The Secret Life of Traces:
a MAS Engineering Perspective

Davide Anconal [0000—0002—6297—2011}’ Zahra Daouil[0009_0000_7217_2010], Angelo
Ferrand02 [0000700027871174670], Andrea Gattil[0009700037099274058]’ Viviana
Mascardil[0000*0002*2261’99%}, and Michael Wll’llkOff‘3 [0000—0002—5545—"7003]

1 University of Genova, Italy, davide.ancona@unige.it,
zahra.daoui@edu.unige.it, andrea.gatti@edu.unige.it,
viviana.mascardi@unige.it
2 University of Modena-Reggio Emilia, Italy, angelo. ferrando@unimore. it
3 Victoria University of Wellington, New Zealand, michael .winikoff@vuw.ac.nz

Abstract. In this paper we explore the secret life of traces. In particular (i) we
review the scientific literature on execution traces, with a special attention to their
exploitation in the multiagent systems area; (ii) we propose a unified theoretical
architecture, NOVAE, based on the surveyed literature and on our experience
with traces in the runtime verification, explainability and learning domains; and
(iii) we suggest — by means of examples implemented on top of VESNA— how
to exploit traces for the three problems above. VEsSNA is a toolkit that integrates
the Jason interpreter for the AgentSpeak(L) language, the Godot and Unity game
engines, and natural language interfaces. It was selected as a representative of
complex systems integrating symbolic agents.

Keywords: Traces; Multiagent System; Runtime Verification; Explainability; Learn-
ing; Neuro-symbolic agents; Verify, Learn and Explain; NOVAE

1 Introduction

Execution traces, broadly understood as recorded sequences of events or state transi-
tions — along with a representation of the states themselves, in some contexts — produced
by a running system, are a foundational concept that pervades many areas of computer
science. In software engineering, traces are the primary input for dynamic program
analysis [23]], automated log analysis [4812053]], and specification mining [3]]. In for-
mal methods, counterexample traces are among the most valuable outputs of model
checkers [26], and runtime verification evaluates traces against formal specifications
during execution [12I55(72]. In machine learning, traces appear as trajectories from
which reinforcement learning agents derive policies [76], as expert demonstrations for
imitation learning [39]], and as the sequences over which decision transformers perform
sequence modeling [21]. In distributed systems, distributed traces record the end-to-end
flow of requests across microservices and constitute one of the three pillars of observ-
ability [14)56].

Although traces are used everywhere, the notion of what constitutes a trace varies
considerably across domains [66]]. Addressing the role of traces in a unified way is
therefore hard for at least three reasons:
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Terminological: what is named ‘trace’ in the runtime verification (RV) area is named
‘event sequence’ in the machine learning and in the data visualization areas, and ‘event
log’ in the process mining one; ‘traceability’ has a very specific meaning in software
engineering [74] creating further noise around the word ‘trace’ as we use it.

Foundational: depending on the foreseen use of the trace, some features may or
may not be mandatory in the trace elements; for example, according to [[79] ‘an event
sequence is a sequence of timestamped observations, each described by a fixed set of
features’. This definition requires that the elements of the trace are timestamped events,
whereas in other domains including RV the ordering of events must be tracked but not
necessarily their timestamp. When traces are used for explainability purposes, not only
observable events (for example, ‘going_to_restaurant’) are needed in order to explain
the behavior of an agent, but also some representation of the internal (for example,
‘feeling_hungry’) and/or external (for example, ‘empty_fridge’) states where the event
took place.

Representational: since there is no unique set of features that an element of a trace
should support, there is no standard representation for such elements, and hence no
standard representation for traces. This is true both for the representation of a single
trace and for the compact and efficiently usable representation of a set of traces. As
an example, just in the RV domain, the Linear Time Temporal Logic language [62]
commonly used to succinctly denote sets of traces by means of logical properties, comes
with dozen variants and extensions [72]. Non logic-based languages also exist [[7], again
with their variants [5]6/22].

What remains constant despite the above challenges is the underlying purpose of
traces that provide an inspectable, online or offline abstraction of what a system did, in
what order, and under what conditions.

The objective of this paper is to design a theoretical unified architecture for Neuro-
symbOlic agents that Verify, leArn and Explain (NOVAE), based on the notions of
trace element, trace (a sequence of such elements), trace logger (a software tool that is
integrated with, or that monitors, a system in order to produce a trace). These notions
must be as general as possible, to fit the features of traces as we find them in the RV,
learning, and explainability domains. Still, they must be concrete and practical enough
to design algorithms working on traces. Our long-term goal, in fact, is to implement a
NOVAE instance on top of the VEsNA toolkit [35/43], an ecosystem of software tools
for cognitive software agents situated in virtual environments and able to interact using
natural language.

The NOVAE architecture is described in Section [3] and its conception is firmly
grounded in the scientific literature described in Section [2] The path towards imple-
menting a NOVAE instance in VEsNA is presented in Section ] via examples that are
implemented — albeit not coherently integrated into a ‘NOVAE VEsNAe’ yet. Section
concludes.

2 Fantastic Traces and where to Find them

Runtime Verification. ‘Runtime |[...] Verification deals with traces’. This is how the
abstract of the paper ‘What is a Trace? A Runtime Verification Perspective’ by Reger
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and Havelund [66] starts. Runtime verification is a lightweight formal verification tech-
nique that monitors the observable execution of a system (not its internal state evolution)
against formal specifications to dynamically detect violations of desired properties, in-
stead of verifying all possible executions statically [32/28]. Unlike model checking,
which exhaustively explores state spaces offline, RV focuses on observing actual sys-
tem behavior during execution.

