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We are currently experiencing a bloom of Artificial Intelligence (AI)-powered software thanks to the development and advancements
of Large Language Models (LLMs). Despite the applications of these LLMs being impressive and countless, these tools alone are
unreliable. In fact, the possibility of LLMs generating faulty or hallucinated content makes them unsuitable for automating workflows
and pipelines. In this context, Software Engineering (SE) comes in handy, offering a wide variety of formal tools to specify, verify and
validate software behaviour. These SE tool can be used to describe constraints over an LLM output and, thus, provide better guarantees
on the generated content. In this paper, we argue how the development of a Domain Specific Language (DSL) for scripting interactions
LLMs, namely LLM Scripting Language (LSL), could be the key to improve AI-based applications. The idea in the long term is to
make the interaction with LLMs programmable, abstracting from their implementation and training procedure. Nowadays, LLMs
and LLM-based software are still lacking in terms of reliability, robustness, and trustworthiness. With LSL, we aim at tackling these
deficiencies by looking into approaches to control the output of LLMs, to impose a structure to the interaction and to combine these
ideas with verification, validation, and explainability.
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1 Introduction

Large Language Models (LLMs) [34] are enabling Artificial Intelligence (AI)-powered applications, reshaping software
development, via coding assistance [21], and augmenting the software components, via natural language interfaces
and supportive collaboration [51]. These LLMs are probabilistic generative models of text built on top of Transformer

Deep Neural Networks (DNNs) [50] and owe their versatility to the expressive power of human (natural) language
and the large amount of data they were trained on [11, 24, 31]. The combination of the two gave LLMs the language
understanding and the world knowledge necessary to make them look so flexible and so easily usable in everyday tasks,
leading to this “gold rush” of having the LLM or AI badge on software products [23]. Nevertheless, these tools are prone
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to faulty behaviours, like that of hallucinations [26, 29], which harms the reliability, robustness, and trustworthiness

of an application built on top of these models. In fact, despite their wide range of capabilities, LLMs cannot provide
guarantees on the generated output. This includes cases where users are interested in guarantees that the model
will stick to a certain structure (e.g., a JSON schema) or more complex guarantees on factuality (i.e., correctness
with respect to world knowledge) [26], and faithfulness (i.e., correctness with respect to the current context, which
contains the instructions) [26]. Using techniques like few-shot learning, Retrieval Augmented Generation (RAG), or
Chain-of-Thought (CoT) help improve performance and reduce errors, but still they don’t give any guarantee on the
content generated by the LLM; the same applies when breaking down the problem into subtasks with the help of a
domain expert [18, 45]. Even fine-tuning the LLM has the same issues and, at the same time, introduces also the need
for labeled data and the possibility of running into catastrophic forgetting (i.e., the disruption of prior knowledge gained
from the pre-training) [25, 33]. The lack of these guarantees makes these models unsuitable for software pipelines and
workflows where we would actually like to employ autonomous AI components.

Instead of looking at the problem in an AI for Software Engineering (SE) perspective, where we want to integrate
LLM-based components into software, we could turn it the other way around into a SE for AI challenge, where we
can try to tackle issues concerning LLMs’ reliability, robustness, and trustworthiness using SE [37]. In fact, SE offers
formal tools to (i) specify, (ii) verify, and (iii) validate software behaviour, which we could use to provide guarantees
on LLMs generated output and behaviour. With this paper, we take the chance to propose our view towards these
challenges and we suggest resorting to a combination of templating and generative grammars as part of a Domain
Specific Language (DSL) designed to script the interaction with the LLM –namely LLM Scripting Language (LSL)–,
enforcing control on its input and output.

The problem of making these models more autonomous by enforcing their output or behaviour to respond to some
requirements is already gaining attention. In fact, more advanced LLMs like GPT [28, 36] or Gemini [10, 42] already
offer structured output functionalities via their APIs [7, 8] to generate JSON compatible with a given schema. There
also exist more sophisticated approaches applying generative grammars to steer the generated content towards desired
structures, implemented in frameworks like Llama CPP [3]. These formal grammar-based approaches are helpful when
the LLM needs to adapt to an unseen or rare format whose description in the task instructions is not sufficient.

