
Enhancing Scenario-Based Modeling Using 
Large Language Models 

David Harel1, Guy Katz2(B), Assaf Marron1, a nd Smadar Szekely1

1 The Weizmann Institute of Science, Rehovot, Israel 
2 The Hebrew Universit y of Jerusalem, Jerusalem, Israel

guykatz@cs.huji.ac.il 

Abstract. Manually modeling complex systems is a daunting task. 
Although numerous methods have been proposed for mitigating this 
issue, this difficult problem persists. Recent breakthroughs in generative 
AI and large language models have led to the creation of general-purpose 
chatbots, which can assist software engineers and modelers in various 
tasks. Still, these chatbots are often inaccurate or incorrect, and so using 
them in an unstructured manner might result in erroneous system mod-
els. Here, we outline a method designed for integrating chatbots into 
the modeling process, in a safer and more structured way. To facilitate 
this integration, we advocate the use of the scenario-based modeling 
paradigm, which has been shown to facilitate the automated analysis of
models. We suggest that through the iterative invocation of a chatbot,
combined with manual and automatic inspection of the models it pro-
duces, one can obtain a more robust and accurate system model. We
report on favorable preliminary results, which showcase the potential of
this approach.

Keywords: Large language models · Generative AI · Chatbots · 
Scenario-based modeling · Rule-based specifications

1 Introduction 

The manual modeling of complex systems is an error-prone and daunting 
endeavor. Moreover, even after the initial modelling of the system is done, ongo-
ing tasks such as repair and modification continuously tax human engineers. 
Creating methodologies and tools for facilitating and streamlining this process
has been the topic of extensive research. Still, many aspects of this problem
remain unsolved [5, 44]. 

In recent years, the deep learning revolution has brought about dramatic 
changes in many domains, including computer science. This trend h as recently
intensified with the release of ChatGPT, the learning-based chatbot [43], which 
appears to be a significant step towards general-purpose AI. C hatGPT, and other
tools like it [13, 42], can be applied in countless kinds of tasks—and particularly, 
as part of the modeling and coding of complex software systems [45]. Using 
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ChatGPT, engineers might provide a natural-language description of the system 
being developed, and then receive from the chatbot a model of this system, or 
even the source code that implements it. Using iterative invocations of ChatGPT, 
the system can later be modified or enhanced, as the need arises. This kind of
technique has already been successfully used on systems from various application
domains [6, 39, 45]. 

Even though the ability to leverage ChatGPT1 as part of the software devel-
opment cycle can significantly empower software engineers, it also presents 
potential pitfalls that should be considered. One potential drawback of using 
chatbots in this way is that the answers they produce are often incomplete or
inaccurate, and sometimes overlook various aspects of the input query [39]. Fur-
ther, the input query presented to the chatbot might itself be imperfect, and the 
engineering team might overlook this fact until the system is deployed. Conse-
quently, if we assume that human engineers will become increasingly dependent 
on chatbots for performing various tasks, the associated risk that such errors 
might find their way into the final, deployed models and code of the system 
at hand increases. Consequently, we face the following challenge: how can we
harness modern chatbots in a way that lifts significant loads of work off the
engineer’s shoulders, but which results in system models that are accurate and
sound?

In this paper, we advocate for the design of an encompassing modeling 
scheme, which would allow engineers to combine chatbots such as ChatGPT
with more manual, “traditional” techniques for systems modeling [5, 44], in such 
a way that will achieve the aforementioned goal. The core idea is to make use 
of ChatGPT in a more controlled way; i.e., by repeatedly invoking it for var-
ious tasks, but to also repeatedly analyze and inspect its results, in order to 
ensure their accuracy and soundness. We believe that such schemes, if properly 
designed, could allow software e ngineers to benefit from the capabilities of Chat-
GPT without jeopardizing the quality of the resulting systems. In the longer run,
we argue that such a scheme could constitute a step towards the vision of Wise
Computing [25], which includes the turning of the computer into a proactive 
member of the engineering team—which can propose possible courses of action, 
detect under-specified sections of the model, and support the various routine
actions that arise as part of the development cycle of modern software.

To construct such a modeling scheme, we propose here to leverage some of the 
extensive work that has been carried out within the modeling community over 
the years. Specifically, we focus here on such modeling frameworks that afford 
two benefits which, in our view, complement the capabilities of ChatGPT: (i) 
models produced by the modeling framework are highly aligned with the way 
humans perceive the systems under development. This, we argue, could facilitate
the manual inspection of ChatGPT’s output by the engineers; and (ii) models
produced by the framework are amenable to automated analysis techniques, e.g.,

1 We will often use the term ChatGPT somewhat generically, to represent an arbitrary,
modern chatbot.
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model checking. This is needed to support the automated detection of inconsis-
tencies and errors in models that are automatically generated by ChatGPT.

Multiple existing modeling framework fit these requirements and could prob-
ably be used in our context. Still, for the initial evaluation results discussed 
here, we chose to focus on scenario-based modeling (SBM ). SBM is modeling 
technique that produces mo dels comprised of simple scenarios. Each such sce-
nario corresponds to a single aspect of the system being modeled [9, 33]. As 
we later discuss, this fact facilitates a smoother collaboration betw een human
engineers and chatbot.

In order to demonstrate the potential of this combined framework, we study 
here some few tasks that naturally arise within a system’s life cycle. More con-
cretely, we focus on the model’s initial design phase; its testing; the verification of 
its various properties; its later repair or enhancement, possibly due to the discov-
ery of inconsistencies; and also the s earch for under-specified portions within the
model. Our results are preliminary, but are highly promising. We hope that this
paper could form the basis for further research in this important direction.

In the rest of the paper, we discuss the key concepts of our proposed approach, 
and lay out a high-level plan for future steps. We start w ith an introduction to
the concepts of SBM and language model-based chatbots, in Sect. 2.  We  then  
present the proposed integration of ChatGPT and SBM in Sect. 3, and continue 
with a discussion of the more advanced aspects of such an integration in Sect. 4. 
In Sect. 5 we present technical and methodological challenges that emerged in 
our experiments as well as directions for addressing these challenges in further 
refinement of the methodology. Next, we discuss related work in Sect. 6, followed 
by a conclusion in Sect. 7. 