In MAS, monitors check events belonging to execution traces to ensure that agents
satisfy safety properties, goal achievement constraints, and behavioral specifications
during deployment [4]. RV4JaCa [27] provides runtime verification for JaCaMo-based
systems, allowing developers to specify temporal properties over agent behaviors and
environment interactions. For decentralized systems, monitoring approaches distribute
verification across agents, maintaining local monitors that coordinate to verify global
properties [29]. Assumption violation recognition [31]] models environmental assump-
tions and monitors their violations, enabling adaptive responses when operational con-
texts change. Beyond these approaches, other RV frameworks for MASs have been
proposed. Runtime verification of MAS interaction quality [10], runtime verification
frameworks for dynamically adaptive multi-agent systems [S7/], and (semi-)runtime ap-
proaches for formal verification of JADE-based MASs [70l18]] each address different
facets of the problem. The combination of model checking and runtime verification for
strategic reasoning under imperfect information [36] and safety shields [30] that con-
strain BDI (Beliefs-Desire-Intentions [65]) plan execution at runtime to prevent safety
violations further illustrate the breadth of RV applications in MAS.

Explainability. The ability of a system to explain itself is important for a range of rea-
sons (e.g. transparency [80451149]], calibrating trust [S4U81U67], acceptability [38]], un-
derstandability [78]], accountability [24]], and traceability [78]]). There is consequently a
whole body of work on eXplainable Al (XAI) [47/8]. However, much of this work con-
cerns explanations of machine learning rather than of autonomous systems (respectively
termed ‘data-driven XAI’ and ‘goal-driven XAI" [8] or ‘explainable agency’ [54]).
Explaining the behavior of an autonomous system in essence involves answering
questions of the form ‘why did you do X?°, where X is an action that was performed
by the autonomous system, and that occurs in a trace. The trace is an essential input to
the explanation generation process, since explanations can include action pre-conditions
and since explaining why a given plan was selected may require information on the state
(e.g. the agent’s beliefs) at a given point in time. In addition to a trace, the explanation
generation process also uses the agent’s plan library. The trace and plan library together
allow explanations to be generated in terms of human-oriented concepts such as goals,
beliefs, and valuings [87]. Recent work includes: defining a scoresheet [88]] to capture
the explainability features of a given system (or the requirements for explainability of
a system-to-be); extending explanations back to the requirements of a MAS [68l69];
proposing an architecture for explainable multi-agent system which we build on [82];
extending it to handle contrastive questions (‘why did you do X rather than Y'?) [83]];
and conducting empirical evaluations of explanation [85l8683]]. Beyond goal-driven
explainability for BDI agents, other dimensions of explainability in MAS have been
explored. Explanations need not be limited to human-directed communication: agent-
to-agent explanation, where agents provide justifications to one another to facilitate
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coordination, negotiation, and trust-building [60], is equally relevant in open MAS.
The integration of symbolic and sub-symbolic techniques for explainable Al [[19] fur-
ther highlights how hybrid neuro-symbolic approaches can leverage symbolic reasoning
(as found in BDI agents) to provide interpretable explanations of behaviors that may
involve learned components. Accountability in multi-agent organizations [11] offers
yet another perspective, showing how traces of agent interactions within organizational
structures can be used to attribute responsibility for outcomes, shifting the focus from
‘why was this done’ to ‘who is responsible’. Across all these perspectives, execution
traces remain the evidential foundation, recording what happened, in what order, and
under what conditions, and providing the raw material for building explanations.

Learning. Traces play a fundamental role in machine learning, where they are often
referred to as trajectories, episodes, or experience sequences. In this context, a trace
captures the temporal evolution of a system’s interaction with its environment, provid-
ing the raw data from which learning algorithms extract patterns, policies, or predictive
models. In Reinforcement Learning (RL), the agent learns optimal behavior through in-
teraction with an environment, generating traces of state-action-reward sequences [76].
The foundational concept of eligibility traces directly embodies the role of execution
history in learning: eligibility traces maintain a record of recently visited states, en-
abling credit assignment to be propagated backward through the trajectory [[76]. Deep
Reinforcement Learning (DRL for short) extends this approach by introducing experi-
ence replay [58]], where traces are stored in a replay buffer and are sampled during train-
ing. This technique breaks the temporal correlation between consecutive experiences,
stabilizing learning in neural network-based approaches. The stored traces — tuples of
(8¢, ar, T, St+1) Where s; are states, a; actions, and r; rewards — constitute explicit exe-
cution histories that are repeatedly revisited to refine the learned policy. The success of
Deep Q-Networks [58] demonstrated that maintaining and learning from large collec-
tions of traces enables agents to achieve human-level performance in complex domains.
Beyond reinforcement learning, traces underpin both imitation learning and learning
from demonstrations: behavioral cloning learns a direct state-to-action mapping from
expert traces [39], while inverse reinforcement learning recovers the reward function
that explains the observed behavior, showing that traces encode not only what happened
but also the rationale behind decisions. More recent sequence-based approaches such as
decision transformers [21] reframe reinforcement learning as sequence modeling over
traces of states, actions, and returns. When safety is a concern, shielding techniques [2]
constrain exploration so that generated traces never violate safety specifications [39].
In process mining [1]], knowledge is extracted from event logs recorded during system
execution. In MAS settings, process mining has been used to analyze agent activity logs
and reconstruct the interaction patterns that emerge from autonomous behavior [[71/13]].

In MAS, learning from traces presents unique challenges including partial observ-
ability, non-stationarity (as other agents learn simultaneously), and the need for coor-
dination. Traces generated by individual agents capture only local perspectives, raising
questions about how to aggregate or share experiential data across the system. The
integration of learning capabilities into BDI agents combines symbolic reasoning trans-
parency with machine learning adaptability. Early work explored reinforcement learn-
ing for plan selection [73]], followed by embeddings of various RL algorithms within
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BDI reasoning cycles, including Temporal Difference Learning [9], SARSA-based se-
lection [[17]], and Deep RL approaches [[61]].

