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Abstract

Agentic Al systems that use large language models (LLMs) to implement advanced applications are becoming
popular. However, such systems are known to be prone to hallucinations, opaque in the way they make decisions,
and not offering any safety guarantees. This introduces the need for principled ways to analyze and design such
systems, such that their behavior is verifiable against requirements specifications, and compliant and explainable
according to predefined behavioral and decision-making rules and strategies. We propose a requirements-driven
neuro-symbolic approach to systematically developing such systems. Our approach uses agent-based goal
models to represent the system requirements and allowable strategies for achieving them. Goal models are
then translated into programs in the IndiGolog logic-based agent programming language to orchestrate agent
behavior in compliance with the requirements. LLMs are integrated as components for pursuing specified tasks
and rendering formalizable results, amenable to symbolic verification and explanation generation. In this paper,
we introduce our approach and examine how it can be applied to the design of a meeting scheduling application.

Keywords
Agents, requirements engineering, goal models, situation calculus, IndiGolog

1. Introduction

Agentic Al systems that are based on large language models (LLMs) are becoming a popular framework
for developing advanced applications. These systems make autonomous decisions to achieve the
system’s objectives often using external tools to retrieve information and perform actions. But such
systems are often prone to hallucinations, offer no safety guarantees, are unable to explain their
decisions, and are, hence, untrustworthy. It is, furthermore, challenging to specify the requirements for
such systems, and to ensure that the requirements are met at run-time.

Goal models are popular in requirements engineering [1], due to their ability to capture and analyze
alternative solutions through which human or computational agents can achieve business objectives.
As such, these models are a natural framework for designing agentic solutions, in a way that allows
precise specification and analysis of their desired properties.

We propose a requirements-driven neuro-symbolic approach to developing Al agent systems. Our
approach uses goal models specified in an extension of the iStar 2.0 language [2, 3], called i+ [4], to
represent the requirements for the system and alternative ways of achieving them. Such goal models
can be used to analyze behavior and make decisions at design-time. They can also be used by agents to
analyze alternatives and make decisions at runtime. Within i+ models, human and symbolic agents,
delegate to neural (LLM) agents specified sub-goals or tasks, and the latter are expected to deliver
output that meets a required specification.

Our i+ models are then translated into programs in the IndiGolog agent programming framework
[5, 6]. IndiGolog is a language where one can write high-level programs that specify agent behavior.
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Figure 1: Partial Goal Model for the Meeting Scheduling Problem

Such programs use atomic actions and test conditions that are specified by an action theory in the
situation calculus [7, 8], a predicate logic framework for reasoning about action. Programs can be
nondeterministic and leave choices to the executing agent. The IndiGolog interpreter uses the program’s
action theory to reason about possible executions of the program and search for executions that satisfy
certain properties.

In our approach, we translate the symbolic agents of the goal models into IndiGolog programs that
specify the possible agent behaviors. Delegations to LLMs are treated via specifications of interfaces
between the IndiGolog implementation of the symbolic agents and the LLM endpoint, whereby, through
appropriately designed prompts, the LLM receives a description of the delegated task and returns a
formal output that can be verified against the goal specifications and domain constraints. In this way,
rather than improvising their own opaque strategies, LLMs are part of the execution of a symbolically
pre-specified agent orchestration, allowing formal analysis of the behavior of the overall system,
including checking compliance with safety properties or the generation of explanations [4].

In this paper, we introduce our approach and examine how it can be applied to the design of a meeting
scheduling application. We start by describing how goal models can be used to specify the requirements
of multi-agent systems in Section 2. We show how LLMs are incorporated in the analysis in Section 3.
In Section 4 we sketch how goal models can be translated into IndiGolog specifications. In Section 5
we show how LLMs can be integrated in the model and how the IndiGolog interpreter can allow both
simulation of the solution and act as the backbone of the end system. We conclude in Section 6 with
our agenda for future work on the topic.

2. Goal Models

Goal models have been found to be an effective tool for identifying and analyzing requirements within
a given domain [1, 2, 3, 9, 10]. By identifying the agents relevant to the problem at hand and their high-
level goals, analysts can use such models to show how these high-level goals are recursively decomposed
into alternative lower level sub-goals that can be delegated to other agents and/or further decomposed
into eventually actionable tasks. A specified subset of these tasks constitutes the requirements of the



system-to-be, i.e., functions that a computational agent is supposed to perform. The process ensures
that each resulting requirement is justified (i.e., it is connected to someone’s goal) and that the set
of requirements is complete (i.e., no requirements needed for fulfilling goals are left out). Moreover,
through further formalizing goals, tasks, and domain properties, using, e.g., temporal logic [9, 11], we
pave the way for automatically testing whether the observed system behaviors satisfy the goal model.

