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ABSTRACT
The recent development of large language models with multi-billion
parameters, coupled with the creation of user-friendly application
programming interfaces (APIs), has paved the way for automati-
cally generating and executing code in response to straightforward
human queries. This paper explores how these emerging capabil-
ities can be harnessed to facilitate complex scientific workflows,
eliminating the need for traditional coding methods. We present
initial findings from our attempt to integrate Phyloflow with Ope-
nAI’s function-calling API, and outline a strategy for developing
a comprehensive workflow management system based on these
concepts.

CCS CONCEPTS
• Computing methodologies → Natural language processing;
• Software and its engineering→ Automatic programming.
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1 INTRODUCTION
Scientific computing workflows are important tools in contempo-
rary research paradigms that involve data processing and computa-
tion. Many approaches have been developed over the past decade
to describe the computational work to be carried out, e.g., the
Workflow Description Language (WDL) [2], Common Workflow
Language (CWL) [9], as well as ways to actually carry them out,
e.g., Cromwell [12], Toil [17], Apache Airflow [4]. Some of these
description languages and tools are domain-specific while others
are generic and are used across multiple domains. In all cases, how-
ever, the researcher needs to learn how to describe the workflows
for their specific application as well as how to use the workflow
management framework on their specific computer system.

In this position paper, we argue that that in the near future it will
be possible to construct and utilize integrated scientific workflow
description and execution systems using Natural Language within
a chatbot-like environment, e.g., within ChatGPT’s framework. We
observe that even today ChatGPT is capable of generating codes
in various workflow description languages that then can be exe-
cuted with the help of emerging plugins and new features, such
LangChain [1], function calling [15], Toolformer [16], code inter-
preter [14], to name a few. We believe that a next-generation work-
flow management system will simply provide a human-language-
based interface both to describe the work to be carried out and to
present the results, and will call underlying tools and methods to
carry out a complex chain of computations in response. This will be
a game-changing capability that will greatly simplify the process
of applying complex computational pipelines by domain experts
without any coding experience.

The paper is structured as follows: In §2, we review existing
Large Language Model (LLM) capabilities for code generation and
emerging techniques for code execution within the ChatGPT frame-
work; in §3 we provide initial results with function calling API; and
in §4 we put forward a proposal for a ChatGPT-based workflow
management system.
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2 REVIEW OF EMERGING TECHNOLOGIES
2.1 Code Generation
Modern LLM frameworks, such as ChatGPT [13], possess advanced
code generation capabilities. These models have been trained on a
diverse range of internet text, including programming code from
GitHub, coding questions and answers from Stack Overflow, and
various documentation, which enables them to generate code snip-
pets in response to user prompts. As the result, tools such as Chat-
GPT can assist with many coding tasks in many languages, can
support code analysis and debugging, and can even write complete
programs [6]. GitHub Copilot [11] is one such example of a widely-
used tool. However, it is important to note that while such tools can
generate syntactically correct code, they do not inherently under-
stand the code’s semantics [8]. In practice this means they cannot
guarantee the functional correctness of the generated code and it is
up to the user to ensure that the produced code will accomplish the
required task. Nevertheless, their ability to generate code provides
a valuable tool for developers, aiding in tasks ranging from code
completion to generating boilerplate code.

2.2 Code Execution
Code execution is not something ChatGPT or other LLMs are di-
rectly capable of. However, code execution has gained a lot of in-
terest and is a very active area of research and development. It can
be achieved in a number of ways using several emerging methods;
here we briefly touch on some of them, particularly with regards
to those related to ChatGPT framework.

Using the LangChain library [1], one can connect (chain) multi-
ple components to create applications that utilize LLMs. For code
execution, we can use agents through which an LLM can write and
execute Python code. The agents call user-supplied tools: functions
written to interact with the world. An extensive collection of such
tools already exists [7]. The interface to tools is plain text; however,
even this simple interface is sufficient to accomplish rather complex
tasks. Here a language model itself is used as a reasoning engine
to determine which actions to take and in which order. Thus, an
LLM-generated code can be executed with LangChain by creating
an agent that can call an appropriate tool to compile (if needed) and
then execute the code.

Unlike LangChain in which the programmer still needs to call
agents, with recently introduced function calling [15] one can sim-
ply describe functions to an LLM and have the model generate a
JSON object containing arguments to call those functions. Thus,
based on a user-supplied description of a collection of functions, the
LLM itself can infer which function to call, produce the necessary
interface for the call, call the function, and process the output.

Toolformer [16] is another approach developed to make an LLM
to execute a function. Toolformer is a “model trained to decide
which APIs to call, when to call them, what arguments to pass, and
how to best incorporate the results into future token prediction.”
The training is achieved in a self-supervised manner, needing just
a few examples for each API call, and potentially using already
existing API documentation for an LLM to learn from.