3 NOVAE Vision: Neuro-symbOlic agents that Verify, leArn and
Explain

In this section we put forward our vision for Neuro-symbOlic agents that Verify, leArn
and Explain, NOVAE. Our vision applies to a System Under Analysis, a SUAﬂ that
produces traces thanks to a Trace Logger; depending on the components of the trace
elements, this logger might need to have access to the internal state of the SUA, or be
aware of its surrounding environment, or it might just observe events (a light that turns
from blue to red, a movement of a robot in the real environment or of an agents in
the virtual one, a sentence printed on a user interface). In order to be general enough
and deal with these different trace elements in a coherent and unified way, our Trace
Elements are pairs of States and Changers, as defined in Section Either the state
or the changer might be missing. This vision is more general than the most common
one, where the trace is ‘a sequence of events’. It easily accommodates timestamped
events, with timestamp belonging to the state and the observed event being the changer,
and complex trace elements where internal/external state representation must also be
recorded.

The vision is also general enough to be applicable to any kind of SUA that may
be instrumented to capture execution traces via the Trace Logger, no matter its un-
derlying architecture and implementation technology. In our past and recent research
activities we already addressed the verify and explain problems in relation with MAS
and with BDI (and Jason, in particular [[16]]) agents — see the already mentioned works
[445018128129U3 1432]] and [68I69U82183I85I86U87U88I], respectively. Sections and
adapt the NOVAE vision to verification and explainability, respectively, taking our pre-
vious work into account. The learning problem, instead, is quite new for us and it is
worth being addressed in more detail, in particular with respect to the role of traces
in the learning process. Section [3.4]is devoted to dealing with this challenge. We em-
phasize the neuro-symbolic flavor of NOVAE because the NOVAE instantiation we are
developing, presented in Section ] integrates symbolic and neural aspects. This raises
challenges but also exciting opportunities. NOVAE itself is however agnostic of the
SUA implementation,

3.1 NOVAE Traces

Our definition of NOVAE trace applies to a SUA that produces traces, and relies on the
notions of State and Changer. As anticipated, traces are captured by a Trace Logger.
How the SUA may be instrumented to produce those traces is outside the scope of our
investigation. Many tools are available to support this stage [20].

* SUA is inspired by SUS, System Under Scrutiny, which is a standard terminology in the RV
research area. Systems in the NOVAE vision are analyzed for verifying and explaining their
current behavior, and for learning new behaviors, hence the SUA acronym.
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Changers change the SUA’s execution state. They may be though of as the ‘events’
mentioned in the trace-related literature, but we want to stress their active and effec-
tive nature. Changers may also change the SUA’s environment, but this is not directly
recorded in the traces: the target of our monitoring/explanation/learning activity is the
SUA, not its environment.

We make no assumptions on how the SUA state looks like: in the sequel, we provide
examples that apply to SUAs that are symbolic frameworks, where states may include
the epistemic knowledge base (facts, beliefs) and the procedural knowledge base (rules,
plans), and to SUAs that are black boxes. We refrain from using the term ‘action’ to
identify elements of the SUA that cause changes to its state — that we name in fact
‘changers’ — because in our target framework, VEsNA, ‘action’ has a specific technical
meaning and VEsNA actions are a subset of VESNA changers. Also, more generally,
in a MAS ‘actions’ affect the environment, whereas a changer might affect the SUA
internal state only, e.g. deliberation.

The SUA execution starts because a Run Event takes place. While this run event is
a changer in most cases, other events may trigger the SUA execution and we introduce
this distinction to keep our definition as general as possible.

A NOVAE trace is a triple

(Run Event, State-Changer Sequence, Final State)
where the State-Changer Sequence is a sequence of pairs

[(Stateg, Changery), (State1, Changery), ..., (State,,, Changer,,)]

The Final State is the state of the SUA when its execution stops — whatever the
reason for the interruption. We do not represent it inside the State-Changer Sequence,
because there is no changer associated with the final state, and hence no pair (Final
State, ChangerFinal State)~
The State-Changer Sequence is determined by a SUA-dependent relation D C ((STATE x
CHANGER) x P(STATE)) where STATE is the set of states, CHANGER is the
set of changers, and ((State,,, Changer, ), SET, ;1) € D means that the execution of
Changer,, in State,, leads to one among many possible states in a set SET,,1; [(State,,
Changer,,), (State,, 11, _)] is a sub-sequence of the State-Changer Sequence iff ((State,,,
Changer,,), SET, +1) € D, and State,, 1 € SET),11.

SUA Program State Run Event Changer
An IoT Device |Javascript or Python|The values of variables that characterize|Switch the IoT|Actions taken by the de-
code the state of the device (temperature, pres-|device on vice based on its current
sure, light, ...), the current time, some inter- state (send a signal to a
nal data related with the device as its cur- controller or to another
rent CPU usage device)
Chain of The Deep Neural|The state of the LLM, or a subset of it;|The initial|”The prompt that the
Thought in a|Network that con-|despite being extremely complex and not|prompt issued|LLM issues to itself, as
Large Lan-|stitutes the Large|inspectable, the LLM has a state — as any [to the LLM part of the Chain of
guage Model |Language Model|other advanced software module — repre- Thought process
(LLM) sented by its neurons and parameters

Table 1. Examples of non-symbolic SUAs.

Traces like these may be produced by any SUA as shown by the two examples in
Table|l] that represent two quite different applications, one from the Internet of Things
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(IoT) domain and one related with an LLM Chain of Thought. If we restrict our investi-
gation to symbolic SUAs, their program may be abstracted into a Knowledge Base, KB,
and a set of rules — where rules mean, in a very general way, declarative specifications
of the SUA behavior characterized by applicability conditions that depend on the KB,
and a body defining what to do when such conditions are met. The KB and the rules
may contribute to the SUA state, along with other run-time components, operational
information, and timestamps. Depending on the problem at hand, the SUA state might
be a sub-symbolic embedding of declarative components into a vector space, paving the
way to efficient processing for learning purposes. SUAs in Table [2]are characterized by
common features due to their symbolic nature.

