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Scientific Workflows (SWF) encapsulate data processing tasks by organizing various tools, operators, and
data in a logical flow. Due to their complex and domain-specific nature, developing SWFs remains laborious.
Current code-generating large language models (Code LLMs) struggle to assist users in developing these
workflows. This limitation arises primarily from the insufficient availability of relevant training data in public
repositories, making it challenging for LLMs to learn specialized patterns and domain-specific logic.

To address this, we propose FLOWPILOT, a suggestion framework for developing SWFs that assists developers
by suggesting the next operator. Our system complements Code LLMs by enriching the source code to
generate more accurate results. FLOWPILOT leverages a similarity knowledge base (SKB) that indexes historical
workflows to find the ones matching the current context. To generate relevant suggestions, FLowPI1LoT
employs a statistical approach based on Markov chains to identify the most likely next step. As a proof of
concept, we evaluated our system on NextFlow workflows and the results demonstrate the effectiveness of
FLowPi1LoT. It outperforms state-of-the-art code-generating models, e.g., Llama-4, and traditional methods,
e.g., association rule mining techniques.

CCS Concepts: » Information systems — Retrieval tasks and goals.

Additional Key Words and Phrases: Scientific Workflows, Code Recommender, Retrieval Augmented Genera-
tion, Knowledge Discovery

ACM Reference Format:

Mahdi Esmailoghli and Matthias Weidlich . 2026. FLowP1LoT: A Suggestion System for Designing Scientific
Workflows. Proc. ACM Manag. Data 4, 1 (SIGMOD), Article 39 (February 2026), 27 pages. https://doi.org/10.
1145/3786653

1 Introduction

Repetitive data analysis in various domains, from bioinformatics to remote sensing, calls for models
and methods for automating data processing by the definition of scientific workflows (SWFs) [3, 5, 6].
Despite frameworks for implementing and executing SWFs, such as NextFlow [7] and Texera [45],
implementing SWFs remains complex and time-consuming, demanding significant user effort. This
complexity is sourced from the need to integrate various tools, dependencies, and data sources.
Additionally, ensuring reproducibility, robustness, and code compatibility with workflow standards
significantly increases the time and effort required by users. Judging based on GitHub repositories of
released NextFlow projects, a.k.a. the NF-Core corpus [11], the average time to develop a workflow
is 40 months, involving 14 developers on average.

To reduce development costs, one can leverage a Code-generating large language model (Code
LLM), for instance, CoPilot [16] and CodeT5+ [44], to generate suggestions. Code LLMs have
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Fig. 1. Illustration of FLowWPILOT’s role in assisting code suggestion.

demonstrated expedition in code development with advanced auto-completion abilities [32, 53].
However, these models are rendered ineffective in the context of SWFs for several reasons [36, 40]:

(1) Limited training data. Workflow repositories compose a negligible ratio of publicly available
code bases on which generative models are trained. This limitation in code bases makes Code
LLMs less effective in suggesting corresponding lines of code for scientific workflows. In particular,
there are fewer than 5000 NextFlow repositories on GitHub out of over 420M. This is 0.00001 of
all repositories. The prevalence of general-purpose source code, as opposed to domain-specific
workflows, makes code generators perform well in solving common boilerplate problems, but
poorly on workflows involving intricate computations on complex data [21, 22, 48].

(2) Data- vs. control-flow development. Code completion models are optimized for control flow
and sequential line-by-line code generation, but SWFs are driven by data flow. The development
of SWFs depends on selecting and composing modules based on semantic data dependencies,
not step-by-step logic. As a result, without adaptation, Code LLMs are poorly suited for building
SWFs [21].

(3) Lack of explicit objective. Code LLMs generate predictions based on localized syntactic
cues present in the code, such as function signatures and inline comments. In contrast, effective
suggestions for SWFs require reasoning over the global semantics of existing modules and an
understanding of the workflow’s scientific objective, information that is rarely made explicit in the
code.

To overcome these issues and to provide effective support in the design of SWFs, two main challenges
must be addressed:

Contextual relevance. Scientific workflows are inherently domain-specific, with each domain
exhibiting unique context, structures, and operator usage patterns. A major challenge for sup-
porting the design of a workflow is to accurately identify its domain context, often from partial
or heterogeneous information. Even within the correct domain, generating relevant suggestions
demands an understanding of the workflow’s current state and objective. This involves interpreting
not just the sequence of existing operators but also the underlying intent, requiring domain-aware
reasoning.

Operational relevance. Support for workflow design must be efficient, especially in interactive
environments. The reason is that generating suggestions involves retrieving and evaluating a
potentially vast number of candidates.

In this paper, we tackle the above challenges with FLowPr1LoT, a suggestion system for scientific
workflows. It leverages historical workflows, stored in public corpora, such as GitHub, to identify the
next operator to be implemented in a given incomplete workflow. As such, it enhances generative
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models by injecting relevant domain knowledge into a Code LLM’s suggestion process. We illustrate
the use of FLOWPILOT by means of the following example.

Example. In Figure 1, a user designs a workflow to analyze RNA sequencing data [33]. The upper
left box visualizes the workflow stub, which, in practice, contains around 200 lines of Nextflow
code. Using this stub as a query for a Code LLM is not meaningful, as it generates dozens of lines
of unrelated Nextflow code, mostly comprising generic comments. While the code is syntactically
correct, it is useless for workflow design, as the Code LLM is not aware of the semantics of the
workflow to be developed.

This issue is addressed with FLowP1LOT. In this example, FLOWPILOT realizes that there is a similar
historical workflow [1] that implements operators cat fastq, FastQC, Trim Galore!, and FastQC
in succession, which suggests that the next operator to be implemented must be FastQC for data
quality control. Once FLowPrLoT identifies the next operator, it may be incorporated, e.g., by
injecting a comment in the code, and a Code LLM can be prompted to suggest the correct code
completion.

At a technical level, we make several contributions:

(1) We propose a solution to identify workflow domains. We extract informative features from
workflows and generate searchable domain profiles. These profiles are used to pinpoint relevant
sub-workflows, from which we generate suggestions.

(2) To enable efficient access to relevant domains, sub-workflows, and ultimately suggestions, we
construct a Similarity Knowledge Base (SKB). It contains structural, domain, and semantic details of
historical SWFs. Furthermore, we build a hierarchical index structure on top of the SKB for efficient
retrieval.

(3) Given an SKB of relevant historical workflows, we propose a suggestion engine using Markov
chains to effectively discover the next operator.

(4) To incorporate user feedback and to remain effective in unforeseen domains, we introduce an
online learning strategy that learns from user feedback by updating the SKB.

We assess our system’s performance by comparing it against state-of-the-art models and established
baselines. The experimental results show that FLOWPILOT significantly outperforms computationally
intensive baselines across a range of metrics.

2 The Problem of SWF Suggestion

In this work, we target next operator (also, tool or module) suggestion for SWFs: given an incomplete
workflow Q, referred to as the query workflow, and a corpus of SWFs W, the goal is to find the correct
operator from W that complements Q.

Following the traditional Retrieval Augmented Generation (RAG) paradigm [19], which involves
embedding, indexing for retrieval, and response generation, we break the above problem into
three sub-problems: domain discovery, which concerns relevant embeddings, the construction of a
Similarity Knowledge Base (SKB), which covers retrieval aspect of the pipeline, and suggestion
generation, which corresponds to generating the final output.

2.1 Domain Discovery

As a first step, we aim at identifying workflows that are relevant to Q, i.e., a subset of W that
facilitates meaningful and precise suggestions. We call this relevant subset the domain of Q, denoted
Dg. Note that D is dynamic and changes as the SWF is developed. For instance, the first Dy can
refer to a pre-processing step in an RNA sequence analysis workflow; continuing the development
of the workflow, the domain changes to processing and post-processing of the sequenced data.
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Fig. 2. FLowPiLoT’s architecture.

Addressing the domain discovery problem for an incomplete SWF requires answering the following
questions:

e How to define a domain of a workflow and what features constitute the domain definition and
discovery of that workflow?
e How to split workflows in order to differentiate multiple semantics and domains within each SWF?

2.2 SKB Creation

Next, we need to construct a data structure to obtain the relevant domains, based on which we
generate suggestions. Domain discovery is the problem of defining domains and corresponding
features, while SKB creation refers to making these features searchable. This involves answering
the following questions:

e How to featurize workflows in W to facilitate finer-grained (sub-workflow-level) domain discovery?
e How to build the SKB to enable efficient search among a large number of possible domains?