2 Background 

2.1 Large Language Model-Based Chatbots 

Chat Generative Pre-trained Transformer (ChatGPT), by OpenAI [7, 43], is a 
large language model (LLM) based chatbot. ChatGPT is sufficiently powerful to 
conduct an iterative conversation of variable format, style, length, level of detail, 
and language. At each stage of the conversation, the user presents ChatGPT with 
a fresh prompt, and the chatbot then replies—based on all previous prompts that 
appeared in that conv ersation (also referred to as the context). Since its debut
in 2022, ChatGPT has quickly become profoundly successful, and has inspired
several other companies to create their own chatbots [3, 13, 42]. 

Internally, ChatGPT is comprised of a proprietary series of generative pre-
trained transformer (GPT) models. These models a re, in turn, based on Google’s
transformer architecture [46]. ChatGPT has been fine-tuned for conversational 
applications, through a combination of reinforcement and supervised learning 
techniques, followed by manual adjustments by human engineers. The chatbot’s 
training, and also its inference, are considered very costly in terms of processing
resources and power consumption.
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As far as functionality is concerned, ChatGPT is extremely versatile. Some of 
its numerous uses include writing and debugging computer programs [45], gen-
erating student essays [2], and also composing music [40]. However, it may some-
times produce plausible-sounding but completely incorrect answers—which is a 
known limitation for large language models [16]. 

2.2 Scenario-Based Modeling 

Scenario-based modeling [33] (SBM) is an approach for modeling complex, reac-
tive systems. The main building block in a scenario-based (SB) model is called a 
scenario object, and it describes a single behavior of the system being modeled— 
whether desirable or undesirable—which can be specified as allowed, necessarily, 
or forbidden. Each of the model’s scenario object does not interact with its 
counterparts directly, and is created in isolation. Cross-scenario interaction is
supported, but only through a global execution mechanism, which may execute
a set of scenarios in a way that produces global, cohesive behavior.

Multiple flavors of SBM have been proposed, each with its own mechanism 
for cross-scenario interactions. Here, we focus on a particular set of idioms, which 
are common in m any of the SBM frameworks: the requesting, waiting-for and
blocking of discrete event sets [33]. As the mode is executed, each of the scenario 
objects repeatedly visits designated synchronization points; and in each of these 
points, the global execution mechanism triggers a single event. Each scenario 
object may declare sets of events that it wishes to see triggered (requested events), 
events that it would like to avoid (blocked events), and events that it does not 
request itself, but which it would like to monitor (waited-for events). The global
execution mechanism then collects these declarations from each of the scenario
objects in the system (or, possibly, a subset thereof [19]), selects a single event 
that is requested and not blocked, and then broadcasts t his selection to all
relevant scenario objects.

In each synchronization point there may be multiple events that are requested 
and not blocked; and multiple strategies have been put forth for selecting one 
of these events. Possible strategies include arbitrary or random event selection, 
a round-robin mechanism, and also look-ahead schemes that simulate the pos-
sible progression of the execution, a nd then select events in order to optimize
an objective specified a-priori (e.g., the avoidance of deadlocks). Executing a
scenario-based model in this way is termed play-out [31]). 

Figure 1 illustrates a simple SB model. It represents a system that controls 
the water level of a water tank, which is equipped with cold and hot water taps. 
Each of the scenario objects is depicted as a transition system, wherein nodes 
correspond to the predetermined points of synchronization. The AddHotWa-
ter scenario object repeatedly waits for events of type WaterLow,  and  when-
ever such an event is triggered, the scenario object requests three times the
event AddHot. Symmetrically, the AddColdWater scenario object requests
the addition of cold water. When the SB model includes only the objects Add-
ColdWater and AddHotWater, three AddCold events and three AddHot
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events may be triggered, in any order, during the model’s execution. If maintain-
ing a more stable water temperature within the tank is important, this could be 
achieved by adding the scenario object Stability, which enforces the interleav-
ing of AddHot and AddCold events—through the use of the event blocking
idiom. An execution trace of the SB model that contains all three objects appears
in the event log.

Fig. 1. (Borrowed from [26, 28].) An SB model that controls the water level in a t ank
with hot and cold water taps.

Scenario-based modeling has been implemented on top of several h igh-level
languages, such as C++ [21], Java [32], JavsScript [4], Python [47], and Sce-
narioTools [14]. Moreover, scenario-based modeling has been applied to various 
complex systems, including cache coherence protocols [23], a web-server [21], and 
robotic controllers [17]. To keep the presentation simple in the coming sections, 
we will usually describ e SB models as transitions systems.

We follow here the formal definitions of SBM as they appear in [36]. A sce-
nario object O over event set E is given as a tuple O = <Q, δ, q0,  R,  B  >, where
the components are defined as follows:

– Q is a set of states. Each state in Q represents a s ingle, predetermined syn-
chronization point;

– q0 ∈ Q is the initial state;
– R : Q → 2E and B : Q → 2E are mappings from states to the respective sets 

of ev ents requested and blocked at these states; and
– δ : Q × E → 2Q is a transition function, which serves to indicate how the 

scenario object transitions between states in response to the triggering of
events from E.

A set of individual scenario objects can be composed, in a pairwise fashion, 
according to the rules that appear below. Let O1 = <Q1 ,  δ1 ,  q1 0 ,  R1 ,  B1> and 
O2 = <Q2 ,  δ2 ,  q2 0 ,  R2 ,  B2> be two scenario objects, specified over a common event 
set E. These two obj ects are composed into a single scenario object O1 || O2 =
<Q1 × Q2, δ, <q10 , q20>, R1 ∪ R2, B1 ∪ B2>, where:

– <q̃1 , q̃2>  ∈  δ(<q1 ,  q2>,  e) if and only if q̃1 ∈ δ1(q1 ,  e) and q̃2 ∈ δ2(q2, e); and
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– the composite labeling function is defined as the union of its constituents; 
i.e., e ∈ (R1 ∪ R2)(<q1 ,  q2>) if and only if e ∈ R1(q1) ∪ R2(q2),  and  e ∈ 
(B1 ∪ B 2)(<q1, q2>) if and only if e ∈ B1(q1) ∪ B2(q2).

Through the || composition operator, we define a behavioral model M as 
a set of scenario objects, M = {O1 ,  O2 ,  .  .  .  ,  On}. The executions of model M 
are defined to be precisely the executions of the composite object O = O1 || 
O2 || .  .  .  || On. Consequently, each execution of M starts from O’s initial state, 
which, in turn, is the n-tuple of initial states of the individual objects o f which
O is comprised; and throughout M ’s run, in each state q one enabled event
e ∈ R(q)− B(q) is selected for triggering, if such an event exists. The execution
then transitions to a state q̃ ∈ δ(q, e), and the process is repeated.