SUA KB Rules State Run Event Changer
A Prolog|Set of Pro-|Set of Prolog clauses, where the appli-|Execution stack| A goal  call[A call to an atomic
Module log facts cability condition is represented by the recorded for back-|(that may be a|goal
175] head of the rule, and the body by the|tracking purposes,|conjunction  of]
sequence of goals in the rule body current set of facts|goals) provided
and/or clauses to the interpreter
A STRIPS |Initially Actions characterized by their pre- and |Conditions that are|The goal state|STRIPS actions
planner true condi-|post-conditions; the applicability con-|currently true provided to the
program |[tions dition is the pre-condition planner
1371
An Belief base |AgentSpeak(L) plans, where the ap-|The current beliefs|A set of initial|{Internal and user-
AgentS- plicability conditions is that an event|and plans, and the|achievement defined actions, ac-
peak(L) matching the triggering event took|current state of the|goals tions on the en-
agent [64] place, and that the plan’s context is a|intentions, event vironment, updates
logical consequence of the current KB |queue, message of beliefs, test and
queue achievement goals

Table 2. Examples of symbolic SUAs.

| Stateo | | Run event

State-Changer
Sequence

.| symbolic | !

Symbolic Trace |~ 7| State, '
execution engine. | logger | !
\i’ Symbolic | |

" | Changer, |

Fig. 1. NOVAE execution with trace logging.

Examples in Tables [T] and [2] show that our trace definition is general, and many
SUAs are compliant with it. Figure [T| shows a SUA — more precisely a symbolic agent
implemented via a KB and a set of rules — whose execution engine is instrumented with
a trace logger. A State-Changer Sequence is produced by the logger. In the next three
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sections we discuss how this architecture may suit the agent’s verification, explainabil-
ity and learning needs, thanks to addition of modules on top of its core components.

3.2 NOVAE Verification

The NOVAE vision easily fits the typical RV architecture, as shown in Figure[2} since
RV verifies that observed events meet the specification of the expected behavior, there
is no need for the monitor (the RV engine) to take states into account. Hence, the trace
relevant for RV purposes consists only of changers. The emitted verdict is based on a
three-valued logic to take into account inconclusive cases due to missing information
in the trace.

| Stateo | | Run event pecification of properties
KBo that the SUA execution must
respect (ex: a must always
Changer occur before b)
Sequence
Symbolic . Trace i Symbolic E RV ::Eredmt:
execution engine | logger “", Changern !::) engine :>false,
H ' unknown

Fig. 2. NOVAE runtime verification: traces consisting of changers feed a monitor (also named
RV engine) that emits a verdict on changers’ compliance w.r.t. the specification (see [7], Fig. 1).

3.3 NOVAE Explainability

Figure [3] re-interprets the architecture presented in [82] in terms of traces. This re-
interpretation is a very natural one, since the explainability infrastructure described
therein assumed the presence of ‘Black Boxes’ that capture relevant details from the
system’s execution, which are exactly what we name ‘Trace Logger’ in Figure[I]

Quoting [82] again, ‘to explain a component that uses rule-based reasoning, the
black box would likely need to capture the facts that were believed to be true at a
given point in time that were the basis for the choice of rule that was made’. This is
coherent with the expected outcome of the trace logger that logs states and changers,
where states might consist of a subset of the agent’s beliefs/facts. Users (on the right)
interact with an interface that maintains a model of them to filter out answers. When
users ask questions, the interface passes them to the explainer, that might consist of
many different customized explainers, among which the most suitable one should be
selected. The explainer needs to know what happened in the past (changers), and under
which conditions (states), in order to answer ‘Why’ and “Why not’ questions, together
with ‘What if” ones.
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| Stateo | | Run event Why X [and not Y]?
KBo Why believe X
[and not Y]?
State-Changer What would
I_S_e_q_u_e_rlqe_ I happen if?
| Symbolic i
Symbolic | Trace " | Stater U | Explai- 93] inter- |94
execution engine | logger ; =) ner [z face [¢z—
| Symbolic i User
| Changer, |
B ' User
Model

Fig. 3. NOVAE explainability: an interface that takes the user’s model as input lies in between
the user asking for explanations and the explainer (see [82], Fig. 1).

3.4 NOVAE Learning

The objective of this section is to answer the question: how could a symbolic agent
described by its KB and rules learn new appropriate courses of changers that, from an
initial state, lead to one among a given set of final states?

We envision two approaches; one where explicit traces are not needed and learn-
ing is delegated to an external learning module (‘(Deep) Reinforcement Learning as a
Service’), and another based on explicit traces generated by randomly creating KBs and
rules, inspired by genetic algorithms [50]. The important aspect here is that the symbolic
execution system is run many times under different conditions, with some randomness.
Traces are generated even if changers and rules are random, but most traces will not
lead to an acceptable final state and will be marked as failures. Still, some will: the
initial KB, rules, and run event that by chance lead to a final state might contribute to
learning how to reach that final state, in a creative way. All the annotated traces will be
supplied to a ‘Rule and KB Learner’ tool, that will learn rules that lead to successful
traces along with the conditions (the KB) that make these rules applicable.

(Deep) Reinforcement Learning as a Service. Figure ] shows our vision, where ‘as a
Service’ emphasizes that the learning algorithm is not inside the agent (programmed in
the same programming language as the agent is) but outside it.

As observed in Section [2} the exploration stage of (Deep) Reinforcement Learning
(Figure Eka)) is based on online traces that meet our general definition: the run event
takes place on the sub-symbolic side of the picture and consists of initializing the learn-
ing agent with the (properly encoded) initial state and the available changers, plus a
‘start learning’ command; at every iteration within a learning epoch, a state (including
the reward) is sent to the learning engine, and a changer is output by it. In this setting,
the trace consists of states only, since changers are not produced by the symbolic ex-
ecution engine, but by the (Deep) Reinforcement Learning engine. This represents the
opposite with respect to the RV setting, where traces consist only of changers. The final
state is the state of the agent after either the goal or the expected number of iterations is
reached. Traces in this setting are online (as in the RV case) in the sense that the State-
Changer Sequence feeds the learning engine one state at a time; also, the way they are
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Symbolic Stateo
and Changers

realm realm

| |
| |
| |
| |
| |
| |
[ ] ! | :
| :
Symbolic Sub-Symbolic | | | Sub-Symbolic |
Staten, 1 Staten | | Stateoand |
J : : Changers :

Symboli T .