2.3 Suggestion generation
Given a set of top-k candidate workflows C € W with |C| < k, the goal is to identify the correct
operator from c € C to extend Q by one operator. To this end, we answer the following questions:

e Which operator from the identified candidate workflow is most likely to correctly extend the query
workflow?

e How to incorporate user feedback on the selected operator to generate better suggestions in the
future?

3 Overview of FLowPiLoT

To address next operator suggestion for SWFs, we present FLOWPILOT, as summarized in Figure 2.
FLowP1LoT involves two phases: an offline phase, in which a corpus of existing SWFs is analyzed
and a Similarity Knowledge Base (SKB) is constructed; and an online phase, in which the system
generates new suggestions, enabling a user to continue developing the SWF at hand.
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3.1 Offline Phase

To construct the SKB from a given set of historical SWFs, each workflow is broken into sequential
sub-workflows. To capture the domain of each sub-workflow, we extract syntactic and semantic
features. Specifically, we consider operator features, indicating the operators involved in each
sub-workflow; structure information, representing the connection among operators; and metadata,
including high-level information regarding the application of the workflow (Step 1). Once these
features have been extracted, they are encoded into a high-dimensional space (Step 2). Each sub-
workflow is mapped to a vector capturing the extracted features, i.e., the domain. To execute search
queries efficiently, we index the obtained vector embeddings using an HNSW index structure [12]
(Step 3). This index serves as the SKB for our suggestion system. Section 4 describes this offline
phase in more detail.

3.2 Online Phase

Using the SKB, FLOWPILOT can generate suggestions for an incomplete, i.e., query, workflow.
Similar to the offline phase, the query workflow is featurized (Step 4) and its embedding, i.e.,
domain representation, is generated (Step 5). FLowPILOT then searches the SKB for the most similar
domains (Step 6). This way, the K-nearest neighbors with minimum distance to the domain of the
query workflow are identified (Step 7). Using the top-K similar domains, FLowP1LoOT fetches the
corresponding sub-workflows and builds a Markov model to predict the next operator (Step 8).
To this end, we generate a transition matrix, indicating the likelihood of each operator being the
next operator for the query workflow. The operators with the highest probability are chosen to be
suggested to the user (Step 9). The process of suggestion generation based on the Markov model is
explained in Section 5.

A user may choose the most relevant operator from the suggestions and continue designing the
workflow (Step 10). Then, the new workflow is considered the query workflow to generate the next
suggestion. Moreover, the system utilizes the user’s feedback, which is generated by choosing the
correct suggestion, to update the SKB accordingly (Step 11). This benefits the system in multiple
ways: first, it allows the system to capture each user’s personal preferences, e.g., on operators
or tools with which the user is particularly familiar. Second, learning from the query workflow
benefits the design of future workflows, e.g., by learning about operators that have not been used
before. Third, the system learns to avoid making similar mistakes repeatedly. By updating the index
with user feedback, more weight is given to correct operators. We describe this process of updating
the SKB in Section 6.

4 Domain Discovery and SKB Creation

In this section, we address the problem of discovering and materializing domains for SWFs. First,
we define the concept of a domain and its granularity. Then, we elaborate on features contributing
to identifying domains. Finally, we discuss how we extract these features from workflows and index
them for efficient retrieval.

4.1 Domains and their Granularity

Intuitively, the domain of a workflow represents the specific area of application it serves. This
ranges from coarse-grained areas like bioinformatics or materials science to more fine-grained
specializations, such as particular types of DNA analysis (e.g., nf-core/sarek for somatic and germline
mutation calling) or RNA sequencing (e.g., nf-core/rnaseq for transcriptome analysis). Domains
may also be assigned to sub-workflows, which is essential for large-scale workflows that encompass
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various functionalities. In any case, to generate relevant suggestions, it is crucial to identify the
domain of the query (sub-)workflow accurately.

Example. rnaseq [33] and rnasplice [1] are two NF-Core SWFs. Although both process RNA
sequence data, they differ in their objectives. The former analyzes RNA data and produces a gene
expression matrix and a quality control report. The latter is a pipeline for alternative splicing
analysis of this data. Regardless of different objectives, they are similar in the first stage, namely,
pre-processing (Figure 1). In particular, both use cat to merge FastQ files, use Trim Galore to
apply adapter and quality trimming, and leverage FastQC as the quality control tool.

In this example, one can use the first two stages of one SWF to generate suggestions for developing
the other. This emphasizes the importance of finding relevant domains for suggestions.

4.2 (Sub)Workflow Elements

To extract the domain of a sub-workflow, we analyze the elements that define it. Unlike programming
code, which primarily expresses domain through control-flow, function logic, and library usage,
scientific workflows emphasize data flow and how data moves and transforms through defined
steps. Hence, domain discovery for scientific workflows shall include the operators involved in the
workflow, intermediate data between the operators, the workflow structure, its input and output,
its description, and additional parameters (workflow schema) used in the workflow definition.

4.2.1 Operators. We include the set of operators, as workflows within the same domain commonly
use similar operators. For instance, bioinformatics workflows tend to use operators provided by
the BAM tool to process genomic data, such as alignment, sorting, and indexing of DNA sequences.
This statement extends to finer-grained domains of sub-workflows.

4.2.2  Structure. We include the order in which operators are connected by means of the “Directly
Follows” and the “Eventually Follows” relations. They indicate if one operator directly succeeds
another or appears at any later point in the sequence, respectively. If operator A directly follows
operator B, it means A occurs immediately after B in the sequence. In contrast, if A eventually
follows B, A appears at any further point after B, though not necessarily immediately. These
structural relations capture crucial information about the semantic dependency of operators. For
example, quality control (FastQC) directly follows raw sequencing input, while alignment (STAR)
eventually follows pre-processing, leading to reproducible and efficient high-throughput data
analysis.

4.2.3 Intermediate data channels. Each pair of operators is connected through a data channel,
passing data from one operator to the next. These data channels express how directly-connected
operators communicate. Furthermore, the intermediate data encapsulates operator semantics
regarding the type of functionalities conducted on the previous data. For example, in an NF-Core
pipeline, FASTP trims raw reads, producing cleaned FASTQ files that are passed via a data channel
to BWA for alignment. This channel not only transfers data but also reflects the transformation;
here, raw reads are filtered and trimmed before alignment.

4.2.4 Workflow description. If available, workflow descriptions illustrate the objective of the
workflow in natural language, which can support domain discovery. Workflow descriptions may
highlight similarities and differences between pipelines. For example, as mentioned above, the
rnaseq and rnasplice pipelines both focus on RNA sequencing, but have different objectives. Still,
their descriptions point to similar pre-processing and alignment steps.
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Algorithm 1: Pseudocode for FLowP1LoT’s offline phase.

1 Inputs: W: corpus of workflows

2 Output: SKB: semantic knowledge base
3 embeddings « 0

4 for w in W do

5 all_ngrams « extractNGrams(w)
6 metadata < extractMetadata(w)
7 embeddings < encode_features(all_ngrams, metadata)

8 SKB « index(embeddings)
9 return SKB

4.2.5 Workflow schema. This feature represents parameters per operator. These parameters can
adjust the functionality of the system depending on the user’s preferences. The schema also contains
information regarding the input/output data of the workflow.

4.3 Domain Features Definition

We categorize the aforementioned elements into two feature classes: n-gram-level features and
workflow-level features.

4.3.1 N-gram-level features. Features that are defined for a workflow as a whole may be too coarse-
grained to support effective suggestions. To pinpoint the sub-workflows that are most relevant
to the specific part of a workflow that is developed by a user when a suggestion shall be made,
features need to be extracted at a finer granularity. Features at the operator level, the smallest unit
in workflows, would not be meaningful, as they do not capture the workflow structure. Therefore,
to incorporate intermediate data and the workflow structure, we consider features at the level of
n-grams, i.e., paths of size n, from the Directed Acyclic Graph (DAG) representation of workflows,
as follows.

A DAG representation of a workflow w is a directed, edge-labeled, acyclic graph G,, = (V,,, E.,, d).
Here, V,, is a set of operators that represent nodes of the graph, E,, C V,, X V,, models the data flow,
andd,, : V,, = D,, assigns input data elements to each operator, with D,, denoting all possible
data elements. This way, the output data elements of each operator are implicitly induced by the
data input of the succeeding operator in the workflow DAG.