3 Integrating ChatGPT and SBM 
3.1 Basic Integration 

As the first step towards integrating SBM and ChatGPT, we present a straight-
forward methodology for generating scenario objects from free-text, using Chat-
GPT. To get ChatGPT to present its output in scenario object form, we propose 
to include, in the prompts presented to the chatbot, a preamble that describes
SBM’s semantics, as presented in Sect. 2. This preamble is used to instruct Chat-
GPT to produce its output as transition systems, wherein each state is labeled 
with requested/blocked events; and has also a set of transition rules that indi-
cate its successor state, for each event that could be triggered. Note that such 
a preamble only needs to be designed once, and that it can then be used with
any subsequent query. Whenever a specific SBM implementation is in use (e.g.,
C++, Java), the chatbot’s output can be adjusted to match the required syntax
of that implementation.

The simple preamble, which we used in our some of our initial exp erimenta-
tion, is as follows:2

I would like you to help me create a scenario-based model. A scenario-based 
model is comprised of a finite set of events, and scenarios. Each scenario is 
a sequence of states. In each state the scenario can request events, wait-for 
events, and block events. Afterwards, one event that is requested by at least 
one scenario, but is blocked by no scenario, is selected for t riggering. Sce-
narios that requested or waited-for this event may then change states, and
the process repeats itself. Scenarios cannot have internal loops or variables;
these must be expressed using additional states.

To display scenarios, please use the following format. For each state, 
mention the state’s name, and the sets of requested and blo cked events.
Also, mention the transitions to other states. For example:
– s1: request X, block Y. If X is triggered, go to state s2.

2 This preamble and several other prompts are borrowed from [26]. In some of the 
experiments, we used other descriptions of SBM; but as it turned out, ChatGPT 
was able to handle very well the great variability in such descriptions.
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– s2: request Y, block X. If Y is triggered, go to state s2.
Now, here are the details of the specific scenario-based model I’d lik e

you to create. . .

Through this preamble, we could get ChatGPT to generate the m odel we
described in Sect. 2. For the AddHotWater scenario, we used the following
prompt:

Consider the event set WaterLow, AddHot, AddCold.
Please suggest a scenario that waits for event WaterLow (without 

requesting it). When WaterLow is triggered, the scenario performs the fol-
lowing, 3 times in a row: request the event AddHot, and wait for it to be 
triggered (both in a single state). When the 3rd AddHot event occurs, the
scenario transitions back to its initial state.

The chatbot then replied to this p rompt as follows:

– s1: wait for WaterLow. If WaterLow is triggered, go to state s2.
– s2: request AddHot, wait for AddHot. If A ddHot is triggered, go to

state s3.
– s3: request AddHot, wait for AddHot. If A ddHot is triggered, go to

state s4.
– s4: request AddHot, wait for AddHot. If A ddHot is triggered, go to

state s1.

Which is indeed equivalent to the transition system that appeared in Fig. 1. 
The AddColdWater scenario could also, be generated using the symmetrical 
prompt. Next, if we wished to incrementally modify the system t hrough the
introduction of the Stability scenario, we could issue the final prompt:

Please suggests a scenario that uses blocking to ensure that no two consecu-
tive AddHot events can be triggered, and that no two consecutive AddCold 
events can be triggered; that is, once AddHot is triggered, AddCold must 
be triggered before AddHot can b e triggered again, and vice versa. This
scenario should not request any events, and should work regardless of any
WaterLow events.

And in response, ChatGPT would produce the Stability scenario, precisely
as described in Fig. 1. 

We point out that there is a subtle difference between the prompts we used 
to obtain the first two scenarios, AddHotWater and AddColdWater,  com-
pared to the prompt used to obtain Stability. For the first two cases, our 
prompt included information that approximately described the transition system 
that we desired; whereas in the last case, our prompt was more high-level, and 
did not contain the word “state”. Still, in all cases, the chatbot successfully pro-
duced the desired outcome. This further demonstrates the wide specification
range that ChatGPT can successfully handle; and it suggests that a chatbot can
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be used even in cases where the engineers themselves are not entirely certain of 
what the scenario that they desire looks like. While it is reasonable to assume 
that the more accurate description, the more accurate result, it seems that even
high-level descriptions can prove useful, especially when enhanced by techniques
for automated analysis, as we discuss next.

3.2 The Proposed Methodology 

Further extending the basic integration between SBM and ChatGPT, we now 
propose an outline for a structured, language-agnostic and LLM-agnostic 
methodology for creating complex models of reactiv e systems that interact with
their environment repeatedly, and may receive external inputs [35]. Many crit-
ical, modern systems can be regarded as reactive [1], and as a result there has 
been extensive work on devising methods and tools for modeling such systems. 
In spite of this tremendous effort, there still remain significant gaps; and these 
could result in models that are either inaccurate or difficult to maintain, or both.
In this paper, which can be regarded as an element within the Wise Computing
vision [25], we seek to mitigate these gaps, by creating advanced and intelligent 
tools, which will begin to undertake system development tasks that are tradition-
ally reserved for humans. The approach is based on having system components 
generated, incrementally and iteratively, through the use of an LLM; and to
have the LLM’s outputs checked systematically, and semi-automatically, using
various methods and tools (see Fig. 2). 

1. Describe, textually and in natural language, the problem a nd its environment.
2. Choose a scenario-based, compositional modeling language, which affords 

well-defined execution semantics, and which is suitable for incrementally
developing the system at hand.

3. Obtain a chatbot that is familiar with the general application domain, or 
which can readily become familiar with the domain through external knowl-
edge, a nd which can be made to produce code in the selected scenario-based
language.

4. Create a preamble that iteratively describes the semantics of the scenario-
based language to the LLM. In order to confirm that the LLM has s uccessfully
internalized the details of the language semantics, have it execute (i.e., play
out [31]) systems described as rules or scenarios in the selected language. 
Specifically, have the LLM output logs of scenario states, triggered event s,
composite system states, the values of environment variables, etc.

5. In an iterative manner, add scenarios and refine existing ones, as follows:
(a) Use prompts to describe certain not-yet-specified requirements or aspects 

of the system as scenarios.
(b) Have the chatbot generate the actual scenarios for the prompt, in the

selected language.
(c) Have the chatbot generate natural language descriptions of executable 

test cases and properties to be verified (perhaps as assertions for formal 
verification tools), per the original requirements. This entails stating the
requirements at hand, from different perspectives.
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(d) Carry out initial validation and testing within the chatbot, by challenging 
it to independently find gaps and incorrect execution paths. If needed,
correct the natural language specification and prompts.