Ideally, LSL and its interpreter should be used to: (i) interact seamlessly with any underlying LLM; (ii) manage,
automatically or based on developer’s specifications, the context of the LLM depending on the ongoing task; (iii) impose
desired format to the LLM input; (iv) impose target structure to the content generated by the LLM via constraints
on the decoding process; (v) checking the consistency of the scripted process; (vi) offer automatic or semi-automatic
error-handling procedures specific to the domain of the application. This idea may seem to point back towards frame
and slot-filling architectures of old virtual assistants [30]. However, we also consider that (i) current technology allows
for better language understanding and higher flexibility and (ii) introducing of formal structures allows to provide
guarantees to the overall system.

2 Background

LLMs are DNNs trained on massive amounts of data to learn a probabilistic generative model of text. The underlying
DNN of a LLM is a Transformer [50], a DNNs designed to process sequential data, like sequences of text tokens (the
basic units processed by a LLM: words, sub-words, or characters), through the self-attention mechanisms [50]. This
Transformer architecture enables LLMs to capture dependencies throughout the input text and memorise a large amount
of information, allowing the generation of highly coherent and contextually relevant text.
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Besides commercial, closed source models, there are ppen-access LLMs. They are mainly distributed sharing the
neural network weights learned during the pre-training. Often, to make these pre-trained models usable as assistants
(like ChatGPT), they are fine-tuned (i.e., refined via further training) to behave as instruction-following agents or chatbot-
assistants [12, 44, 46] by training on conversations (or other interactions) where a user and an agent communicate via
natural language to solve some tasks. Typically, the fine-tuning data is formatted using a specific template, where the
input is a sequence composed of: (1) system message (main task instructions, which can be also chatbot directives);
(2) user message (user’s input to be processed, question, or request); (3) agent response (agent’s output or response to
user’s question or request). Each sample in the data set contains one or more message-response exchanges between
the user and the agent (LLM) covering multiple tasks, multiple steps within a task or to handle user corrections.
Alternatively, other models are distributed as as coding assistants, like in the case of Copilot [21] or Code Llama [43],
where fine-tuning is used to refine the model on source code generation, which is, however, a capability most pre-trained
or assistant LLMs already have. Differently from the past years, where fine-tuning was used to adapt a pre-trained
model to a very specific task like classification (often modifying the architecture) [17, 40], nowadays prompting (i.e.,
instructing the model via natural language) is the preferred to solve most problems with LLM and fine-tuning is applied
very rarely and preserving the generative nature of the LLM.

Capabilities. Most LLMs are auto-regressive (casual), i.e., they are designed to generate text one word after another.
Users prompt the LLMs with some prefix text, which may include some instructions for a task or some user input, and
generating an output completion by sampling iteratively from the predicted probability distribution.

An LLM can be prompted to tackle problems in different ways. The main prompting approaches are: (i) few-shot
learning (sometimes called in-context learning) [11], (ii) Retrieval Augmented Generation (RAG) [20], and (iii) Chain
of Thought (CoT) reasoning [32]. Few-shot learning consists of providing additional examples of input-output pairs
(the shots) together with the task instructions as part of the prompt, helping the LLM better “understand” the task and
the expected output format. This is an example of the ability of LLMs to generalize from limited data. RAG consists of
automatically extending the input context by integrating information coming from external knowledge sources and,
thus, allowing the model to ground its output responses in this relevant information. CoT reasoning consists of forcing
the model to generate a step-by-step reasoning process before the actual output, giving the model more space for its
internal “reasoning” processes and, thus, improving the performance on complex tasks.

Limitations. LLMs come with very general capabilities and high flexibility, but they are prone to many known issues.
These issues range from architectural limitations to problems with the generated content.

