divided into Per-Distribution AC, 
where the goal is to find a single set of parameters that works well across an entire 
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distribution of problem instances, and Per-Instance AC (PIAC), which tries to find a function 
that maps each individual problem instance to a specific parameter configuration. 
The algorithm configuration literature mainly focuses on approaches for solving optimization 
problems, such as local search or genetic algorithms, which aim to find an optimal solution 
by cleverly exploring the space of solutions, typically by iteratively improving candidate 
solutions. In our work, we focus on SDM problems instead. SDM algorithms can work online, 
by outputting one decision at a time instead of a complete solution (sequence of decisions). 
They must therefore be applied multiple times with different initial environment conditions to 
obtain a full solution. This approach introduces a new dimension which should be taken into 
account by algorithm configuration methods. While SDM algorithms are often applied in 
practice with a fixed set of parameters for decision-making in a given problem instance, it can 
be beneficial to change them according to the current state of the instance at hand. 
The initial board position in a game of chess for example, when all the pieces are still 
available, is usually very different in terms of complexity from the board state in a position 
close to the end of the game, when most of the pieces have likely been captured. This can 
have a strong impact on the behavior and performance of SDM algorithms, leading to the 
natural idea of setting algorithm parameters accordingly. 
We have formalized this as Per-State Algorithm Configuration (PSAC) and have proposed a 
framework based on Reinforcement Learning (RL) to learn how to do it in an automated way. 
We have demonstrated the effectiveness of our method on two popular SDM algorithms: 
Monte Carlo Tree Search (MCTS) and AlphaZero (AZ) [31], a state-of-the-art combination of 
MCTS and deep learning. We tested the first on a warehouse assignment problem and the 
second on the game of Connect Four. The results highlighted the potential of our algorithm 
configuration approach to improve the performance of sequential decision-making 
algorithms. 
 
Decision making in non-stationary environments with policy augmented search [24]. An 
open challenge in sequential decision-making settings are non-stationary environments, 
where the dynamics of the environment can change over time. A decision agent must adapt 
to these changes to avoid taking sub-optimal actions.  
Two well-known approaches for sequential decision-making are reinforcement learning (RL) 
and online planning [32]. In RL approaches, an agent learns a policy, i.e., a mapping from 
states to actions, through interacting with the environment. The learning can also take place 
before execution using environmental models. Once a policy is learned, it can be invoked 
nearly instantaneously at decision time. Deep RL methods, which use a neural network as a 
function approximator for the policy, have achieved state-of-the-art performance in many 
applications. However, when faced with non-stationary environments, a policy can become 
stale and result in sub-optimal decisions. Moreover, retraining the policy on the new 
environment takes time and considerable computational effort, particularly in problems with 
complex state-action spaces. While RL algorithms have been designed to operate in non-
stationary environments [33], there is a delay between when a change is detected and when 
the learning framework converges to the updated policy. Depending on the problem setting, 
such delays might be very expensive. 
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An alternative approach is using algorithms such as Monte Carlo tree search (MCTS) to 
perform online planning. These approaches perform their computation at decision time using 
high-fidelity models of the current environment to find promising action trajectories. These 
models can be updated as soon as environmental changes are detected, and such changes 
can be immediately incorporated into decision-making (assuming that the generative model 
used to build the search tree can be updated quickly). MCTS has been proven to converge to 
optimal actions given enough computation time [34], but convergence can be slow for 
domains with large state-action spaces. The slow convergence is a potential issue for 
problem settings with tight constraints on the time allowed for decision-making, e.g., in 
emergency response, when an incident occurs, any time used for decision-making increases 
the overall response time [35].  
Both RL and MCTS thus have weaknesses when applied individually to complex decision-
making problems in non-stationary environments. In our work, we have developed a hybrid 
decision-making approach that integrates RL and online planning, aiming at combining their 
strengths while mitigating their individual weaknesses in non-stationary environments. The 
intuition is that if the environment has not changed too much between when an optimal policy 
was learned and when a decision needs to be made, the policy can still provide useful 
information for decision-making. Similar hybrid approaches have been explored and have 
achieved state-of-the-art performance in many domains. For example, AlphaZero integrates 
a policy and value network within a modified MCTS and has achieved state-of-the-art 
performance in games such as Go. However, such a hybrid approach has not been developed 
before specifically for non-stationary environments. 

3.1.3.4 Planning Algorithms 

Automated planning deals with selection and organization of actions to achieve some goal. 
The goal is frequently specified as a goal condition that the world state should satisfy, and 
the plan is a totally ordered sequence of actions. Various approaches to obtain a plan exist 
and among them the forward state planning (progression) is the most widely used. The 
algorithm starts at the initial state, collects all actions applicable at that state and then selects 
one and applies it to the state. This process is repeated until a state satisfying the goal 
condition is reached. Alternatively, one can start with the goal condition, collect actions 
relevant for that condition, and then select one and modify the goal condition to describe 
states from which the selected action is applicable and reaches the goal state. The plan is 
built backwards, and the algorithm ends when the initial state  is encountered. This is called 
backward (regression) planning. Search algorithms (such as A*) are used to implement the 
exploration of possible action sequences. A more flexible approach that can construct 
partially ordered plans is based on exploration of partial plans. The algorithm starts with a 
plan consisting of action modelling the initial state in its effect and action modeling the goal 
condition as its precondition. Then the algorithm is correcting the partial plan by adding 
actions to cover so called open goals (preconditions of actions in the plan that are not yet 
satisfied by some action – there is no causal link for them) and ordering the actions to remove 
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threats when one action possibly destroys a causal link between two other actions. This 
process is repeated until a complete plan without flaws is obtained. The approach is called 
plan space planning, and it is also implemented using a search algorithm that explores 
possible plan corrections. Other approaches to planning exploit, for example, a planning 
graph, where independent actions are applied in parallel (and hence their ordering in the plan 
can be arbitrary), or compilation to other solving approaches such as Boolean satisfiability. 

3.1.3.5 Planning and Learning in Multi-Objective Environments 

To navigate the complexities of real-world environments, agents must construct temporally 
extended plans where each decision influences future outcomes. While most research 
focuses on environments with a clear goal, exemplified by the prevalence of game-like 
environments where the sole objective is to win, many real-world scenarios are more complex 
and involve trade-offs between different objectives [36]. For instance, the travelling salesman 
problem may involve additional objectives such as minimizing gas emissions and ensuring 
safety conditions; and the end users of the Amsterdam use case in PEER may trade off the 
length of a route through the city with its complexity (number of street crossings to traverse), 
its distance to public transportation (for safety), how busy the route is (lively shopping streets 
are harder to navigate with wheelchairs), etc. 
To solve single-objective sequential decision-making problems, the expert iteration approach 
combines model-based reinforcement learning with planning [37]. Expert iteration proposes 
a two-phase process where an expert (such as MCTS) generates trajectories in the 
environment and an apprentice (such as a neural network) is trained on the collected dataset 
to imitate the expert. Alternating between these phases results in strong policies that achieve 
super-human performance in various challenging settings [31]. 
In our work [38], we extend the expert iteration framework to multi-objective sequential 
decision-making. Specifically, we consider an agent optimizing its expected utility under a 
given utility function in a multi-objective Markov decision process (MOMDP). We have found 
that it is possible to reduce the MOMDP to a single-objective MDP with a terminal reward. 
This MDP can then be solved using standard expert iteration algorithms such as AlphaZero. 
While this baseline can be applied with minimal modifications, it explicitly eliminates the 
multi-objective nature of the environment. 
Inspired by distributional reinforcement learning [39], we have therefore proposed a novel 
algorithm that learns the distribution over vector returns in the environment. This allows the 
expert iteration framework to utilize properties of this distribution during learning and enables 
transfer to alternative utility functions post-learning. For instance, during learning, the expert 
can use properties such as variance and conditional value at risk in its planning routine. After 
training, these statistics can also be provided to the user to enhance interpretability. Moreover, 
having access to a distribution facilitates efficient transfer to different utility functions. 
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3.1.3.6 Learning in Multi-Agent, Multi-Objective Environments 

Often, domains of critical social relevance such as smart electrical grids, traffic systems, 
taxation policy design, or infrastructure management planning involve controlling multiple 
agents while making compromises among several conflicting objectives. This is potentially 
also true of PEER use cases such as Sonae, where we could imagine supporting many 
customers at the same time, each with different shopping lists that could interfere with each 
other in various ways - leading to e.g. wasted time if bottlenecks at a high-demand meat 
counter are not avoided by finding compromises between the optimality of different 
customers' shopping routes. The multi-agent aspect of the above-mentioned domains has 
been well studied, and there is a wealth of literature on multi-agent approaches spanning 
several decades [40]. Separately, over the last 20 years, there has been an increasing interest 
in the multi-objective aspect of such domains. However, the intersection of these two aspects, 
multi-objective multi-agent decision making (MOMADM), has not received much attention. 
Indeed, problems are often simplified by hard coding a trade-off among objectives or 
centralizing all decisions in a single agent. We argue that many, if not most, complex 
problems of social relevance have both a multi-objective and a multi-agent dimension. This 
is because such problems often affect multiple stakeholders, who may care about different 
aspects of the outcome, and may have different preferences for them. As such, it is crucial to 
advance the field of MOMADM to enable future progress in the application of artificial 
intelligence (AI). 
The development of standardized benchmarks is a key factor that has driven progress in 
various areas of AI over the years. Without standardized, publicly available benchmarks, 
researchers spend a lot of unnecessary time re-implementing test environments from 
published papers, reproducibility is made much more difficult, and results published in 
different papers are potentially incomparable [41]. Suites of standardized benchmarks have 
helped to address these issues already in some fields of AI such as reinforcement learning. 
Such benchmarks are exemplified by the seminal Gymnasium library [42] for single-objective 
single-agent RL, the PettingZoo library [43] for multi-agent RL (MARL), and MO-Gymnasium 
[44] for multi-objective RL (MORL). Yet, there is no existing library dedicated to multi-
objective multi-agent reinforcement learning (MOMARL). 
In our work, we have introduced MOMAland (see Figure 5), the first publicly available set of 
MOMARL benchmarks under standardized Application Programming Interfaces (APIs). 
MOMAland, incorporated within the Farama Foundation ecosystem, draws inspiration from 
analogous projects and currently offers over 10 configurable environments encompassing 
diverse MOMARL research settings. By embracing open-source principles and inviting 
contributions, we anticipate that MOMAland will evolve in tandem with research trends and 
host new environments in the future. MOMAland aims to contribute to the unification of rather 
fractured evaluation practices, in order to provide researchers with clear and objective data 
on how well their algorithms perform with respect to other methods. 
Additionally, MOMAland includes utilities and learning algorithms intended to establish 
baselines for future research in MOMARL. Notably, it offers utilities enabling the utilization of 
existing MORL and MARL solving methods through centralization or scalarization strategies. 
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Importantly, while the provided baselines can find solutions for certain MOMARL settings, 
MOMAland also features challenges with no known solution concept. Addressing these 
challenges requires tackling open research questions before deriving appropriate solving 
methods. 

 
Figure 5. Overview of the libraries related to MOMAland within the Farama Foundation 

3.1.3.7 Nature-inspired Optimization for Search and Planning 

Although MCTS and RL focus on probabilistic reasoning, they may struggle with 
combinatorial explosion in large-scale planning problems [24], [45]. In these settings, 
algorithms such as Ant Colony Optimization (ACO) present a bio-inspired alternative for 
solving SDMs. Originally designed for combinatorial optimization, ACO models decision-
making as a probabilistic path selection process, where artificial ants explore a graph-based 
representation of the problem space, e.g., static Travelling Salesman (TSPs). However, 
variants of ACO have been developed to adapt to dynamic environments, making it useful for 
real-time planning and decision-making. Through pheromone-based reinforcement, the 
system converges toward optimal or near-optimal solutions over time. This makes ACO 
particularly well-suited for planning problems requiring adaptive, decentralized, and scalable 
decision-making strategies. Algorithm 1 shows a generic structure of ACO framework for 
single objective (e.g., shortest path) setting.  
 

 
Algorithm 1: 
Procedure AntColonyOptimization: 
    Initialize necessary parameters and pheromone trials; 
    while not termination do: 
        Generate ant population; 
        Calculate objective values associated with each ant; 
        Find best solution through selection methods; 
        Update pheromone trial based on the value of objective function; 
    end while 
end procedure 
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To further extend this algorithm to optimize more than one objective (e.g., multi-objective 
optimization problem), previous research explored methods that can reveal all solution trade-
offs at once, leading to Multi-Objective Ant Colony System. However, providing all trade-offs 
to the user not only adds extra complexity for the decision-maker to choose a plan from but 
also requires more computational capacity. Moreover, assuming that preference of the user is 
subject to change in every decision step, computing the stepwise Pareto front plans are not 
feasible. To address this challenge, we propose to consider 𝑚 colonies corresponding to the 
number of objectives, each one solving a single objective optimization problem. Having 
pheromone information for each objective, we can combine the normalized pheromone 
structures using a utility function parametrized by a set of weights 𝑤. For TSPs, Algorithm 1 
below provides a general overview of this approach where the probability of choosing vertex 
𝑣* by colony 𝑐 while building the solution is 𝑝&+. Each colony has its own heuristic function 
and objective specific phremone factor.  

 
Algorithm 1. Multi-Objective Ant Colony System 

 
 

3.1.3.8 User-centric Planning and Search 

Path planning algorithms like A* that have traditionally operated as purely computational 
systems can now benefit from the emergence of Large Language Models (LLMs), which have 
opened new possibilities for integrating human insight and commonsense reasoning into even 
the most technical algorithmic processes. LLM A* [46] evaluates states using a cost function 
that combines path costs and heuristics but extends this framework by leveraging LLMs to 
identify feasible moves while considering contextual understanding of the environment and 
available actions. The algorithm proceeds in two main stages: first, the LLM is oriented to 
comprehend the specific environment and action space; second, it conducts path planning 
between initial and goal states while enabling human intervention. This human-in-the-loop 
approach allows for guidance during planning, verification of proposed moves, and efficient 
token usage through focused communication. 
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When applying PDDL to human-AI collaborative planning scenarios, the aforementioned 
planning definition needs to be extended and framed as a temporal PDDL problem with 
differing action costs and execution durations, accounting for different agent capabilities and 
preferences. For instance, a particular action may be faster for one agent but come at a higher 
cost due to personal preferences. To account for such trade-offs, the planning metric to be 
minimized is defined as a weighted sum  
𝑔(𝑝) = 𝛼 ⋅ 𝑚(𝑝) + (1 − 𝛼) ⋅ 𝑐(𝑝)	where 𝑚(𝑝)	represents the makespan of the plan (i.e., the 
total time required for execution), 𝑐(𝑝)denotes the total cost of all actions in the plan, and 𝛼 ∈
[0,1]	is a weight parameter that determines the balance between minimizing makespan and 
cost [16], [17]. By adjusting α, the planning process can be adapted to accommodate varying 
human preferences and agent capabilities, ensuring that the generated plan aligns with 
different optimization priorities. 

The objective of this methodology is to adapt and influence decision-making processes based 
on human feedback and preferences, which are often expressed in natural language and 
difficult to directly translate into structured planning and search problems. To address this, 
the proposed method integrates an interface module that converts unstructured inputs—such 
as natural language commands or external database information—into structured formats 
suitable for automated planning. This is achieved by combining traditional decision-making 
techniques with LLMs, enhancing flexibility and adaptability in planning systems. Figure 6 
illustrates how human feedback is processed and structured, reducing the need for manual 
translation, which is typically rigid and time-consuming. This approach has been previously 
applied to collaborative human-robot environments [47], where an LLM-based system is used 
as a translator between high-level natural language inputs and a structured PDDL planning 
problem, specifically defining planning goals and action costs. In this way, adaptive planning 
can handle high-level goals and influence the action allocation based on the varying human 
preferences, states and conditions, enabling more intuitive interactions and improved 
responsiveness to user preferences. 