(e) Systematically check the output produced by the LLM, externally, by 
using the following (or part thereof): unit testing of individual scenarios, 
code reviews by human engineers, model checking of the new scenarios, 
as well as those of the composite system, subsystem testing with some 
or all of the already-developed scenarios, etc. Such testing is intended 
to be carried out in the execution environment of the language, whereas 
model checking is intended to be carried out using an adequate formal
verification tool. Most importantly, both should be independent of the
LLM’s environment. As a possible enhancement, automate the subjecting
of generated scenarios to model checking and testing.

(f) When errors are discovered, do not alter the generated code; instead, 
alter the LLM prompts, until the correct system scenarios and testing and 
verification properties are successfully generated. This step is crucial for 
ensuring that the stakeholder’s (i.e., customer’s) view of the requirements
is well aligned with the developer’s understanding, as well as with the
actual code.

(g) Once the set of generated scenarios appears ready, repeat step (d), by 
having the LLM find potential failures or gaps in this set of scenarios. 
Specifically, attempt to find, through the LLM’s suggestions, new envi-
ronment considerations that might prevent the system from functioning 
correctly. This step is intended to mimic common system engineering
task of having potential customers or external experts review some of the
advanced system prototypes. Then, repeat earlier steps as needed.

Fig. 2. Methodology overview: Development is iterative; testing and validation are 
carried out both within and outside of the LLM; when issues are identified with LLM-
generate code, problematic code blocks are replaced using new or revised prompts.

Next, we elaborate on some of these steps, and provide illustrative, simple
examples.
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4 Using the Method in the Development Cycle 

4.1 Code Generation 

Code generation is one of the most straightforward capabilities of chatbots that 
we propose to integrate into a system’s development cycle. In Sect. 3 we demon-
strated that ChatGPT can generate an executable, scenario-based model—and 
similar capabilities have been demonstrated with other languages [6, 39, 45]. One 
advantage in the context of scenario-based systems is that it is possible to gener-
ate stand-alone scenarios, which can then be tested and reviewed separately, and 
later be added, incrementally, to the system at hand. In our preliminary exper-
imentation for this paper, we tested code generation for r equirements in the
realms of algorithms on data structures, autonomous vehicles, control systems,
and simulating natural phenomena. For each of these realms, the chatbot/SBM
integration proved useful.

4.2 Modeling 

Once ChatGPT successfully digested the underlying principles of SB models, 
it was indeed successful in combining logic with its knowledge of the problem 
domain and of the world at large, in order to enhance or develop an SB model. For 
example, it was successful in introducing new environment events, in describing 
the sensor scenarios required for triggering such events, and also in adding the 
corresponding application scenarios that react to these events. In one case, we 
considered a robot moving numbered tiles on a sequence of cells, and ask ed the
chatbot to generate SB code for a bubble-sort algorithm to be used by this
system. ChatGPT was able to introduce events corresponding to the arrival of
a tile at the tail-end of the array, and it was also able to generate scenarios for
reacting to such events.

4.3 Play Out and Simulation 

After a few attempts, we succeeded in getting ChatGPT to produce execution 
logs for arbitrary SB specifications. Initially, we observed “wishful thinking”, 
where the chatbot would describe an execution as it should be per the problem
description. By iteratively refining our prompts, as illustrated in Fig. 3,  we  even-
tually got ChatGPT to follow the execution steps correctly and to display the 
event and transition leading to each synchronization point; as well as a table of 
all scenarios, indicating for each s cenario its event declarations and whether or
not it had requested or waited-for the event that was eventually triggered.

4.4 SMT-Like Model Analysis 

A key advantage of SB modeling is its amenability to automated formal verifica-
tion, and the availability of tools that perform this—either through exhaus-
tive model checking that traverses all paths, or by using a domain-specific
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Fig. 3. (Borrowed from [26].) Simulating the execution of an SB model with ChatGPT. 
Top: user prompts describing the scenarios at hand. Middle and bottom: The first 
couple of entries in the chatbot’s output, when requested to play out the system’s 
execution. These show the triggered events, the scenarios that reacted to these events,
and the event-set declarations of each of the scenarios at the following synchronization
point.

verification approach through the use of Satisfiability Mo dulo Theory (SMT)
engines [20, 30, 37]. This is achieved through the abstraction and encapsulation 
of domain-specific processes, conditions and actions as states and events. The 
result is a set of relatively small intuitive scenarios that reflect individual require-
ments, and whose composition produces the complex system—as opposed to
complexities that rise from the intricate conditional flow of sensitive and deli-
cate processes, each with numerous steps.

In our experiments, we observed that ChatGPT is able to leverage these 
kinds of encapsulation and abstraction in identifying cases where a specifica-
tion has either been omitted, or is handled incorrectly. In one case involving an 
autonomous vehicle system, we presented the chatbot with the following three 
requirements: (i) always stop when the light is red; (ii) always obey instructions 
from a police person; and (iii) never injure a person. ChatGPT readily reported 
that these requirements may be conflicting. With regards to the safety require-
ment of not entering an intersection when the traffic light is red, the chatbot
pointed out that the autonomous vehicle may fail to stop if the road is icy; that
it may involuntarily enter the intersection if, after stopping, it is hit from behind
by another vehicle that did not stop; and, furthermore, that it may cause injury
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to a person even without moving, e.g., if a person who is walking behind the AV 
gets hit by another vehicle and is thrust against the AV.

In another case, using a mathematical, SMT-like analysis, ChatGPT success-
fully identified a particularly interesting execution path. Here, we presented the 
chatbot with a system comprised of the following four scenarios: the first scenario 
waits for an external time tick event, then requests flashing a red light briefly, 
and then waits for any event; the second scenario does the same, but requests to 
flash a green light; the third scenario counts time ticks modulo 3, and blocks the 
red light from flashing every third tick; and the fourth scenario another blocks 
flashing the green light, every five ticks. Next, we added the requirement that 
between any two consecutive time ticks, at least one light must b e flashed. When
prompted, ChatGPT responded that the requirement is not satisfied—and that
every 15 time ticks (3 · 5) both red and green flash events will be blocked. The
chatbot apparently reached this conclusion through an arithmetic calculation, as
opposed to a step-by-step simulation, which allowed it to quickly reach similar
conclusions for arbitrarily large numbers.

Below is an excerpt from this conversation (borrowed from [26]), after the 
scenarios had already been describ ed. When prompted with

now a new requirement came in: always, after every tick, at least one light 
must be flashed. Does the combined system of red fl ashing and green flashing
with the 3 and 5 restrictions satisfy the requirement?