From theDNN architecture side, we identify twomain issues: (1) context size (i.e., themaximumnumber of consecutive
tokens a model can manage) and (2) computational complexity. Even though in the last few years we have seen an
increase of techniques designed to extend physically or virtually the maximum context, the problem of having a finite
context still remains and, especially in smaller models, the attention doesn’t keep up well when the context grows
excessively. Moreover, the computation of the self-attention mechanism (core of the Transformer) is quadratic in time
to the length of the input. There are caching mechanisms and alternative implementations [15, 16, 39] to cope with
these issues, but they aren’t always usable. Besides their architectural limitations, LLMs stay probabilistic models. This
nature makes them robust to noise and uncertainty, but also prone to errors, as they rely on probability rather than
sound values. These errors can be caused by different factors, including sensitivity to input variations or ambiguities,
and overfitting to training data.
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These technical issues lead the models to rely on more recent context, ending up generating contradictions, struggling
with multi-step reasoning, or deviating from the original context and instructions. Moreover, due to the probabilistic
nature, it may end up generating biased content based on unreliable, outdated, or even unethical information. At the
same time, this probabilistic nature may lead to similar phenomena called hallucinations. An LLM creates hallucinations
to simply generate a completion that is more statistically likely, but the output consists of made-up facts and details
that are neither grounded in world knowledge (factuality problems [29]) nor in the current context (faithfulness
problems [29]).

The combination of these issues makes these models unsuitable for tasks that require high reliability, robustness, and
trustworthiness, like automating some pipeline using the LLM. Consider the case where we are interested in interaction
with a user and generate the call to some external API and the model fails to close a parenthesis. The use of techniques
like few-shot learning may help the model to stick to a given pattern (e.g., generate well-formed JSON). Similarly,
RAG helps to integrate more updated and reliable knowledge (e.g., refer to latest news) and CoT reasoning may help
improving accuracy in multi-step reasoning tasks (e.g., solving an equation). Yet, all these techniques are nothing but
palliatives as they only help to reduce the probability that an error occurs, but without any guarantee that the problem
won’t show up.

3 LLM Scripting Language

Q: Is the following 
document relevant to 

query “{query}”?
{doc}

A: {yes|no}

def search(message):  

if !query_detection(
    message
) do
    return [] 
endif

let query = \
    query_extraction(
        message
    ) 

let documents = \
    retrieve(query)
let references = [] 

for doc in documents do

if output == “yes” do
    refrences.append(
        doc
    ) 
endif

end for

return references 

end def

Q: Is the user asking a 
query in this message 

“{message}”?

def query_detection(
    message
):  

A: {yes|no}

if output == “yes” do
    return true 
else 
    return false  
endif

end def

Q: Extract and rephrase 
the query from this user 
message: “{message}”.

def query_extraction(
    message
):  

A: [query]

end def

return query 

Answer to the user 
referring to the additional 

documents when 
available and appropriate

{user_message}

[response]

while user_message do 

end while

let documents = search(
    user_message
) 

Reference documents: 
{documents}

if len(
    documents
) > 0 do

endif

1

1

2

2

3

3

(a) Semi-structured use case: knowledge grounded chat.

Convert user informal 
specification into a SQL 

database

{description}

[code | sql_syntax]

let entities = \
    extract_entities(
        description
    ) 
let attributes = \
    extract_attributes(
        description,
        entities
    ) 
let relationships = \
    extract_relations(
        description,
        entities
    )

Entities (with attributes):

Relationships:
{relationships}

for e in entities do

end for

{e}: {attributes[e]}

def extract_entities(
    document
):  

let entities = \
    parse(output) 

return entities 

end def

Q: Create a list with the 
entities mentioned here: 

{document}

A: [list]
Q: Create a list with at-

tributes of {e} mentioned 
here: {document}

A: [list]

let attributes = {}

for e in entities do

attributes[e] = \
    parse(output)

end for

return attributes 

end def

def extract_attributes(
    document, entities
):  

1

1

2

2

3

3

Q: What is the relationship 
between {e1} and {e2} 

mentioned here: 
{document}

let relations = []

for e1 in entities do

def extract_relations(
    document, entities
):  

for e2 in entities do

A: [relationship]

if output != “none”:
    relations.append(
        (e1, e2, output)
    )

end for

return relationships 

end def

end for

(b) Structured use case: database creation

Fig. 1. Example use cases (system messages, instructions and subroutine outputs).

We propose LSL: a DSL to format and constrain the input and output of an LLM. The scripting language and
its interpreter should improve the guarantees on many aspects concerning the use of LLMs and its autonomy. The
interpreter running the script should interact seamlessly with the LLM, locally or remotely, and to the user.