,  
Figure 6. Collaborative Human-Robot Planning Architecture 

In the Sonae use case (AI-based in-store navigation), this methodology could translate a 
customer’s natural language request—such as “Show me the fastest route to gluten-free 
products”—into specific parameters within a structured planning problem. It would extract 
key constraints like product category, store layout, and user preferences (e.g., avoiding 
crowded aisles) and encode them into a formalized navigation model. The actual route would 
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then be computed by the underlying planner based on these structured inputs. For the City of 
Amsterdam’s use case, this approach would process user input like “Find a wheelchair-
friendly route with minimal slopes” by identifying relevant constraints such as accessibility 
requirements, terrain difficulty, and distance. These constraints would be formally 
represented within a structured planning model, which the navigation planner would then 
use to generate an optimal, accessible route tailored to the user’s needs. 
Human-aware planning may be considered as an instance of multi-agent planning [48] which 
involves incorporating a model of the human’s perception and beliefs [49] into traditional task 
planning. It enables agents to consider human expectations and responses when searching 
for a feasible sequence of actions that allows the fulfillment of a desired state of the world. 
The planning problem may be seen as one where the planner must produce a “joint plan” 
which reconciles the different models of the planning problem while conforming to human 
goals and beliefs, albeit at the cost of optimality for the agent [49]. Human-aware planning 
plays a key part in explainable AI planning (XAIP), where plans must be interpretable and 
acceptable from the human's perspective. By adapting plans based on both task feasibility 
and human satisfaction, agents become more responsive to human needs, optimizing both 
task outcomes and user experience. Several approaches to human-aware planning have been 
identified in the literature. Shekhar et al. [50]use techniques drawing from Theory of Mind 
(ToM) for perspective-taking to model the human’s beliefs about the agent’s actions in the 
Human-Aware Task Planning with Emulation of Human Decisions and Actions framework 
(HATP/EHDA) [51]. The authors then combine this model with a novel AND/OR search-based 
solver to handle uncertainties and diverging beliefs. Alternatively, Canal et al. attempt to 
model human behavior and preferences with symbolic task planning during execution [52] by 
building a user model based on the human’s responses to simple questions, and integrating 
it into the planning domain. The method uses a probabilistic planner and adapts its actions 
according to both user satisfaction and task execution outcomes by adjusting penalizations 
applied to the planner’s rules. Izquierdo-Badiola et al. [16] present a symbolic planning 
framework that integrates human states as PDDL action costs to prevent action failures due 
to unforeseen human behavior, by replanning and reassigning the tasks in anticipation when 
the agent state changes. The authors further develop the approach by optimizing for 
heterogeneous action costs and durations for different agents during the planning process 
[17]. In another approach, Cheng et al. create a hierarchical task model from human 
demonstrations which captures sequential and parallel relationships within the task [53]. An 
optimization-based planner with the objective of minimizing task completion time then 
prioritizes actions parallel to human actions. Buisan et al. take inspiration from Hierarchical 
agent-based Task Planners (HTPs) to explore several Hierarchical Task Networks (HTNs) to 
produce a human-agent joint plan [54]. In the CommPlam framework presented by Unhelkar 
et al. [55], the human model is represented as an Agent Markov Model (AMM) and Partially 
Observable Markov Decision Processes (POMDPs) are used to compute the agent’s policy for 
collaboration while reasoning about its actions and communication with the human, under 
partial observability of the human’s mental states. 
Generative AI models such as LLM have also been explored to model and simulate human 
behavior [56], [57], to learn human preferences from past experiences [58], and to produce 
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plans. In Han et al. the planning process is optimized and aligned with the human’s 
preferences through an iterative process, combining imitation learning and reinforced self-
training [59]. A combination of symbolic task planning with generative AI is explored in 
Izquierdo-Badiola et al. as an extension of prior work towards a more intuitive and flexible 
method for generating plans in human-robot collaboration [47]. Here, LLMs are employed as 
translators from natural language instructions and human conditions into structured PDDL 
planning representations enabling the processing of high-level abstract instructions, and the 
consideration of human preferences and conditions within task allocation. 

3.2  Bidirectional Information Flow Between Users and AI (Task 3.2) 

According to DoA: In this task, we will extend the information flow between users and AI. 
This involves a) the generation of more adaptable, personalised, and therefore more relevant 
explanations in order to inform the user, as a catalyst for transparency and trustworthiness; 
and b) the smarter processing of user feedback in order to inform the AI, both about the task 
at hand, as well as about the current user’s needs and preferences. An important aspect of 
this task is incorporating two types of user feedback: direct feedback offered by the user, and 
indirect feedback from observed user behaviour. 

3.2.1 Information Flow from AI to User (explainable AI) 

A black-box model is a machine learning model whose internal workings and decision-
making process are not easily interpretable or understandable by humans. These models take 
input data and produce outputs without providing explicit explanations of how specific 
features contribute to the final prediction.  
Black-box models, such as deep neural networks and ensemble methods, are often highly 
complex and rely on intricate mathematical computations, making it difficult to trace or justify 
their reasoning. This lack of transparency can pose challenges in fields requiring 
accountability, fairness, and interpretability, such as healthcare, finance, and legal decision-
making. 
Black-box machine learning models present several significant challenges and shortcomings, 
primarily due to their lack of transparency and interpretability. Since these models, such as 
deep neural networks, make predictions without providing clear insight into the underlying 
decision-making process, it becomes difficult to understand how specific features influence 
outcomes.  
This opacity raises concerns about accountability, particularly in high-stakes fields like 
healthcare, finance, and criminal justice, where incorrect decisions can have severe 
consequences. Additionally, black-box models often fail to identify potential biases in data, 
which can perpetuate or even amplify societal inequalities.  
Their complex nature also makes it challenging to detect and fix issues like overfitting or 
unintended model behavior, resulting in reduced trust from users and stakeholders.  



   
 

 30 

The issues related to black-box models implementation in critical areas (e.g. healthcare, 
finance) are doubled down by the fact that the end users of these systems have no 
background in data science, and the proper interpretation of the model decision, as well as 
assessment of its operational quality is beyond their capabilities. 
As a result, there is a growing need for methods that offer interpretability, transparency, and 
fairness, ensuring that models  can be effective, ethically sound and tailored to user needs. 
To address the aforementioned challenges and needs, in recent years, a vast amount of 
research [60] has been devoted to the development of XAI methods whose goal is to bring 
transparency and interpretability into the decision-making process governed by black-box 
machine learning models. 
The vast number of XAI methods developed, driven by the needs of high-risk areas such as 
Industry 4.0, medicine, and financial markets, etc., has led to high expectations for their 
applicability in these domains. These expectations were driven not only by the rapid 
development of XAI algorithms, but also by regulatory frameworks such as the General Data 
Protection Regulation (GDPR [61], [62] 

While addressing black-box AI problems, it is also important to consider this task from the 
human-AI collaboration perspective. Decision-making tasks across various applications 
follow a common process: evidence (e.g., state) is presented, a decision is made from 
discrete/continuous choices, and follow-up effects typically occur. Within this framework, 
decision-making becomes a human-AI collaborative scenario, where at least two parties—
the human and the AI—contribute to solving the problem. The dynamics of this collaboration 
can vary, resulting in different interaction models, from simple recommendations to more 
complex, iterative exchanges [63], [64]. Insights documented in Deliverable 2.1 reveal 
different preferences of end-users in human-AI collaboration level which aligns with the 
interaction models defined in the literature [65]. This collaborative scenario suggests bridging 
the gap between algorithmic decision-making and human expectations through  human-
centric AI design.  Within this design framework, it is important to identify what information 
AI should provide its users while ensuring operational transparency. It is also crucial for AI 
agents to understand their users on how and when to best communicate the required 
information [66].   

3.2.1.1 Prototypical and concept-based explanations 

Most explanation mechanisms in AI, such as SHAP [67], LIME [68], Grad-CAM [69], 
Integrated Gradients [70], primarily focus on feature importance, highlighting which input 
features contribute the most to a model’s decision. While these methods provide valuable 
insights, they are often insufficient for real-world users who require explanations tailored to 
their level of understanding. Many users, particularly domain experts and decision-makers, 
need more than just feature attributions—they require interactive, concept-based 
explanations that align with their mental models and prior knowledge. Concept-based 
explanations address this gap by linking model behavior to higher-level, human-interpretable 



   
 

 31 

concepts rather than individual features, enabling a more intuitive and user-centric 
understanding of AI decisions. 

The first approach to introducing such a solution for image classification tasks was ProtoPNet 

[71], which enhances interpretability by learning class-specific prototype representations. 
These prototypes are learned ante hoc and used to make predictions based on their similarity 
to the learned representations. 

ProtoPNet has several successors, such as ProtoPShare [72], ProtoPool [73], and ProtoTree 
[74], which further refine and extend the original idea. Building on similar assumptions, 
concept-based explanations generalize the notion of prototypes to more abstract entities, 
which can then be used to construct higher-level explanations [75], [76], [77], [78]. Both 
prototype-based and concept-based approaches are primarily designed for images. However, 
they do not assume any level of user interaction or allow for personalization in terms of the 
prototypes or concepts generated. 

Multimodal language models have the potential to pave the way for more interactive and 
understandable explanations. However, they are most often fine-tuned and developed for 
image and text modalities, leaving behind other types of data that could benefit from similar 
advancements. 

3.2.1.2 Comprehensibility of Explanations 

It is increasingly evident that the predominant efforts in explainable artificial intelligence (XAI) 
are predicated largely on researchers' subjective assumptions about what constitutes an 
effective explanation, rather than empirically validating its utility for the intended human 
recipients [79].  Frequently, these explanations prove inadequate or entirely unhelpful to end-
users, particularly those lacking specialized domain knowledge or proficiency in data science. 
This misalignment is not merely a theoretical concern; it carries significant implications for 
high-stakes domains such as medicine, industrial operations, legal systems, and economic 
decision-making, where misinterpretations of AI-driven insights can precipitate catastrophic 
outcomes, including loss of human life or substantial financial damage. A critical limitation of 
contemporary XAI methodologies lies in their failure to adapt outputs to the diverse, human-
centric requirements of their users [80].  This deficiency in comprehensibility and 
customization has undermined numerous attempts to operationalize AI systems in practical 
settings. Initial optimism surrounding the potential for machine learning and AI frameworks 
to deliver transparent, user-accessible insights has been tempered by empirical evidence from 
real-world deployments and expert critiques. These evaluations consistently demonstrate 
that, far from enhancing understanding, current XAI approaches often exacerbate confusion 
among stakeholders.  Such observations have been rigorously documented across multiple 
critical sectors [81], [82], [83], [84], with even the developers of XAI frameworks 
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acknowledging these shortcomings [85], [86]. This growing body of evidence underscores the 
necessity for a paradigm shift toward a human-in-the-loop framework. Effective AI systems, 
including those envisioned as personal assistants, must prioritize rigorous user-centered 
design, dynamically tailoring explanations to accommodate individual cognitive contexts and 
limitations. Absent such an approach, the field risks perpetuating the development of 
sophisticated yet opaque tools that fail to meet the practical needs of human decision-makers 
in consequential applications. 

3.2.1.3 Knowledge Mediation in Explanation Process 

There have been works devoted to enhancing understandability and comprehensibility of 
explanations. Most of them focus on the visual presentation of such results. This includes 
saliency maps for Deep Neural Networks, task specific visualizations [87] and more general 
frameworks such as [88], which are still narrowed to only one phase of Data Mining (DM) 
process and hardly use any domain knowledge to enhance the explanations or interpretability 
of the models. The interpretation of the results of ML explanation models such as LIME, SHAP 
or Anchor highly depends on expert knowledge and domain knowledge. However, these 
frameworks do not provide any means of encoding such knowledge, relying purely on manual 
examination and interpretation of their results. Many attempts were crafted for the purpose 
of aiding domain experts or data scientists in the interpretation and incorporation of 
explanation results into the DM process. In [89], the authors demonstrate how the 
combination of deep tensor and knowledge graph embedding methods can be used for 
generating explanations for a model in intrusion detection and genomic medicine that are 
more human-readable. An interesting approach was given in [90], where the process of 
explanation was partially formalized and divided into stages that relate to standard CRoss 
Industry Standard Process (CRISP) methodology and reflect the stages in which the data 
analysis is performed. The proposed grammar was designed for further conversational-like 
data and model analysis with the usage of explanations. However, in all of the above 
examples user interaction was limited and did not allow for flexible knowledge mediation. 
Most of the approaches are also designed for researchers or data scientists, providing little of 
utility for lay end-users. This aspect is particularly significant in the domain of personal 
assistants, where the primary objective is to adapt to the needs and preferences of the 
individual being supported. 

The shift from static explanations to more interactive and better suited for specific user needs 
explanations is visible in recent research. A growing shift toward systems that empower users 
to actively engage with AI explanations rather than passively receive them is gaining more 
attention recently. 

Interactive explanations must align with users' evolving needs, which vary depending on the 
context and specific tasks at hand.  However, it rarely addresses modeling users’ evolving 
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mental models, which limits alignment with user thought processes. The range of 
explanations available in interactive systems is constrained by the types implemented, such 
as local, global, counterfactual, or anchor-based methods, with only pre-implemented 
options appearing in interactions. This restricts flexibility[91].  The computational demands of 
XAI methods can cause  delays, disrupting real-time interactions. Furthermore, frameworks 
require extensive customization for specific domains, hindering scalability [92]. 

Conversational explanations enable users to understand AI decisions through dialogue, while 
multimodal explanations use various media to meet diverse needs. The survey of these 
methods was recently proposed in [93]. The application of such explanations was 
investigated in different scenarios but mostly focusing on modalities such as images, text, 
audio or video other modalities including time-series, tabular data, or sequential data are not 
visibly researched yet. 

3.2.1.4 Towards Explainable Sequential Decision Making 

Although the research area of XAI has rapidly developed in recent years, the focus of XAI to 
date has largely been on explaining the input-output mappings of “black box” models such 
as neural networks, which have been seen as the central problem for the explainability of AI 
systems. While these models are certainly important, intelligent behavior often extends over 
time and needs to be explained and understood as such. The challenge of explaining SDM, 
such as that of robots collaborating with humans or software agents engaged in complex 
ongoing tasks, has only recently gained attention. We may have AIs that can beat us in Go, 
but can they teach us how to play? We may have search and rescue robots, but can we 
effectively communicate with them and coordinate missions in the field?  

Initial attempts at making the behavior of SDM algorithms more understandable have recently 
appeared in different fields such as classical AI planning, reinforcement learning, multi-agent 
systems, or logic-based argumentation – but often focused on ad hoc solutions to specific 
problems, with an emphasis on area-specific terminology and concepts developed in isolation 
from other fields. Many of these approaches are therefore restricted in their scope and 
applicability. To truly trust an AI agent and collaboratively work with it towards human goals, 
and to increase successful AI adoption and acceptance in many fields from logistics to 
robotics, and from smart cities to production planning, we need considerable progress in this 
new field of XAI for SDM (XSDM).  