Code interpreter [14] is a newly introduced ChatGPT plugin that
is able to run a Python code in a sandbox environment to make sure
it works. This fixes the original problem with the code generation

mentioned in §2.1. Thus, with this plugin one can ask ChatGPT to
write a code and immediately execute it.

It is important to note that we are still in early days of code
execution and new projects and products emerge every day.

3 PRELIMINARY RESULTS
As a demonstration, we have used Phyloflow [3] as an existingwork-
flow example and investigated how OpenAI’s function calling API
can be used to streamline the creation and execution different tasks.
The code for the work presented here is available in GitHub [10].
Phyloflow is a tool for performing phylogenetic tree computations
that was initially developed in WDL and later ported to Python
using the Parsl library [5]. The Parsl implementation consisted of a
Parsl app for each task that corresponds to a data processing step
within Phyloflow. A workflow is created by connecting Parsl apps
through inter-application dependencies. It is important to note that
for the first step of this Parsl workflow, we use physical files, and
from there we work on data futures, which are promises of a file
that will be generated by another running instance of a Parsl app
(AppFuture).

Phyloflow employs WDL to perform calculations for phyloge-
netic analysis based on input data. This analysis involves computing
clusters which are then used to construct phylogeny trees that can
be visualized. This process is executed in multiple steps, beginning
with the task ‘vcf-transform.’ VCF-transform receives a VCF (Vari-
ant Calling Format) file and extracts data from it, and transforms
the data into the input format of ‘pyclone-vi’, which allows for
mutation clustering calculations to be performed. Next, a TSV file
containing themutagenic data is created. The next task, ’pyclone-vi’,
processes the previously generated TSV file, performing the muta-
tion clustering calculations. This yields clusters of mutations that
share evolutionary relationships. The workflow subsequently refor-
mats this data file for processing with SPRUCE (Somatic Phylogeny
Reconstruction using Combinatorial Enumeration) in a separate
workflow step. SPRUCE is an algorithm utilized for inferring phylo-
genies that describe the evolutionary history of a tumor. The final
task, ‘spruce-phylogeny’, takes the SPRUCE-formatted TSV file as
an input, and generates a JSON file that contains the compute infor-
mation necessary to visualize the evolution of a tumor. To illustrate
this, the first workflow step is shown:
task vcf_transform {

input {
File vcf_file
String vcf_type #only 'mutect' currently supported

}
command {

mkdir pyclone_samples
out_dir=$(pwd)
cd /code

sh vcf_transform_entrypoint.sh ${vcf_type} ${vcf_file} \
$out_dir/headers.json \
$out_dir/mutations.json \
$out_dir/pyclone_vi_formatted.tsv \
$out_dir/pyclone_samples/

}
output {

File response = stdout()
File err_response = stderr()
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File headers_json = 'headers.json'
File mutations_json = 'mutations.json'
Array[File] pyclone_formatted_tsvs =

glob("pyclone_samples/*.tsv")
}

}

To enable the OpenAI function call API with Phyloflow, we cre-
ated several functions that serve as adapters for Parsl apps. For
each Parsl app, we created a function_call_from_file, which receives
the paths to the physical files, and a function_call_from_futures,
which receives the identifiers of the AppFutures on which the
Parsl app depends. The difference between the two is that a func-
tion_call_from_futures first retrieves the AppFutures of the received
IDs, and their DataFutures are extracted to be used as inputs. From
there, the operation is identical: generate a new ID, generate a
directory for outputs, run the ParslApp, index the AppFuture ref-
erence along with its ID in a global access dictionary and return
the ID. This ID binding scheme with AppFutures was required to
communicate with the OpenAI API.

Following the OpenAI specifications, we wrote function descrip-
tions in JSON format for all of the function_call_from_files and
function_call_from_futures. Here are some examples of the function
descriptions:

functions = [
{

'name': 'fcall_pyclone_vi_from_files',
'description': 'Computes mutation clusters from

vcf_transformed file',
'parameters': {

'type': 'object',
'properties': {

'pyclone_vi_formatted': {
'type': 'string',
'description': 'The path to the
pyclone_vi_formatted file outputed
by the vcf_transform'

},
},
'required': ['pyclone_vi_formatted']

}
},
{

'name': 'fcall_pyclone_vi_from_futures',
'description': 'Computes mutation clusters from

a vcf_transform AppFuture id',
'parameters': {

'type': 'object',
'properties': {

'vcf_future_id': {
'type': 'string',
'description': 'The vcf_transform id'

},
},
'required': ['vcf_future_id']

}
}

]

The communication scheme with the OpenAI API consists of
sending this set of descriptions together with a natural language
instruction prompted by the user. The job of the LLM is to determine
which function needs to be executed to fulfill the statement, as
well as the parameters to send to the function. By doing this, we
were able to run individual Parsl applications within the workflow.
However, what we really need is to chain the execution of several
Parsl apps to generate complete workflow executions. This is where
the notion of adding context and making successive API calls comes
into play.