The intended uses of the scripting language are (i) defining interaction blocks, (ii) managing the context processed by
the LLM, (iii) formatting input prompt to the LLM; (iv) constraining output completion of the LLM. We are designing
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this DSL to be used by experts who need to integrate AI in their applications or services. The experts use LSL to write
scripts to automate some pipeline, part of an application, using LLMs and end user, or other services, can benefit from
these AI-based applications using these pipelines. Given that LLMs can generate any sequence, as their vocabulary
covers everything that can be written with Unicode, scripts and applications can be agnostic of them.

LSL is thought to be used in any kind of interaction, from unstructured chit-chats to more complex structured
or semi-structured use cases, like knowledge-grounded conversations, and automating the creation of databases, as
we show in the examples of Figure 1. Thinking about the semi-structured use case of the knowledge-grounded chat
represented in Figure 1a, we can see how LSL can be used to provide a global structure for the dialogue, alternating
user messages and model responses. Before triggering the LLM completion to get the response, we can issue a call to a
sub-routine taking care of gathering relevant documents. This sub-routine in turn issues two consecutive calls to as
many sub-routines for query identification and extraction. Lastly, the approach uses the LLM to further filter retrieved
documents, all in a separate context. Conversely, structured use cases find a lot of compatible applications in process
automation, like in the example of database creating from informal specifications of Figure 1b. This second use case
shows how LSL can be used to issue three consecutive calls to as many sub-routines to identify entities, attributes,
and relationships, all in separate contexts. From the extracted information, LSL can inject another piece of the prompt
similar to CoT to ease the generation of the SQL code with the definitions of the tables; moreover, with LSL, we can
constrain the last completion to stick to the SQL syntax.

When we mention “constraining the output”, we mean limiting the output to a subset of possible strings whether
they are enumerated or specified with some formalism. Instead, when we mention “controlling the interaction” we mean
properly adding or removing pieces of the context whenever prompting the LLM, as we further outline in Section 3.
In Figure 1, we show how we plan to constrain the output: we enforce the generated answer to some questions to be
“yes” or “no”, as shown in both Figure 1a and Figure 1b, or to stick to some specific syntax, as displayed in Figure 1b.
Similarly, we show how we plan to control the scope of the interaction to a single question and its answer rather than
retaining all user input when selecting documents, like in Figure 1a, or when extracting entities and their relationships,
like in Figure 1b.

Beyond prompting. Engineering the prompt to trigger the correct model completion is a non-trivial task [13, 44].
Besides phrasing correctly the request to the LLM, there are other issues. One is making sure to provide all necessary
information (e.g., task description, target labels, output format). Another concerns using correct techniques like few-shot
learning to increase the probability of triggering the desired model’s behaviour, whether it is solving the correct task
or sticking to the correct output format. Nevertheless, all these techniques cannot give any formal guarantee on the
generated output.

Generative grammars can be the solution to tackle this issue. In fact, they offer a formalism that can be exploited to
constrain the decoding of the LLM output probabilities to well-formed strings according to a given specification. These
grammars can be applied freely to the generation process of an LLM. There are simple use cases, like generating only
digit tokens if computing the value of a mathematical expression. Other use cases are more complex, like the example
of generating syntactically correct SQL code for a query to be run in Figure 1b or generating JSON strings that respond
to a given JSON schema. As we discuss later in Sections 4 and 5, this constrained decoding still does not ensure the
soundness of the output, but at least gives guarantees on the fidelity to the desired structures.

With these grammars, we can specify the set of all acceptable and desirable completions for the current prompt. The
proper way to select the completion would be to pick the one that maximises the joint probability of its tokens according
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to the LLM. However, this may not be feasible either because the set of valid strings for the grammar is infinite or
because it is still too large to be processed in a reasonable time. In these cases, search strategies like greedy search or
beam search may help reduce the computational burden at the cost of introducing sub-optimal, but still syntactically
valid, solutions.

The use of these grammars can be combined with that of prompt engineering techniques. Additionally, LSL and its
interpreter can be designed to help the prompt engineering phase, offering tools for templating the context in a way
that is more suitable to the LLM or by automating some passages like the retrieval of relevant information.