Under-researched challenges for XSDM include for example: XAI for complex decisions, e.g., 
on plans or policies instead of single output labels; conversational XAI that continuously 
interacts with users over time, aiming to understand and support them; contestable and 
collaborative XAI, which can successfully work with users in areas where neither user nor AI 
is omniscient nor infallible; and flexible decision-making for XAI, able to adapt to users, 
respect their autonomy, and go beyond one-size-fits-all explanations. These are among the 
challenges tackled by the WP3 researchers in the PEER project. 
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In September 2024, we organized a Dagstuhl research seminar1 on the topic of “Explainable 
Sequential Decision Making”, bringing together 27 participants from 10 countries, including 
academic researchers and industry experts from communities such as RL, planning, game AI, 
robotics, and cognitive science. This interdisciplinary group discussed their work on 
explainability in sequential decision-making contexts, and aimed to move towards a shared 
understanding of the field and a common roadmap for moving it forward. One of the outcomes 
of the seminar was taking stock of the field and developing a taxonomy of XSDM. 

SDM involves an agent making a series of related decisions over time, where each decision 
can be influenced by earlier decisions (i.e., a history), current observations and/or projected 
future states, to optimize some goal, objective or reward. What sets SDM apart from the usual 
settings considered by XAI, is (a) its temporality - as in the dynamics of the environment itself, 
leading to unique features such as trajectories, key events, and forward and backward looking 
aspects of decision-making; (b) goals – involving temporally extended intent, temporally 
extended goals, subgoals, and consistency as the policy unfolds; (c) complexity – SDM has 
the usual issues of XAI but with the increased complexity of decision sequences and policies; 
and (d) exploration – there are specific issues around credit assignment, and one cannot easily 
sample anywhere in the state space: there is no fixed training set as in supervised learning. 

This leads us to a first sketch of a proposed taxonomy of XSDM that covers the following 
questions: 

1. What might need to be explained in sequential decision making? What are the targets 
for the explanations generated? 

2. How might sequential decision making be explained? How will an explanation module 
compute explanations for SDM? What are the inputs and outputs to this module, and 
what does it need to take into account to engender understanding and trust in users? 

3. What metrics might be used to assess the efficacy of the explanations generated by 
any XAI system explaining SDM? 

The proposed answers to these questions can be useful to structure the work described 
below, as well as the work envisioned in the future for the PEER project. Part of the answer 
to 1., for example, is that “every aspect of a decision sequence (or abstractions of those 
aspects) can be the focus of an explanation whether it be the decision outcome(s), its 
environment state or states, its action or actions, its stated goals, choices or objectives with 
respect to the past, present or future; or with respect to beliefs about or comparisons to any 
aspects of other decision sequences. This explanation may also address the 
processes/factors that led to its generation. In particular, explanations in sequential 
decision-making can focus on different levels of “decision outcomes”: on an individual action 
decision; on a sequence of decisions or a plan; or on an entire policy, i.e. the full set of 
available behaviors of an AI agent. In the following, we will outline some of the literature 

 
1 https://www.dagstuhl.de/en/seminars/dagstuhl-seminars 
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and our ongoing research first on the topic of explaining individual actions – those of search 
algorithms, and those of more general reinforcement learning agents – and then on 
generating entire interpretable policies. 

3.2.1.5 Explaining Actions of Search Algorithms 

Our work in this category focuses on explaining why a given agent driven by a search 
algorithm such as MCTS made a certain decision. 
Our research on explainable search, building on prior work published before PEER project 
[94], began with the realization that much of explainable RL research at the time fell into one 
of two main categories: Either it attempted to explain an agent's behavior in its entirety, i.e. 
tried to simplify, characterize, or summarize a complete and fully optimized agent policy [95]; 
or it focused on explaining a single agent decision “in a vacuum” instead, i.e. tried to illustrate 
how and why a given policy maps a specific state input to a specific action output [96]. This is 
largely still the case in the literature [97]. In many application scenarios however, including 
those tackled in PEER, a high-level explanation of an entire policy is likely to be either too 
abstract or too verbose to be helpful. Imagine a chess tutor agent trying to explain to a human 
student how it plays chess in general, instead of explaining its next move recommendation to 
increase pressure on the opponent's rook; or a search & rescue robot explaining to a human 
mission supervisor the general structure of its decision making process, instead of outlining 
its plan for getting access to the first floor of the partially collapsed building it is in. A myopic 
explanation of a single decision, without explicitly discussing the future situations and further 
decisions it might lead to, would not give the user enough relevant information. For example, 
a chess tutor merely stating that the upper left corner of the board contained the most 
relevant input features for a move does not explain the reasoning behind the decision 
Similarly, a the search & rescue robot saying that moving left leads to an 11% higher 
probability of clearing the first floor within ten minutes provides little practical insight without 
further context. Humans would probably want to know: Why? What exactly could happen 
next? Which possible outcomes were explored, how were they interpreted, compared, and 
selected from? 
Learning complete high-quality policies for the entire state space in complex domains can be 
very challenging. In cases where domain models are either available or can be learned, the 
most promising RL approach is often online planning, or the repeated search for the best next 
action, starting from the current state in which a decision is needed, and exploring possible 
futures in the immediate future of the agent. 
Some of the most successful RL approaches at the heart of recent AI breakthroughs have 
been powered by search [31], often using variants of MCTS. Sampling-based search 
algorithms such as MCTS tackle huge search spaces through selective search, provably 
converge to optimal behavior in many settings, provide approximate solutions when stopped 
at any time, and also proved to show excellent synergy with integrated deep neural networks 
[31]. They are now being developed for and applied to countless domains from board and 
video games to robotics to drug discovery to self-driving cars and more [98]. However, the 
decision-making and behavior of MCTS can be hard to understand, as it results from often 
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large and complex search trees, consisting of thousands of simulated possible futures, their 
evaluations, and relationships to each other. This can be a challenge e.g. for developers trying 
to debug and improve MCTS; for end users who need to build trust in and successfully 
collaborate with MCTS-based agents to deploy solutions in practice; and for the development 
of completely new applications, such as turning algorithms that can play chess on a 
superhuman level into helpful and effective chess teachers. We are seeing the explanation of 
search decisions as one of the central challenges of PEER. Our ongoing work on explainable 
search has developed into three main directions so far. 
1. Explaining search with Computation Tree Logic (CTL) [99]. In this work, we focus on 
dynamic vehicle routing in public transportation (which has potential applicability to 
explainable routing in both the Amsterdam and the Sonae use cases of PEER).  Algorithmic 
and data-driven approaches have shown particularly promising results in public 
transportation [100].However, transportation has traditionally involved human operators 
optimizing decisions manually. As a result, AI-based approaches are often viewed with 
skepticism even when they demonstrate higher efficiency. This lack of trust primarily stems 
from a lack of understanding.  
Path planning algorithm can for example be responsible for assigning a passenger request to 
one of several available vehicles. The algorithm is equipped with real-time information, 
including the current locations of all vehicles and their availability status. While generating 
plans, the algorithm is guided by specific objectives, such as maximizing the overall 
percentage of completed trips. Moreover, it is provided with certain non-negotiable 
constraints on time windows that must not be violated during the planning process.  
Leveraging its internal mechanisms, the planning algorithm generates the best approximation 
to an optimal solution it can find and presents the user with the corresponding result.  
However, the algorithm is a black-box when presented to users such as route dispatchers 
who may not have a technical background in search algorithms. They are unable to analyze 
the consequences of solutions in detail, and are therefore unable to determine if they can trust 
those solutions or if they can improve them with their domain knowledge. We tackle this 
challenge by developing computation tree logic (CTL)-based explainable MCTS. CTL is 
promising for us as a formal language with which we can formulate a variety of queries 
related to search trees, and find provably correct answers to them by applying off-the-shelf 
CTL solvers. 
Our explainer categorizes user queries into three varieties: factual queries that provide 
insights into the algorithm's decisions derived from states and actions in the search tree, 
contrastive queries that compare user-suggested decisions with the algorithm's 
recommendations by identifying CTL violations or inferior rewards, and alternative plan 
explanations that involve extending the search to additional (user-requested) options.  
Specifically, our explainer first leverages language templates to capture user queries about 
the outcomes of the MCTS algorithm, such as “Based on the suggested vehicle assignment, 
is it expected that the passenger will be dropped off too late?” Second, each templated 
natural language query is converted into a logic specification by a many-to-many mapping 
process, in this case ϕ = AG (test. > tallowed) . Third, our explainer triggers a formal specification 
checking mechanism of CTL that takes logic formulas as input and traverses the MCTS tree 
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to generate results. Fourth, the checking and verification results obtained in this step are then 
translated back into natural language. Continuing from the previous example, a response to 
the query would be: “The passenger has specified a desired drop-off time of 5: 33	𝑃𝑀. The 
route planning algorithm has simulated approximately 150 potential future scenarios and 
requests. Potential Late Arrival: There's a chance that the passenger might encounter a delay 
in their drop-off time. This expected delay averages around 23 minutes. The primary reason 
for this delay is that the proposed vehicle is expected to make stops at about 4 other locations 
prior to reaching the passenger's drop-off point. However, the delay can be as short as 19 
minutes or extend up to 27 minutes. The percentage of times the suggested vehicle doesn't 
meet the desired drop-off time is about 10%.” The question and answer templates are 
domain-dependent and can be adapted on the fly. 
 

 
Figure 7. Explaining search with Computation Tree Logic (CTL) 

 
This work is currently being extended [101] to improve its flexibility with regard to the user 
queries it can process. Instead of the user having to choose a question template, we are 
testing a free-form query interface. Queries are then mapped by an LLM to a question bank 
that has been created on the basis of an earlier user survey. In this way, natural language 
inquiries submitted via a chat interface are turned into parameterized logic expressions. This 
also further increases the generality of the approach, simplifying its potential application to 
the PEER use cases. 
 
2. Explaining MCTS in terms of user-understandable scenarios. In earlier work [94], we 
developed the first concrete building blocks of MCTS explanations that can be expanded and 
adapted for a variety of explanation scenarios. This explanation toolset drew on the search 
tree over expected futures available to MCTS. It aimed at explaining current decisions by 
explicitly discussing possible future situations and further decisions that given choices could 
lead to. Due to the complexity of search trees and the multitude of questions a human user 
could have about the future plans of MCTS, our toolset made the first steps towards 
understanding MCTS explanations as interactive conversations between user and AI agent, 
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rather than giving one-size-fits-all explanations. And due to the nature of online planning 
settings, in which often neither the AI nor the user can consistently make optimal decisions 
on their own, our toolset suggested first, simple ways to “discuss” MCTS decisions before 
committing to them -- aiming at explanations that (in limited ways) support true human-AI 
collaboration. 
The information we presented on any given search tree or subtree of interest was defined by 
the probabilities of a pre-specified, domain-dependent set of positive and negative scenarios 
(sets of states), as defined by the proportion of MCTS simulations in the subtree that reached 
them. The scenarios were assumed to be shared knowledge among AI and human user. 
Capturing an opponent piece in chess, for example, can be considered a commonly 
understood positive scenario for the user.  
Using sets of preferred states, chosen such that “users understand that this is a good thing”  
[102], is a relatively common method in XAI to ground explanations; it has been argued that 
users need to be given explanations using domain-like language [102], as opposed to the 
expected action values and future rewards used internally by many RL algorithms. This is also 
a matter of the right level of abstraction: When using higher-level concepts such as scenarios, 
“these concepts can be designed to be more descriptive and informative for the potential 
user”[103]. 
In our current work, we are exploring the automatic learning of such scenarios, for example 
by extracting them from conversations with users with as little effort as possible [104]. 
Furthermore, we tackle the limitation of our previous approach that it could only explain 
actions in terms of positive or negative scenarios actually found in the search tree – by learning 
predictors for our future expectations over these scenarios, we hope to be able to provide 
explanations with a deeper temporal horizon (with appropriate communication of prediction 
uncertainty [105]). 
 
3. Explaining MCTS in terms of a minimally sufficient set of state or evaluation features. 
Early work on explainable RL  also attempted to explain actions with the agent’s expectations 
over a set of positive or negative scenarios; however, the emphasis here was to derive 
explanations that are both sufficient and minimal. An explanation was here defined as a set 
of scenarios with the expected frequencies of reaching them, assuming the action in question 
is chosen - for example, “After choosing this action, we will capture the opponent’s rook with 
27% probability”. An explanation was defined as sufficient if the frequency of reaching the 
selected scenarios is enough to show that the action in question is optimal (without needing 
to mention additional scenarios – the frequency of all other scenarios is irrelevant for choosing 
the action in question). A sufficient explanation was defined as minimal if it includes the 
minimum number of scenarios needed to ensure it is sufficient. In our current work in this area, 
we are aiming at transferring these concepts to search-based agents such as MCTS agents. 
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3.2.1.6 Explaining Actions of RL Agents 

Our work in this category focuses on explaining why a given RL agent (not necessarily guided 
by a search algorithm, but also a more commonly used reactive agent based on e.g. a neural 
network) made a given decision. 
We are taking inspiration here from a popular approach to explaining the decisions of 
supervised learning models: Concept Bottleneck Models (CBMs[77]). These models try to 
make their decisions (typically classifications of input images) understandable for human 
users by not mapping the input image directly to an output decision but first predicting an 
intermediate set of human-specified concepts c, and then using c to predict the final output. 
By forcing the final decision to depend on the set of concepts specified by a human user (at 
training time), CBMs don’t only enable easier interpretation, but also allow users e.g. to 
correct model mistakes at test time by directly intervening on incorrectly recognized concepts. 
A rich literature is based on this basic idea; for example, Post-hoc Concept Bottleneck Models 
(PCBMs)[106] attempt to overcome two limitations of CBMs: 1) requiring dense concept 
annotations in training data to learn the bottleneck, and 2) often reduced accuracy in practice 
due to users not specifying powerful enough concepts in advance. The idea of PCBMs is to be 
applicable to any pre-trained network, and converting it into a concept bottleneck model, 
enhancing it with the desired interpretability benefits post-hoc. This is done by learning the 
concept activation vectors [107] of the concepts of interest in the activation space of the 
network; projecting the embeddings produced by the network for a given input onto the 
concept subspace defined by this set of vectors; and then training an interpretable predictor 
to classify examples from their projections. When the user-specified set of concepts is 
insufficient, PCBMs can also be extended with a residual predictor that handles the 
“unexplainable” part of a decision which cannot be explained with the given concepts. 
The recently proposed Explanation Bottleneck Models (XBMs) [108] go one step further by 
dispensing with user-defined concepts entirely. XBMs generate a text explanation from the 
input by leveraging pre-trained foundation models (vision-language encoder-decoder 
models), and then predict a final task prediction based on the generated explanation. By end-
to-end training of this pipeline with suitable regularization, they ensure target task 
performance without losing explanation quality (without allowing the intermediate text to 
become meaningless to humans). 
In our current work in this area, we explore the transfer of these ideas to explaining the 
behavior of – and intervening/editing the behavior of - RL agents. Such agents could help 
steer planning algorithms in several of the PEER use cases, or replace planning in cases where 
decision times are short. 