Unlike the state of the art [46], an n-gram does not only capture the operators involved in a
workflow, but also the data passed among those operators. Each n-gram corresponds to a path
in the workflow’s DAG and is represented as a sequence of data elements and operators: G, =
dw(01),01,d4,(02), 02, ..., [d(0p), 0], where (0;,0;41) € E, for 1 < i < n. Using n-grams, the
operators, their intermediate data, and the workflow structure are captured.

4.3.2  Workflow-level metadata features. Workflow description, input/output data, and schema
information are workflow-level features. Thus, this information is extracted per workflow.

4.4 Feature Extraction and Indexing

Having defined the features, we now turn to their extraction and indexing, which corresponds to
the offline phase of FLowP1LoT from Figure 2. As shown in Algorithm 1, this phase takes a set
of historical workflows as input (Line 1) to construct the Similarity Knowledge Base (SKB). For
each workflow, we extract n-gram-level features and workflow-level metadata features, and encode
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Algorithm 2: Pseudocode for FLowP1LoT’s online phase.

1 Inputs: SKB: similarity knowledge base, K: the number of retrieved nearest neighbours, 6:
certainty threshold, R: the number of suggestions, W;: query SWF, Np: the active n-gram

Output: R suggestions

metadata, < extractMetadata(wg)

feature, < encode_features(Np, metadata,)

KNN, distances < SKB.query(featurey, K)

model « train_Markov_model(KNN, distances)

suggestions, certainty «— model.query(Np, R)

correct_operator « GetUserFeedback(suggestions)

if certainty < 0 then
‘ SKB.add(Np + correct_operator)

11 else if correct_operator NOT IN suggestions then

12 SKB.delete(KNN)

13 SKB.add(Np + correct_operator)

O 0 N G e W N

[
=]

them as embeddings (Lines 5 - 7). These embeddings are indexed and returned for querying in the
online phase (Lines 8 and 9).

4.4.1 N-gram encoding. The encodings of n-grams should not only capture the operators individ-
ually but also their relations with input and output data and neighboring operators. Therefore,
standard embedding approaches, such as bag-of-words, are ineffective as they ignore contextual
dependencies. As such, they fail to preserve the syntactic structure and semantic relations that are
essential for meaningful n-gram representations. Also, these embeddings do not incorporate the
data/operator and operator/operator relations.

To address these issues, we transform each n-gram into textual data by concatenating the
corresponding operator and data elements. Each sentence not only incorporates the operator and
data dependencies but also encodes operations done on data elements, capturing semantics and
the domain of the n-gram. For instance, “ch_multiqc_files Samtools_Index” expresses that the
data for multigc files is indexed using the Samtool’s indexing operator. Based thereon, we obtain
embeddings with a sentence transformer [20].

4.4.2 Metadata Encoding. Workflow features, including the description, schema, and the input/out-
put definition of the workflow, are normally stored as a text file as part of the workflow definition.
Hence, similar to n-grams, we use a text-to-embedding transformation, where each feature is
embedded independently, and the results are averaged. The metadata embedding is concatenated
with the n-gram embeddings of the workflow to generate the final data point corresponding to the
domain of the n-gram.

4.4.3 Indexing SKB. Obtaining all embeddings for the historical data, we index them for efficient
K-Nearest Neighbors (KNN) search. To this end, we employ the HNSW (Hierarchical Navigable
Small World) index [29], which is efficient for the evaluation of KNN queries on high-dimensional
vectors [12].

5 The Suggestion Generator

In this section, we provide details on our generator for next-operator suggestions. Algorithm 2
illustrates the general process of the online phase of FLowPILOT. Its input consists of the Similarity
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Knowledge Base (SKB) and several configuration parameters. It is applied for a given query workflow,
for which FLowPrLoT extracts the active n-gram, i.e., the n-gram that the developer currently
implements and for which the next-operator suggestions shall be returned. We refer to this n-gram
as the query n-gram, denoted as Ng. To generate the suggestions, FLowPI1LOT constructs a Markov
chain model using the operators in the K-nearest neighbors n-grams (Lines 3 - 6). This model is
then used to predict the most probable next operator in the query workflow (Line 7). Afterwards,
user feedback is incorporated as detailed in Section 6 (Lines 8 - 13).

Below, we provide further details on the derivation of the K-nearest neighbors n-grams, the
selection of operators from these n-grams to be considered for suggestions, the idea behind using a
Markov chain model for suggestions, as well as its construction.

5.1 Obtaining the KNN

We adopt the paradigm of retrieval-augmented generation (RAG), where approximate nearest-
neighbor search is a common technique to obtain relevant candidate suggestions. This step is in
particular crucial in our use case, since obtaining the KNN n-grams provides the relevant domain
for the SWF that is being developed. Limiting the search to only top-K similar n-grams not only
reduces the search space for efficient suggestion generation, but also shields the system from noisy
instances, rendering it more robust.

In general, we use Ny to find its KNN n-grams. Similar to the feature extraction step for historical
data, we generate the embedding corresponding to the query n-gram. Then, this embedding is
queried against the SKB and top-K similar embeddings and their corresponding n-grams are
retrieved, represented as Cp = {c; | 1 < i < K}. Although we use operators and data elements in
n-grams to generate the SKB and query for the KNN paths, to generate the suggestion, we only
need operators. Therefore, each n-gram ¢ = d,,(01), 01,d.(02), 02, . . ., [d(0p), 0,] € Cg is simplified
into the sequence ¢’ = 01,0, ..., [0,-1, 0] of the contained n (or n — 1 if the n-gram ended with a
data element) operators.

5.2 Operator Selection Criteria

Given the set of relevant n-grams (Cp), we establish three criteria that are essential for predicting
the next operator.

5.2.1 Directly or Eventually Follows relations. These relations indicate whether an operator requires
the direct output of another to be executed. Unlike Eventually Follows relation, in the case of Directly
Follows relation, there is no intermediate operator involved. For instance if A — B — C, B Directly
Follows A. Although C follows A at some point, A and C do not have a Directly Follows relation,
instead, C Eventually Follows A.

Directly Follows and Eventually Follows relations between two operators in any ¢ € Cg signify
that these operators co-occur in at least one n-gram, implying a possible semantic sequence. This
semantic connection between the two operators is stronger in the case of Directly Follows compared
to Eventually Follows relations. In fact, we argue that the closer two operators are, the higher the
likelihood that they are semantically related.

Example. As depicted in Figure 1, the operator FastQC Directly Follows Trim_Galore, as FastQC
is often executed immediately after trimming reads to assess quality. On the other hand, MultiQC
Eventually Follows Trim_Galore, as it aggregates quality control reports from multiple steps,
including FastQC and other processes, making the connection more indirect.

5.2.2  Commutative relation. Workflows may contain independent operators that can be executed
in any order, regardless of their order observed in the DAG representation of the workflow. That is,
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their ordering depends only on the user’s choice when designing the workflow. To cater for these
operators, we also incorporate a relation for operators that can occur in any order.

Example. In our running example, the operators SAMtools_sort and MarkDuplicates may exhibit
a commutative relation if their outputs are not dependent on each other’s order of execution.
Depending on the workflow structure, a developer might choose to sort BAM files before marking
duplicates or vice versa, without affecting the overall outcome.

5.2.3 Similarity of n-grams. The degree of similarity between the query n-gram and its K closest
matches retrieved through the KNN search is not identical. While the index search returns the top-K
most similar n-grams, their relevance to Ng varies. Thus, querying the SKB for the most relevant
n-grams, we compute a normalized distance between Ng and each of its K nearest neighbors.
Intuitively, the smaller the distance, the higher the likelihood that the n-gram is relevant to the task
at hand. Consequently, we use this distance as a measure of importance to rank similar n-grams.
Example. In our example, if the query n-gram contains the operator Trim_Galore, two of its
closest matches might include FastQC and CutAdapt, as they often co-occur with Trim_Galore
in the pre-processing step of workflows. However, their similarity scores will vary, with CutAdapt
likely being closer to Trim_Galore due to their shared role in adapter trimming, whereas FastQC,
though relevant, serves a distinct quality control function with a slightly higher distance from
the query n-gram.

Next, we discuss how to find the next operator among KNN based on the aforementioned criteria.

