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1 Introduction

In many scientific areas, the volume of available data is steadily increasing.
To ensure large amounts of scientific data are processed within reasonable
amounts of time, data analysis is often executed on distributed systems. Also,
analyzing data from domains such as genomics or earth observation often re-
quires multiple interconnected analysis steps. The use of workflow systems
can both improve reusability and help to exploit the computing power of dis-
tributed systems. First, such workflows are implemented in domain-specific
languages, which facilitate the specification of a step-by-step analysis. Af-
terwards, scientific workflow management systems such as Nextflow [6] or
Snakemake [16] enable workflow execution in different environments, offering
integration with systems like Kubernetes1 or Slurm [35].

Developing scientific workflows is a challenging task located at the in-
tersection of multiple domains: While the selection and chaining of analy-
sis steps requires domain-specific knowledge, software engineering skills are
needed to subsequently implement the developed analysis chain as a scien-
tific workflow. For repeatedly occurring scientific analysis goals, there of-
ten exist best-practice workflows, e.g. those developed and maintained by
the nf-core [7] community. However, the deployment of these best-practice
workflows is by no means trivial: nf-core code adheres to many standards
and integrates a multitude of different analysis options. This increases the
complexity of the code, which can overwhelm domain scientists without prior
software engineering knowledge. Also, coding errors or lack of maintenance
are common reasons for workflows to crash [27].

To be able to deploy or adapt existing scientific workflows, a good un-
derstanding of the code is crucial. In recent years, LLM-based methods
have emerged as a new tool to facilitate various software development tasks
such as inline code completion or code reviews [11]. To accelerate the com-
prehension of large code bases, code-based question answering (QA) sys-
tems can be deployed, answering questions on given programming code. Al-
though some popular LLMs such as GitHub Copilot2 also integrate a chat
function enabling users to ask code-related questions, language models have
been found to struggle with questions in broader code contexts, e.g. on
repository level [3]. Especially for scientific workflow languages, reliable code

1https://kubernetes.io/
2https://github.com/features/copilot

1



QA systems could facilitate the deployment of best-practice workflows by
domain scientists.

In prior work, we developed a QA dataset on 10 open-source Nextflow
workflows [1]. The evaluation of SOTA language models confirmed the pre-
viously mentioned limitations of LLMs for questions on longer code contexts:
Model performance significantly declined for those workflows with the most
lines of code (LOC). Inspired by current RAG systems, this thesis aims to
address such issues by implementing a retriever, which selects relevant code
snippets for a given question. The retrieved passages can then be supplied
to the LLM instead of the complete workflow, reducing the context length
and sparing the LLM the task of retrieving the relevant code passages for a
given question. Also, we aim to extend the existing QA dataset on Nextflow
code.

2 Related Work

2.1 Retrieval

Information Retrieval (IR) can be described as the task of retrieving relevant
information (for a given user query) from a reference corpus. Aiming to ad-
dress such tasks, retrieval systems are integrated within various applications
like search engines and modern language models [10]. Retrieval-Augmented
Generation (RAG) provides large language models with additional informa-
tion that is retrieved beforehand for a given prompt [18]. In coding-related
applications, retrieval systems often need to process and connect both pro-
gramming code and natural language [13]. Subsequently, several different
types of code retrieval can be defined: For instance, text-to-code retrieval in-
cludes problems such as retrieving the SQL query matching a given natural
language question [20].

Two popular approaches to address IR tasks are sparse and dense re-
trieval. Sparse retrievers measure word overlap between query and reference
documents using bag-of-words (BOW) representations [25]. These represen-
tations of queries and documents consist of high-dimensional, sparse vectors.
There exist several strategies to weight BOW representations: For example,
Term Frequency-Inverse Document Frequency (TF-IDF) techniques decrease
the weights of words that occur more commonly across the reference docu-
ments [28].
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A core problem of sparse retrievers is their reliance on syntactical equality
between matching words, failing to capture semantical resemblances [15].
This limitation can be addressed using dense retrieval: Here, queries and
documents are encoded to dense low-dimensional vectors using pre-trained
language models [39]. For retrieval, the similarity between these embeddings
needs to be scored [38], e.g. by using the inner product [25]. Performance-
wise, hybrid systems incorporating both sparse and dense retrieval have been
found to be most effective [25, 30].