3.2.1.7 Explaining entire policies of RL agents 

Our work in this category focuses on making entire policies of agents understandable. We 
focus here on the growing research area that uses programmatic representations to encode 
solutions to sequential decision-making problems [109]. Depending on the language used, 
programs that encode programmatic solutions can generalize to unseen scenarios better than 
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neural representations [110]. Such solutions can also be interpretable [111], which could 
allow users to manually modify computer-generated solutions. The challenge of using 
programmatic representations is that one needs to search in large and discontinuous 
spaces of programs, typically defined by a domain-specific language. 
In our first work on programmatic reinforcement learning [112], we leverage the ability of 
large language models to write computer programs to speed up the synthesis of 
programmatic policies. We use an LLM to provide initial candidates for the policy, which are 
then improved by local search. LLMs are especially effective in this setting when we give them 
access to the outcomes of the policies’ rollouts. That way, LLMs can try policies encoding 
different behaviors, once they observe what a previous policy has accomplished. This process 
forces the search to explore different parts of the space through “exploratory initial 
programs”. Since our system only queries the LLM in the first step of the search, it offers an 
economical method for using LLMs to guide the synthesis of policies. 
In ongoing work, we are extending this system to leverage human knowledge encoded in 
foundation models even more effectively. We extract programmatic policies from LLMs that 
encode “innate skills” in the form of temporally extended actions, or options. In contrast to 
existing approaches to learning options, we thus learn them from the general human 
knowledge encoded in foundation models in a zero-shot setting, and not from the knowledge 
the agent gains by interacting with the environment. Then, we search for a programmatic 
policy by combining the programs encoding these options into larger and more complex 
programs. We hypothesize that this way of learning and using options could further improve 
the sampling efficiency of current methods for learning programmatic policies. 
Additionally, we are working on: 1) a literature review on programmatic reinforcement 
learning; 2) a combination of gradient-free (e.g. local search, evolutionary algorithms) with 
gradient-based techniques (policy gradient methods), to learn more from the trajectories 
generated by programmatic RL approaches and so improve their sample efficiency; and 3) the 
application of programmatic RL to domains in which explainability is seen as key, leading to 
suboptimal heuristics being used in practice instead of strong, black-box RL agents. This 
includes e.g. scheduling problems but also warehousing/logistics problems similar to the 
Datacation use case of PEER. 

3.2.1.8 Transparent Hyperparameter Tunning 

With particular application to the Sonae use case, we examined a collection of state‐of‐the‐
art frameworks for hyperparameter optimization that incorporate aspects of human‐in‐the‐
loop methodologies and extend optimization beyond conventional model performance to 
include external factors such as user goals, preferences, and time constraints.  
ixAutoML [113] exemplifies a system with native interactive and explainable capabilities, 
allowing users to directly inspect and adjust the automated learning process.  
In contrast, frameworks such as Optuna [114], Ray Tune [115], FLAML [116], Hyperopt [117], 
BOHB [118], Auto-WEKA [119], SMAC [120], and Spearmint [121]  leverage sophisticated 
surrogate models and Bayesian techniques to explore hyperparameter spaces; however, their 
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capabilities for explainability and human-in-the-loop integration are primarily realized 
through post hoc analysis and external tool integration rather than being provided natively. 
  
Overall, these frameworks demonstrate a progressive shift from purely automated 
hyperparameter tuning toward systems that can incorporate human expertise into the 
optimization process. They enable experts to introduce external criteria - such as operational 
constraints, user preferences, and computational time limits - into the optimization workflow, 
thus extending beyond standard ML model performance metrics. Although most frameworks 
(with the notable exception of ixAutoML) require external post hoc analyses for 
comprehensive interpretability, they nonetheless offer flexible environments that can be 
augmented to address non-trivial real-world optimization challenges. This evolution 
represents a significant advancement in the development of adaptive, user-centric 
optimization systems in machine learning. However, it still raises questions about the effective 
utilization of these frameworks in iterative, human-in-the-loop scenarios with varying user 
preferences. 
 

3.2.2 Information Flow from User to AI (user modelling and feedback) 

As humans are different and are not rationaldue to cognitive and emotional limitations of 
information processing [122], [123]. Preference modelling and elicitation are task-specific and 
domain-specific, as we are looking for relevant features of the modeled domain that 
differentiate various people/groups of people. So, in the remainder of this section we will 
focus on the case of recommender systems, the improvement and expansion of which is part 
of the current research in the project. This thread will be more comprehensively covered in 
the MVP#2 and reported in the D3.2 report, however preliminary research was already done 
for Sonae use case. 

3.2.2.1 Recommender systems 

Recommendation systems use different methods to suggest products, services, or content to 
users according to their behaviors or preferences. Several approaches have been created over 
the years, from the initial Collaborative Filtering (CF) techniques to more complex ML-based 
approaches like deep learning and factorization models. This section delves into the most 
important approaches and state-of-the-art in recommendation systems, highlighting their 
benefits and challenges which we plan to tackle or adapt for MVP#2 and report in D3.2. 
 
Content-Based Filtering (CBF): CBF is a popular recommendation method that relies on 
analyzing the characteristics of items to recommend similar ones to the user. Unlike 
collaborative filtering, which focuses on user behavior, content-based methods assess the 
content (e.g., textual data, product features, metadata) to make predictions about what a user 
might like. This technique uses attributes of items, such as keywords, descriptions, and tags, 
and matches them with the user’s preferences based on their past interactions [124]. 
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For example, a movie recommendation system might suggest films based on the genres, 
directors, or actors that a user has previously watched and rated highly. Content-based 
filtering has the advantage of not requiring user interactions with other users, making it a 
useful solution for handling the cold start problem for new users or items. However, it also 
faces challenges such as limited diversity in recommendations, as the system tends to 
recommend items that are very similar to the ones a user has already interacted with [125]. 

Collaborative Filtering: CF is one of the earliest and most widely used techniques for 
recommendation. It operates by predicting a user's preference based on the preferences of 
other similar users. Two main types of CF exist: memory-based and model-based methods 
[126]. 
Memory-based methods rely on user-item interactions to compute similarity scores between 
users or items. These methods use a user-item matrix to recommend items based on the 
preferences of users with similar behaviors. For instance, k-nearest neighbors (k-NN) is a 
classical approach where similarity between users is computed using metrics such as Pearson 
correlation [126]. 
Model-based CF algorithms attempt to obtain latent factors of user tastes. These models 
decompose the user-item interaction matrix into lower-rank matrices representing items and 
users and make predictions based on such latent factors. Algorithms based on Singular Value 
Decomposition (SVD) have been found to cope with implicit feedback like clicks and 
purchases well. Data sparsity, where most of the entries of the user-item matrix are missing, 
is a fundamental issue of CF, especially for implicit feedback. Recent advances, such as 
Bayesian Personalized Ranking (BPR), address this by learning models for personalized 
ranking instead of explicit ratings prediction [127]. 
In recent years, more advanced techniques such as deep learning have made significant 
progress in the field of recommendation systems. Deep learning offers advantages in 
modeling complex non-linear relationships within user-item interactions, improving 
recommendation quality and robustness [128]. 
A notable contribution in deep learning for recommender systems is Neural Collaborative 
Filtering (NCF), which replaces traditional matrix factorization's inner product with a multi-
layer perceptron (MLP) to learn the user-item interaction function [129]. This approach allows 
the model to capture more complex relationships between users and items compared to 
traditional methods. 
Moreover, in session-based recommendation, where no historical data is available, Recurrent 
Neural Networks (RNNs) have demonstrated impressive results. RNNs model the temporal 
sequence of interactions in a session, offering significant improvements over classical 
collaborative filtering methods. By utilizing Top-k ranking loss functions, RNN-based systems 
have improved recommendation accuracy by up to 35%, particularly in e-commerce and video 
platforms [130]. 
Factorization Models: Factorization models are particularly effective in collaborative filtering 
tasks where data sparsity is a significant issue. These models factorize the user-item matrix 
into low-rank matrices, capturing latent interactions between users and items [131]. 
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Factorization Machines (FM) generalize matrix factorization models, allowing for the modeling 
of interactions between features [132]. These models have been shown to handle large, 
sparse datasets efficiently, outperforming traditional methods like Support Vector Machines 
(SVMs) in recommender systems. FMs offer the flexibility to incorporate both implicit and 
explicit feedback, making them versatile for a wide range of recommendation tasks. 
 
Most of the currently developed and researched recommender systems are focused on hybrid 
models that are combinations of two or more methods. 
K-GBDT combines the strengths of two key components: k-nearest neighbors and Gradient 
Boosting Decision Trees (GBDT) to enhance accuracy and provide personalized 
recommendations [133]. k-NN algorithm identifies and gathers data from users and items 
that are similar to the target user and item. It serves as an input to the GBDT model, which 
captures complex patterns and interactions within the data. It iteratively learns and finds 
intricate patterns, boosting the predictive performance by focusing on hard-to-predict 
instances. Proposed hybrid combination results in capturing both local and global patterns. 
k-NN focuses on local similarities, while GBDT reveals global patterns, so that the model 
benefits from a comprehensive understanding of user-item interactions. Another advantage 
of the presented algorithm is that while GBDT handles the feature interactions effectively, k-
NN helps in scenarios where data is sparse by relying on neighborhood information. 
Another novel approach integrates Factorization Machines with Association Rules (AR) into a 
hybrid approach – FMAR. In the first step, frequent itemsets revealing products often 
purchased together are identified. Then, the pool of items for which the FM model must 
predict ratings is narrowed down by utilization of derived association rules. By focusing on a 
subset of relevant items, the computational load is reduced, leading to faster recommendation 
generation while maintaining accuracy comparable to traditional FM-based systems. This 
idea offers a promising solution for real-time recommendation scenarios, where both speed 
and accuracy are critical, like the ones covered in PEER project. 
 
The advent of Graph Neural Networks (GNNs), such as Graph Convolutional Networks 
(GCNs), which leverage the inherent graph structure, have provided new opportunities for 
recommender systems' development. By viewing the user-item preference data as a bipartite 
and undirected graph, GCN-based techniques have shown the potential to mine near- and 
long-distance preferences of users towards items. Differently from the classical CF models, 
which utilize the information from user-item interactions only in the optimization of their 
objective functions, graph convolution is designed to encapsulate user-item multi-hop 
relationships right from the representation of their embeddings. Such learned profiles are 
suitably exploited to produce more accurate recommendations [134]. 
Another idea is integrating GCNs with attention mechanism like in GARec. It employs an 
attention mechanism alongside a spatial GCN to assess the significance of neighboring nodes 
in a user-item bipartite graph. This setup allows the model to weigh the influence of related 
users and items appropriately when forming the final representation of a target entity. 
GARec's performance outperforms existing model-based methods, including both non-graph 
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neural networks and other graph neural network approaches, in terms of Root Mean Square 
Error (RMSE) [135].  
Graphs can represent not only user-item interactions, but we can also incorporate 
personalized features into graph-based recommendation system by augmenting the node 
features vectors with additional user-specific data such as demographics. For example, 
instead of initializing user nodes with only random embeddings, we can concatenate 
additional features (e.g., age, gender, location) to the initial embedding. This way, the GNN 
will learn representations that combine both the graph structure and personalized user data. 
 
Graph-based methods are also useful in the context of recurring item prediction. They have 
been applied to construct item-user networks that capture historical recurrence trends, 
enabling better long-term user engagement modeling [136]. Self-attention mechanisms, as 
implemented in transformer-based models, improve recurring item prediction by capturing 
complex long-range dependencies in user sessions [137]. Real-time adaptation remains an 
open challenge, with incremental learning techniques being explored to dynamically adjust 
recommendation weights without requiring full model retraining. Reinforcement learning-
based approaches have also been investigated for optimizing recurring recommendations 
through real-time user interactions. 
 
While recommendation systems have made significant progress, there are still a few key 
challenges to address:   

• Data Sparsity: A common issue with CF is that it struggles when there isn’t enough 
data. This can reduce the accuracy of recommendations. However, techniques like BPR 
and Factorization Machines (FM) are designed to solve this problem by focusing on 
ranking items instead of trying to predict specific ratings [132]. 

• Cold Start Problem: When new users or items are introduced, there isn’t enough data 
to make informed recommendations. Hybrid models and content-based filtering 
methods can help here by using additional sources of information to better handle new 
situations [126]. 

• Scalability and Real-Time Processing: As the amount of data increases, making sure 
that recommendation systems can still handle it efficiently becomes crucial. Deep 
learning models and FM have the advantage of being scalable, helping them to 
manage and process large datasets in real-time [130]. 

• Explainability and Fairness: As recommendation systems become more complex, 
there is a growing demand for transparency. Users and developers want to understand 
how recommendations are made. Research is moving towards making these systems 
more explainable, which could boost user trust by providing clear explanations for why 
certain recommendations are given [138]. 
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• Preference Modelling and Elicitation: Preference modeling plays a key role in modern 
recommendation systems. Review-based models extract user preferences from textual 
data, with neural attention mechanisms improving personalized ranking and recurring 
item recommendations. Sentiment-aware preference models further refine user 
preference understanding by dynamically adjusting recommendations.  
LLM-driven preference modeling has introduced generative retrieval frameworks that 
learn evolving user behaviors over time, enhancing long-term personalization. Hybrid 
preference models combine explicit feedback (e.g., ratings, preferences) and implicit 
signals (e.g., clicks, dwell time, past purchases) to improve adaptability to user 
behavior shifts. Multi-modal preference modeling, leveraging interaction logs, session 
history, and time-based features, further refines recommendations by detecting long-
term user interest patterns. 

• Context-awareness and Personalization: Future research will also focus on 
interactive preference modeling, where users can provide real-time feedback to refine 
recommendations dynamically. Context-aware recommendations, incorporating 
external factors such as time of day, location, and historical consumption cycles, will 
be further developed to enhance personalization accuracy. 
 

Recommendation systems have evolved from basic CF methods to sophisticated deep 
learning and factorization techniques. With data becoming more complex and heterogeneous, 
recommendation systems continue to evolve with new algorithms being introduced to 
improve accuracy, scalability, and user satisfaction. The future of research will be focused on 
addressing existing issues such as data sparsity, the cold start problem, and the need for more 
explainable and personalized recommendation systems. 
 
In our ongoing work, we are evaluating all of the above-mentioned state-of-the-art 
approaches for their suitability in the Sonae use case. After preparing the basic models, as 
next steps we plan to: (a) test various hybrid approaches and diverse GNNs architectures, (b) 
evaluate supervised algorithms after determining the target feature which must be some 
implicit rating, (c) address the main challenges mentioned above, (d) transfer the knowledge 
gathered with experiments on Sonae data to other use cases. 

3.2.2.2 Human-in-The-Loop Learning 

Human-in-the-loop learning is a set of strategies combining human and computational 
agents (e.g., an AI model). The goal is typically to (1) increase the accuracy of the agent’s 
performance acting on behalf of the user (e.g., planner), (2) combine human and AI agent’s 
knowledge to reach the maximum accuracy faster, or (3) assist the user in doing an ML task 
efficiently. 
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Within our SDM framework (𝑆, 𝐴, 𝑇, 𝑅, 𝛾), we have thus far assumed that the reward function 
𝑅(𝑠, 𝑎) is explicitly defined. However, in many real-world scenarios, particularly when 
attempting to replicate human or animal behavior, this assumption breaks down. Inverse 
Reinforcement Learning (IRL) addresses this challenge by attempting to recover the 
underlying reward function from observed behavior. The fundamental premise of IRL stems 
from human-in-the-loop learning: while we can often observe expert demonstrations of 
desired behavior (whether from humans, animals, or existing systems), articulating the precise 
reward function that drives these behaviors is notably challenging, especially when the 
reward function is multi-attribute (how can we determine the relative weights a priori?). Even 
with extensive behavioral studies and neurophysiological evidence, extracting accurate 
reward functions through empirical investigation remains difficult. IRL can be formalized as 
the inverse problem of RL: given observed optimal (or near-optimal) behavior of the experts 
following some policy 𝜋, we aim to infer the reward function 𝑅 that makes this behavior 
optimal. This becomes particularly complex in scenarios with multiple competing objectives, 
where the observed behavior might result from balancing various factors - a situation 
common in human decision-making [139]. Not only this, IRL requires to solve a RL problem 
at every gradient step other than performing standard backpropagation. To try and mitigate 
the problems of an high computational challenge and the scalability issue that IRL on big data 
can introduce, Receding Horizon Inverse Planning (RHIP) was formalized t introduces not only 
a brand new way of initializing the backward pass closer to the desired solution by leveraging 
the value of dominant eigenvectors (MaxEnt++) but also a novel IRL algorithm for path 
planning that balances its load through a trade-off among cheap, deterministic planners and 
expensive yet robust stochastic policies [140]. While algorithms and frameworks like RHIP 
were able to successfully extract latent preferences in path planning scenarios, this was only 
done in single-objective tasks. However, in path planning for humans, the agents often differ 
in their objectives, especially when considering factors like disabilities. Implementing MORL 
techniques within the RHIP could significantly enhance its capabilities for personalized path 
planning. As users select certain types of paths or deviate from suggested plans, the system 
could build personalized preference models that predict which trade-offs a particular user 
might prefer in new situations. This approach would be particularly valuable for users with 
disabilities, as their path planning needs often involve complex trade-offs that single-
objective systems struggle to accommodate. For example, a user with mobility impairments 
might sometimes prioritize the shortest accessible path, while at other times preferring a 
slightly longer route with fewer elevation changes.  