5.3 Suggestion using Markov Chains

To find the most probable next operator for a given Ny based on its corresponding KNN, we model
next-operator prediction as a Markov chain. A Markov chain captures a system that transitions
from one state to another within a finite set of states. Transition probabilities govern the likelihood
of moving between states.

The benefit of using a Markov model in our context is threefold: i) Markov models naturally
capture the contextualized probabilities that stem from complex workflow histories. As such, they
facilitate traceability and explainability of the suggestions at a much higher level than LSTMs or
transformers. ii) Markov models do not require large datasets for training, which are scarce in the
field of scientific workflows. iii) Markov models enable efficient inference, which is crucial when
realizing interactive suggestions in SWF development.

Note that the statelessness of Markov models, which contributes to their efficiency and explain-
ability, is covered by the availability of KNN n-grams and operator selection criteria discussed
earlier in this section. Using KNN n-grams to train the Markov model, we already ensure that the
generated suggestion is highly relevant to the current state of the developed workflow.

To formulate our problem as a Markov chain, we first introduce the states. We consider the
cumulative set of operators within Np and all the fetched KNN n-grams as the set of states. The
transitions between states are derived from observed transitions within the KNN n-grams. These
historical transitions in KNN n-grams and the relationships between the operators allow us to
calculate the transition probability matrix. The probability matrix represents the likelihood of
transitioning from one operator to another, conditioned on the current operator. Based thereon, we
can predict the most probable subsequent operator(s) for the query n-gram.

5.4 Probability Estimation

Now, we turn to the estimation of the transition probability matrix. Let us define S as the set of
operators in all K + 1 n-grams, which are K nearest neighbors n-grams fetched from the SKB and
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one query n-gram, i.e., Np. The transition probability matrix is a two-dimensional matrix M with
|S| rows and |S| columns, each representing a specific operator. M[i][j] represents the probability
of transitioning from state i to state j. In the context of next-operator prediction, M[i][j] indicates
the probability of the next operator being s; given that the last operator developed by the user in
Np is s;. Note that to predict the next operator, we only consider the last operator in Ng. Previous
operators are employed to fetch the most relevant n-grams from the SKB; thus, they only impact
the prediction indirectly and through K similar n-grams. This is because the predicted operator
will Directly Follow the last operator.

To create the transition matrix, first, we generate a frequency matrix (F) with the same dimensions
as M. Unlike M, F does not guarantee that the cumulative probabilities in the i row of the matrix
are equal to 1. We initialize F by F[i][j] = €, where ¢ < ﬁ, i.e., € is very small. This is done to
prevent dead-end transitions where the probability of moving to any next state from the current
state is zero. Intuitively, in scenarios where the operators in n-grams do not co-occur with the last
operator in Np, we consider a uniform chance of any other operator to be predicted.

Inspired by our discussion in Section 5.2, we define three variables that contribute to the frequency
matrix: x(), y(), and z(). Assume ¢; is the i*" n-gram in the KNN set of n-grams and d, is a
normalized Euclidean distance between c¢; and Ng in the SKB, where 0 < d., < 1. Now we define
x(), y(), and z().

x(A, B) captures Directly or Eventually Follows relations. If B occurs after A in ¢, i.e., B follows
A, then, x(A, B) > 0. As we mentioned before, the Directly Follows relation is stronger than the
Eventually Follows relation. Transitively, among two Eventually Follows relations, the one with
fewer intermediate operators is stronger. To capture this property, we define x() as follows:

1
I(B,c;) —I(Aci)’
where I(B, ¢;) returns the position index of operator B in n-gram c;. The denominator captures
the distance between two operators in the n-gram. Based on the definition above, x() is maximal
(x(A, B) = 1), when B directly follows A.

y(A, B) is similar to x(), capturing Directly or Eventually Follows relations but in a reverse
direction. If A follows B, then y(A, B) > 0. This variable is defined to capture the relation between
operators that are not necessarily applied sequentially. We define y() as:

1
I(A;ci) = I(B,ci)

Note that x() and y() are mutually exclusive:

>0 ifj>i >0 ifi<j
Oy .o s yOy
=0 ifi<j =0 ifj>i

x(A,B) =

y(A,B) =

z(d.,) incorporates the distance between Np and c; by emphasizing n-grams with smaller
distance to the query n-gram. Specifically, z() increases as the similarity between two n-grams
grows, achieving the maximum value (z(d;,) = 1) when the n-grams are identical. We define z() as
follows:

z(dp) =1-d,,

Defining x(), y(), and z(), we fill the frequency matrix as follows:

FIAI[B] =e+ ) - > (a-x(AB)+p-y(AB)xy-z(d,),

c;eC (A,B)eciXc;
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Table 1. The KB updating rules based on prediction correctness and model uncertainty.

‘ Certain Uncertain
Correct ignore add
Incorrect | delete & add add

where ¢; X ¢; is the set of all ordered pairs of operators from c;.

Since the importance of x(), y(), and z() in calculating the relevance of two operators is not
equal, we introduce «, 5, and y parameters respectively, as the weights of these scoring functions.
We use Bayesian optimization to find the best values for these constants. Using the frequency
matrix, M is obtained by normalizing F by dividing each element in F (F[A][B]) by the sum of all
elements in their corresponding row (A):

__ FlA][B]
205s<|5\ F[A][s]”

Based on the transition probability matrix M, we generate suggestions. If the last operator in Ng
corresponds to s; € S, we compare the probability values in row M[s;] and generate suggestion(s)
by choosing the operator(s) corresponding to the maximum probability. Depending on the afore-
mentioned configuration parameters, FLowP1LOT may provide more than one suggestion, so that
the user can select the one that fits best to their needs.

MI[A][B]

6 User Feedback and Index Update

In Sections 4 and 5, we discussed how to create the SKB, look up the KNN n-grams, and generate
suggestions for developing SWFs. The SKB is effective in finding relevant n-grams if the indexed
corpus contains those n-grams, meaning that the query workflow has similar domains to those of
the historical data. If the domain of the query workflow has not been seen before, our suggestion
generator will not be able to suggest correct operators. This is because the next correct operator
does not exist in the SKB. To address this problem, FLowP1LoT employs an online-learning process
for the SKB using the newly developed n-grams, as included in the last part of Algorithm 2. This
way, the system learns the new operators as well as how they are used in the new domain. In this
section, we first explain how user feedback is obtained (Line 8), before we outline how user labels
enables updates to the SKB (Lines 9 - 13).

6.1 User Feedback and Labeling

Traditional active learning approaches aim at minimizing the user labels due to the reason that user
involvement is expensive and the ultimate goal is to achieve high accuracy with a minimum number
of user labels. Unlike traditional active learning approaches, the user feedback in our suggestion
generator is a byproduct of the user developing the SWF by choosing or implementing the correct
next operator. In this case, the user continues to develop the workflow regardless of the suggestions,
consequently, the system continuously receives user feedback. Therefore, we may compare the
generated suggestions to the operators chosen by the user at each step of the development phase.
Knowing this, our goal in updating the SKB is not to reduce user labels, but rather, to update the
SKB to achieve accurate suggestions for developing SWFs.

FLowPiLoT incorporates SKB updates by evaluating individual user labels based on two aspects:
first, system’s confidence in the generated suggestion and second, the alignment of generated
suggestions with the user labels.
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6.2 Updating the SKB

Table 1 depicts the rules FLOWPILOT uses to update the SKB. Intuitively, if the system is confident in
the suggestion and the suggestion made by the system is confirmed to be correct, there is no need
to update the SKB. This is because the KNN led to n-grams containing the correct operator, and
also, the relations among operators in the KNNs resulted in a transition matrix with a probability
distribution that strongly generates the correct suggestion.

On the contrary, if the suggestion for the next operator is proved to be wrong based on the user
feedback, while the system is certain about the generated suggestion, the SKB must be updated.
High confidence in a wrong suggestion is an indication that the system has over-fitted to irrelevant
patterns in the KNN. This overconfidence requires correction by updating the SKB and removing
these misleading elements. To do this, first, the correct n-gram, i.e., Np followed by the user-
provided operator, i.e., the ground truth, is added to the SKB to update the index with the correct
suggestion. Then, the n-grams in the KNN resulting in the incorrect prediction are removed from
the SKB. The intuition behind the deletion is that the semantics of n-grams do not hold in the new
domain.