An example of a goal model can be viewed in Figure 1. The model is based on i+ [4] a recently proposed
extension of iStar 2.0 [2], a prominent agent-based goal modeling language; i+ is the latest of a family
of such extensions that have been developed for various analysis purposes [12, 13, 14, 15, 16, 17, 18].
The figure offers a partial goal-oriented analysis of the meeting scheduling problem, which has been
used as an exemplar in requirements engineering for many years [19] allowing different methods and
formalisms to be compared. The figure represents actors (the circular elements — actors are the iStar
constructs for agents) involved in the scheduling process and the goals (ovals) each of them has. The
Meeting Initiator (top left) is the actor that has the top level need to Have [a] Meeting Organized. The goal
is AND-refined into two other subgoals Meeting Parameters Defined and Meeting Scheduled — both goals
need to be satisfied for the parent goal to be considered satisfied. The former subgoal is decomposed
into tasks which describe specific activities to be performed. The latter goal is delegated to the Meeting
Organizer, via the iStar’s dependency construct, meaning that the latter actor is now responsible for
achieving it. The different strategies for achieving it are encoded in the underlying decomposition.
OR-refinements, specifically, (e.g., Constraints Collected by Email vs. Constraints Collected by Doodle)
allow variability in the ways by which goals are achieved [10]. The Meeting Organizer delegates its
low-level communication tasks to a Communication Agent and the subgoal of identifying the meeting
time (i.e., finding the optimal time given the collected constraints) to a Scheduling Agent. Early diagrams
can be agnostic on whether actors are human or computational, and, if the latter, of what specific type
(e.g., symbolic or neural); these designations can be made at a later stage as discussed below.

In addition to goals and tasks the diagram contains elements and relationships that add details to the
multi-agent design. These include effect elements, signifying that the containing predicate lists turn true
upon the performance of an associated task, pre-condition elements, specifying conditions that must be
true for tasks to be performed, trigger conditions that cause the agent to attempt a goal or task, goal and
task parameters, as well as conditional refinements (e.g., Constraints Collected by Email). Through these
extensions translation of the model to formal specifications of the Golog family [5, 6, 20, 21] is possible
paving the way for simulation analyses and automated generation of running prototypes.

3. LLMs and Requirements Specification

The meeting scheduling domain that is partially modeled in Figure 1 is suitable for LLM-intensive
agent-based solutions. LLM techniques have the potential to improve usability, especially in handling
natural language (NL) input/output. For instance, the initiator could provide the meeting request and
associated constraints and preferences in NL, as could the potential participants. Explanations for
proposed time slots and conflicts could also be provided in NL. LLMs could also generate commonsense
constraints and preferences to complement those given explicitly by users. LLMs could even be tasked
with finding solutions satisfying the constraints and preferences as best as possible.

From an analysis and design perspective, while LLMs offer such novel capabilities, they do so without
transparency and validity guarantees. On the one hand, when asked to make a decision or judgment, it
is unknown why they make the decision they make — and whether explanations they render or the
chain-of-thought [22] trace that they produce are faithful to the decision-making process they actually
followed is an open question [23]. On the other hand, they are known to hallucinate, i.e., provide invalid
output that, moreover, they may confidently present as valid. From an analysis standpoint, the question
is how we can use the advantages of LLMs in processing complex human language and performing
commonsense reasoning, while ensuring that their behavior is at all times compliant with the goal, task,
and domain property specifications identified during analysis.

We propose to approach the analysis of agentic systems by viewing LLMs as constituent agents



in neuro-symbolic multi-agent designs, where their role is precisely prescribed during analysis as
recipients of goals delegated from other agents (human or symbolic), with precisely specified desired
and undesired outcomes. Hence, while operational strategies for the multi-agent system (with all their
variability) are specified symbolically (e.g., which actor assumes what goals, how goals are decomposed,
in what order they are attempted, what pre-conditions must they satisfy, etc.), execution of tasks
requiring human language and decisions based on common sense is delegated to neural agents. The
latter, however, render the output in a formal or formalizable manner, so as to allow monitoring and
verification with respect to the overall multi-agent design.

In the meeting scheduling example, the naive LLM-centered option is to assign to the LLM agent
the overall responsibility to arrange the scheduling of the meeting based on parameters specified in
natural language. Then, the LLM is responsible for improvising a plan, perhaps with the assistance
of prompt elements, and executing it via contacting participants, receiving and analyzing responses,
and making an “intuitive” decision on scheduling time and date. While modern LLMs can perhaps
accomplish such complex tasks, both the problem of transparency and explainability (e.g., why this and
not that strategy to contact participant X) and the broad problem of safety (e.g., important participant
ignored), mentioned above, emerge.