Another way of human-machine collaboration that emerges from AI is Active Learning (AL) 
[141],[142]. It draws inspiration from a set of instructional methods in educational literature 
[143] that aim to engage students as active participants in the learning process, reducing their 
reliance on the teacher. 

AL focuses on identifying data samples that help ML algorithms improve in achieving a 
particular objective. It often requires having human-in-the-loop and user involvement, such 
as labeling selected data points, to facilitate the learning process. This approach often helps 
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supervised learning models to converge to desired accuracy with more labeled data. AL 
assumes that the learning agent (AI) has full control of data and can query an entity with 
extensive knowledge of the domain (e.g., typically an expert) for data annotation [144]. 

 
Figure 8. Different Active Learning strategies. Top left: initial decision boundary of some ML algorithm. Top right: 

Uncertainty sampling. Bottom left: Diversity sampling. Bottom right: combination of diversity sampling and uncertainty 
sampling strategies [145] 

Explained visually in Figure 8, Munro recently identified three types of sampling strategies: 
random, uncertainty, and diversity [145]. The random sampling approach is the most 
straightforward, as it involves selecting data for labeling at random. In contrast, the other two 
strategies are more intriguing, as they reflect a familiar challenge—balancing exploitation and 
exploration [146]. As shown in Figure 8-top right, in uncertainty sampling (exploitation), the 
learner query instances which have the least certainty in prediction and diversity sampling 
(exploration) on the other hand selects data points that have been seen in the batch of data 
in previous iterations (see Figure 8-bottom left). There are as well AL strategies that try 
combine the benefits of the two approaches (see Figure 8-bottom right). We refer the reader 
for more details to a recent publication [144]. 
Although ML techniques has shown a very successful result in Anomaly Detection (AD) tasks 
in visual inspection (e.g., Proditec use case), these methods focus mostly on one-class 
learning, where nominal data are used to train a representation of normal cases, and 
deviations from this representation are considered anomalies. 
However, most of the research does not consider the practical aspect of implementing such a 
system. In real-life examples, data labeling is inevitable to obtain the nominal samples but 
also to obtain the anomalous samples for the purpose of validating the quality of the model. 
Thus, the real effort that is not yet fully explored should be placed for active-anomaly 
detection that will combine the strengths of unsupervised methods with active learning for 
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the sake of dataset creation. Another aspect of enabling such a paradigm in visual inspection 
tasks is to incorporate human knowledge to improve model performance from human 
annotated samples. This knowledge/preference not only varies subjectively but also 
objectively due to regulations and restrictions applied to different regions and countries 
during the quality assurance process. Therefore, we argue that actively involving human 
operators within the anomaly inspection process not only decreases annotation effort but also 
increases model adaptability by considering operator feedback during validation. In PEER, we 
plan to study an AL setup for inspecting visual anomalies in industrial settings, enabling a 
two-way interaction between domain experts and the anomaly modeling process. This 
collaborative approach enables an iterative thresholding mechanism that refines anomaly 
detection over time. Furthermore, by incorporating annotated anomalous samples in AD 
pipeline, we ensure that such information would still be beneficial for One-Class 
Classification (OCC) improvement. Additionally, we hypothesize that our approach mitigates 
the costs associated with manual data augmentation and data creation tasks for model 
evaluation, ultimately leading to a more robust data representation during model validation. 
Moreover, as shown by some recent works, combining the benefits of both AI paradigm, 
namely XAI and AL would enable a fruitful dialogue between human and AI and we would 
like to study how different XAI methods would enhance both user’s and learning agent’s 
performance in visual anomaly detection domain. 

3.3  User - AI Conversation Management (Task 3.3) 

According to DoA: The main goal of this task is to integrate the improved problem-solving 
techniques developed in task 3.1 and the extended information flow developed in task 3.2 
into a consistent, ongoing conversational interaction loop between users and AI. In this 
section, we study methods that will allow a) discuss problems and solutions on the desired 
human-specified level of abstraction (e.g., instead of using raw feature values, use granules 
of information which carries more semantic information), and b) allow to store, integrate and 
re-use the knowledge that was generated within previous interactions with the system to 
close the loop of human-AI collaboration. This will form a logical backend for the use-case 
specific interface (such as visualizations, textual conversations, etc.). 

3.3.1 Human-in-The-Loop Approaches 

To deliver truly personalized experience [147], humans should play an active role in the 
system, providing feedback that adjusts the system since tasks of modelling human agents 
exhibit complexity arching beyond current capabilities of algorithms alone [148]. Approaches 
aiming to solve problems that include human feedback as a part of a system can be subsumed 
under an umbrella term of Human in The Loop (HiTL) [149]. 

The general HiTL approach can be considered as a three-step process [150]: (a) Data 
acquisition: direct and indirect feedback from the user, physiological data indirectly describing 
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central nervous system activity, information about the person's current activity, and a 
description of the external environment; (b) State inference: based on the acquired data, the 
system tries to infer the user's current state; (c) Actuation: when knowledge has been distilled 
from the gathered data, a system should decide on the action to be taken. 

In fact, the situation in which both the AI and the user are in the same loop can be considered 
an interaction of two loops that are similar at a very high level of abstraction [150]: 

• An AI-centered loop in which artificial intelligence attempts to obtain data about the 
user, tries to understand them and adjust its behavior accordingly, 

• A user-centered loop in which the user receives data from the AI, tries to understand 
it, and takes the next steps to achieve their goal (e.g., asks the AI for explanation). 

Various HiTL approaches differ in terms of which particular user characteristic is inferred, and 
this in turn entails acquiring the relevant data in the Data acquisition step. In affective 
computing (emotion-in-the-loop), the focus is on the user's emotions, so the data collected – 
such as the heart rate signal – directly or indirectly helps infer the current emotional state 
[151]. In personality-in-the-loop, the focus is on personality, so behavioral clues and 
questionnaire data are collected that help infer personality [150]. The scenarios considered in 
the project can be called mental-model-in-the-loop because, on the one hand, the user is 
trying to understand AI, i.e., create a mental model of the AI assistant and understand its 
decisions, and, on the other hand, AI is trying to make a mental model of the user trying to 
gather information about the user's preferences and expected levels of detail of explanations. 

HiTL approaches can be considered a generic framework within which a human-AI interaction 
is formed However, in this approach the focus is on achieving the goals of one or the other 
side, as it is an interaction of two similar feedback loops. True collaboration between human 
and AI will require dedicated frameworks that assume close cooperation between the two 
parties from the very beginning. One such approach was recently presented in [152]. As part 
of the current work, we are continuing our review in search of promising approaches to this 
challenge. 

3.3.2 Conversation Management 

Conversation management in AI refers to the strategies and techniques used to ensure 
coherent, engaging, and contextually relevant interactions between an AI system and a 
human user. The goal is to simulate natural conversation, maintain user engagement, and 
provide useful responses. Currently, applications of conversation management – known to 
the broader audience as intelligent assistants or chatbots – span across different disciplines, 
including e-commerce [153], healthcare assistants [154], and financial advisors [155]. 

3.3.2.1 Key Aspects of AI Conversation Management 

We can identify following key components in AI conversation management: 
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• Intent recognition: identifying the user's intent (e.g. request, complaint, expressing 
emotion) [153]. 

• Context awareness and memory: AI should remember prior parts of the conversation 
to avoid repetition and improve coherence. It is applicable to short-term memory 
(session-based) and long-term memory (persistent user preferences). 

• Turn taking & flow control: AI must know when to speak, listen, ask follow-ups, or 
hand off the conversation smoothly [156]. 

• Emotional intelligence: detecting sentiment (analyzing tone, word choice) to response 
accordingly, e.g., if a user sounds frustrated, the AI may switch to supportive tone, 
offering sympathy before giving solution. 

• Personalization & adaptation: AI should adapt its responses based on user 
preferences, previous interactions or sentiment, e.g. if a user frequently asks about tech 
news, the AI prioritizes tech-related responses [156], [157], [158]. 

• Error handling: AI must detect misunderstandings and correct itself e.g. by asking 
clarifying questions. 

• Multi-turn conversation & proactiveness: AI should handle long conversations, 
understand follow-ups, and proactively offer suggestions. 

• Ethical & privacy considerations: AI should ensure transparency, legal compliance 
[159], respect user privacy [154], and avoid manipulation. It should also handle 
sensitive topics with care (e.g., mental health) [158]. 

There are a few existing solutions to tackle the problem of conversation management in AI. 
A foundational solution in the development of conversational agents are rule-based systems, 
offering structured and interpretable frameworks for dialogue management [160]. These 
systems rely on if-then logic, decision trees, or state machines to determine responses based 
on user input. They are deterministic - they follow strict patterns and do not learn from 
interactions. While they offer reliability and control, they can struggle with handling 
unexpected inputs or complex conversations [161], [162]. Some modern approaches 
integrate rule-based logic with machine learning to improve flexibility and adaptability. In 
[163] authors propose a hybrid approach where pre-trained language models are 
incorporated into traditional rule-based frameworks. 

Another solution that is used in conversational AI is RL. It is a machine learning paradigm 
where agents learn optimal behaviors through trial and error, receiving feedback from their 
actions to maximize cumulative rewards. RL enables dialogue systems to improve interactions 
by learning from user feedback and adjusting responses accordingly. The papers [164], [165] 
propose ways of using this paradigm to develop agents capable of adapting to complex and 
changing scenarios. 

Recent advancements in AI conversation management are significantly influenced by 
transformer-based models like BERT and GPT. By leveraging their advanced language 
understanding and generation capabilities, these models contribute to the development of 
conversational agents that are more responsible, context-aware, and human-like in their 
interactions [166]. The authors of [167] are going a step further and propose integration of 
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graph structures into language transformers to improve the prediction of subsequent actions 
in complex conversational scenarios. Instead of relying on external knowledge graphs, the 
study builds graph representations of conversations by capturing relationships between 
human utterances and actions. This means that the model can understand contextual 
dependencies and improve predictions without needing external databases. 

A crucial aspect for building trust and handling ethical issues in conversation management is 
explainability. It ensures that users understand the reasoning behind AI responses, fostering 
transparency and reducing bias. Additionally, explainability allows for better debugging, 
regulatory compliance, and seamless human-AI collaboration, making interactions more 
reliable and accountable [159]. 

Most of the key aspects of conversation management in AI are still in the development phase. 
These include enhancing emotional intelligence [168], addressing ethical and legal 
considerations, and improving explainability[159]. Additionally, there is a growing need to 
better handle ambiguity in statements like sarcasm[169] and humor [170]. 

3.3.3 Computational Argumentation 

Several techniques for generating explanations in XAI can be viewed as argumentative [171]. 
For example, attribution methods, such as model-agnostic approaches [67] and model-
specific methods [172], establish connections between inputs and outputs through positive 
and negative relationships, which could be seen as arguments in favor and against. 
Additionally, contrastive explanations highlight reasons for and against particular outputs 
[173]. However, there are also more explicitly argumentative approaches to XAI that employ 
computational argumentation techniques [174]. Computational argumentation or 
argumentation theory can be useful for XAI due to its solid theoretical and algorithmic 
underpinnings, as well as the flexibility it offers, especially in the diverse range of 
argumentation frameworks (AFs) available in the literature [175]. These AFs provide methods 
for defining arguments and the dialectical relationships between them, along with semantics 
to assess the dialectical acceptability or strength of arguments, although they can vary 
significantly in how these components are defined. When AFs are applied for generating 
explanations, (weighted) arguments and dialectical relations can effectively represent 
elements such as input data (e.g., categorical data or pixels in an image), knowledge (e.g., 
rules), internal components of the method being explained (e.g., filters in convolutional neural 
networks), problem formulations (e.g., planning, scheduling, or decision-making models), and 
outputs (e.g., classifications, recommendations, or logical inferences). Argumentation is highly 
applicable to decision making, e.g. through support or opposition of a decision, reasoning for 
a decision, tackling knowledge with uncertainty, and recommendations. Argumentation 
dialogues are maybe the most natural method of providing an explanation [176]. We are 
therefore also studying the literature on computational argumentation as a potential 
framework for user-AI conversations, which could offer targeted on-demand explanations in 
response to the user questioning specific AI decisions, assumptions, or conclusions. 
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3.3.4 Knowledge Granules and Levels of Abstraction in Conversational Management 
Systems 

Adjusting the level of abstraction is crucial for intent recognition, contextualization, and 
personalization because it enables the system to tailor its responses according to the depth 
and complexity of the user's needs. For intent recognition, varying the level of abstraction 
allows the system to better understand and address user requests, whether they are simple 
inquiries or more complex emotional expressions. In terms of contextualization, dynamically 
adjusting abstraction levels ensures that the system can maintain coherence throughout the 
conversation by recalling relevant prior exchanges, avoiding repetition, and offering 
responses that fit the evolving context. Furthermore, for personalization, this flexibility allows 
the AI to adapt to the user's preferences and behaviors—such as providing more detailed 
answers on topics the user cares about—creating a more responsive and engaging interaction 
that aligns with the user's expectations.  

At the heart of this process lies the need for explainability, as explaining something to 
someone is fundamentally the act of conveying knowledge from an entity that understands 
the causal relationships between events to another entity, the user [177]. Just as human 
understanding is rooted in recognizing and linking causes and effects, a conversational 
management system must provide transparent and understandable explanations to ensure 
users grasp the reasoning behind its responses. As such, explainability should be an essential 
core component of any conversational management system, enabling users to trust, interpret, 
and engage with the AI in a meaningful and informed manner. Therefore, managing 
abstraction levels in conversational systems is crucial, as it allows the AI to adapt its 
explanations to the user's cognitive level, ensuring clarity and relevance while fostering 
deeper understanding and engagement. 

While concept-based explantionsexplanations discussed previously focus on substituting 
low-level explanations with higher level concepts, the level of abstraction that they operate 
is usually fixed. However, depending on the target audience of explanations, there might be 
a need in proper adjustment of this abstraction level. This research problem was brought up 
by several groups in recent years. 

In [159] authors emphasize the need for XAI methods that can provide explanations at various 
abstraction levels, from detailed, instance-level insights to high-level, conceptual 
understanding, to enhance transparency and trust in AI systems. 