Beyond linear interactions. Most applications that integrate chatbots based on LLMs see the interaction with the
user as a linear process where the user and chatbot alternate sending messages one to the other. However, the stateless
nature of LLMs makes them compatible with non-linear interaction, whether they are chats or other more structured
processes [18, 38]. This means that we can integrate an LLM in a workflow characterised by (i) multiple, possibly
independent, steps to solve the main task or its sub-tasks, (ii) isolated steps that do not require to process the entire
context, (iii) states that needs to be passed from one step to another and (iv) forward and backward evolutions of the
interaction.

Figure 1b shows how both a semi-structured task such as the knowledge-grounded chat of the example in Figure 1a
and a structured task like the generation of SQL code to build a database of the example in Figure 1b require multiple
steps. Moreover, some passages are iterative, some steps are self-contained, and many of them require defining and
moving around variables: these are all premises for the development of a DSL. Nowadays there are tools and frameworks
like Langchain [2] to help define pipelines and automate processes or like NeMo Guardrails to impose some constraints
on the dialogue flow and content [41], but (i) they lack expressivity to deal with complex problems, (ii) they do not take
into account possible optimisations, (iii) they are bound to one or a small set of domains, (iv) they do not necessarily
allow for rapid prototyping and deployment, and (v) they do not exploit formal tools to provide some form of verification
or validation. With LSL we aim at easing the implementation of all these steps through a unified interface.

Some independent passages, like the relevant document selection in the search function in Figure 1a, or the attributes
and relations extractions in Figure 1b, can be parallelised. A proper integration of this feature in LSL can allow to
automatically exploit the high degree of parallelism that DNNs naturally enable. In fact, they can process samples in
batches independently of each other, allowing, where applicable, a better utilisation of the computational resources.
Furthermore, we also consider error management by integrating of tools to trace the source of the errors and apply
correction actions, either by asking for user feedback, when applicable, or by prompting the LLM to provide a revised
completion [47].

4 Opportunities

Reliability. Concerning the reliability, which we define as the ability of the LLM to “perform as required, without
failure” [9], we focus on the use cases where the LLM has to generate a precise output, like an exact string out of 𝑘
known strings (e.g., in classification), or, more importantly, it has to deal with the external environment (e.g., calling a
function writing some code). Often, the ability to interact with the environment is implemented with function calling:
the LLM generates a response matching a pattern that triggers the call according to information provided in the context.

Classification problems require that the LLM generates the correct name of the class and the function calling approach
requires that the model (1) would generate the call, (2) that it would generate it when required, and (3) that it would
generate it correctly. However, despite the fine-tuning of the few-shot learning on samples for classification or requiring
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function calls, we cannot ensure that the output will comply with the desired one. As a result, a system that relies on
the LLM taking care of, for example, calling a function to complete autonomously some workflow would lose reliability.

Conversely, using LSL can ensure that, for example, if a function call is needed, the scripted parts of the interaction
will trigger that call. Moreover, the possibility to constrain the output will ensure that the parameters passed to the
function call are syntactically correct. Similarly, if we need the LLM to generate some code at runtime (e.g., run some
bash command to check the status of a server), we can ensure that it is at least syntactically correct and that the script
is executed. As a result, we would have more autonomous LLMs running inside more reliable systems.

Despite the problem that the LLM introduces errors stays, we can ensure that everything the LLM generates will
comply with the required input to the following steps by constraining the generated completion to follow specific
patterns. This can ensure that one of the classes to choose from is actually selected or that a function is called whenever
it is needed without failing because of, e.g., missing a ‘;’. This avoids breaking down a pipeline and makes it more
reliable.

Robustness. LLMs are designed to be robust, where robustness is intended as the ability to avoid spurious correlations
and patterns [11, 22]. Nevertheless, these models are error-prone: ambiguous or ill-formulated inputs can make them
fail. The same applies to use cases with multi-step reasoning or those requiring very recent information.