YIBOUD o race Reward, (Deep)
execution engine | logger /\—;7—‘_\ Reinforcement
Learning engine

Reward : LL_
machine Symbolic 1 Sub-Symbolic IR
Changer, Changer,

1

Symbolic 1  Sub-Symbolic
1
1

i Q-Table/DQN
(@)
1
Symbolic 1 Sub-Symbolic
realm : realm

KBo !
Symbolic Sub-Symbolic
J @ Staten

Symbolic Trace v
execution engine | logger

( Symbolic Sub-Symbolic

Changer, Changer,

(b)

7\ Learned
Q-Table/
. DQN

v

Fig. 4. (Deep) Reinforcement Learning as a Service: (a) exploration, the agent is enriched with a
reward machine; its states are encoded and fed to a (D)RL engine, properly initialized; the (D)RL
engine outputs a changer that is decoded, and executed by the agent; a reward on the changer is
computed; (b) exploitation, learned Q-table or Deep Q-network is used by the agent to decide
the changer to execute given the current state.

used and memorized depends on the learning engine, which is an opaque service for
the agent. The reward machine, by contrast, resides on the symbolic side: it maps envi-
ronment observations (such as goal achievement, timeout, or intermediate progress) to
numeric reward signals, giving the agent declarative control over the learning objective.
The changer is passed back to the SUA because the agent must physically execute the
selected action in its environment before the next state can be observed, thus closing
the perception-action loop. This symbolic ownership of the reward logic may also help
explainability, since the criteria for success and failure are transparent and inspectable.

The output of the exploration stage is either a Q-table or a Deep Q-network or any
other sub-symbolic representation of the learned transition function, that now the agent
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can use (exploitation, Figure b)) to ask for the next changer to execute, given the
current state.

Annotated
State-Changer
Sequence
| | |(R)R - 1 | Symbolic i
(R)Stateo un even | | State !
(R)KB ; n ' .
- Annotated ! . E?gglbm'c
(R)Ruleso State-Changer Run event ' | Symbolic ! State
Sequence ' | Changer, | |
| symbolic | B '
Symbolic Trace |~ ] Staten '
execution engine | logger ! : .
\L Symbolic | ! Rule and KB Learner
- | Changer, | |
S_ymbohc :_ ____________ '
g't"":" Learned rules (L-Rules)
ate and KB (L-KB)
(@) (b)

IM‘ |State0 | | Run event |
L-Rules

Symbolic
execution engine

(©

Fig. 5. Learning rules from traces: (a) exploration, the agent undergoes some random perturba-
tion of its components, and traces are annotated with whether they represent a success or failure
trace w.r.t. reaching a final state; (b) learning, annotated traces feed a learner: starting from ran-
domly generated rules, rules and KBs leading to the final state are learned; (d) exploitation,
learned rules and KBs enter the agent code; in this stage traces may or may not be logged, de-
pending on whether the learning process is iterative or not.

Learning rules from traces. Figure [5]shows a more original way to conceive learning
in a symbolic setting.

Our idea is to mimic the exploration-exploitation paradigm by randomly changing
the agent’s rules, or KB, or run event, or all of them, and ‘see what happens’. This
approach is also inspired by genetic algorithms, where random mutations take place and
individuals that are generated by these mutation, and that are more fitting the survival
needs, are allowed to reproduce. Let us suppose that the KB of an agent programmed
in an AgentSpeak(L)-style simplified language, consists of

my_position (P) .
where P might be kitchen, office, garden and

holding(H) .
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where H might be cup, phone, etc.
The only rule available for the agent is

drink_coffee : true <-
move_to_kitchen; find_cup; pour_coffee_in_cup; drink.

Now, let us suppose that by randomly generating new rules with available, syntactically
correct building blocks (conditions, changers)

drink_coffee : my_position(kitchen) <-
find_cup; pour_coffee_in_cup; drink.

is generated (Figure [5(a)). This rule allows the agent to drink coffee and to avoid to
call the ‘move to the kitchen’ changer, if it is already there. If the execution trace of the
agent keeps track of initial rules, it will show that this new rule leads — in an efficient
way — to a final state where coffee can be drunk. Having many traces coming from many
different runs and a suitable rule learning strategy (Figure[5(b)) will lead to learn robust
and reusable rules and KBs, that may then be added to the agent’s code, for exploitation
(Figure[5]c)).

While an efficient implementation of the rule learning engine might be based on
machine learning approaches, other approaches may be adopted if explainability, safety
and transparency are hard requirements. Inductive Logic Programming [25l59] is one
of them, but also explainable process mining [52] may be used. While both approaches
might struggle in scaling when the amount of traces is huge, we look at them with
Interest.

4 Towards a NOVAE Instance: NOVAE VEsNAe

Maintaining verifiability and explainability while integrating neural learning is a key
challenge that NOVAE aims to tackle. Hybrid neuro-symbolic approaches address this
challenge by using symbolic knowledge to constrain learning through logical precon-
ditions or learned symbolic representations. Execution traces serve multiple purposes:
providing training data for neural components, evidence for symbolic verification, and
foundations for explaining learned behaviors. This diversity of trace-based learning mo-
tivates the unified treatment in Section [3] In this section, we provide examples of the
four key components of the NOVAE vision, namely the trace logger, the RV monitor,
the explainer, and the mechanism for learning. Although we are still far from their full
integration on top of VEsNA, these examples suggest that the implementation of NO-
VAE VEsNAe is feasible.