Similar arguments were brought in [178], where authors emphasize the need of tailoring 
explanations to the audience's knowledge level and cognitive capacity, ensuring that the 
complexity and transparency of the explanation are adjusted accordingly, such as using 
simpler natural language for laypeople or more technical details for domain experts. It also 
highlights the goal of making explanations simple enough for the audience to fully 
understand and simulate the decision process, a concept known as simultability, which may 
involve adjusting granularity, like explaining a diagnosis differently to doctors versus patients. 
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One of the works in the area of data conceptualization for XAI was presented in [179], where 
information granules and granular computing for XAI are introduced along with quality 
measures that are related to the level of abstraction of the information granules (concepts). 

The work shows how to adjust the level of abstraction of explanations by composing concepts 
out of raw data. Although such conceptualization is definitely a step ahead towards 
intelligible XAI, it focuses solely on the data as the only input for forming granules. It does 
not take into consideration a wider spectrum of the concept's dependencies, neither 
background knowledge nor XAI-related quality measures. 
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4.  PEER Building Blocks for Collaborative and 
Adaptive Decision System  

The use of computer programs to support decision-making dates back to early works such as 
Bonini in the 1960s [180] and Gorry in the 1970s [181]. Since then, a substantial body of 
research has been developed in this field, leading to increasingly sophisticated architectures 
for AI-based decision support and planning systems. 

The classical agent’s architecture defines an agent as an entity that perceives its environment 
through sensors and makes decisions upon that environment through actuators (Figure 9) [1]. 
The internal structure between sensors and actuators depends on the required capabilities of 
an agent. For decision-support and planning systems in complex domains (e.g., non-
stationary environments and multi-objective problems) purely reactive agents are not capable 
enough as reasoning on future actions is required. For the PEER Companion, we also need to 
assume human user preferences, so simple achievement of a goal is not enough, and a utility-
based agent is more appropriate (Figure 10). The utility-based agent uses a model of 
environment (How the world evolves), a model of agent capabilities (What my actions do), 
and a model of agent’s wishes (Utility). Moreover, the agent should be able to accommodate 
changes in the environment and to obtain and maintain the utility function via learning (Figure 
11). Anything in agent’s architecture (Performance element) can be improved via learning 
(Learning element). Learning is driven by feedback from the environment (Critics) but the 
agent may also explore actions that will lead to new and informative experiences (Problem 
generator).  

 
Figure 9. Architecture of AI agent [1] 

Additionally, the PEER Companion has some specifics that should be reflected in the agent’s 
architecture, differentiating it from classical architectures: 

- sensor inputs can go directly to the PEER Companion but information about the 
environment is also going via communication with the human user, 

- the PEER Companion is only suggesting actions to a human user to execute (but does 
not execute them directly), 
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- the PEER Companion mimics the utility function of a human user and needs to learn 
this function and also to accommodate it in time. 

The above specifics require customization of the general architecture of autonomous agents 
to suit companion agents. 

 

 
Figure 10. Architecture of utility-based agent 

 
Figure 11. Architecture of general learning agent 

4.1 PEER Modular Architecture – Overview 

In the project we propose a modular architecture to describe the PEER Companion building 
blocks. The major motivation was to separate the components of the agent so that they can 
be developed independently and customized for particular use cases. The major difference 
from classical autonomous agents’ architectures is that the PEER modular architecture 
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describes a human companion. Specifically, the PEER Companion does not have its own utility 
function but rather mimics the utility function of its user. This is reflected in the User Model. 
The PEER Companion may not only observe the environment directly, but it uses also input 
from the user. The PEER Companion does not execute the actions directly but rather suggests 
the actions to the human user who is the final authority to decide whether to execute the 
suggested action or to select another one. Finally, by observing human decisions, the PEER 
Companion is supposed to continually improve its own models such that its suggestions 
correspond better to human needs. The reason for using explicit models (of environment and 
user) is exploiting these models to generate explanations for suggestions of the PEER 
Companion. The quality of the agent can be measured by the ratio between accepted and 
declined suggestions. In the following, we briefly explain each component within the PEER 
modular architecture. 

 

 
Figure 12. Architecture of the PEER Companion Agent. 

4.2  Environment Model 

The Environment Model is used by an agent to represent an environment in which the human 
user operates. In sequential decision making the agent typically needs to reason about future 
actions in order to achieve distant goals. The environment model describes how agent actions 
influence the environment and hence can be used for reasoning and planning. This model 
should contain all the details about the environment required to plan future actions of a 
human user. It is not static and should be updated based on information from plan execution 
(via the learning and feedback module) and other sources.From the classical agent’s 
architecture (Figure 10), this module provides answers to questions What the world is like now 
(State) and What it will be like if I do action A (How the world evolves, What my actions do). 
It is part of the Performance element of the general learning agent (Figure 11) that is improved 
via learning. 



   
 

 57 

4.3  User Model 

The PEER Companion is not autonomous in the sense of maximizing its own utility function 
but rather mimics the utility function of its human user. This is realised via the User Model 
that describes capabilities of the human but also human’s preferences and goals. This module 
represents the personality of the human user and allows customized suggestions of the PEER 
Companion.  The user may directly express own goals and preferences (via the Conversation 
Management Module), but the PEER Companion may also learn tacit preferences based on 
observation of human actions (whether the human accepts the suggestion of the PEER 
Companion or rather uses/requires a different action). 
From the classical agent’s architecture (Figure 10), this module provides information about 
what the human agent can do (What my actions do), what is the current State of human user,  
and answers to question How happy I will be in such a state (Utility). It is also part of the 
performance element of the general learning agent (Figure 11) that is improved via learning. 

4.4  Problem Abstraction Module 

The role of the Problem Abstraction Module is to formulate the abstract problem to be solved 
by the PEER Companion. It combines information about the environment with the goals and 
preferences of the user to describe formally a (planning) problem to be solved. When 
formulating the problem, abstraction is used to remove details from the environment and user 
models not needed for problem solving. The Problem Abstraction Module may generate 
multiple abstract problems (for example by putting emphasis on particular preferences of the 
human user) to obtain alternative solutions. Hence, it plays the role of Problem generator 
from general learning agent (Figure 11). Later, based on selection of particular solution by the 
human user, the PEER Companion may learn the human user’s preferences. 

4.5  Problem Solver 

The Problem Solver is an algorithmic module responsible for solving the abstract problem 
formulated by the Abstraction Module. Basically, it generates a plan to achieve the goal while 
assuming the preferences of the user. As the first step, this module generates one or more 
solutions (plans) for the abstract problem. Later, during execution, this module can be used 
to modify the solution based on the status of execution (for example, when the user deviates 
from the suggested solution) or to provide a completely new solution. 
From the classical agent’s architecture (Figure 10), this module answers the question What 
action I should do now.  
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4.6  Solution Realization and Monitoring Module 

The Solution Realization and Monitoring Module is responsible for executing the plan and 
collecting feedback from the user. More precisely, this module suggests the actions from the 
plan to the user, who accepts/executes them or not, monitors execution of the actions 
(observes which action has actually been executed by the user), collects feedback from the 
user (both direct and indirect), and based on that, it modifies the plan (future suggestions) by 
asking the Problem Solver. This module also provides explanations to the user of why a given 
action has been suggested by the PEER Companion. The feedback from the user can be direct 
(accepting or rejecting an action suggested by the PEER Companion) or indirect (the user 
simply executes an action different from the suggested one). Part of the feedback from the 
user could be explanation from the human user of why the user deviates from the plan by 
using action different than suggested. This information will be used later by the Learning 
Module to update Environment and User models. 

4.7  Feedback and Learning Module 

This module is responsible for updating the Environment and User models based on 
information collected during execution. During execution, this module may also update the 
problem formulation to reflect the behaviour of the human. Primary information used by this 
module is whether the human user followed the suggestions of the PEER Companion or 
deviated from them. In case of deviation, the user may provide explanation for it that can be 
used to “understand” the reason for deviation and to update the models more accurately. 
This module represents the Learning element from general learning agent (Figure 11). 

4.8  Conversation Management Module 

The Conversation Management Module is basically a bi-directional user interface to the PEER 
Companion. It is directly connected to two modules of the architecture. The connection to the 
User Model is used to directly express the goals and preferences of the human user. The 
connection to the Solution Realization and Monitoring module serves for multiple purposes. 
The PEER Companion communicates to the human user the (next) suggested action(s) and 
(by request) may also provide explanation why that action has been selected. Vice versa, 
information from the user is collected (directly or indirectly) about whether the suggested 
action has been accepted and successfully executed or not. In case of deviation from the 
suggested action, information about the reason of deviation (explanation) may be collected 
that will be used later by the Learning module. 
At agent’s architectures (Figure 9, Figure 10, Figure 11) this module roughly plays the roles of 
Sensors and Actuators. 
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5.  Realization of PEER Modules in Use Cases 

This section presents a mapping and instantiation of PEER modular architecture within four 
use cases. Although the PEER architecture provides generic building blocks for enabling 
human-AI and collaborative assistant, some modules have not been yet fully defined and 
therefore not reported for the first MVP. 

5.1 Sonae. A Personalized In-Store Navigation Assistant for Customers 
(SigaApp) 

As mentioned above, the PEER modular architecture provides a structured framework for 
developing AI-driven assistants that support human decision-making. Unlike fully 
autonomous systems, PEER Companions act as collaborative companions, learning from 
human users and refining their suggestions over time. This subsection maps SONAE’s in-store 
picking use case to the PEER modular architecture, illustrating how each module contributes 
to assisting customers in navigating a store while following their personalized shopping 
preferences. 

In this specific use case, PEER helps customers to optimize their in-store shopping journey. 
Customers build their shopping list in an app, specify constraints (such as picking frozen 
products last), and receive an initially optimized route. As they navigate the store, the system 
updates the suggested route whenever customers deviate from the current picking route, or 
new constraints arise. At the core of this solution is a simulation environment, structured as 
an OpenAI Gym environment, where customers will be able to interact with a playable 
prototype before being able to deploy the system in real-world stores. 

To better understand customer behavior and preferences, the simulation environment 
captures every interaction, including movement choices, constraint modifications, and 
adherence to suggested routes. After completing a session, users provide explicit feedback, 
rating their experience and explaining their decisions in natural language. This data 
contributes to refining the system’s recommendations and improving future iterations of the 
PEER Companion. The primary goal of this MVP is not just to optimize in-store picking but 
also to establish a flexible framework for solving other sequential decision-making problems 
in in-store picking applications. 



   
 

 60 

 
Figure 13. PEER building blocks mapping to personalized in-door shopping assistant use case 

 
Figure 14. A screenshot of simulator and the interface of envisioned PEER shopping assistance (Sonae use case) 

 

5.1.1 Environment Model 

The Environment Model represents the retail store setting in which customers operate. It 
includes the store layout, shelf locations, product locations, and available paths that define 
how customers move through the space. This model is fundamental for planning in-store 
picking routes and adapting to customer preferences. 

In the current implementation, the environment is simulated within an OpenAI Gym 
environment, which allows controlled training and testing of different decision policies. The 
simulation environment does not yet consider many external uncertainty sources, such as 
aisle congestion or product stockouts. Instead, it focuses on uncertainty introduced by the 
customer’s behavior, specifically when they deviate from the suggested picking route. 
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This controlled environment allows for evaluating how different policies influence user 
adherence to recommended routes and how additional constraints impact overall shopping 
metrics. Over time, the Environment Model will evolve to incorporate additional dynamics, 
such as real-time store updates (e.g., aisle crowding, shelf restocking). However, for this initial 
MVP, the model primarily serves to structure a dynamic decision-making problem and support 
the development of optimized and preference-aware picking routes. 

This simulation environment provides a safe testing ground where customers can interact 
with a playable prototype, testing the feasibility of the approach before real-world 
implementation. 

5.1.2 User Model 

The User Model is designed to capture and represent customer preferences, constraints, and 
behaviors during the in-store picking journey. Unlike fully autonomous systems, the PEER 
Companion does not optimize for its own objectives; rather, it seeks to mimic the customer’s 
utility function, refining its recommendations based on explicit input and observed behavior. 

At the beginning of the shopping journey, customers explicitly define preferences through the 
app, such as prioritizing fresh produce first or ensuring frozen items are picked last. These 
preferences are then translated into constraints that influence the picking route generated by 
the system. 

Beyond explicit preferences, the User Model learns from observed behavior. The simulation 
environment captures customer decisions in real time, such as deviations from the suggested 
route, changes in item selection order, shopping list updates, or modifications to predefined 
constraints. By analyzing these interactions, the system can refine its understanding of 
individual preferences, improving future recommendations. 

To further enhance personalization, customers provide direct feedback at the end of each 
session, including, for example, a numerical satisfaction rating (1 to 5) to measure overall 
experience and free-text feedback to capture insights on why they deviated from 
recommendations or how the system could improve. 

Over time, this data enables the user model to evolve, ensuring that the PEER Companion 
better aligns with individual shopping habits and delivers increasingly relevant suggestions. 

5.1.3 Problem Abstraction Module 

The Problem Abstraction Module is responsible for formulating the SDM problem that 
underpins the in-store picking experience. It integrates information from both the 
Environment Model and the User Model, ensuring that the problem formulation reflects, for 
example, the customer’s shopping list, stated preferences, and the store’s spatial structure. 



   
 

 62 

This module does not solve the problem itself; instead, it structures the necessary inputs for 
the Problem Solver, ensuring that only relevant details are considered. The problem 
formulated by this module involves path planning and constraint satisfaction under 
uncertainty, balancing route efficiency with user-defined preferences. 

During the shopping journey, this module dynamically updates the problem definition based 
on customer actions. For example: (1) If the customer modifies constraints (e.g., adding a new 
preference mid-shopping), the problem formulation is adjusted accordingly. (2) If the 
customer deviates from the suggested route, the module updates the state representation, 
ensuring that the next recommendation aligns with the customer’s new position and intent. 

By structuring the problem in a way that accounts for both predefined constraints and real-
time deviations, the Problem Abstraction Module enables the Problem Solver to generate 
feasible and customer-preferable solutions. 

5.1.4 Problem Solver 

The Problem Solver is responsible for computing optimized picking routes based on the 
problem formulation provided by the Abstraction Module.  

In the current implementation, the Problem Solver relies on a Mixed-Integer Programming 
(MIP) model, which optimizes picking routes while respecting customer-defined constraints. 
The initial picking route is generated before the shopping journey begins. However, as the 
customer navigates the store, the Problem Solver can re-optimize the route in response to 
deviations or newly introduced constraints.  

Relying on MIP-based solutions may work well in deterministic settings but this is not the 
case when the customer is faced with uncertainty (e.g., aisle congestion, stock fluctuations). 
To better handle uncertainties, future iterations of the Problem Solver will need to incorporate 
non-myopic, adaptive policies which consider immediate and future consequences of the 
actions made by the customer. After the first MVP, the research team will improve the initial 
approach by incorporating methods that are less myopic, such as, Value Function 
Approximations (VFAs), Direct Lookahead Approximations (DLAs), RL or Stochastic 
Optimization Methods. 

5.1.5 Solution Realization and Monitoring Module 

The Solution Realization and Monitoring Module is responsible for guiding the customer 
through the in-store picking process by suggesting actions, monitoring execution, and 
collecting feedback. Instead of executing actions autonomously, it provides recommendations 
that the customer may choose to follow or modify. 

As the customer moves through the store, this module tracks whether it follows the proposed 
path or deviates from it. If deviations occur, the system updates future suggestions while 
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allowing the customer to provide reasons for their choices. Additionally, the module explains 
its recommendations, ensuring the customer understands why a particular route was 
suggested. 