If the model is not confident about the generated suggestions, the low certainty signals that
the KNN is not strongly relevant to the task, indicating that the system is under-fitted. That is,
the system requires more labels for this specific domain to reinforce the transition probabilities to
make more confident decisions. In this case, the SKB is updated only by adding the correct n-gram,
without removing potentially useful but less relevant KNNs. This update is conducted regardless of
the correctness of the suggestions.

Note that the added n-grams generated based on the user feedback have identical workflow-
related features. This property is desired as it ensures that n-grams generated from the query
workflow are prioritized, allowing for the most relevant suggestions to be generated for the current
user.

6.3 Certainty Calculation for Suggestions

Recall that given Ny and its KNN n-grams, the system generates the transition probability matrix
(M). Then, based on the probability distribution of this matrix, in particular the transition from
the last developed operator in Np, FLOWPILOT suggests the next operator(s). If s; is the state
corresponding to the last operator in N, M[s;] represents the probabilities of transitioning from
s; to any other state (operator) seen among Np and KNN n-grams.

While we choose the operator(s) with the highest probabilities in M[s;] to generate suggestions,
the system assesses the certainty of these suggestions based on the probability distribution. This
evaluation reflects the system’s confidence that the suggested next operator is indeed the correct
prediction.

In the least certain case, the probability distribution of transition from s; to any other state is
uniform, making the system unsure about the next correct operator. To calculate the uncertainty
score, we measure the deviation from the current probability distribution from the most uncertain
distribution, i.e., the uniform distribution. This approach allows us to standardize the uncertainty
among different transition matrices where the number of states differs.

We argue that increased variance in transition probabilities corresponds to reduced confidence
in the model’s ability to generate reliable suggestions. To calculate the variance among probability
values in M([s;], we leverage the respective entropy:

HM[s:]) == Y M[si][j] - log,(M[s:] [j]),

0<j<|S|

where |S| is the number of all states, i.e., operators.
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To obtain the maximum entropy, we calculate the entropy for a uniform distribution of probabil-

ities:
HmaX(M[si]) = 10g2(|5|)
Ultimately, the uncertainty score is calculated as:
H(M[si])

Hinax (M [si] ) .
The uncertainty is between [0, 1] and the maximum uncertainty, i.e., U(M[s;]) = 1, is achieved
when H(M(s;]) = Hmax(M[s;]).

UM[s]) =

7 Computational Complexity

We assess the computational complexity of FLOWPILOT by separating the system’s operation into
two phases: the offline phase and the online phase, which handles real-time suggestion requests.

Offline Phase. In the offline phase, the entire corpus of historical scientific workflows (W) is
processed, which includes feature extraction, embedding generation, and SKB construction. Feature
extraction primarily requires the generation of n-grams, as the remaining features can be fetched
in O(1) from their corresponding dictionary. The worst-case complexity of generating n-grams in
a workflow DAG is 2/"!, where |w| represents the number of workflow nodes. The time complexity
of the embedding generation of all-MinilLM-L6-v2 is O(L?d), with L as the text length and d
as the dimension. Finally, the HNSW index generation takes O(N - logN) time, where N is the
number of elements in the index. Therefore, the total time complexity of the offline phase is
oW -2 . (N - logN + L%d)).

Online Phase. In the online phase, Ny is the active path, which is given; therefore, the complexity
depends on the feature extraction, KNN discovery, and Markov model training. The query com-
plexity of SKB is O(logN). To train the Markov model, we pair-wise evaluate the operators in the
top-k candidate n-grams. Here, model training takes O(n - (n — 1)) time, with n as the number of
operators in the candidate n-grams. The suggestion requires finding the operator with maximum
probability. As such, the online phase has a total time complexity of O(L?d) + O(n- (n—1)) + O(n).

8 Experiments
Now, we evaluate FLowPILOT by answering the following questions:

I) what is the effectiveness of our suggestion generator?
II) how well does the system learn from user feedback?
1) how does the Markov chain modeling perform?
IV) how well does the system discover relevant domains?

Below, we first outline our experimental setup and the baselines used in the comparative experi-
ments. We then discuss the experimental results obtained in response to the above questions.

8.1 Experimental Setup

We conduct our experiments on various corpora of SWFs: NF-Core Released represents all NF-
Core workflows that have a stable released version; NF-Core UD denotes those NF-Core workflows
that are labeled as under development and do not have a stable version released yet; and GitHub
NF contains all NextFlow repositories on GitHub'. We ignore the workflows with fewer than three
operators to incorporate meaningful SWFs. Table 2 gives an overview of the corpora, including the
number of all SWFs and the number of executable SWFs. We ensured that the GitHub NF corpus
does not include the NF-Core workflows to avoid data leaks.

1GitHub corpus is obtained on 20.12.2024
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Table 2. Corpora used in the experiments, including the name, number of SWFs involved, and number of
executable SWFs.

Corpora ‘ SWFs ‘ Executable SWFs
NF-Core Released | 72 55

NF-Core UD 38 25

GitHub NF 4982 873

Experiments are conducted by dividing data into two groups: training data, i.e., corpora that
are used to train a model or generate the knowledge base, from which we generate suggestions;
and query data, i.e., corpora from which we generate query n-grams. Note that training and query
datasets are mutually exclusive. For instance, if the query workflow is NF-Core Released, the SKB
and models are trained on NF-Core UD + GitHub NF.

Regarding query workflows, we choose workflows that have neither been queried nor indexed
before. This maintains the trustworthiness of the results by avoiding data leakage. At each step,
the index is updated based on the user feedback and the model’s certainty (see Table 1). For the
transfer learning experiment, the feedback loop is disabled. We initiate the experiment with the
index structure already populated with the workflows from corpora other than the one used to
generate the queries. For instance, if the query corpus is GitHub NF, the index is populated via all
NF-C workflows.

To index n-grams from historical workflows, we extract all n-grams of various lengths. This
enriches the index with various domain granularities, resulting in a flexible approach that can
generate suggestions for queries with different degrees of completeness.

To generate ground truths from the query workflows, after extracting n-grams, we follow a
masking strategy by considering the last element as the ground truth and trying to predict it based
on the incomplete n-gram and the historical data stored in SKB. In our suggestion system, there
is only a single ground truth operator. That is, at each point in time, there exists only one true
next operator that the user implements. Therefore, traditional measures known from information
retrieval scenarios with potentially multiple relevant elements in the result set, such as precision@k
and recall@k, do not apply to our use case.

We further emphasize that semantic equality of the code is not a suitable basis for comparison in
our use case. First, existing operators shall be reused as much as possible to foster the uptake of
best practices, as otherwise, regardless of the semantic equality of implementations, the workflow
will not pass the community vetting process. Second, while more than one tool can usually be
used in different communities for various tasks, e.g., for short-read assembly, one can use Velvet or
Minia, these tools typically differ in their results due to the adopted implementation strategies.

The code is available at our git repository.?2 We use Python for our implementations and run
the experiments on a machine with 750GB main memory, 72 processing cores, and for LLM-based
baselines, an NVIDIA A100 80GB PCle GPU.

8.2 Baselines
To evaluate FLowP1LoT, we introduce the following baselines:

8.2.1 End-to-End Baselines. These are standalone systems.
CodeT5+. [44] The state-of-the-art code-generating model trained on code data for tasks including
code completion [44]. We leverage the model with 16b parameters.

Zhttps://github.com/hu-dbis/FlowPilot
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CodeLlama. This is another code LLM, which is built on top of the Llama model. We use this
model with 7b parameters.

DeepSeek Coder. It is code-generating model built on the DeepSeek language model. We leverage
the model with 6.7b parameters.

Llama4 Scout. This model has a large context of size 10M tokens, making it ideal for prompting
with large historical data.

Bi-directional LSTM. We train a bidirectional LSTM using the TensorFlow Keras API and evaluate
the model over a total of 20 epochs. We built three layers: the embedding layer, the biLSTM layer,
and a dense layer for prediction. The n-grams are randomly split into train and test sets with the
80% and 20% ratio, respectively.

Frequent item set mining (FIM). This baseline predicts the next operator through Frequent Item
set Mining (FIM). It applies the Apriori algorithm to discover frequent operator sets. Using these
operator sets, association rules are generated according to the confidence metric, with a pre-defined
threshold of 0.3. The model then checks for matching antecedents and predicts the consequent
operator accordingly. For FIM, we use the MLxtend implementation®.