There exist various techniques to further improve the performance of RAG
systems: Query rewriting alters queries before retrieval, aiming to generate
a query more targeted on the information needed [26]. Also, supplying long
contexts to LLMs can be costly since inference cost increases with input
length. To reduce this effect, documents can be compressed: Extractive
compression solely selects relevant sentences, effectively pruning irrelevant
information. Abstractive compression aims to summarize and reformulate
documents with respect to the query [32].

Compared to natural language, code is constrained to a fixed set of syntac-
tic constructs. Code can therefore be treated as structured information: The
syntactic structure itself contains semantical information [22]. This struc-
ture can also be used to enhance retrievers in coding contexts. For code
completion on repository level, researchers have used static code analysis
methods such as dataflow analysis to improve the retrieval of relevant code
context [5]. Another approach built graphs from textual queries as well as
from code snippets, and then performed semantic graph matching to retrieve
code matching a natural language description [22].

Other challenges can arise when information for multi-hop questions needs
to be retrieved. Such questions require multi-hop reasoning, i.e. the connec-
tion of information across multiple documents [34]. Since some of the doc-
uments may depend on information from other documents rather than the
question itself, not all relevant information can certainly be retrieved using
only the question itself.

An approach to deal with such challenges is retrieving relevant documents
not in one step, but in an iterative manner. Researchers have trained a sys-
tem retrieving items iteratively, selecting new documents in each step while
keeping the previously selected items in mind [4]. Compared to standard
retrieval, this approach also considers the relation between the selected doc-
uments. In another study, the idea of an iterative retriever was combined
with the principles of beam search: After each step, the k most promising
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retrieved sets of documents were kept as candidates for the next step, instead
of just retrieving one document in each step [37].

Other researchers used an iterative retrieval approach for code comple-
tion: Preceding code is not always directly relevant to the code that needs
to be written. Therefore, using this preceding code as a retrieval query may
not yield the anticipated results. The first attempt of code completion sub-
sequently can be incorrect, e.g. when APIs or functions that had not been
retrieved are called in a wrong way. In such cases, these incorrect attempts
of code completion were expected to serve as a better retrieval query and
therefore used in the next retrieval step [36].

In the area of scientific workflows, retrieving similar workflows can be of
interest to increase reusability or facilitate workflow rewriting. Therefore,
various publications also applied retrieval techniques to assess similarity be-
tween scientific workflows. Different structure-based measures, such as map-
ping modules or pairwise module comparison, as well as annotation-based
measures like BOW with workflow descriptions, were compared in a study
regarding their performance of retrieving similar scientific workflows.

When evaluating similarity using information on the module level, ap-
proaches using edit-distances of module labels outperformed those using ex-
act matching. Also, techniques which estimate workflow similarity utilizing
structural information proved able to outperform annotation-based measures
in certain configurations [29]. More recently, researchers combined text em-
beddings with workflow embeddings (derived from the workflows structure),
and afterwards used a deep learning model to obtain a similarity score of a
scientific workflow for a given user query [8].

2.2 QA benchmarks for coding

There exist several datasets consisting of questions on programming code.
CodeQA [23] consists of questions on python and Java code. The authors con-
structed QA pairs from in-line documentation, using rule-based and template-
based methods. CS1QA [17] contains QA pairs which were gathered in an
introductory python class.

The questions in ProCQA [21] were scraped from StackOverflow. Here,
the authors defined a second task next to classic QA: In an answer retrieval
task, a retriever was asked to find the correct answer for a given question
from a set of answers. InfiBench [19] was also created by manually filtering
high-quality questions from StackOverflow. CoReQA [3] and CodeRepoQA
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[12] incorporate QA pairs on repository level instead of questions on small
code snippets.