To this, C hatGPT replies:

To analyze whether the combined system satisfies the new requirement that 
at least one light must flash after every tick, we must consider the sync hro-
nization points of both the red and green systems with their respective
restrictions:

The red system flashes on every tick, except every third one. The green 
system flashes on every tick, except every fifth one. If we consider the 
sequence of ticks and apply both restrictions, the combined system would 
not flash a light on a tick that is both a multiple of three and five — specif-
ically, on tic ks that are multiples of fifteen, since 15 is the least common
multiple of 3 and 5. At such ticks, both systems would be blocking their
respective lights from flashing due to their individual restrictions.

Therefore, on ticks that are multiples of fifteen (like the 15th, 30th, 45th 
tick, and so on), neither light would flash, violating the new requirement
that at least one light must flash after every tick.

In conclusion, the combined system of red flashing and green flashing 
with the restrictions of not flashing on ticks divisible by three and five, 
respectively, does not satisfy the requirement that at least one light must
be flashed after every tick.
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Further, the chatbot was successful in discussing possible generalizations of 
this computation, including the calculation of the number of states of the com-
posite system that an exhaustive model checker would have to traverse. 

However, this capability is limited and should be used with care. For example, 
when we presented a similar case, where event E1 occurs every 3 s, in seconds 
0,3,6,9, etc., and event E2 occurs at second 77 and then every 75 s, it toook 
several interactions and correction by humans for ChatGPT to realize that E1 
and E2 can never occur at the same second since the time stamp of E2 events 
is always 2 modulo 3. This deficiency does not completely erase the value of 
ChatGPT in such SMT-like analyses. When checking global assertions, counter 
examples yielded by ChatGPT can be readily checked, and may identify potential 
bugs. Incorrect counterexamples may highlight gaps in the specification which 
may have led to the incorrect computations. Plain errors by ChatGPT in this 
context are not too expensive. Partial or incorrect attempts by ChatGPT at 
proofs that certain properties always hold, can help guide humans in carrying 
out rigorous analysis, whether mentally or with the help of tools, independent 
of an LLM. 

Interestingly enough, while the chatbot successfully applied its logic to dis-
cover system execution paths with special properties, it failed to perform as 
well when required to list all possible execution paths that possess a certain 
property. I n one case, we presented ChatGPT with a 4-by-4 cell grid, and
prompted it for the steps that a robot may take from the bottom-left cell (0,0)
to the top-right cell (3,3), using the usual events for up, down, left and right
motions. We also instructed the chatbot to only look for paths that remained
within the grid. ChatGPT produced paths such as right,right,right,up,up,up or
right,up,right,up,right,up, but when instructed to list all possible paths that go
through cell (1,3) it failed, and instead listed several paths that did not reach the
desired target at all, such as up,up,up,right,down,down,right,up,right. We thus
conclude that ChatGPT is not yet able to carry out exhaustive model checking
on SB systems. However, this is not a severe limitation, because our proposed
methodology for verifying the LLM’s outputs entails carrying out such analysis
independently of the LLM environment.

4.5 Identifying Under-Specification 

Even in cases where an existing model addresses all stated requirements perfectly, 
it is possible that there are additional areas of the broader problem domain that 
are currently not handled properly—possible due to synthetic or reduced prob-
lem descriptions. When presented with appropriate prompts, ChatGPT was able 
to significan tly improve an already developed model, or, conversely, to help in
explicitly stating the expected scope and boundaries of the intended system.

In one example [18], we presented the chatbot with an SB model that had 
been developed for science teaching purposes. The model contained information 
on how bees depend on the ambient temperature in order to switch between 
being active and hibernating; how flower plants rely on hours of daylight in order
to start blooming; and how active bees depend on blooming flowers for their
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survival. In the original model, the number of daylight hours and the average 
temperatures were mutable parameters, which students could adjust in order to 
check how certain combinations of settings could sustain the bees, whereas other
settings could cause the bees to die out due to hunger.

When we prompted ChatGPT for possible enhancements to the education 
model, it returned with a suggestion that we consider also weather-related vari-
ations, as these might modify the pre-specified fixed n umber of daylight hours
and average temperature for a given time of year.

4.6 Explainability 

Once the chatbot is provided with a certain expected or observed behavior of 
the system, it is often able to explain the cause of that behavior, in natural 
language. Further, it is often able to reasonably balance b etween providing the
overly detailed, complete execution trace, and the overly simplistic explanation
that “this is what the system is supposed to do”.

In one case we provided the chatbot with details on the semantics of SB 
modeling, and then prompted it as follows (borrowed from [26]): 

In a system with two scenarios, one waits for time tick events and after 
each time tick requests a short beep (100 ms). The other scenario waits for 
time ticks, and after each such event requests a long beep (500 ms). Each 
of these scenarios waits for both the short and long beep events, so that 
after each time tick, exactly one beep occurs. Actuator scenarios actually 
cause the respective beeping action. Time tic k events are injected by the
environment every one second. A user reported that it watched the system
for 20 s, and never heard a long beep. Can you explain why this may have
happened?

ChatGPT’s response w as:

The user’s report of not hearing a long beep in a system with two scenarios— 
one requesting a short beep after each time tick, and the other requesting 
a long beep after each time tick—can be explained through the principles
of Scenario-based Modeling (SBM).

In SBM, when multiple scenarios request different events after a shared 
trigger event, the execution environment selects one of these requested 
events to occur. The selection can be arbitrary or follow a specific strat-
egy, such as alphabetic or lexical order, priority, random, round-robin, etc. 
In this case, if the event selection strategy prioritizes the short beep over 
the long beep (for example, due to alphabetic order, where “short beep” 
comes before “long beep”), then the short beep will always be selected to 
occur after each time tick, and the long beep will never be executed. Since
time tick events are injected by the environment every second, and both
scenarios are waiting for this event, each time tick leads to both scenarios
being activated. However, if the system consistently selects the short beep
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event over the long beep event after each time tick, the scenario requesting 
the long beep will never progress to the state where i t actually triggers the
long beep. As a result, only short beeps will be heard.

In summary, the user’s observation of not hearing any long beeps can 
be attributed to the event selection mechanism within the SBM framework, 
which in this case consistently favors the short beep event over the long 
beep ev ent. This could be due to the selection strategy used by the system
(like alphabetic order) or other operational logic specifics.

We then challenged the c hatbot again:

Thank you. Assume that the developers changed the selection algorithm 
and they now select events randomly. The user tested the system many 
times, for hours, and never heard a long beep. Can you try to explain?