Fine-Tuned Next Activity Prediction (FT-NAP) [34]. This approach modifies an LLM architec-
ture by adding a classification layer to be able to predict, i.e., classify, the next operator. According
to [34], the best results are obtained through the modification of Llama-3, so that we fine-tune this
model for the baseline.

Suggestion based on CCG [28]. CCG is aretrieval system for SWFs. It leverages a similarity metric
that incorporates both, the workflow structure and data annotations. It transforms workflows into
matrix representations, and measures the similarity of n-grams by computing distances between
these matrices. To derive a suggestion for SWFs, we adopt the CCG similarity scoring when
searching for KNN n-grams, and instantiate it with the Markov modeling and index updating as
proposed by us in FLowPILOT.

FlowRecommender (FR) [4]. It leverages frequent sub-workflows and ranks them based on a
similarity score based on the position of the sub-workflows in the workflow DAG.

Auto-Suggest (AS) [49]. This baseline is inspired by the RNN model designed for seq-to-seq tasks.
We use a more advanced GRU RNN model to train on the historical data and treat n-grams as
sequences to be completed.

SSKG [8]. Here, we incorporate stars of workflow repositories on GitHub to simulate workflow
scores, and developers involved in each workflow repository to simulate social relations. Using our
embedding and the retrieved social relations, we rank and obtain the KNN n-grams based on the
Uij score.

AutoML. For this baseline, we model the suggestion problem as a multi-class classification. We
build a training dataset of all sequences of operators and the next operator as the target. We train
an autoML pipeline using AutoGluon [10].

8.2.2 Baselines for ablation study. These baselines are not end-to-end suggestion generators, but
rather approaches to evaluate our Markov chain-based approach and domain discovery.
Majority voting (MV). This baseline uses the SKB to obtain the KNN n-grams for the query
workflow and predicts the next operator based on majority voting, i.e., the most frequent operator.
FIM-L. The key difference between this baseline and FIM is that FIM-L searches for frequent
operator sets within the KNN n-grams rather than the whole historical corpus. FIM-L aims at
enhancing the precision by focusing only on contextually relevant patterns.

Shttps://rasbt.github.io/mlxtend/user_guide/frequent_patterns/association_rules/
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Table 3. Accuracy comparison between FLowPiLoT and baselines. Experiments with |- did not terminate
within the time limit.

Corpus | FLowPILOT CodeLLM - Zero Shot CodeLLM - Few Shot FIM
CodeT5+ | CodeLlama | DS Coder | CodeLlama | DS Coder | Llama4

NFC R. 58% 01% 02% 01% 04% 09% E 03%

NFC UD 58% 01% 02% 02% 05% 03% - 12%

GH NF 56% 02% 03% 04% - - - 06%

Corpus | FLowPiLor | LSTM | FT-NAP [34] | CCG [28] | FR[4] | AS[49] | SSKG [8] | AutoML
P

NFCR. 58% 05% 13% 22% 03% 45% 00% 24%
NFC UD 58% 09% 21% 38% 01% 53% 04% 18%
GH NF 56% 08% 23% 07% 02% 38% 00% 29%

TF-IDF [17]. This approach generates n-gram embeddings based on the importance of each
operator relative to its frequency in individual n-grams and across the entire corpus. This baseline
is inspired by the SWORTS approach for workflow retrieval [17].

8.3 End-To-End Evaluation

Here, we compare FLowPILOT to end-to-end systems. Code LLMs are prompted in two ways: zero-
and few-shot learning. In the former, we provide the model with the incomplete implementation of
the query workflow. We evaluate the completed code based on whether or not it contains the next
operator. In the few-shot learning approach, in addition to the query workflow, we provide the
flattened implementations of the complete historical data.

In this experiment, we measure accuracy, which represents the ratio of the queries with correct
suggestions over all queries. It corresponds to recall@K, where there is only one relevant item.
This is because recall@K is either 0, if the relevant item is not among the suggested ones, or 1, if it
is. Averaging recall@k for all queries results in the accuracy measure.

Table 3 depicts the results of this experiment on three corpora. The [= sign in the table indicates
that the experiment did not finish within the 24-hour limit. The experiments show that FLowPILoT
outperforms all the baselines for all corpora by yielding the accuracy of 57% on average, indicating
that 57% of the suggestions are correct. This is due to the effective SKB that allows the system to
fetch the most relevant n-grams and generate the suggestion only based on those KNN elements.
This reduces the noisy n-grams derived from irrelevant workflows that can negatively impact the
prediction of the correct operator.

The second-best performing baseline is Auto-Suggest [49] with 45% accuracy on average. Our
adaptation of this baseline uses a GRU RNN model to learn operator sequences. This approach still
falls behind FLowP1LoT because it heavily relies on the data at runtime, which is unavailable at the
development phase.

Although CCG uses a particular similarity measure, it still benefits from the Markov model
and the index updates in FLowP1iroT. This is why it reaches a relatively high accuracy (22% on
average) compared to other baselines. This experiment shows the benefit of our feature extraction
component and KNN discovery method.

The autoML model that featurizes n-grams and learn a multi-class classifier to predict the next
operator achieves 24% accuracy due to AutoGluon’s effective search in finding the best pipeline.
FR and SSKG, on the other hand, result in a very low accuracy. FR underperforms other baselines
since it ignores the semantics of workflows and merely focuses on structure. On the other hand,
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SSKG overfocuses on social relations and meta information in an interconnected community that
ultimately the suggestions are similar to a random selection.

Code-LLMs, both zero- and few-shot, underperform FLowPiLoT by a large margin. The experi-
ment shows that zero-shot Code-LLMs achieves a very low accuracy of 4% and less. This is even
though these models have been trained on every code snippet on GitHub and more, highlighting
the incompetence of current models in domains where publicly available data is insufficient.

Few-shot learning slightly increases the accuracy of Code-LLMs. This is because in few-shot
learning baselines, the model has access to the corpus as an additional source of information. Doing
so, the models leverage the context provided based on the historical data and generate better code
completions. Note that Llama-4 does not terminate for any corpus in a 24-hour time limit. Yet,
for a handful of finished cases, for which the model generated suggestions, we observe that the
accuracy is as poor as with the other Code LLMs. This is also the case for the other few-shot
learning experiments for GitHub NF, due to its larger number of SWFs.

However, fine-tuning an LLM for the specific task of operator suggestion, although it falls behind
FLowP1LoT’s performance, significantly improves the accuracy. FT-NAP achieves the accuracy of
up to 23%. FIM and LSTM baselines generate better suggestions than non-tuned LLMs, but perform
poorly compared to FLowPILOT.

8.4 Suggestion Generator

In this experiment, we evaluate our suggestion generation model against several baselines. All of
the baselines benefit from the online learning strategy proposed in Section 6.

Table 4 shows the precision of the approaches for various K values, i.e., the number of retrieved
nearest neighbors, and R, i.e., the number of suggestions generated per query. Precision is defined
as the likelihood of suggesting the correct operator given that the operator is among the KNN.

The results indicate that FLowPILoT with the average precision of 79% outperforms MV, FIM-L,
Llama-3, Llama-4, and LSTM with 53%, 33%, 43%, 56%, and 12% precisions, respectively. Note that
the relatively superior performance of the MV and Llama-4 is achieved through the effective SKB
and the features we extracted in this paper to find the most similar n-grams.

The experiments also show that increasing K does not necessarily increase the precision. In-
creasing the number of similar n-grams directly impacts the number of candidate operators to
choose from. This increases the chance of making incorrect suggestions by introducing noise into
the suggestion generation process. In fact, based on the average precisions, in the majority of the
cases, K = 10 achieves the worst results. On the other hand, as expected, the precision increases
with R as the likelihood of the correct operator being among the suggested ones increases.

The newer Llama model, with more parameters, performs better than its predecessor, as expected.
Despite this improvement, it still underperforms compared to FLowP1LoT, which is tailored for SWF
suggestion tasks. This suggests that general-purpose LLMs are not optimal when applied directly
to specialized tasks without adaptation. As shown in Table 3, LLMs achieve less than 5% accuracy,
and even fine-tuning with the full corpus yields minimal gains. However, in a more controlled
setting using carefully selected KNNs (Table 4), performance improves significantly.