To improve future recommendations, the module gathers feedback both implicitly—by 
analyzing user decisions—and explicitly—by prompting the customer to rate their experience 
and provide comments. This data is essential for refining the Environment and User Models, 
ensuring that subsequent route suggestions better align with customer behavior. 

Over time, the Solution Realization and Monitoring Module will evolve to offer more 
interactive explanations and refine real-time adjustments, making the system more adaptive 
and transparent in assisting customers with their in-store picking journey. 

5.1.6 Feedback and Learning Module 

The Feedback and Learning Module collects data on customer behavior and preferences to 
refine future recommendations. At this stage, the module primarily gathers implicit feedback 
by tracking route deviations and explicit feedback through customer ratings (see Figure 15) 
and comments at the end of the shopping session. While no advanced learning mechanisms 
are currently implemented, this data will serve as the foundation for future iterations, enabling 
the system to adapt and improve route suggestions based on long-term customer behavior. 
 

 
Figure 15. A screenshot of explicit user feedback form by which AI will learn to adapt for user needs  

5.1.7 Conversation Management Module 

The Conversation Management Module serves as the interface between the customer and the 
PEER system, allowing users to input their shopping list, define preferences, navigate the 
store, and interact with the suggested picking routes. In the current implementation, the 
interface is built using Streamlit package and is integrated into the simulation environment, 
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where customers manually navigate, receive route suggestions, and provide feedback. This is 
an alternative solution to allow for picking route execution without being in a real retail store 
(before developments are integrated into SIGA app). 

At this stage, the Conversation Management Module is primarily focused on enabling 
structured user interactions and data collection (user feedback). Future iterations will enhance 
its capabilities by incorporating a more intuitive design, interactive explanations, and real-
time adaptability to improve the overall user experience. 

 

5.1.8 Next steps 

In the MVP the focus shifted from in-store pickers to assisting customers in their shopping 
journey, which led the research team to focus its efforts on implementing a retail store 
environment to learn decision policies considering customer feedback. The next iteration will 
focus on solving this realistic SDM problem using customer feedback and state-of-the-art, 
non-myopic approaches, moving beyond the reliance on Mixed-Integer Programming (MIP) 
as a decision policy. Some key research directions we aim at exploring are the following:  
 

• Learning-Based Route Optimization: Replace myopic MIP-based decision-making 
with Reinforcement Learning (RL), Value Function Approximations (VFAs), and Direct 
Lookahead Approximations (DLAs) to enable adaptive, forward-looking routing 
strategies.  

 
• Beyond Path Planning: Extend recommendations beyond route optimization by 

suggesting relevant products, considering real-time store conditions, and optimizing 
the in-store experience for both efficiency and engagement.  

 
• Interactive and Explainable AI: Integrate explainability and bi-directional 

communication, allowing customers to modify constraints and understand why specific 
routes or product suggestions are made. 
 

• Preference Modelling: We plan to develop personalized recommendation system for 
products to be offered for users according to the historical shopping habits and 
objective function.  

5.2 City of Amsterdam.  A Personalized Navigation App for Wheelchair Users  

This subsection maps Amsterdam's personalized city navigation use case to the PEER 
Modular Architecture. It illustrates how each module contributes to helping wheelchair users 
navigate the city, aiming at a more inclusive and accessible Amsterdam. 
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In this use case, the PEER Companion should help wheelchair users find a route from their 
starting point to the destination within the city of Amsterdam. Project workshops (WP2) as 
well as prior work at the municipality of Amsterdam has shown that the users' requirements 
and needs for such city navigation can vary strongly, both from person to person as well as 
for the same person from day to day or navigation task to navigation task. This motivates the 
creation of a personalized routing system, which does not simply compute the shortest path 
but is able to suggest the best path given the user’s requirements (e.g., constrained by a 
minimum width of 80𝑐𝑚, a maximum step height of 2𝑐𝑚, and 8% steepness; or an appropriate 
alternative route in case of unforeseen obstacles). The goal of PEER is to offer the user truly 
collaborative problem solving: trade-offs between the user's preferences for example can be 
explored with multi-objective decision-making techniques, and potentially changing 
conditions such as obstacles on sidewalks can be taken into account by accepting corrections 
from the user based on the dynamically changing local environment. 

 

 
Figure 16. PEER building blocks mapping to explainable and personalized and route planner for wheelchair users 

 
 
 

5.2.1 Environment Model 

The Environment Model represents the city map, enriched with additional data that is relevant 
for city navigation according to the user requirements elicited in WP2's early workshops. The 
feasibility of these requirements often depends on the availability of related data; we can for 
example not promise to respect a maximum steepness of a planned route as long as data on 
the steepness of streets and sidewalks is not available. However, we already have a set of 
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several features available that can lead to improved solutions for users with different 
preferences: Every edge in the map graph (i.e. every single navigable stretch of bike path or 
sidewalk) is not only annotated with its length, but also its width, its maximum curb height, 
and whether it is a footpath or a bikepath. Example data and code are available on Github 2. 

5.2.2 User Model 

The User Model is meant to capture and represent individual preferences and constraints for 
city navigation. During the MVP and the further project, it will be studied how these 
preferences and constraint can be best learned by the AI system: either by being explicitly 
specified on the spot by the user (before starting a navigation task, or as feedback after the 
route has been traversed in real life), or by being implicitly learned over time by observing 
user behavior. We will also explore how to best communicate their meaning and their impact 
on the route suggestions of the PEER assistant. Our initially available set of user features, 
matching the data currently available in the Environment Model and taking into account 
features that were requested in user workshops, are 1) the desire for routes that are as short 
as possible; 2) the desire for routes that are as simple to navigate as possible, approximated 
for now with the number of intersections that have to be crossed; 3) a possible preference for 
bikepaths, or for footpaths; 4) a hard constraint on the minimum path width, based on the 
width of the used wheelchair; and 5) a hard constraint on the maximum curb height. We can 
represent users with different values for the hard constraints, and different priorities for the 
soft constraints/objectives. As the MVP will be tested with a Wizard of Oz approach (paper-
based), the user model is currently manually specified by a team member. 

5.2.3 Problem Abstraction Module 

The Problem Abstraction Module formulates the concrete route planning problem at hand in 
a way that can be processed by the Problem Solver module, based the user's known 
preferences and constraints, and environment information relevant to it (e.g. data on 
footpaths vs. bikepaths does not need to be considered if the user does not have any 
preference for either). Later in the project, it is our goal to let this module dynamically update 
the definition of the problem based on explicit user feedback (such as reporting an obstacle 
on the sidewalk) or implicit user feedback (such as deviating from the recommended route). 
In the MVP, the execution phase is not considered yet, so this module is restricted to working 
with information that is available in the planning phase before a route is started. This can 
include a known user profile as well as answers to direct AI questions about preferences and 
constraints. As the MVP will be paper based, the problem formulation is so far done manually 
as well. 

 
2 https://github.com/Amsterdam-AI-Team/Accessible_Route_Planning 
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5.2.4 Problem Solver 

The Problem Solver is the module that actually computes optimized city routes based on the 
problem formulation provided by the Abstraction Module. In the future, various pathfinding 
algorithms can be tested here, e.g. taking multi-objective aspects, uncertainty, and/or real-
time constraints into account. For the MVP, we are using the simple and robust Dijkstra and 
sub-gradient algorithms [182]. Routes for different user preferences are prepared in advance 
of MVP testing. 

5.2.5 Solution Realization and Monitoring Module 

The Solution Realization and Monitoring Module will be responsible for guiding the user 
through the process of planning the route and actually navigating the city and following - or 
not following - the proposed route. It will handle all necessary explanations, such as 
comparisons of possible routes in terms of pros and cons (see Figure 17); it will monitor the 
execution of the plan, suggest and explain improved route options computed by the Problem 
Solver based on continuously refined User and Environment Models, and handle retrospective 
comparisons of planned and actually taken routes. Since the MVP will be based on indoors 
testing of Figma prototypes, the development of this module has so far been restricted to the 
initial planning phase before navigating the city. We will test different communication flows, 
explanations and feedback options for this phase. In the next deliverable, the phase of 
actually navigating the city will be considered as well. 
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5.2.6 Feedback and Learning Module 

The Feedback and Learning Module collects and processes data on user behavior and 
preferences to refine future recommendations. In the MVP, we are already testing different 
explicit and implicit ways to obtain user feedback on the recommended routes (see Figures 
18 and 19). In future implementations, this module will be responsible for learning user 
models over time, and keeping environment models are up-to-date. 
 

Figure 17. An example of an explanation of the differences between two routes in 
terms of objectives the user cares about (from the MVP). 
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Figure 18. An example of explicit user feedback on user preferences, accepted before the 
trip (from the MVP). 

Figure 19. An example of explicit user feedback on solution quality, accepted after 
the trip (from the MVP). 
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5.2.7 Conversation Management Module 

This module serves as the interface between the user and the PEER system, handling inputs 
and outputs of all user interactions.  In the MVP, the PEER Companion will be presented to 
the users in paper form (see the Figma designs shown in this section for examples), and 
interactivity will be simulated by workshop leaders; in the next deliverable iterations, it will 
be an interactive mobile app. 

5.2.8 Next steps 

In line with the project’s expectations for the second round of use case evaluations, the MVP 
is delivered in the form of Figma designs for Wizard of Oz style AI simulations, with manually 
prepared routing solutions and initial options for demonstrating AI explanations and user 
feedback. In the next phase of the project, we plan to move to code implementations of all 
PEER modules, allowing the users to directly interact with the system in the third round of 
use case evaluations. 
 
In active collaboration with the municipality of Amsterdam, a number of next design ideas 
have already been prepared and realized in Figma. These will be adapted both to the results 
of the lab evaluation with potential end users, as well as to the hypotheses to be tested in 
future research in Tasks 3.1-3.3. Key research directions include: 
In line with the project’s expectations for the second round of use case evaluations, the MVP 
is delivered in the form of Figma designs for Wizard of Oz style AI simulations, with manually 
prepared routing solutions and initial options for demonstrating AI explanations and user 
feedback. In the next phase of the project, we plan to move to code implementations of all 
PEER modules, allowing the users to directly interact with the system in the third round of 
use case evaluations.  
  
  
In active collaboration with the municipality of Amsterdam, a number of next design ideas 
have already been prepared and realized in Figma. These will be adapted both to the results 
of the lab evaluation with potential end users, as well as to the hypotheses to be tested in 
future research in Tasks 3.1-3.3. Key research directions include:  
  
    Multi-objective path planning and explanations that allow the user to hone in on the 
desired solutions with minimal cognitive effort.  
  
    Different user modelling techniques that focus on direct user feedback (as much as 
accepted by the users, and with the most acceptable timing – before, during, or after 
navigating the real-world route), and/or indirect user observation.  
  
    Route explanations that focus on the most relevant and most understandable aspects for 
the users; e.g. landmark-based vs. objective-based comparisons between routes.  
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    We also aim to include additional datasets that would allow for taking into account 
additional user needs, such as (for example) how busy roads are expected to be, or how the 
lighting conditions are. Any additional dataset could lead to a new user objective to be 
integrated into route planning, route explanations, and user feedback. 

• Multi-objective path planning and explanations that allow the user to hone in on the 
desired solutions with minimal cognitive effort. 

• Different user modelling techniques that focus on direct user feedback (as much as 
accepted by the users, and with the most acceptable timing – before, during, or after 
navigating the real-world route), and/or indirect user observation. 

• Route explanations that focus on the most relevant and most understandable aspects 
for the users; e.g. landmark-based vs. objective-based comparisons between routes. 

• We also aim to include additional datasets that would allow for taking into account 
additional user needs, such as (for example) how busy roads are expected to be, or 
how the lighting conditions are. Any additional dataset could lead to a new user 
objective to be integrated into route planning, route explanations, and user feedback.



   
 

 

5.3 Proditec. Human-in-the-loop and Explainable Anomaly Detection Trainer 

One of the many challenges of industrial applications of AI has been Anomaly Detection (AD), 
where a number of state-of-the-art methods are being used. AD, the task of identifying 
abnormal patterns in industrial Identify applicable funding agency here. Data (e.g., images), 
plays a critical role in applications like quality assessment and real-time monitoring. However, 
existing AD techniques, largely powered by AI and ML, face significant challenges that hinder 
their deployment in Industry 5.0 environments. AI-based AD systems serve different 
purposes, e.g., quality assurance. One such AD use case is product visual inspection [183]. 
The company we work with uses AD for tuning an industrial visual inspection system. The 
central challenge that gives us motivation for our work is related to the fact that practical 
tuning of AD algorithms is a complex task for non-data-scientists users that needs guidance 
and understanding of the data collection and labeling, anomaly detection method as well as 
the algorithm configuration process. This section overviews the different modules we 
envisioned for PEER Companion within the scope of Proditec (PDT) AD use case. 

l  
Figure 20. PEER building blocks mapping to explainable anomaly detection use case 

5.3.1 Environmental Model 

For PDT use case, our environmental and contextual data consists of an initial dataset 
required for training consisting of at least 600 unlabeled images. Experts review and label 
the provided images. A minimum of 500 good and 100 defective coins must be labeled to 
initiate training. While the dataset can include additional images, only the minimum labeled 
set is mandatory for starting the process. 



   
 

 

Unlabeled images are also part of the environment module and are categorized in an iterative 
process if performance benchmarks are not met. This dataset size was determined through 
tests conducted by PDT and can be increased by the customer to achieve higher accuracy, 
especially for complex coin types. Images used in the dataset are directly captured by the 
machine’s cameras, ensuring authenticity and quality. Factory settings for camera parameters, 
including lighting, zoom, and positioning, are pre-configured and remain unchanged during 
standard machine operation unless equipment replacement is required due to wear or 
breakdown. 

5.3.2 User Model 

One of the main challenges in designing such AI system lies in the fact that the end-users 
often have varying levels of technical expertise. These differences stem from both the internal 
policies of the company and the cultural context of the country and impact the effectiveness 
of the usage of the system. The hyperparameters of the AD model (e.g., threshold) also affect 
the performance metrics such as F1 score and False Positive (FP) rates. We consider that this 
would be highly dependent on the type of product and driven by the internal policy of the 
company.  

5.3.3 Problem Abstraction Module 

In industrial settings, anomaly detection often hinges on the ability to model and learn the 
representation of normal samples. This approach is motivated by the practical challenge that, 
in many industries, normal operational conditions are well-defined and relatively consistent, 
whereas anomalies are rare and varied. The State-of-the-art methods like PatchCore, PaDiM, 
etc. achieve high performance and efficiently use a distance metric to ensure a low inference 
time while decision making, however, to achieve such results, these methods require 
algorithmic configuration and hyperparameter tuning in the production. This requirement is 
beyond the expertise of PDT end users and abstraction module is responsible to formulate a 
hyperparameter search problem that needs to be solved using Problem Solver module. 

5.3.4 Problem Solver 

As explained in the abstraction module, the non-data-science user that are responsible for 
training the AD model, needs to be equipped with explainable hyperparameter optimization 
and guidance on the optimal steps to be taken to achieve desired performance of the system. 
This module addresses these gaps by solving the hyperparameter tuning problem more 
transparently using methods described in Section 3.2.1.8. It allows non-expert operators to 
guide the search in real-time, with interactive dashboards provided in the Communication 
module.  