In the area of code retrieval, RepoBench [24] dissects code completion
on repository level in a retrieval and a subsequent generation task. Fur-
thermore, the CoIR dataset [20] integrates multiple code retrieval tasks on
various datasets. Next to QA on code, three further types of code retrieval
are defined:

1. Text-to-Code Retrieval consists of task such as retrieving code snip-
pets for given web queries, or matching SQL queries to a given question
in text.

2. The task of retrieving summaries for a given code snippet is described
as Code-to-Text Retrieval.

3. Last, the Code-to-Code Retrieval task includes problems such as re-
trieving adjacent code for a given snippet, or finding the correct trans-
lation of a program in another coding language.

More recently, benchmarks such as SWE-bench [14] have confronted mod-
els with even more challenging tasks, such as fixing GitHub issues on repos-
itory level.

The previously created QA dataset on scientific workflow code consists
of 200 manually-created QA pairs on 10 reference Nextflow workflows. The
dataset includes various types of questions, such as multiple choice or boolean
questions. In addition, the dataset contains labels on which workflow lan-
guage elements are relevant to each QA pair. Also, supporting facts are
annotated, i.e. the lines of code relevant to answering the respective ques-
tion [1].

3 Goals

For the existing QA dataset on scientific workflow code, we observed that
as context length increased for workflows with more lines of code, model
performance dropped [1]. These findings suggest that even LLMs developed
specifically for long contexts such as the Nemotron-Ultralong-1M model [31]
struggle to identify relevant passages in long context documents.

For most questions in the dataset, only a small number of code snippets is
necessary to provide a correct answer. Our goal is to reduce context length
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by retrieving relevant code snippets from a reference workflow for a given
question. Subsequently, only the retrieved code should be supplied to the
model along with the question, sparing the model the task of long-range in-
context retrieval. Such retrieval pipelines can enhance models output [33],
as well as shrink inference cost [32].

4 Methodology

In order to correctly retrieve relevant code snippets for a given query, we aim
to apply several retrieval techniques:

1. First, we seek to use a hybrid model combining sparse and dense re-
trieval, since such systems proved to improve retrieval results [25, 30].

2. Next, we intend to implement an iterative retrieval approach which
uses previously retrieved items for the following step. This should be
helpful for questions that require reasoning across multiple processes
or subworkflows.

3. Third, abstractive compression could be used to target retrieved code
snippets more specifically to the query (by removing irrelevant lines of
code). Retrieved code snippets often still contain a significant amount
of code that is not relevant to the given query - many QA pairs in the
already existing dataset only need few lines to be answered correctly.

To implement the retriever described above, a development dataset (e.g.
for hyperparameter optimization) is necessary. Since creating QA pairs man-
ually is a time consuming task, we aim to apply a more scalable approach
for extending the dataset. Question generation is the most labor-intensive
step and could be handled by language models. In the past, QA datasets
have been generated [40] or augmented [9] using LLMs. We aim to apply a
few-shot approach: The model is presented with few examples when being
prompted to generate new questions. Few-shot approaches have shown the
ability to improve model output in general [2] and for generating datasets
[41]. To ensure comparability to the manually-created dataset, question fil-
tering and answer annotation are taken care of manually.

We seek to compare the developed retriever with baselines such as BM25,
and also aim to conduct an ablation study, examining the impact of iterative
retrieval and information compression (as described above) separately.
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5 Evaluation

We retain the complete manually created QA dataset for evaluation, along
with a subset of the synthetically generated questions. The dataset contains
annotations on relevant information for each QA pairs: Supporting facts
mark the lines of code that are most important to answer a given question.
These annotations can be used to evaluate whether a system successfully
retrieves the code snippets relevant to the question.

Next to evaluating the retriever system, we also aim to integrate the
retriever in a RAG pipeline for QA, and evaluate changes in performance for
LLMs compared to settings without an intermediary retriever.
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