A measure to improve robustness in these cases is to automate the use of the techniques we presented in Section 2. For
example, given a known classification task for which there are available data sets, LSL can offer support for automatically
retrieving proper prompts and examples for few-shot learning or CoT reasoning. In the case of few-shot learning, it can
also automatically tune the number of shots. Similarly, LSL can offer tools to search trusted documents and knowledge
bases to add useful information to the context and help the LLM generate the correct response. All these features are
thought to improve the robustness by automating the use of techniques designed to help the accuracy of LLMs.

A complementary robustness measure, especially in the interaction with the external environment, can include error
management. We can fall back to a semi-automatic process by introducing a human in the loop in case of failures.
Otherwise, we can have the LLM try to fix the issue itself. If we can trace back to the point where the error was created,
we can prompt the LLM to revise its response in light of the error message. In this sense, there already exist frameworks
to use textual feedback (i.e., the error message) to have the LLM correct itself [47]. As before, integrating these solutions
in LSL will not ensure the absence of errors, but it can improve the robustness of a system using the LLM.

Trustworthiness. Trustworthiness in AI-based applications come from two main sources: verification and validation,
and explainability. Introducing a structured overlay to wrap the access to the LLM with LSL opens the chance of using
formal methods to verify and validate the scripted pipelines via model-checking tools. Explainability, instead, poses an
important requirement to make AI-based application more transparent [27].

While we cannot have guarantees that the model will not make errors in the predicted output, the constraints on
the interaction structure (e.g., branches in the workflow) and on the generated output (e.g., code) introduced by LSL
are compatible with analysis via formal tools. Using tools for verification and tools for validation allows us to add
guarantees on the constraints imposed to the LLM and on the outcome of the scripts realised with LSL [9]. For instance,
one can verify that the interaction scripted with LSL always terminates or that there are no unreachable or dead nodes
in the computations graph. Looking at more concrete use cases, we can also verify the generated JSON to call a remote
API always matches the API constraints by looking at the grammar constraining the LLM output.

Moreover, we can take into account the probabilistic nature of the LLM and, where applicable, integrate insights on
the model’s accuracy on a specific task or sub-task and apply probabilistic model checking to measure the likelihood
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of certain behaviours or outcomes. Additionally, given insights on model calibration (i.e., how well the predicted
probabilities match the model’s confidence), we can perform runtime analysis for a specific input, extending the set of
guarantees.

Besides the transparency, which helps users understand the behaviour of the application, explainability can be also a
debugging tool by highlighting which parts of prompt caused some faulty output and allowing to correct such parts,
for example by rephrasing some ambiguous instructions. For the scope of LSL, we see explainability adopted in two
different ways. The former solution is to plug in external frameworks, thus using existing tools and approaches [54].
The latter solution, more specific to LSL, is to use the structure in the interaction imposed by the script to trace back
the outcome.

5 Challenges

Implementation. Developing a scripting language like LSL is complex, encompassing multiple SE areas including
language and APIs design, concurrency and performance [35]. The syntax should allow the seamless integration of
script code, input templating, and output constraining, easing the management of context and the interaction with the
model. Particularly, output constraints, which are critical to reliability, should be analysed carefully to allow specifying
both simple constraints, like alternative completions, to more complex constraints, like the syntax of a programming
language.

About concurrency and performance, given the computational demand of running an LLM, being able to automatically
parallelise the passages in the pipeline, packing together in batches those requests that can be run concurrently, is
essential. The concurrency aspects span to concurrent processes characterised by different sessions and contexts,
requiring to manage carefully which contexts are forwarded to the LLM and when to ensure optimal resource utilisation.
Another aspect to take into consideration is the causal nature of LLMs, which makes it possible to exploit the caching
mechanism.

There are also aspects related to error handling, testing, verification, and validation. Integrating explainability with
error management and testing can help track down and solve issues by understanding whether they are related to the
script code, the LLM, or both. Similarly, designing the tools to apply (statistical) model checking to verify and validate
the script code at compile time and run-time poses a non-trivial task, even if we want to resort to external tools.