A predefined context is added, just like any other user message,
that helps to better interpret any instruction. With this context
and the user’s message, the request to the API is made. The API
responds with its choice of function to call. The function is executed,
immediately returning the ID linked to the AppFuture. For the
next API request, two new messages are added. The first message
partially includes the previous response from the API, specifically
the section of the message with the choice of the function to call
is used. The second message is a new user message indicating
the ID assigned to the newly executed Parsl app. By adding both
messages, the AI understands which step it is in relative to the
user’s instructions and can also execute subsequent steps by having
access to the scheduled AppFuture ID. This process is repeated until
the stop flag is found in the API response. Below is the execution
of an example user instruction:

Context:
If you are asked to execute one single task receive file names
If you are asked to execute multiple tasks:

Receive file names for the first task
Send the future ids to the other tasks

User:
Help me with two things:
First: transform the vcf file
./example_data/VEP_raw.A25.mutect2.filtered.snp.vcf.
Second: execute pyclone-vi on the file outputed in the first step.

Function Calling
Function Name: fcall_vcf_transform_from_files
Function Args:
{'vep_vcf': './example_data/VEP_raw.A25.mutect2.filtered.snp.vcf'}
<AppFuture at 0x7f90af178b90 state=pending>

Task scheduled with AppFuture id: future_5_run_vcf_transform

Function Calling
Function Name: fcall_pyclone_vi_from_futures
Function Args: {'vcf_future_id': 'future_5_run_vcf_transform'}
<AppFuture at 0x7f9072014490 state=pending>

Task scheduled with AppFuture id: future_6_run_pyclone_vi

DONE

Although the use of function calling has shown promise for ex-
ecuting workflows, our current implementation has at least two
clear limitations. The first is that exceptions are not handled at the
moment, which means that if the API executes a wrong function
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call, the program cannot recover from the failure. Optimally, the
error should be forwarded to the API so that it can propose alter-
natives. The second limitation is that composing more complex
workflows will eventually hit the token limit, for which there is no
straightforward solution in the proposed scheme; we would need
to invent a hierarchical schema for task decomposition.

4 PROPOSAL FOR NEXT-GENWORKFLOW
ENGINE

The system we discuss in Section 3 comprises two primary com-
ponents: the execution of OpenAI API calls on OpenAI’s servers
and the processing stages of the Phyloflow application on our own
servers. The current prototype sequentially executes these steps
without much consideration for the results produced at each step.
However, a more advanced workflow engine should ensure two
things:

1. The current step is executed as expected, free of errors or
warnings, and produces the anticipated outcome.

2. The next step in the sequence can be executed given the out-
come of the current step, the available computational resources,
and other constraints.

We envision a workflow engine that accepts a high-level descrip-
tion of the work, provided in natural language. This description
is then translated into multiple steps (a plan) based on available
functional units such as executables or API calls. The engine then
attempts to execute each step from the plan, taking into account
hardware constraints such as the type of compute servers, available
memory, storage size, while ensuring the task’s completeness and
correctness. If a task fails or the outcome is not as expected, the
plan execution engine invokes a debugger. The debugger’s role is to
identify the issue so the task can be re-executed or the plan can be
modified if necessary.

Figure 1 illustrates the overall structure of this approach. The
planner, executor, and debugger are all AI agents that use LLM
to process textual input, either to execute a task or to analyze
and validate the execution results. A human operator may also be
involved if the debugger cannot resolve the issue, or if there’s a
need to resolve ambiguities and make decisions.

Figure 1: LLM agents collaborating to execute the workflow.

5 CONCLUSIONS AND FUTUREWORK
In Section §3, we successfully showcased a working prototype of
a workflow engine that can execute a variety of tasks based on

straightforward high-level user instructions. This accomplishment
was made possible by leveraging OpenAI’s function-calling API.
This API interprets tasks from the user’s textual descriptions and
translates them into user-defined functions, which constitute the
computational backbone of the actual scientific computing work-
flow. Furthermore, in Section §4, we outlined our ambitious vision
for an advancedworkflow execution engine. This engine is designed
to manage complex, multi-stage workflows across an extensive
computing infrastructure, all under the control of a natural human
language interface. We are actively progressing towards making
this vision a reality.
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