The neuro-symbolic approach we propose, instead, assumes a study of the multi-agent setting, as
captured by i+, and decisions of what type each agent can be. In Figure 1, the meeting organizer
is a symbolic agent operating predictably under the specified decomposition model, and delegating
appropriate tasks to other agents, such as extracting formal constraints from emails to a Communication
Agent which is neural, and deciding the meeting time to a Scheduling Agent, which is symbolic (e.g, a
constraint solver). These designations are the result of a deliberate late-stage analysis that discriminates
symbolic agents which need to follow well-defined strategies for fulfilling goals — hence, explainable,
verifiable, etc. — from neural agents which can engage in improvised and creative strategies. While the
i+ model explicates the intentional structure of the former, it is restricted in describing the interface of
the latter in the form of pre-conditions and formal output format. This interface description, however,
becomes part of the specification of the entire multi-agent design.

With such a model describing neuro-symbolic multi-agent designs, various forms of automated
analysis are possible including simulation and generation of running prototypes. This can be achieved
via translation of the goal models into IndiGolog, which we discuss next.

4. Translating Goal Models to IndiGolog

IndiGolog [5, 6] is the latest in a family of high-level agent programming languages based on the
situation calculus. The original language, Golog [20], allowed complex actions that include conditionals,
loops, and nondeterministic choice to be specified and reasoned about. This was later extended to
ConGolog [21], which supports concurrent programming. IndiGolog further extends the latter by
supporting online execution that interleaves sensing, planning, and execution. Shapiro et al. [24] show
how ConGolog specifications of multi-agent systems can be verified. Casciani et al. [25] show how
business process models in BPMN can be translated into IndiGolog and analyzed.

The operational semantics of i+ are defined by a set of translation rules that map i+ constructs
into their corresponding Prolog-based implementations of Golog constructs [4]. Here, we adapt this
approach to translate i+ into IndiGolog, to take advantage of its support for concurrent processes and
online sensing. In the translation, every actor is mapped to an object in the Golog domain. Each goal (e.g.,
Constraints Collected (sa,m)) is translated into (a) a satisfaction fluent (sat_constraintsCollected(sa,m)) and
(b) a procedure name (constraintsCollected(sa,m)). Each task in the goal model, such as Send Invitation
Email (sa,p,m) is translated into (a) a performance fluent (perf sendInvitationEmail(sa,p,m)), and (b) a
primitive action (sendInvitationEmail(sa,p,m)).

In our example, the agent has incomplete information in the initial state. For instance, the availability
and preferred timings of meeting participants are not known initially, and will become available once
each participant has provided this information by replying to the invitation email sent or filling up the



Doodle. To accommodate agents that acquire knowledge during executions, we need to consider the
agent’s online executions where it must make decisions based on what it knows, and its knowledge
may be updated as it executes the program. In Listing 1, we show part of the result of translating
the i+ model in Figure 1 into IndiGolog, focusing on the meeting organizer agent SA and how it
may obtain constraints from participants through email. The sending of emails and processing of
the responses are delegated to the communication agent CA, which is assumed to use an LLM to
extract the constraints from the email text. CA is implemented as a server in IndiGolog: when a goal is
delegated to it, it handles it in a separate thread. We model the agents’ knowledge acquisition using two
exogenous actions: responds(P, M, EC) models the reception of the response email EC from participant
P for meeting M and extractConstraints(CA, P, M, EC, LA, LP, LI) represents the communication agent
extracting lists of available, preferred, and if-need-be time slots (LA, LP, and LI respectively) from the
email using an LLM. The effects of these exogenous actions are specified in IndiGolog by declarations
causes_true( Action, Fluent, Condition), meaning that Action causes Fluent to become true when condition
holds.

% in SA agent
proc(meetingOrganized(SA,M), % main goal/procedure - AND decomposed into sequence
[constraintsCollected(SA,M), meetingTimeIdentified(SA,M)]

proc(constraintsCollected(SA,M), % OR decomposed
ndet (constraintsCollectedByEmail (SA,M), constraintsCollectedByDoodle(SA,M))

proc(constraintsCollectedByEmail (SA,M), % conditional AND decomposed
[while(some(p, and(potentialParticipant(p,M),
neg(sat_individualConstraintsCollectedByEmail(SA,p,M)))),
pick(p, [
?(and(potentialParticipant (p,M) ,neg(sat_individualConstraintsCollectedByEmail(SA,p,M)))),
delegate(SA,ca, individualConstraintsCollectedByEmail(SA,p,M),
individualConstraintsCollectedByEmail(ca,p,M))])),
?(neg(some([p,ec,la,lp,li],and(potentialParticipant(p,M), % wait until all have responded
and(neg(responded(p,M, ec)) ,neg(extractedConstraints(ca,p,M,ec,la,1lp,1i)))))))]

).