Standardising the interfaces is crucial for several reasons, from interoperability of different modules to consistency

and predictability of the behaviours and to ease of integration. In this context, we are interested in standardising two
main interfaces: (1) the interface to the LLM, obviously, and (2) the interface to external resources, like data sets or
documents and knowledge bases. The APIs should be designed to expose functionalities like likelihood prediction,
generation, embedding and to access other resources. The most adopted interface to LLMs is the one in the Transformers

library [53]. Yet, there are other valid alternatives to self-host models, like llama.cpp [4], or to access them remotely via
commercial APIs, like watsonx.ai [5]. Moreover, larger commercial models have their own separate interfaces [1, 6].
Benchmark frameworks like Big Bench and Language Model Evaluation Harness [49] proposed wrappers to unify the
interface to LLMs, yet not all APIs or inference servers support the necessary functionalities. Interfaces to external
resources are essential to automate many tasks, like the retrieval of samples for few-shot learning. Having standard
interfaces to document on knowledge bases can help with (i) making content generated by LLMs more factual and
evidence-based and (ii) using LLMs for semantic ranking and re-ranking in search. Given standardised templates for
the tasks that LLMs can be applied to, this can enable the automation of hyper-parameters tuning and the computation
of performances for later verification and validation.
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Inherent threats. Throughout this paper, we pointed out that LSL cannot remove all threats and risks related to the
use of LLMs [9]. Nevertheless, some issues can be removed (e.g., enforcing an output template) and the likelihood of
others occurring can be reduced (e.g., using few-shot learning). Identifying and quantifying all the threats that cannot
be neutralised is a significant challenge as they depend on multiple factors, including the specific LLM being used and
the specific (sub-)task in the pipelines. Undoubtedly, the problem of hallucinations, either in terms of factuality or in
terms of faithfulness poses the biggest risk. The possibility of the LLM for generating falsehoods or not sticking to
some request makes the overall system seem unreliable. However, research in the context of hallucination detection
and mitigation is advancing, although there is no definitive solution to the problem yet [26, 29].

Ethical concerns. Introducing AI in any application opens several ethical issues. LLMs in particular introduce a
well-defined set of ethical and social problems one should account for when using this technology [52].

Technologies aimed at automating processes using LLMs often introduce problems related to job replacement (i.e.,
when software takes care of human tasks) and deskilling (i.e., when humans lose their expertise on some tasks by
stopping doing it) [48]. The intention of LSL is for sure to automate processes, but by promoting the collaboration
between LLMs, and human experts. Moreover, human feedback and supervision are always crucial to ensure the proper
functioning of the system.

Additionally, content generated by LLMs exposes to risks related to bias and toxicity [19], besides misinformation

and hallucination. These issues pose a threat towards the user exposed to such content. While there is no proper way
to ensure that such content is never generated, there are solutions to (i) test the predisposition of LLMs to generate
such content [14] and measure quantitatively this predisposition and (ii) to recognise this kind of harmful content,
preventing sharing it with the user. These tools should be integrated in the LSL ecosystem to quantify and mitigate
these risks.

6 Conclusion

LLMs represent valuable assets to build AI-powered applications. Nevertheless, they come with several risks and
limitations that prevent to freely adopt them into fully automated pipelines and workflows. With this paper, we
presented our vision of what advances SE tools and frameworks can bring to AI in terms of (i) reliability, (ii) robustness,
and (iii) trustworthiness of LLMs. The key idea is to develop a DSL working as a scripting language, namely LSL, to
automate the templating of the input prompt and the constraining of the generated completions of the LLM to enforce
guarantees on the LLM behaviour. An interpreter complements LSL managing the LLM context, the interfaces towards
the model and the external resources, and error correction subroutines as well as as running consistency checks and
producing explanations.

Summarising, we plan to constrain LLM outputs to address reliability by automatically exploiting their capabilities
(namely, few-shot learning, RAG, and CoT reasoning) and by introducing error handling loops. We address LLM
robustness through verification and validation of script code, and through the generation of explanations, we address
trustworthiness. In terms of challenges throughout the development, we expect to deal with the technical aspects
immediately related to the design of the language and the implementation of the interpreter, with the lack of common
standards and interfaces towards models and resources, with the difficulty in quantifying and identifying sources of
risks commonly associated to the use of LLMs (errors and hallucinations) and with the ethical concerns related as well
to the use of LLMs.
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