   
 

 

5.3.5 Solution Realization and Monitoring Module 

Once the AD model is trained, this module provides detailed insights into which regions 
contributed to the detection of anomalies, making the system more interpretable and 
trustworthy. In critical fields like industry, such transparency ensures that users can 
confidently rely on the model’s outputs, verify its accuracy, and address any potential 
errors.We propose SHAP [67] (SHapley Additive exPlanations) explainer as a candidate 
model for computing explanations for the anomaly detection model output. SHAP provides 
quantitative, feature-level attributions, explicitly showing how much each feature (pixel or 
region) contributes to the model’s prediction. SHAP can also operate on feature 
representations that can be tailored to the desired level of detail. This explanation is fed to 
the conversation management module where the user interacts with the explanations 
provided by the AI. This explanation addresses both hyperparameter tunning and also 
prediction for unseen instances. 

5.3.6 Feedback and Learning Module 

Another aspect of enabling such a paradigm in visual inspection tasks is to incorporate human 
knowledge to improve model performance from human annotated samples. We argue that 
actively involving human operators within the anomaly inspection process not only decreases 
annotation effort but also increases model adaptability by considering operator feedback 
during AD validation and execution. We envision an AL setup in the feedback module; thus, 
we not only rely on the learning algorithm, but also reduce the cost of labeling the dataset. A 
potential candidate algorithm for incorporating AL mechanism for One-Class AD is to query 
the end-user based on uncertainty score in test phase and incorporate the feedback for both 
threshold tuning and similar sample annotation which would result in a better data 
representation. 

5.3.7 Conversation Management Module 

This module is responsible for the user interface and provides relevant explanation for AI 
decisions. The current version of the explainability layer relies on heatmaps generated directly 
by anomaly detection algorithms such as PatchCore [184], DFM [185], and PaDiM [186]. 
These algorithms compute anomaly scores, which are spatially mapped and visualized on the 
image to highlight regions exhibiting the most significant deviations from normal patterns. 
This type of visualization has some limitations that we plan to address in the next iteration. 
First of all, they are usually model-specific, which complicates their usage in industrial cases, 
where the standardized approach allows for easier comparison, and evaluation of different 
methods as well as their practical deployment in the system. Secondly, heatmaps show 
regions of high importance without providing detailed reasoning for why those regions 
contribute to the anomaly. As a result, the highlighted regions may lack context about the 
specific features (e.g., texture, color, or shape irregularities) that led to the anomaly detection, 



   
 

 

leaving the explanation incomplete. Additional limitations in the context of anomaly 
explanations are the resolution and granularity issues, aggregating features into larger 
regions can lose fine-grained information, while pixel-level explanations may be too noisy to 
interpret. To overcome those limitations, we propose an explanation layer that unifies the way 
the explanations are generated, provides custom level of granularity of the explanations and 
opens possibility for research on more complex, human-centered explanations.  

This component is also responsible for modeling, handling, and maintaining communication 
with users throughout successive iterations of the optimization process. 

It not only manages user interactions but also integrates with all other system components, 
providing a human-centered interface and an intelligent controller that enhances and 
orchestrates the functionalities offered by the rest of the system. 

5.3.8 Next steps 

The first release of MVP implementation has been mainly done using Figma design for Wizard 
of OZ simulation purposes. We plan to implement the individual PEER backend components 
and extend the human-AI interaction in AD hyperparameter optimization process in finer 
granularity.    
In particular we plan to provide a prototypical implementation of the following components 
from the architecture: Environmental Model, User Model and Problem Abstraction and parts 
of the bi-directional communication component.  
For the remaining components we will investigate further enhancements to enhance their 
interactivity and compatibility with the PEER architecture. 
This includes: 

• Improvements in the Solution Realization and Monitoring module and Feedback 
module by utilizing unsupervised learning and active learning to limit the labor of data 
labelling 

• Improvements in Problem Solver by expanding the hyperparameters space to process-
level parameters, such as time, size of labelled data, different optimization criteria, etc. 

• Improvements in the execution and communication modules by exploring the 
capabilities of multi-modal models that are capable of efficient handling text and 
image modalities in conversational manner. 

  
 

5.4  Datacation. AI-assisted warehouse configuration optimization 

Efficient allocation of items in warehouses is an important aspect of logistic chains, in 
particular when assuming various storage and allocation constraints and preferences. 
Logistics engineers need a tool to handle the increasing complexity of warehouse 



   
 

 

environments and to suggest allocation of items from incoming orders as well as possible 
reconfiguration of warehouses in case of exceeding assigned capacities. This section 
describes how the architecture of PEER Companion applies to the Datacation (DAT) use case 
(Figure 21). 

 
Figure 21. PEER building blocks mapping to smart warehouse configuration management 

5.4.1 Environment Model 

The Environment Model represents the warehouse, in particular its current status but also 
expected future incoming orders. A warehouse is basically a collection of spatially related 
locations used to store products. Locations have properties that restrict the type and quantity 
of products that can be stored there. The current occupation of storage space is also described 
here. In addition to a current snapshot of the warehouse, the environment model may also 
include descriptions of future incoming orders that can be used when allocating the current 
order to minimize future re-allocations. 

5.4.2 User Model 

The User Model represents individual preferences, constraints, and context information 
provided by logistics engineers. These may include information regarding the incoming order, 
its expected storage duration, parameters to prioritize such as the storage location’s distance 
to the entrance, and constraints such as specific locations to include or exclude from the 
allocation. 



   
 

 

5.4.3 Abstraction Module 

The Abstraction Module formulates the optimization problem to solve. It combines 
information about the status of the warehouse, that is, available locations and existing 
allocation of items, with the task to allocate items from the new order and inputs of logistic 
engineers that are encoded as objectives or constraints. The main task of this module is the 
precise formalization of the problem, which can for example be seen as matching items with 
locations, or optimizing a flow of items to and from locations (see  Figure 22). Abstraction means 
eliminating details not necessary for solving the problem. This could be omitting locations not 
related to the current order, or grouping individual locations into meta-locations. 

 
Figure 22. Possible abstract model for warehouse configuration management using network flows 

 

5.4.4 Problem Solver 

The Problem Solver is the module that generates warehouse (optimal) layout design, that is, 
allocation of items to locations. The solving process is supposed to be interactive, done in co-
operation with the logistics engineer who can guide the solving process by providing options 
to be explored, such as which items might be re-located or where the configuration of the 
warehouse can be modified. A possible approach to solve the problem is using network flow 
algorithms with additional constraints reflecting properties of valid or preferred assignments. 

5.4.5 Solution Realization and Monitoring Module 

The Solution Realization and Monitoring Module will be responsible for guiding the logistics 
engineer through the process of item allocation and possible warehouse layout modification. 



   
 

 

In cooperation with the Abstraction Module and Problem Solver, it will provide alternative 
solutions highlighting the changes with respect to the current status and generate 
explanations of the proposed solution, collect feedback from the logistics engineer, and 
possibly initiate re-solving the updated formulation of the optimization problem. 

5.4.6 Conversation Management Module 

The Conversation Management Module is responsible for commuting the proposed solutions 
to the user in a visual form and collecting instructions from logistics engineers specifying the 
task. A chat communication interface is also assumed to convert explanations from the system 
to natural language and accept instructions from logistics engineers that are easier expressed 
in language. 

5.4.7 Next Steps 

The MVP is delivered in the form of Figma designs for Wizard of Oz style AI simulations, with 
manually prepared warehouse allocation and reconfiguration solutions and initial options for 
demonstrating AI explanations and accepting user feedback. In the next phase of the project, 
we plan to move to code implementations of all PEER modules, allowing the users to directly 
interact with the system in the third round of use case evaluations.  

In collaboration with Datacation, a number of design ideas have already been prepared and 
realized in Figma. These will be adapted both to the results of the lab evaluation with 
potential end users. Key research directions include:  

• Solving the challenging underlying combinatorial optimization problem effectively and 
efficiently. 

• Different (verbal and visual) types of explanations for solutions and the differences 
between them, to help the user hone in on their preferred solution as quickly as 
possible.  

• Methods to integrate user feedback into the solving process interactively, for example 
as re-weighted objectives or as additional or relaxed constraints, or in the form of 
(partial) solutions proposed by the engineers themselves.



   
 

 

6. Lessons Learned 

During the project, several challenges emerged in different use cases that we will tackle in 
the next deliverable iterations. Workshops (WP2) played a crucial role in identifying certain 
gaps between what can at the moment be realized in PEER and what is expected by the users 
in terms of the project's end products. We use this as an opportunity to inform the research 
and potential solutions within this work package, as well as manage expectations.  
 
    Sonae  
The goal is to develop an AI assistant to generate a personalized plan and help customers 
navigate an indoor environment for product picking. However, a key limitation of the 
application is the unavailability of both product and user location data due to technological 
constraints and privacy concerns. Discussions in workshops helped clarify these challenges, 
emphasizing the need for alternative approaches to enhance navigation support or to resolve 
the technological issues in the next deliverables. Due to our Figma approach, this is however 
not limiting the delivery and evaluation of the MVP.  
 
    City of Amsterdam  
Workshops were instrumental in gathering user requirements for a personalized route 
planner tailored to individuals with disabilities. However, the AI algorithms generating these 
routes rely on datasets that lack certain context features (e.g. weather conditions, real-time 
public transport information), potentially leading to a misalignment between user 
expectations and the generated plans which cannot integrate such information. Moving 
forward, it is essential to identify the best strategies for the municipality of Amsterdam to 
collect or integrate the missing data, and to manage the expectations of the users with regard 
to the currently possible scope of the project.  
 
    Proditec  
The initial user requirements and studies for the Proditec system evolved during MVP 
development. While these changes did not significantly impact AI development, they 
provided deeper insights into the real-world implementation of anomaly detection systems. 
This helped a better understanding of user interactions and requirements, which will ensure 
better alignment with evolving system needs.  
 
All in all, workshops played a crucial role in identifying these challenges and guiding 
necessary adjustments. By addressing these limitations, we can better align our AI-driven 
solutions built in WP3 with real-world expectations and constraints. 
 
 



   
 

 

   Datacation  
While the Datacation use case is facilitated by the fact that the intended end users are experts 
- logistics engineers - who are expected to have a high affinity for technology and a high level 
of skill in interacting with it, there are also challenges. These include the difficulty of the 
underlying warehouse allocation problem to be solved, including its mathematical 
complexity, but also the required domain knowledge of many relevant technical, legal, and 
business constraints. Moving forward, we are planning to tackle these challenges i) by 
organizing additional workshops with the logistics engineers, in which we develop an 
increased mutual understanding of the domain and the possibilities of AI support on the side 
of the researchers and the engineers, respectively; and ii) by working in parallel on a digital 
twin of a real warehouse, able to process realistic orders (Datacation), and on simplified and 
abstracted warehousing problems, which allow us to tackle the fundamental underlying 
challenges already before having developed deep domain knowledge (research partners). 



   
 

 

7. Deviations occurred and corrective actions taken 

Continental has been replaced by Datacation; the Datacation use case is fast-tracked as much 
as possible to catch up with the project within the next year. During the consortium meeting 
in Porto (September 2024) discussions with Datacation have taken place to have a better 
understanding of the use case and the stakeholders, and plan WP3 activities. A plan has been 
set up for that period to catch up with activities through a regular meetings schedule and an 
additional targeted meetings schedule (for eliciting users’ requirements, getting access to 
data, and planning visits to the warehouse). This deliverable updated with MVP’s first release 
of Datacation in end of June 2025. 



   
 

 

Conclusions 

A literature review is currently underway as part of Tasks 3.1 to Task 3.3. Along with this 
literature review, regular discussions with stakeholders across all use cases are helping us to 
identify key deficiencies in current AI solutions. These findings will guide the development of 
our collaborative AI assistant, ensuring that it addresses real-world challenges effectively. 
Key deficiencies include, for example: 

• Search and planning methods that are inflexible, that don't adapt well to changing 
circumstances, and that can't effectively trade off multiple user objectives; 
recommender systems that are not transparent and insufficiently context-aware; AI 
agents whose individual decisions as well as overall policies are hard to scrutinize or 
to intervene on. 

• XAI methods that lack interactivity that are not based on human-understandable 
concepts and on the user's mental model of the task  and that are not easily tailored to 
end-users' changing requirements and level of understanding. 

• Conversation management methods that cannot smoothly handle intent recognition, 
context awareness, and personalization; don’t understand arguments and 
counterarguments for and against given task solutions; and are inflexible in the level 
of abstraction used in conversation. 

A PEER modular architecture has been developed, aiming at a separation of the agent's 
components so that they can be developed independently and customized for particular use 
cases. These components include 1) an Environment Model, 2) a User Model, 3) an 
Abstraction Module, 4) a Problem Solver, 5) a Solution Realization and Monitoring Module, 6) 
a Feedback and Learning Module, and 7) a Conversation Management Module. 

Initial instantiations of the PEER modular architecture have been developed for four PEER use 
cases: Sonae (a personalized in-store navigation assistant for customers), the city of 
Amsterdam (a personalized navigation app for wheelchair users), Proditec (a human-in-the-
loop and explainable anomaly detection trainer), and Datacation (AI-assisted warehouse 
configuration optimization). 

As part of these modules, candidate methods and algorithms have been prepared to be 
simulated in Figma (for Amsterdam, Proditec, and Datacation) or in a simplified simulation 
environment (for Sonae), respectively. These are ready to be studied with potential end users 
(via Wizard of Oz approaches where needed), further connecting WP3 tightly to the user 
workshops done in WP2, the evaluation methodologies developed in WP4, and the 
implementation work and management of the evaluation process in WP5.  

Next steps have been identified both in terms of fundamental research to be done, as well as 
in terms of additional features to be developed for the use case applications. These include: 



   
 

 

• For Sonae, moving beyond myopic solutions based on mixed-integer programming 
towards more flexible and robust decision-making, e.g. based on reinforcement 
learning. 

• For Amsterdam and Proditec, moving from Figma designs (for Wizard of Oz testing) to 
interactive prototypes implemented in code. 

• For all use cases, the exploration of (additional) explainability and user modelling 
techniques, informed by the results of the Wizard of Oz evaluations and ongoing 
research on the promising directions outlined in Section 3. 

Finally, a new use case (Datacation) has been onboarded and is progressing well, quickly 
catching up with the other use cases thanks to an accelerated schedule. 

So far, the objectives of WP3 have been fulfilled, and the challenges we have encountered 
(in particular the change of one use case) are not foreseen to pose any significant risk to the 
project's goals. 
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Building A Sustainable Joint Between Rural And 
Urban Areas Through Circular And Innovative 
Wood Construction Value Chains 

PEER	will	 focus	on	how	to	systematically	put	 the	user	at	 the	centre	of	 the	entire	AI	design,	development,	deployment,	and	
evaluation	pipeline,	allowing	for	truly	mixed	human-AI	initiatives	on	complex	sequential	decision-making	problems.	The	central	
idea	 is	 to	enable	a	two-way	communication	flow	with	enhanced	feedback	 loops	between	users	and	AI,	 leading	to	 improved	
human-AI	collaboration,	mutual	learning	and	reasoning,	and	thus	increased	user	trust	and	acceptance.	As	an	interdisciplinary	
project	between	social	sciences	and	artificial	intelligence,	PEER	will	facilitate	novel	ways	of	engagement	by	end-users	with	AI	
in	the	design	phase;	will	create	novel	AI	planning	methods	for	sequential	settings	which	support	bidirectional	conversation	and	
collaboration	between	users	and	AI;	will	develop	an	AI	acceptance	index	for	the	evaluation	of	AI	systems	from	a	human-centric	
perspective;	and	will	conduct	an	integration	and	evaluation	of	these	novel	approaches	in	several	real-world	use	cases.	 

 

 