And in response to this, ChatGPT returned with a highly comprehensive 
answer, which covered many possible issues with the execution infrastructure, 
human-machine i nteractions, and the application scenarios. Here are a few
excerpts, borrowed from [26]: 

If the event selection algorithm was changed to randomly select between 
the short beep and long beep events, but the user still nev er hears a long
beep, there are several potential explanations:

Implementation Error in Random Selection: The most straightforward 
explanation could be a bug or implementation error in the random selection 
algorithm. It might not be truly random, or it could be incorrectly favoring
the short beep event due to a coding mistake.

Issue with the Long Beep Scenario: There might be a problem with the 
scenario that requests the long beep. This could be a coding error or a 
logical fla w in the scenario itself, preventing it from properly requesting the
long beep event.

User Perception or Reporting Error: Finally, there could be an issue with 
how the user is perceiving or reporting the beeps. They might be missing 
the long b eep due to distraction, ambient noise, or misunderstanding what
constitutes a long beep in the context of this system.

To diagnose the issue accurately, developers would need to conduct thor-
ough testing and debugging, looking into eac h of these potential areas to
find where the problem lies.

Although these explanations were quite impressive, they were also imperfect. 
In some cases, we presented the chatbot with well-specified scenarios accom-
panied by a detailed description of an observed event sequence, but ChatGPT 
was unable to describe a step-by-step execution (play-out) of the scenarios that 
would result the given event sequence; instead, it provided incorrect explana-
tions for how the event sequence might occur. Such issues could sometimes be
resolved by repeatedly providing ChatGPT with reminders and pin-pointing its



58 D. Harel et al.

mistakes. This is a significant caveat that serves as a reminder that outputs 
produced b y the LLM must be formally inspected and verified.

4.7 Accommodating Semantic Flexibility 

Many software engineering teams are tied to specific programming and mod-
eling languages, and their associated semantics. In our experimentation, Chat-
GPT was in many cases able t o discuss and accommodate alternative semantics,
demonstrating flexibility that human engineers sometimes lack.

For example, consider again the water tap example, first described in Sect. 2. 
Observe the AddHotWater scenario: when it is in any of the states where it 
requests AddHot,  it  is  not  waiting  for  event  WaterLow, and consequently 
cannot react to its triggering. However, if we consider the semantics of the Live
Sequence Charts [9], which is another SB formalism, every scenario constantly 
waits for all events that were waited-for in its starting state. When such a waited-
for event occurs, the LSC infrastructure instantiates a fresh copy of the scenario.
As it turns out, from our initial textual description of SBM, ChatGPT concluded
that this semantics were the default.

In another example, we tried to get ChatGPT to generate a scenario-based 
implementation of Quicksort. Before starting, the chatbot remarked that this 
will be hard, because classical solutions are recursive. To assist the chatbot, we 
then poin ted out that there was actually an alternative, published implemen-
tation for Quicksort, which was iterative instead of recursive [34]. Further, this 
implementation was structured as a set of instructions to human workers that 
needed to arrange cars in an automobile dealership parking lot, according to 
window-sticker prices. Each employee in this implementation was assigned one, 
narrow role, whic h coincides nicely with how SB modeling works. ChatGPT read-
ily accepted this new “mindset”, and was able to produce the sought-after SB
specification.

4.8 Interactive Mutual Learning 

Through our experimentation with the proposed approach, we observed that 
ChatGPT could often achieve better results when it was provided with multiple 
prompts, explorations and discussions, compared to when it was provided with 
a single, concise, detailed description. We believe that this might be a general 
rule worth following when a chatbot is used as part of the software and system 
development cycle. Thus, this style of work might be a good fit for an agile 
development process, which inherently involves a great deal of trial and error 
as it spirally converges towards the specified (or, s ometimes, under-specified)
goal. From the chatbot’s point of view, this is a highly constructive process, in
which developers and stakeholders iteratively describe their wishes and plans, as
they slowly refine their own understanding of the system and its environment,
as well as their own needs and intended future interactions with the system.

An integral part of this refinement is the production of increasingly explicit 
definitions of elements that are within the scope of the system’s environment.
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Such definitions, which may be highly useful to both chatbots and humans, are 
often quite absent from classical system specifications.

4.9 Generating New Formal Assertions and Testable Properties 

Given an LLM-generated component, generating test cases based on the origi-
nal specification is a straightforward activity. Furthermore, it is only natural to 
ask the LLM to generate the code for such a test case. However, the generated 
programs, or scenarios, must be tested also from additional perspectives. Speci-
fication and execution of these tests may be carried out both with and without
the help of the LLM.

To illustrate these additional perspectives, consider the following examples.
We have asked ChatGPT to produce a stand-alone Python program that 

flashes a green light for half a second every 3 s, i.e., in seconds 0, 3, 6, 9, etc., 
when counting time from zero. ChatGPT returned an acceptable program. When 
asked to generate a test case, it created a reasonable program that examined an 
execution log and confirmed that indeed one would observe repetition of periods 
of half a second of the green light being on, followed by 2.5 s of that light being 
off. However, as may often happen, if the on and off periods are not exactly 0.500 
and 2.500 respectively, but say, 0.501 and 2.501, the program may still pass the 
test, but over time, the timestamps of when the light is flashed will be quite far
from a multiple of 3. This is another property that must be checked as it was in
the specification. Generating the code for this test may be done by a human or
by ChatGPT (of course, the test case must be checked in either case).

One technique for generating new perspectives is to generate alternative 
designs and implementations, and examining the differences. We have asked 
ChatGPT to generate code for a robot to navigate a two dimensional grid of 
cells from an origin cell to a destination cell with steps of right, left, up and 
down, and where some cells are marked as obstacles, and can be sensed only 
from an adjacent cell. We then asked ChatGPT to generate a materially differ-
ent program. ChatGPT generated a breadth-first search, replacing its choice of 
depth-first search in the first program. When asked about the externally visible 
effects it listed resource usage and performance aspects, opportunity for paral-
lelization, and more. We then clarified to ChatGPT that the grid data structure 
is not to be used as a map in advance route planning, and that the scenarios 
should simulate actual movement, including bac k-tracking. While such simula-
tion seems very similar to a depth first search, the path that the program outputs
would be different: in the simulated traversal, the backtracking steps are part of
the path, where in the search they are only part of the planning until a path with
no backtracking is found. A developer can examine these issues and determine
whether any of them should be included in the specification or in the testing or
formal verification of the component.