VEsNA [35/43] is a general-purpose agent-based framework for managing virtual
environments through natural-language. It integrates a natural language interface for
agent to agent and agent to human interaction (ChatBDI [44/45]), a dynamic virtual
environment supporting agents’ perception and action (Godot [46] or Unity [77]), and
a cognitive framework that enables symbolic reasoning on agents’ goals, beliefs, and
plans (Jason or JaCaMo [15]).

While the Jason Agent class contains all the methods the agent uses to actually
make decisions, the AgArch class acts as the reasoning orchestrator. VEsNA extends
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the default Agent class connecting it natively to the body situated in the Virtual Reality
(VR) environment and managing all the messages between Jason mind and VR body.
In addition to these extensions, VESNA provides a set of features like situated artifacts
and communication [42/34] and plans annotated with propensities [41].

4.1 NOVAE VEsNAe Trace Logger

In order to collect information that may be relevant for traces, we extended the Jason
Agent class and the AgArch class in the vesna package with logging capabilities.

The extended classes, LoggedAgent and LoggedAgArch respectively, log per-
ceptions, events, options, intentions and all the selection choices. Together, they imple-
ment the Trace Logger component foreseen by the NOVAE architecture.

The implementation of a cleaning robot r1 that looks for garbage in a 2D grid and
carries it to r2 to be burnt is a well-known example of Jason code and — for the sake of
clarity of the logged trace — we implemented a further simplified version of itﬂ

The log of our simplified version of r1l at reasoning cycle 3 is shown below. It
includes r1’s initial beliefs (lines 1 to 5) and plans (lines 6 to 10); perceptions (line 11,
when r1 perceives its change of position and the presence of garbage); and actions for

progressing in the execution, such as selecting one event to be processed (line 12).
2026-02-02-12:05:25 Logged AgArch reasoningCycleStarting bb { {
pos/3=pos(r1,0,0)[source(percept)]<— 526334379,

pos(r2,1,1)[source(percept)]<— 526333743,
at/1=at(P)[source(self)] <— (pos(P,X,Y) & pos(r1,X,Y)):1103465977,

2026-02-02-12:05:25 LoggedAgArch reasoningCycleStarting pl [
@p__1[source(self),url("file:rl.asl")] +!check(slots) : not (garbage(rl)) <— ...,
@p__2[source(self),url("file:rl.asl")] +!check(slots) : garbage(rl) <— ...,

]
2026-02-02-12:05:25 Logged AgArch perceive perceptions [pos(rl,1,0), pos(r2,1,1), garbage(r1)]
2026-02-02-12:05:25 LoggedAgent selectEvent events [+pos(rl,1,0)[source(percept)], +garbage(r1)[source(percept)

2026-02-02-12:05:25 LoggedAgent selectEvent selected +pos(rl,1,0)[source(percept)]
2026-02-02-12:05:25 LoggedAgent relevantPlans trigger +pos(r1,1,0)[source(percept)]
2026-02-02-12:05:25 LoggedAgent relevantPlans event +pos(rl,1,0)[source(percept)]
2026-02-02-12:05:25 LoggedAgent selectEvent events [+garbage(r1)[source(percept)]]
2026-02-02-12:05:25 LoggedAgent selectEvent selected +garbage(r1)[source(percept)]
2026-02-02-12:05:25 LoggedAgent relevantPlans trigger +garbage(r1)[source(percept)]
2026-02-02-12:05:25 LoggedAgent relevantPlans event +garbage(r1)[source(percept)]
2026-02-02-12:05:25 LoggedAgArch reasoningCycleFinished

Each line of the log contains the timestamp — which is always the same in the above
fragment because it refers to the same reasoning cycle —, the class and the method
that generated the log and the related piece of information. Depending on the task
one may filter out irrelevant information from this exhaustive log, or may log addi-
tional data by modifying the LoggedAgent and LoggedAgArch classes. If this
log were used for explainability purposes, beliefs and plans would play the role of
state, while +pos (r1, 1, 0) would play the role of changer. For RV purposes, only

> The Jason code may be found in the Jason repository on GitHub https://github.com/
jason-lang/jason, in folder examples/cleaning-robots| while our simplified
version is available at https://github.com/AngeloFerrando/BDIExplainer/
tree/main/jason,


https://github.com/jason-lang/jason
https://github.com/jason-lang/jason
examples/cleaning-robots
https://github.com/AngeloFerrando/BDIExplainer/tree/main/jason
https://github.com/AngeloFerrando/BDIExplainer/tree/main/jason
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+pos (rl, 1, 0), namely the changer that is going to trigger the next plan to execute,
would be relevant. In a learning setting, the state would be an encoding of the agent’s
beliefs, and the changer would be the action that the DRL component selects, and that
Jason must execute.

4.2 NOVAE VEsNAe Verification

NOVAE VEsNAe RV is obtained by instantiating the NOVAE verification view of Sec-
tion [3.2]on top of the trace-logging infrastructure described in Section[4.1] Verifying at
runtime the behavior of Jason-based MASs is something we have been doing since 2012
[4]. We limited RV to communication acts in the beginning, and we extended the prop-
erty specification language, the RV framework, the application domain over time. We
just need to reuse our experience and tools such as the Runtime Monitoring Language,
RML [[7]], to operate on traces collected as discussed in Section

For RV, we define a projection mry that extracts a sequence of changers ¢ =
choch; ... from the trace produced by the trace logger discussed in the previous sec-
tion. Concretely, gy can retain (depending on the property) for instance: (i) perception
changes (e.g., +garbage (r1)), (ii) messages sent/received (as in our initial works),
(iii) environment actions issued (e.g., move, clean, pickUp), and optionally (iv) key
internal steps such as goal adoption/failure or intention selection. This yields a standard
RV input trace, while keeping the logger unchanged.