The LSTM baseline yields the worst precision among the baselines. This is because the model
requires a large number of examples to learn from. In this experiment, the LSTM’s training set
is limited to the K nearest neighbors, where K < 10, which is not enough for reliable prediction.
The experiment also indicates that the LSTM yields lower precision for the GitHub corpus. This
is because the operator set of NF-Core corpora does not highly overlap with that of NextFlow
repositories on GitHub, and with a smaller training set, LSTM cannot predict the correct next
operator.
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Table 4. Precision comparison between FLowPiLoT and baselines. K indicates the number of nearest neighbor
n-grams fetched from the SKB. R is the number of suggestions made by each baseline.

Corpus K=1
FrowPiLoT Majority Voting FIM-L
R=1 R=2 R=3 | R=1 R=2 R=3 | R=1 R=2 R-3

NFCR. | 67% 76% 83% | 61% 67% 71% | 19% 28% 25%
NFCUD | 62% 74% 82% | 55% 63% 67% | 29% 27% 47%
GHNF | 72% 82% 88% | 52% 64% 67% | 42% 38% 51%

K=5
FrowPiLor Majority Voting FIM-L
R=1 R=2 R=3 | R=1 R=2 R=3 | R=1 R=2 R-=3

NFCR. | 70% 85% 90% | 45% 53% 56% | 24% 41% 31%
NFCUD | 65% 84% 90% | 45% 52% 57% | 32% 34% 37%
GHNF | 72% 88% 93% | 44% 50% 54% | 35% 47% 54%

K=10
FrowPiLor Majority Voting FIM-L
R-1 R=2 R=3 | R-1 R=2 R=3 | R-1 R=2 R=3
NFCR. | 65% 83% 89% | 42% 47% 51% | 18% 26% 31%
NFCUD | 64% 83% 89% | 39% 48% 52% | 20% 26% 35%
GHNF | 70% 86% 91% | 38% 44% 48% | 26% 37% 36%

Corpus K-=1
FrowPiLoT Llama3 Llama4 LSTM
R=1 R=2 R=3 | R=1 R=2 R=3 | R=1 R=2 R=3|R=1 R=2 R-=3

NFCR. | 67% 76% 83% | 28% 41% 43% | 30% 62% 70% | 13% 24% 33%
NFCUD | 62% 74% 82% | 31% 43% 46% | 35% 57% 67% | 11% 21% 31%
GHNF | 72% 82% 88% | 46% 49% 51% | 51% 65% 74% | 13% 22% 32%

K=5
FrowPiLoT Llama3 Llama4 LSTM
R=1 R=2 R=3 | R=1 R=2 R=3 | R=1 R=2 R=3 | R=1 R=2 R-=3

NFCR. | 70% 85% 90% | 23% 40% 52% | 43% 57% 69% | 05% 11% 15%
NFCUD | 65% 84% 90% | 29% 47% 58% | 36% 59% 69% | 06% 11% 14%
GHNF | 72% 88% 93% | 40% 55% 65% | 44% 62% 74% | 04% 11% 14%

K=10
FrowPiLoT Llama3 Llama4 LSTM
R=1 R=2 R=3|R=1 R=2 R=3 | R=1 R=2 R=3|R=1 R=2 R-=3

NFCR. | 65% 83% 89% | 22% 36% 46% | 42% 53% 63% | 03% 05% 07%
NFCUD | 64% 83% 89% | 25% 44% 52% | 34% 52% 65% | 02% 09% 06%
GHNF | 70% 86% 91% | 35% 51% 61% | 41% 57% 69% | 02% 04% 06%

Proc. ACM Manag. Data, Vol. 4, No. 1 (SIGMOD), Article 39. Publication date: February 2026.



39:20 Mahdi Esmailoghli and Matthias Weidlich

—o— FLOWPILOT —#— N-Gram N-Gram W/O data annotation —&— Metadata —e— TF-IDF [17]

100 100 T 100
80 80 80
60 60 60
40 40 40
20 20

Coverage%

Fig. 3. Coverage experiment. NFC UD (left), NFC Released (middle), GitHub NF (right). K indicates the
number of nearest neighbors retrieved from the SKB.

8.5 Domain Discovery Evaluation

To evaluate the effectiveness of the SKB and FLowP1LOT’s ability in discovering relevant n-grams,
we measure the ratio of the cases where the correct suggestion is in fact among the KNN fetched
n-grams. We call this measure coverage. For this experiment, we compare index coverage for
FLowPiLoT (with n-gram + metadata features) to baselines, including TF-IDF, and n-gram features
(excluding metadata) with and without data annotations, and only metadata features.

Figure 3 depicts the results of this experiment. It shows that FLowP1LOT outperforms all baselines
with the n-gram encoding performing very similarly with only 4% lower coverage on average.
Among the remaining baselines, building the index using only workflow metadata performs as well
as FLowP1L0T, and in some other cases, it leads to very low coverage. This shows that the workflow
description can vary in quality, making the approach susceptible to noise. This quality issue is more
obvious for the workflow in the GitHub NF corpus, because unlike NF-Core workflows, they do
not go through an extensive quality assurance process.

Note that the overall coverage for the NF-Core UD experiment is higher than for the other two
corpora. This is mainly because, in this experiment, we train on the NF-Core released corpus and
suggest on NF-Core UD. We already know that the NF-Core released collection is well-curated
and complete. Hence, training on the more complete NF-Core released and suggesting on NF-Core
UD vyields better coverage, as opposed to training on NF-Core UD and suggesting on NF-Core
released. Also, the GitHub experiment results in lower coverage because NF-Core workflows are
more homogeneous compared to the more heterogeneous GitHub corpus that drastically differs
from the NF-Core workflows.

8.6 User Feedback Evaluation

We evaluate the impact of the feedback loop proposed in Section 6. To this end, we measure coverage,
i.e., the ratio of the cases where the ground truth is among the KNN n-grams to evaluate the retrieval
aspect of the system, and precision, i.e., ratio of the cases where the baseline can correctly predict
the next operator. We compare FLowPILOT against two baselines: transfer learning, in which,
instead of incrementally updating the index with user feedback, we populate the index structure
with the non-query corpora. Leave One Out Cross Validation (LOOCV): where we populate the
index with all of the workflows in the same corpus except the query workflow. We repeat this
process for every workflow and report the average. Table 5 shows the results of this experiment.
It indicates that FLowP1LoT with the feedback loop results in 64% and 68% higher precision and
13% and 22% higher coverage compared to transfer learning and LOOCYV baselines, respectively.
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Table 5. Coverage and precision comparison between FLowPiLoT (with feedback loop), transfer learning
(without feedback loop), and Leave-one-out-cross-validation (LOOCV) (K = 10).

Corpus FrowPiLort Transfer Learning LooCcvV
Coverage | Prec. | Coverage ‘ Prec. | Coverage ‘ Prec.
NFCR. 86% | 65% 27% 54% 16% | 44%
NFC UD 90% | 64% 21% 54% 11% | 41%
GH NF 79% | 70% 14% 52% 23% | 48%

This shows that the feedback loop not only helps with introducing unforeseen operators (higher
coverage) but also improves the effectiveness of correct suggestions (higher precision).

8.7 Runtime

As suggestion generation for workflow design is a real-time task to achieve an interactive experience,
the runtime is of high importance. Thus, we evaluate FLOWPILOT’s runtime compared to Llama-3
and Llama-4, as the runtime for the remaining baselines is comparable to FLowP1LoT. Figure 4
depicts the results of this experiment. The x-axis represents K, the number of similar n-grams, and
the y-axis shows the runtime per iteration. In this experiment, the KNN retrieval and index update
phases are identical. The only difference is that FLowP1LoT leverages the Markov-based prediction
compared to the LLM-based prediction for Llama models.

—e— FrowPror | | - aea. @
. -¥- Llama3 X 3
= 1||-a- Llama4 - T
%) N o
g - i
-3 LTSS .
: -
m ' - r

0 L= 0—e—e—90—90—9—90o o9

1 2 3 4 5 6 7 8 9 10
K

Fig. 4. Runtime comparison across K on NFC R. corpus. K is the number of nearest neighbors retrieved from
SKB.

As the figure shows, FLowPILOT achieves 13X and 19X lower runtime on average compared to
Llama-3 and Llama-4, respectively. This is despite the fact that Llama models run on a high-end
GPU, which the user might not have at their disposal. FLowPILOT not only demonstrates higher
effectiveness but also achieves better efficiency compared to the state-of-the-art LLMs, underscoring
its suitability as a reliable suggestion system for developing SWFs.