Another approach for generating new perspectives does not involve code gen-
eration, but explores possible behaviors. Going back to the light flashing program 
from the first example in this subsection, we asked ChatGPT whether a program
could comply literally with every aspect of the specification, and still produce
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undesired results. In its first response, ChatGPT suggested that a program that 
flashes a red light between consecutive flashing of the green light may com-
ply literally with the specification, but may not behave as expected. Similarly 
ChatGPT suggested that if the device producing the green light also creates a 
sound, the behavior may be undesired. The developers can then consider whether 
to enhance the specification accordingly to avoid these cases, and/or whether to
create test cases, using cameras, microphones, and appropriate software, to check
that indeed the behavior of the system in the world is as intended.

The properties to be checked can be formulated by the LLM in natural lan-
guage, as executable test cases, or as we show below, as formal assertions for 
verification tools. For example, we prompted ChatGPT to analyze the following 
scenario: An autonomous vehicle (the ego car) is at a red traffic light. It senses 
that car B, that was approaching fast behind it, noticed the red light late, and 
hit its brakes. B is screeching to a halt. It is not clear whether B will be able 
to stop before it hits the ego car. Further, parts of the intersection are “clear”. 
With some interaction, ChatGPT produced reactive code for the ego car to move 
forward when both needed and possible. Clearly, it is n ot enough that the ego
car should eventually reach a point beyond the stopping point of car B, and we
asked ChatGPT to refine and formalize this requirement. Referring to variables
in the program, it offered two variants, one for SPIN/Promela:

ltl no_collision{[ ]((d_E − d_B) >= safe_distance)}
and one for NuSMV:

SPEC AG((d_E − d_B) >= safe_distance)

5 Methodology and Technology Notes 

In this section we document several issues and challenges that came up in our 
experiments in using an LLM according to the methodology outline described 
above. For each issue we list possible approaches for addressing it in further 
formalization or refinement of the methodology, in developing t ools around it,
and/or in the way engineers apply the methodology. The discussion refers to
experiments with development of a scenario-based program for grid traversal.

5.1 The Methodology Focuses on One Aspect of the Development 
Cycle 

The use of an LLM in building software applications is already wide-spread, 
and will likely grow, in analysis, requirement specification, design, coding, test-
ing, etc. The methodology discussed here focuses particularly on the develop-
ment task (which is largely code development), as contrasted, say, with require-
ment specification or integration testing; it can be employed within an agile-
development sprint, and within other approaches to the system development
cycle.
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5.2 Prompt Engineering for Scenario Generation 

What should a prompt that requests an LLM to generate one scenario look like?
Ideally, one would like to specify the desired function in a natural manner, as 

in “Do not allow the robot to move into a grid cell that is marked as an obstacle”, 
and let the LLM take care of the details of SBM. Alternatively, one could specify 
“Please create a scenario that, before the robot moves out of a grid cell, checks 
the cells to the right, left, above and below the current cell, and if any of those 
adjacent cells is an obstacle, block the respective, Right, Left, Up, and Down 
move events, until the robot exits the current cell.”. However, if the LLM is able 
to add fine details to the actual code, it means that the code is more distant
from the requirement specification, and may contain decisions and choices that a
domain specialist may not be aware of. For example, following multiple prompts,
the LLM may make application-related assumptions (as in the case of carrying
out a map-based search instead simulated traversal as described in Sect. 4.9). Of 
course, such LLM decisions would turn out in code review, and then either be 
accepted or rejected by the developer. Clearly, in a methodology that aims for 
intuitive executable specifications, the natural language prompts should be as 
close as possible to the actual code. Hence, when the LLM indeed enhances the
generated module beyond the original prompt specification, the developer should
update the prompt to either request or exclude these enhancements specifically.

One could also start with a functional description of a scenario, and once 
this is complete, after several iterations, have the LLM generate, in addition 
to the SBM code, a natural language description of the scenario. In a ddition
to serving as documentation, the description may serve as an LLM prompt in
another scenario-generation iteration (which of course must be tested).

5.3 Watching Out for Scenario Regression 

The output of an LLM is never predictable. Small and focused changes in a 
prompt, or new prompts requesting a small change in an existing code block 
may cause larger, or unpredictable, changes in one or more scenarios. Our con-
clusion is that with each iteration of producing one or more artifacts one should 
(a) compare the result with prior artifacts; and (b) run tests and a comprehensive 
manual (i.e., human-driven) review over a larger set of artifacts and components. 
Tools that readily compare and display all differences between multiple LLM-
generated code blocks would be very useful for this purpose. It is n ot enough to
observe the desired change in the expected location in the code, or the changed
behavior in the problematic section in an execution log. While this is an intu-
itive methodological requirement and common practice, recall that the entire
methodology is about the coding stages in application development and not
about application testing stages.

5.4 Dealing with Context Dependencies 

As stated earlier, scenarios implicitly start with the word “always”, as in: “Always 
when event E1 occurs, request event E2”. However, this universal rule may have
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exceptions that depend on the context, i.e. a variety of system and environment 
conditions. For example, when hurrying to a hospital, transporting a patient in 
a critical condition, on a deserted street, when no other vehicle is in sight, a 
human driver may (cautiously) run a red light, and an autonomous, SBM-based 
vehicle might need to do the same. Or, in our grid traversal example, the robot 
creates its own context, and the path should not loop into itself. Should the
necessary information be tracked in each scenario separately? Should there be a
data structure that is shared between the scenarios? Or, should the environment
inject external sensor events to indicate relevant information?

There has been research about context oriented programming in general [8], 
and implementing context awareness in behavioral programs in particular [11]. 
In the present example, we chose to have several shared data structures for this 
purpose, but the more general question of what are the best ways to w eave
context dependencies SB designs, and therefore into LLM prompts, is still open.

5.5 Dealing with LLM-Generated Bugs 

The LLM may generate incorrect code even for the most precise prompt. Here 
are a few examples from our experiments: (i) when checking certain properties 
of adjacent cells, the scenario used the previous location of the robot (which 
was accessed for another function in the same scenario) instead of the cur-
rent location; (ii) when needing to block multiple events, the scenario incor-
rectly issued several different yield commands instead of accumulating multiple 
blocked events in a set, and passing the set to the single yield; (iii) an if state-
ment that should have controlled only a few code lines, instead dominated and 
conditioned the rest of the scenario; (iv) a scenario that should have had a single 
yield command, waiting each time for the next move of the robot, incorrectly 
waited for the move both at the beginning and the end of each of its iteration. 
These (and other) errors were caught in testing, and the code was corrected 
using revised or new, correctiv e prompts. However, since these errors were not a
result of prompt vagueness or ambiguity, one may ask how the principle of not
manually modifying the code, and only changing the prompt, should be applied
in this case. One approach could be to add these originally corrective actions
as emphases and notes in the prompt; such notes may be reminiscent of when
an experienced programmer explains a code module to a novice, sharing stories
about past bugs and omissions, to emphasize the need for close attention to
details.

