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Abstract

Modern ETL (Extract, Transform, Load) tools offer graph-
ical, no-code interfaces for workflow creation but still re-
quire users to manually identify transformation functions and
configure their properties, which is time-consuming and de-
mands prior expertise. We present the research and engineer-
ing foundations of the IBM DataStage Assistant, a deployed
capability that generates complete multi-stage ETL flows di-
rectly from natural language (NL) descriptions. Our frame-
work infers transformation functions, their properties, and
transformer expressions, enabling novices to discover rele-
vant functions and allowing experts to bypass manual config-
uration. The proposed framework achieves a prediction accu-
racy of 96.4% for flow predictions, 87.0% for properties, and
83.6% for transformer expressions. We also show a document
exploration module that uses retrieval-augmented generation
(RAG) over product documentation to answer tool-specific
questions in NL. Implemented in IBM DataStage, this ap-
proach supports iterative, in-environment workflow design
and reduces context switching. In initial studies, it achieves
up to 90% time savings for novices and 50% for experts.

Introduction

Most organizations manage massive quantities of data in-
tegral to their business operations, such as financial trans-
actions or client records. To make this diverse data usable
for analytics and decision-making, organizations rely on Ex-
tract, Transform, and Load (ETL) processes—three distinct
but interdependent steps that integrate data from various
sources into a cohesive whole (Vassiliadis 2009). This inte-
gration not only leverages technology and business methods
but also produces accurate, consolidated datasets ready for
business use, thereby enabling a DataOps-driven data flow.
In the early stages of ETL adoption, organizations typi-
cally hand-coded ETL processes, creating bespoke software
solutions. Managing such software was time-consuming and
costly, prompting the emergence of ETL tools to simplify
development. (Vassiliadis et al. 2001) identified challenges
in these tools, including pricing, complexity, ease of use,
and maintenance. To address these concerns, alternative ap-
proaches were proposed, such as ontology-based method-
ologies to improve efficiency and semantics in data ware-
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house development (Jiang, Cai, and Xu 2010) and GUI-
based ETL creation for more streamlined data imports into
active data warehouses (Reddy and Jena 2010). These tools
enabled no-code graphical workflows but still required users
to (a) know the available transformation functions and their
properties, and (b) manually navigate to each property to set
the appropriate value.

To further lower the skill and effort barriers, recent re-
search and commercial tools have begun exploring nat-
ural language (NL) interfaces for data manipulation and
workflow creation. While prior work in this area has fo-
cused on SQL query generation (Zhong, Xiong, and Socher
2017; Wang et al. 2021a; Scholak, Schucher, and Bahdanau
2021) or generic workflow automation (Brachman et al.
2022; Dhamdhere et al. 2017), no existing system supported
orchestrating complete multi-stage ETL pipelines directly
from natural language until now.

In this work, we present the IBM DataStage Assis-
tant, a released capability embedded directly within IBM
DataStage that allows users to specify one or more ETL op-
erations in natural language. From these utterances, the sys-
tem automatically infers the appropriate connectors, trans-
formation operators, and their associated properties, pro-
ducing fully executable ETL flows. Novice users can sim-
ply verify the generated predictions without needing to un-
derstand the underlying transformation details, while expert
users benefit from pre-filled workflows that eliminate much
of the manual property configuration effort.

Within this broader functionality, an important advanced
capability is the automation of the Transformer stage, a
powerful yet complex operator in DataStage that enables
custom row-level transformation logic. Traditionally, au-
thoring Transformer logic requires detailed knowledge of
stage-specific syntax, available functions, and variable han-
dling. Our system reduces this complexity by allowing
users to describe their desired transformation in natural
language, then automatically generating the corresponding
Transformer stage code using a curated library of function
specifications and operator behaviors. This not only acceler-
ates development but also lowers the barrier for users unfa-
miliar with the Transformer’s details.

To further reduce the time and effort in building flows, we
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Figure 1: Proposed Architecture for ETL Flow Creation, Transformer Expression Generation and Document Explorer

integrate a Document Explorer that enables natural language
queries over product documentation, including DataStage
stages, connectors, transformation functions, property de-
scriptions, installation steps, and usage guidelines. While
document exploration itself is a well-studied area, we in-
corporate it as a complementary capability to accelerate
the ETL design process, particularly by reducing context
switching between design and reference material. This com-
ponent uses a RAG+LLM approach to retrieve and answer
documentation-related queries.

The three capabilities: Flow Generation, Transformer
Stage Automation, and Document Exploration, work to-
gether to improve efficiency. Flow generation accelerates de-
sign, transformer automation reduces the effort of authoring
complex transformation logic, and document exploration re-
solves uncertainties in real time. Together, they enable an
iterative workflow where users refine designs and clarify
questions without leaving the DataStage environment. Our
implementation supports the full range of DataStage con-
nectors, stages, and transformation functions®, ensuring ap-
plicability in enterprise workflows, and is designed to scale
with production workloads while meeting governance and
audit requirements.

The IBM DataStage Assistant is now released and avail-
able to all DataStage users. In internal testing with several
participants (experts and novices), experts reported approx-
imately 50% time savings by avoiding manual lookups and
benefiting from 80% of property prediction handled auto-
matically. Novices highlighted the combined benefit of flow
assist and document exploration, achieving up to a 90% re-
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duction in ETL creation time while easily finding answers
to tool-specific questions. In addition, automation of Trans-
former stage expressions benefited both experts and novices,
with participants reporting savings of nearly 80-90% of the
time otherwise required to manually write or configure com-
plex transformation logic. These results demonstrate mea-
surable productivity gains and confirm the Assistant’s value
as an integrated, enterprise-grade natural language interface
for ETL design.