8.8 System vs. User Operators

Each workflow engine, such as NextFlow, has a set of operators that is used to streamline the
user-defined modules. These system operators are less versatile and are commonly used in SWFs,
and therefore, their suggestions are expected to be more accurate. In this experiment, we measure
the frequency and the accuracy of suggestions based on system and user operators.
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Table 6. Freq. and precision for system and user operators.

Corpus Frequency Precision
Sys. Op. User Op. | Sys. Op. User Op.
NFCR. | 1,223 (8%) 14,683 (92%) | 77% 70%
NFCUD | 713 (14%) 4,563 (86%) | 79% 70%
GH NF | 4,249 (9%) 43,448 (91%) | 82% 71%
NF-C UD NF-C Release GitHub NF
1.0 e — —
0.8
=
E 0.6
©
+
3
c 0.4
D
0.2 —
0.0 —

Correct Wrong Correct Wrong Correct Wrong

Fig. 5. The relation between uncertainty and correctness.

Table 6 shows that the frequency of system operators is a small fraction of user operators for
NextFlow. Furthermore, the performance of our suggestion system is marginally better for system
operators compared to user operators. This is expected as the variety of user operators is much
higher than the system operators, therefore, the suggestion generator makes more mistakes in
predicting more complex and yet less common user operators. Regardless, the results show that
FrowPrLort hardly overfits to the most frequent operators and is effective across different operator
classes.

8.9 Uncertainty Measure

In this experiment, we investigate the relationship between the uncertainty of the Markov model
and the generated suggestion. Figure 5 illustrates a box plot for uncertainties for both wrong
and correct suggestions. As expected, the system generates more wrong predictions when the
uncertainty is high, indicating that the KNN did not have enough information to generate a certain
suggestion. On the other hand, the average uncertainty for the correct suggestions is lower for all
three corpora.

9 Related Work

SWF similarity and retrieval. Existing solutions to assess the similarity of SWFs are typically
based on the graph structure [38, 39], exploiting generic graph edit distances or recurrent patterns
and motifs [14, 47]. While such techniques are useful, they neglect additional information, e.g., the
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metadata of a workflow that is needed to derive accurate suggestions. As such, they are not directly
suited for the use case addressed in our work.

Acknowledging these limitations, several approaches adopt semantically richer models. Ma et
al. [28] proposed a similarity metric that, in addition to the workflow structure, incorporates data
types and user-provided criteria per data type. If these criteria are not available, as it is generally
the case, the similarity measure is a simple graph overlap based on exact data type matches. This is
not practical as the data annotations, i.e., variable names, are arbitrary.

Other approaches focus purely on the data perspective and include the input and output operators
of modules when calculating the similarity [18]. Yet, this way, the actual data flow of the workflow
is neglected, so that the module context cannot be leveraged when using the measure to derive
suggestions.

Compared to the above SWF measures, FLowP1LoT adopts a more comprehensive model for
similarity scoring, which is based on embeddings that integrate information on the workflow
structure, the data flow, and the workflow semantics.

SWORTS [17] has been proposed for discovering SWFs based on NL queries. It includes two
phases: first, it retrieves candidate workflows employing textual similarity with a TF-IDF weighting
scheme. Second, it leverages a deep learning approach to train a ranking model. Although SWORTS
has not been designed for next-operator suggestions, using it for domain discovery, experimental re-
sults ( Figure 3), demonstrate that the embedding-based approach of FLowPiLoT yields consistently
higher coverage.

Finally, similarity measures have also been proposed for business process models [4, 37]. Unlike
SWFs, these models are mostly control-flow oriented and largely lack a detailed data-flow specifica-
tion. As such, similarity assessment for business workflows is based on the graph-structure [2, 9, 30]
or control-flow patterns [24, 41]. For instance, FlowRecommend [4] extracts all possible continua-
tions of workflow graphs and scores them based on a syntactic similarity metric using the graph
edit distance neglecting the semantic relation of workflows. Moreover, these measures are often aug-
mented with similarity measures for operator labels [23, 25]. Yet, due to their complete abstraction
from the data flow, these techniques are not suited for the domain of scientific workflows.

Workflow suggestions. While approaches for workflow retrieval, such as SWORTS [17], can be
used for operator suggestion (matching operators of a query to existing workflows), they adopt a
very limited notion of context for the suggestions.

Diao and Zhou [8] incorporated friendship relations among users to enhance workflow recom-
mendations. In practice, workflow communities exhibit high interconnectivity, with users frequently
participating in multiple projects. As such, the influence of social relations on recommendation
performance is diminished.

Recently, it has been argued that LLMs are useful for a wide range of suggestion tasks, sum-
marized as suggestion as language processing [15]. Thus, a plethora of LLM integrations in tradi-
tional recommender systems using collaborative filtering and content-based filtering has been
proposed [26, 43, 54]. Yet, these techniques assume a large corpus of user interactions as a knowledge
base, which is not available in the field of SWF design.

For business processes, next-activity prediction (NAP) is similar to our use case. LLMs, including
Llama-3 and Mistral-2, have recently been used for NAP [34, 35]. The results indicate that LLMs
generally struggle in NAP tasks, but outperform smaller encoder-based models when specifically
trained for the task. FLOWPILOT takes a different approach, though, by complementing Code LLMs.
As shown in our evaluation, see Table 3, the direct use of NAP techniques in our context does not
yield satisfactory results.
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Our work also links to retrieval augmented generation (RAG) systems that combine LLMs
with a retrieval component to extract relevant content and improve the generation quality. While
effective for general-purpose tasks like question answering or summarization, RAG systems are
typically stateless and operate over unstructured text [27, 52]. In contrast, FLOWPILOT is designed
for structured SWFs and iterative development within these workflows. As such, its ability to
account for the suggestion context sets it apart from common RAG application scenarios.

Recently, automating data preparation and cleaning pipelines has received much attention.
CtxPipe [13] relies on deep reinforcement learning to optimize downstream model performance in
such pipelines, focusing on tabular data context. Comet [31] provides data-driven, step-by-step
cleaning suggestions based solely on predicted impacts on ML accuracy, without considering
workflow structure. Auto-Suggest [49] and Auto-Pipeline [51] predict next operators for tabular
data from a set of limited pandas operators, e.g., Join, Pivot. In contrast, FLowP1LoT focuses on the
SWF development phase, where the input data is not yet available. Operating as a code suggestion
system, it proposes workflow operators based on structural and semantic information rather than
data content. This makes our problem fundamentally different from that of data-driven systems,
which can directly assess suggestion quality through performance of the pipeline in the downstream
task.

Seq-to-seq models. These models aim at predicting the next token in a text sequence [42, 50].
FT-NAP [34] adapts a next token predicting model into a next operator predicting model by adding a
classification layer. While next operator prediction resembles next token prediction, workflows differ
fundamentally from text sequences. They are structured by data-flow dependencies, which may
include commutativity, branching, and merging, rather than strictly linear control flow. Furthermore,
standard seq-to-seq models, trained on large general-purpose corpora, are not well-suited for such
low-data, domain-specific settings. To address this issue, Auto-Suggest [49] trains a separate model
per operator as well as extracting features from tabular data to tailor the seq-to-seq model to
pipeline recommendation tasks. This approach is not feasible for SWF suggestion, as the operator
set is not known a priori, making it difficult to fix the size of the input sequence. Also, the input
data is usually unavailable in the development phase of a workflow.

10 Conclusion

In this paper, we proposed FLOWPILOT, a suggestion system for the design of scientific workflows.
Our work is motivated by the inability of state-of-the-art Code LLMs to generate meaningful
completions of scientific workflows. To overcome their limitations, we complement the use of Code
LLMs, prior to which, we identify the next operator that the user may intend to implement.

Specifically, FLowP1LoT relies on a similarity knowledge base (SKB) that indexes historical
workflows to find the ones matching the current context. The SKB is based on a broad range of
features that are extracted from common workflows. Based thereon, FLowP1LoT derives predictions
using a Markov model and also incorporates user feedback on the suggested operators to update
the SKB.

We evaluated FLowP1LoT with real-world collections of NextFlow workflows, against different
baselines. Results indicate the effectiveness and efficiency of FLowPiLoT, which outperforms state-
of-the-art Code-LLMs as well as other baselines that employ common data mining techniques and
similarity measures for workflow retrieval.
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