Once 7Ry is fixed, verification can be performed: offline, by parsing the logged
trace and replaying ¢ into a monitor; or online, by streaming each newly produced ch;
to the monitor as soon as it is logged. The verification core is the same in both cases:
monitors consume the changer stream incrementally and emit verdicts (satisfaction/vi-
olation/inconclusive), as in standard RV architectures.

For the purpose above, any of the property languages discussed in Section [2] can
be used. In particular, our previous MAS-focused RV work based on parametric trace
expressions and related monitoring techniques [7U5/4]] naturally fits VESNA because the
extracted events are structured (they carry parameters such as agent id, region, object
id) and can be monitored with parametric specifications.

4.3 NOVAE VEsNAe Explainability

In the companion paper ‘AgentSpeaX: Explain, Actually’ [84] freely available in the
EMAS 2026 web siteE]we introduce AgentSpeaX, a conceptual framework for execution-
level explainability in AgentSpeak(L) agents, and its instantiation to Jason.

AgentSpeaX defines a formal explanation model grounded in instantiated plan ex-
ecutions, capturing how goals, plans, actions, and belief updates produce observed be-
havior. By deriving explanations directly from the AgentSpeak(L) execution process,
AgentSpeaX provides faithful explanations even under recursion, repeated execution,
and failure handling.

The Jason instantiation of AgentSpeaX is based on time-stamped traces of changers
that feed a Prolog-based explainer. At the time of writing, the Jason code must be man-
ually translated into the Prolog representation of plans, beliefs, and goals needed by the

®https://emas-workshop.github.io/2026/, accessed on April 27, 2026.


https://emas-workshop.github.io/2026/

The Secret Life of Traces 15

explainer. Under the assumptions described in [84]], this translation can be automated.
Traces produced by Jason agents as shown in Section [4.T|may be parsed and cleaned in
order to transform relevant elements (timestamps and changers) into the corresponding
Prolog representation. While we manually translated real traces from the already men-
tioned cleaning robot example into Prolog by hand, to quickly come up with a working
AgentSpeaX proof of concept, the trace parsing and conversion to Prolog can be de-
veloped easily. The trace is an essential input to the explanation generation process.
Firstly, the actions performed by the agent are needed to generate explanations since
explanations are of actions, and can include those actions’ preconditions. Secondly, ex-
planations for why a given plan was selected may need to refer to the agent’s beliefs at
the point in time where the selection was made.

4.4 NOVAE VEsNAe Learning

To realise the ‘(Deep) Reinforcement Learning as a Service’ vision described in Sec-
tion[3.4] we extended the VEsNA framework with reinforcement learning (RL) capabil-
ities. The resulting architecture, depicted in Figure d} cleanly separates two concerns: a
symbolic layer (implemented in Jason) that encodes the agent’s state, computes rewards,
and enforces action validity; and an external DRL service (implemented in Python)
that learns a navigation policy through a Deep Q-Network (DQN). The symbolic layer
communicates with the DRL service via a REST API, keeping the two components
fully decoupled. To validate this vision, we developed a prototype within the VEsNA
framework implementing a navigation scenario where a BDI agent learns to reach goal
locations in an office environment comprising interconnected spatial regions with ad-
jacency encoded as Region Connection Calculus (RCC-8) [63] relations in the agent’s
belief base. RCC is a qualitative spatial formalism that we have previously adopted to
represent VESNA environments [33l40]]. The system operates in two phases, illustrated
in Figure [d] During exploration (Figure @{a)), the agent observes its current location
and goal, encodes them into a numeric state vector, and queries the DRL service for an
action. The service selects actions using an e-greedy strategy: with probability e it picks
a random valid action (exploration), and otherwise it picks the action with the high-
est estimated value (exploitation). A symbolically-defined reward machine in the Jason
layer assigns rewards: a high positive reward for reaching the goal, a small penalty for
each intermediate step, and a larger penalty for exceeding a time limit. The DRL service
stores each experience and periodically updates its neural network. During exploitation
(Figure[d{(b)), the trained network is loaded and queried for optimal actions without fur-
ther learning, enabling policy reuse across different goals and improving generalization.
Table [3] instantiates the NOVAE trace components for the navigation learning task. An
episode terminates when the agent reaches its goal (high positive reward), exceeds the
step limit (negative reward), or after each intermediate step (small cost).

Symbolic Constraints on Learning. A key design principle is that symbolic knowl-
edge constrains neural exploration. The agent’s KB defines valid actions through spa-
tial adjacency relations. Before querying the DRL service, the symbolic layer computes
the set of valid actions A(s) C A based on the current region’s neighbors. The neu-
ral component applies action masking: invalid actions receive —oo Q-values, ensuring
they are never selected. This mechanism provides structural verification throughout
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SUA KB Rules State Run Event Changer

A VEsNA [RCC-8 adjacency re-|Plans delegating |Goal-conditioned vector|Episode start |[Movement to an

agent learning |lations; current posi- |action selection to|s = [Ocur||Ogoal] (One- adjacent region,

to navigate  |tion and goal DRL service hot encodings) selected by DRL
service

Table 3. Trace components for a VESNA agent learning to navigate.

learning [2]: the agent cannot attempt impossible transitions. The symbolic KB acts
as a safety shield while the neural component learns optimal behavior within these
constraints. Our architecture is designed to bridge learning and explainability through
enriched traces. The DRL service returns the selected action along with Q-values for
all valid alternatives, enabling to record the selected action and its estimated value, to
capture alternative actions with their values for “Why not?’ queries, and to distinguish
exploitation from exploration decisions. This design supports post-hoc explanation of
learned behavior: given a trace showing the agent chose action a; over as, an explainer
can report that a; was selected because its Q-value exceeded that of as, indicating
higher expected cumulative reward.

Algorithms[T]and3]in the Appendix formalise the training and inference procedures,
respectively. Algorithm[2]provides the masked action selection subroutine used by both.