5.6 Issues Around Direct Code Changes 

It is often very tempting to change the code directly and not via an LLM prompt. 
Two examples from our experiments are changing a printed string, from “cur-
rent location” to “current location:” , or inserting a print() in a par-
ticular point for debug purposes. Unfortunately, such manual code changes are
lost the next time the scenario is generated using the LLM, or, conversely, they
cause the abandonment of the methodology.
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5.7 Mapping Prompts to Scenarios 

While in SBM scenario specifications can align with requirement specifications, 
our experiments show that in incremental scenario development this is not always 
the case. For example, initially, we separated the three functions of physically 
moving the robot, updating the robot’s location, and printing the robot’s actual 
path, into separate scenarios. To enforce a particular event order, we combined 
these three functions into one scenario (an alternative solution was to keep the 
scenarios separate and rely on event blocking). To generate the scenario, we 
prompted the LLM to create one scenario that consolidates the functions of 
these three scenarios in a certain order, w ithout repeating the details of each
operation. In another case, ChatGPT, on its own, added the logic that prevents
the robot from stepping outside the grid boundaries, to the scenario that checks
for obstacles; this created a redundancy with the scenario that was responsible
for checking for grid boundaries; hence, we prompted ChatGPT to delete the
unneeded scenario.

We also occasionally prompted for application-wide changes affecting all sce-
narios, such as changing the parameters to the yield command from the format 
that appears in the SBM preamble that we used (borrowed verbatim from [48]), 
to the format required by the BP Python execution environment of [47]. The 
entire chat dialog can than serve in having the LLM generate a concise descrip-
tion of each of the scenarios in the final application.

5.8 Emerging Requirements 

One of the characteristics of agile approaches to software development is the 
emergence of new requirements as part of iterative sprints. In the first block 
of code for the robot-on-grid application, the coordinate system for grid cells 
that ChatGPT chose was different from how the user tacitly visualized them: 
(row,column) as is common in matrix description versus (horizontal,vertical), 
as in an (x,y) Cartesian system; in t he former, a move up increases the second
coordinate, and in the latter, it decreases the first coordinate. This choice, or
decision, by the LLM, for an application detail that was not specified, triggered
the documenting of a new requirement.

5.9 Low-Level Programming Choices 

Some of the dialogs with ChatGPT were on specific programming style issues, 
like whether to rely on particular semantics of the Python language (e.g., when 
the compiler or interpreter exits the computation of an OR condition when one 
of the sub-conditions is computed to be true), or when and how to use temporary 
variables for streamlining the program’s appearance and flow. This question is 
outside of the scope of the current methodology; the LLM may be taught to
comply with the developer’s preferences as a rule, as opposed to dealing with
specific changes to already-generated code blocks.
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6 Related Work 

In recent years, LLM-based chatbots have progressed significantly, and have had 
a considerable impact on a diverse range of domains. Engineers and researchers 
are just now beginning to tap the potential applications of this technology in
music [40], education [2], healthcare [38], academia and libraries [41], and many 
other areas.

Within the software engineering domain, which is our focus here, there 
have already been attempts made to harness chatbots for tasks such as eval-
uating the quality of code [6], correcting bugs [45], and generating code semi-
automatically or completely automatically [10, 12]. The general sentiment is that 
chatbots will play a significant role in the future of code generation; although 
the specifics are not yet clear. Our work here is an attempt to outline one pos-
sible path forward, which, we believe, will help bring about this integration in a
safe and controlled manner.

The methodology that we advocate here for the integration of LLMs into the 
software development cycle relies on the large b ody of existing work on the topic
of scenario-based modeling [9, 33]. Concretely, we propose to leverage the SBM’s 
amenability to formal analysis techniques [22, 29], such as automatic repair [27], 
synthesis [15], and verification [20, 30]. Additional, recent work has also identified 
the benefits that SBM affords in this context [48]. Although we focus here on 
SBM, additional modeling approaches, with similar traits, could likely be used
in a similar manner.

Finally, this paper can be regarded as yet another step towards the o ver-
arching vision of Wise Computing [23– 25]. Wise computing is an attempt to 
transform the computer into a proactive member of the software engineering 
team—making suggestions and observations, raising questions, and ev en car-
rying out verification-like processes without an explicit request from a human
engineer.

7 Conclusion 

The appearance of LLMs, and the subsequent release of advanced, general-
purpose chatbots, is a huge step forward, and is very likely to revolutionize the 
domain of software engineering in the decades to come. Still, because of errors 
and inaccuracies that are abundant in the outputs of such chatbots, this kind of 
integration must be carried out with care. Here, we outline one possible method 
for such an integration, which leverages the diverse capabilities of chatb ots; but
which at the same time also emphasizes that a careful analysis and inspection
of their outputs is crucial to perform such an integration safely. It is our hope
that this work will form a basis for additional research on this important topic.

As our next steps, we intend to continue this work along several directions. 
First and foremost, we plan to create an implementation of the environments 
and tools needed to fully integrate SBM and ChatGPT; and then, through this
tools and environments, carry out a large, real-world evaluation of case studies
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of interest. These case studies will hopefully demonstrate the usefulness o f the
approach as a whole.

In addition to the above, we find it highly likely that this kind of work will 
mandate enhancements and modifications to existing tools—chatbots and SBM 
frameworks alike. For example, with the current ChatGPT version, every con-
versation starts from a blank slate; whereas for a system that is undergoing 
iterative development, e.g. as part of the Wise Computing vision, it would likely 
be of better use to have the chatbot memorize, and utilize, previous conversa-
tions. Such an integration could be achieved, e.g., by summarizing concluded 
conversation and then providing these summaries back to the chatbot, as part 
of the preamble, whenever a new conversation is about to begin. A more elegant 
solution would be to customize C hatGPT specifically for the task of developing
SB models and programs, and to have it remember key points of previous chats
automatically. Ideally, LLMs will be able to perform such learning selectively,
and over time, using their knowledge of the system being developed to deter-
mine which information from past conversation should be retained, and for how
long.

Going beyond system development, the developments described above could 
also prove useful in a broader perspective: the same prompt engineering methods 
that would be useful for incremental and interactive system development could 
be used, e.g., to teach computers about other domains, and also in improving 
the training and day-to-day communications of human engineers. 
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