% in CA agent
proc(communicationAgentMain(CA),
iconc(ndet(pi([p,m], [acquireDelegatedindividualConstraintsCollectedByEmail(CA,p,m),
individualConstraintsCollectedByEmail (CA,p,m)]),
pi([p,m], [acquireDelegatedAnnounceDoodle(CA,p,m),
announceDoodle(CA,p,m)])

)

proc(individualConstraintsCollectedByEmail(CA,P,M), % AND decomposed into sequence
[sendInvitationEmail(CA,P,M), receiveAndProcessResponse(CA,P,M)]

proc(receiveAndProcessResponse(CA,P,M), % AND decomposed into sequence
[? (some(ec,responded(P,M,ec))),
pick(ec, [?(responded(P,M,ec)),
queryConstraints(CA,P,M,ec),
? (extractedConstraints(CA,P,M,ec))])

D-

% associated declarations
exog_action(responds(P,M,EC)).



exog_action(extractConstraints(CA,P,M,EC,LA,LP,LI)).

causes_true(responds(P,M,EC), responded(P,M,EC), true).
causes_true(extractConstraints(CA,P,M,EC,LA,LP,LT),extractedConstraints(CA,P,M,EC), true).
causes_true(extractConstraints(CA,P,M,EC,LA,LP,LT),available(P,T,M), member(T,LA)).
causes_true(extractConstraints(CA,P,M,EC,LA,LP,LI),preferred(P,T,M), member(T,LP)).
causes_true(extractConstraints(CA,P,M,EC,LA,LP,LI),ifNeedBe(P,T,M), member(T,LI)).

Listing 1: Partial Translation of Goal Model in Fig. 1 into IndiGolog.

5. Simulation and Analysis of Agent Behaviors

The formalized models are useful for simulating the system-to-be in order to support the process of
discovering and specifying requirements, analyzing system behavior, verifying system properties, and
generating explanations. They can also be used to develop a system prototype that uses IndiGolog
to implement the high-level behavior of the agents involved and their interaction. The implemented
agents can be interfaced to application software, LLMs, and symbolic solvers to support their function-
alities. For this, we use a SWI Prolog-based implementation of IndiGolog® which readily supports the
implementation of individual agents as well as multi-agent systems. Agents can be interfaced with
their environment through an environment manager.

The IndiGolog interpreter supports the generation of partial or complete execution traces of the agent
programs. The system’s initial situation as well as the exogenous actions that the system responds
to can be controlled. The interpreter can be used to search for executions that falsify a state formula
representing a safety property. For example, we may want to check that the system never tries to
identify a meeting time unless it has collected constraints from all important participants. It can also
be used to check for the existence of an execution that achieves some goal condition under some
assumptions. In related work [25], IndiGolog has been used to formally specify business process models
and support their analysis. Because the entire system is formally specified in the situation calculus,
verification techniques based on model checking and SMT can also be exploited. De Giacomo et al. [26]
discuss how reactive system synthesis techniques can be applied to Golog specifications.

6. Conclusion and Future Work

In this paper, we investigated using an i+ goal model for both specification of the requirements of a
neuro-symbolic agentic Al system, as well as facilitating analysis of agent behavior and decision making
at both design-time and runtime. These goal models are translated into programs in the IndiGolog
agent programming language to orchestrate agent behavior in compliance with the requirements. We
focused on a meeting scheduling application that includes both LLM-based agents and symbolic agents.
Simulation is based on generating possible action histories and asking questions based on them.

Integration of LLM techniques in symbolic Al agent systems raises many open questions. For instance,
are LLMs sufficiently accurate in their interpretation of the input and in their recommendations? What
prompt engineering methods work best under which conditions? Is it better to get users to perform
quality checks on LLM interpretations or not, and if so, under what conditions? How do we manage
the trade-off between quality and user interaction? And more generally, how can one combine LLM
methods and symbolic solvers to optimally satisfy the system’s goals? We aim to explore these open
questions in future research.
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'The IndiGolog implementation we use is available at: https://github.com/ai-krml-uoft/indigolog/.
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