5 Conclusions and Future Work

In this paper we presented the NOVAE vision, characterized by three aspects:

1. Trace Duality: A single execution produces one trace serving different purposes:
in the learning setting, state-action-reward tuples feed neural learning, while Q-value
annotations support symbolic explanation; at the same time, traces — along with snap-
shots of KB and plans at any given moment — may serve as memories to explain what
agents actually did, and observed changers may be monitored at runtime, by checking
the trace against the specification of the expected behavior.

2. Neuro-Symbolic Synergy: SUAs of interest are characterized by symbolic KB
and rules, but learning takes place at a sub-symbolic level. The symbolic KB constrains
exploration through action masking, while the reward machine ensures alignment be-
tween learned behavior and declarative goals.

3. Separation of Concerns: The external DRL service encapsulates learning logic,
enabling policy sharing across agents and separation between reasoning and learning;
similarly, explainers and RV monitors are all external modules providing services on
demand, decoupling the agents functioning from its monitoring and explanation.

NOVAE VEsNAe, albeit consisting in proofs of concept that are not yet integrated,
suggests that the architecture in Figure ] — coherently supporting logging, verification,
explainability, and learning — is practically realizable, with traces providing the unifying
substrate for learning and explanation. The NOVAE VEsNAe trace logger produces
such unifying substrate, retaining all the information relevant to the agents’ functioning.

The future development of NOVAE VEsNAe is to move from the collection of sep-
arate proof of concepts, to a unique, coherent working framework. This will allow us to
empirically validate our vision, and further shape it.
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Appendix

Algorithm 1 Neuro-Symbolic DRL Training (BDI Agent with Reward Machine)

Require: BDI agent with KB predicates neighbor/2, region_id/2
Require: Episodes [V, horizon T, discount -y, batch size B, target update period C'
Ensure: Trained Q-network parameters 6

1: RL Service: Initialize Qo, Q- , replay buffer D, € < 1.0

2: fore =1to N do

3: Jason: (so, g) < RANDOMDIFFERENTPAIR(V) > Random start/goal
4: Jason: TELEPORT(So); update belief current_region(so)
5: fort =0toT — 1do
6: Jason: o; + ONEHOT(s;) || ONEHOT(g) > State encoding
7: Jason: A; < {id | neighbor(s¢, ) and region_id(r, id)} > Valid actions from KB
8: Jason: Compute reward from previous transition: > Reward Machine
9: if s; = g then

10: ri—1 < 100, di—1 < true

11: else if t = T then

12: ri—1 < —10, di—1 < true

13: else

14: ri—1 < —1, di—1 < false

15: end if

16: Jason -, RL Service: Send (0¢, A, re—1,di—1)

17: RL Service: Store transition (0;—1, at—1,7¢—1,04, A¢,di—1) in D

18: if |D| > B then

19: Sample minibatch B ~ D

20: yi < i +y(1—di) maxXgrear Qo- (07)[a']

21: Update 6 by minimizing ), HUBER(Qg(0:)[a:] — ¥:)

22: end if

23: RL Service: a; < SELECTACTIONMASKED(Qg, 0, A¢, €) > Algorithm. 2]

24: RL Service ~-» Jason: Return at

25: Jason: target <— IDTOREGION(a;)

26: Jason: VESNA.RUN(target) > Physical movement in Godot

27: Godot 22, Jason: Perceive s¢41 via region_entered

28: if d;—1 then

29: break

30: end if

31: end for

32: RL Service: ¢ < max(€min, A€)

33: if e mod C' = 0 then

34: 0~ <0

35: end if

36: end for

37. RL Service: SAVECHECKPOINT(6)
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Algorithm 2 SELECTACTIONMASKED

Require: Q-network Qg, observation o, valid set A, exploration rate €
Ensure: Actiona € A

1: if RANDOM() < e then > Exploration
2: return UNIFORMSAMPLE(A)

3: else > Exploitation with masking
4: q < Qo(0) > Q-values for all actions
5 m + [—00,...,—] > Initialize mask
6: m[A] < 0 > Unmask valid actions
7: return argmax(q + m) > Invalid actions cannot be computed
8: end if

Algorithm 3 DRL-as-a-Service Inference for Embodied BDI Navigation
Require: Pretrained (Qg, start region so, goal region g
Ensure: Trace 7 = {(s¢, ar, qt]a,) }e>0

1: Agent starts at region so

20 7+ []

3: fort =0,1,2,... until goal or timeout do

4: 0; <+ ONEHOT(s¢) || ONEHOT(g)

5: A < {id | 3r : neighbor(s;, r) and region_id(r, id) }
6: Send (o¢, A¢) to RL service

7: RL service computes q; <— Qg (0¢) and selects a; = argmax, ¢ 4, qt[a]
8: Execute action a; (walk/teleport to decoded region)

9: Observe next perceived region s¢41

10: T.APPEND((S¢, at, qt| 4, ))

11: if St+1 = ¢ then

12: break

13: end if

14: end for

15: return 7

Algorithm [T] describes embodied policy training where the BDI agent physically nav-
igates in the Godot environment while learning. The key distinction is that the reward
machine resides in the symbolic layer (Jason): the agent computes rewards based on
goal achievement and sends them to the external RL service along with the encoded
state. The RL service performs e-greedy exploration and DQN updates, while the BDI
agent maintains control over what constitutes valid actions (via KB predicates) and
success/failure conditions.

Algorithm [2] implements e-greedy action selection with symbolic masking. With
probability ¢, the agent explores by uniformly sampling from the valid action set .4
(determined by the KB’s adjacency predicates). Otherwise, it exploits by selecting the
action with the highest Q-value among valid alternatives. The masking implemented
ensures that invalid actions (those not permitted by the symbolic constraints) are never
considered, providing a safety guarantee throughout both training and inference.

Algorithm[3|shows how the trained policy is deployed: the policy is executed greed-
ily while Q-values are logged for explainability purposes.
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