Related Work

Several systems have explored natural language (NL) inter-
faces for data manipulation and workflow creation, moti-
vated by the limitations of GUI-based ETL tools that still
require detailed knowledge of available transformations and
manual property configuration. None of the popular ETL
tools (Datacamp Team 2023) support end-to-end flow de-
scription in natural language, and existing efforts either tar-
get single-stage data access or generic automation rather
than orchestrating complete multi-stage ETL pipelines.
Analyza (Dhamdhere et al. 2017) converts NL input into
SQL queries using a parser, annotator, and table identifier.
To handle ambiguity in complex queries, it initially focuses
on simple ones and iteratively refines them, conceptually
similar to our staged ETL design. However, its scope is lim-
ited to query formulation, without transformation logic or
flow generation, and it provides no quantitative evaluation.
GOFA (Brachman et al. 2022), similar in spirit to Ana-
lyza, generates application integration workflows from NL
using a Knowledge Graph, removing the need for an anno-
tator. While it can produce a sequence of API calls from a
single utterance, it is aimed at enterprise application integra-



tion, not structured ETL over heterogeneous data sources.

Commercial offerings such as Zapier’s Al-based Zap
Builder (Zapier 2023) and Microsoft Power Automate (Mi-
crosoft n.d.) claim GPT-driven flow creation, but their pro-
prietary nature and lack of peer-reviewed evaluation make
them unsuitable for reproducible benchmarking.

Text-to-SQL systems like Seq2SQL (Zhong, Xiong, and
Socher 2017), RAT-SQL (Wang et al. 2021a), and PI-
CARD (Scholak, Schucher, and Bahdanau 2021) achieve
high accuracy in NL—SQL translation, yet are designed for
database querying, not multi-stage ETL orchestration. Like-
wise, NL-to-code models such as Codex (Chen et al. 2021)
and CodeT5 (Wang et al. 2021b) can generate scripts from
descriptions but lack built-in abstractions for ETL stages,
dependency management, and dataflow validation.

In contrast, our work focuses specifically on generat-
ing complete ETL execution flows from natural language
descriptions, encompassing extraction, transformation, and
loading stages, with integrated document-driven exploration
to reduce pipeline design time and minimize user cogni-
tive load. This approach not only streamlines multi-stage
pipeline creation for both novice and expert users but is
also delivered as a generally available feature within the
IBM DataStage product, ensuring scalability, governance,
and seamless integration into enterprise environments.

Architecture

The overall system architecture is shown in Figure 1 and
consists of three main components: the Intent-Based ETL
Flow Generator, the Transformer Expression Generator,
and the Document Explorer. These components work to-
gether to accelerate ETL design and reduce user effort. The
Flow Generator leverages large language models (LLMs)
to map natural language utterances to ETL operators and
their properties, the Transformer Expression Generator au-
tomates the creation of complex transformation logic from
natural language, and the Document Explorer uses retrieval-
augmented generation (RAG) to answer tool-specific ques-
tions in real time.

Intent-Based ETL Flow Generator

The Flow Generator (Figure 1a) translates user utterances
into ETL workflows. Before runtime, we perform a one-
time analysis of the ETL tool’s documentation to identify
supported stages and their properties, including descriptions,
mandatory conditions, default values, and types. This infor-
mation forms a context database used for prediction and val-
idation (Figure 2).

At runtime, we apply in-context learning with stage de-
scriptions, few-shot examples, and the user utterance to infer
both the stage names and their associated properties. Since
LLMs have limited context capacity and may produce inac-
curate outputs, we adopt a two-step process: first predict the
stage(s), then predict their properties.

Formally, let S = {s1, $2,..., S, denote the set of all
ETL stages supported by the tool, where each stage s; has an
associated set of properties P; = {pi1, Pi2, - - - , Din, }- Given
a natural language utterance u, the goal of the Intent-Based
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ETL Flow Generator is to predict
fotage : u = Scs

and, for each predicted stage §; € S , a function
prop © (U, 8;) > P,

where P; is a valid assignment of property values satisfying
all constraints defined in the context database.

Operator Prediction After experimenting with multiple
designs, we found that the most effective prompt includes
operator names with their descriptions, along with few-shot
examples covering both single and multiple operator pre-
dictions. To handle cases where no suitable match exists,
we introduced an artificial operator, “unknown,” which the
LLM can select when appropriate. Using this prompt, the
LLM predicts one or more operators for a given user ut-
terance. To mitigate hallucinated outputs, we applied two
validation strategies: (i) restricting predictions to operators
defined in our context database (including “unknown’), and
(i1) prompting the user for additional details when no valid
match is identified. The validated operator prediction is then
passed on to the subsequent stage of the workflow.

Instruction: Understand the context, given in the form
of operator and their descriptions, assign the correct
operators to the Utterance. Make sure to choose from the
list of the operators provided.

Context:

”{operator] name}”: {operator! definition}
{operatorN name}”: {operatorN definition }
Training Examples:

Example 1:

User Utterance: {task1}

Operator: ”{operator] name}”

Example N:

User Utterance: {taskN}

Operator: ”{operatorN name}”

Test Example:

User Utterance: {task}
Operator:

.

Property Prediction To predict the properties associated
for the operator(s) predicted in the previous step, we choose
few-shot samples for ICL from the same class. Initially, we
compared predicting one property at a time versus all at
once and observed that the latter gives the better perfor-
mance. One possible reason could be that certain properties
within the operator are interdependent, and predicting them
together provides more contextual information.



Column Generator {2}

description : Adds columns to incoming data and generates mock data
for these columns for each data row processed.
v properties {3}
v Options/Column Method {4}
description : Select Explicit if you are going to specify the
column or columns you want the stage to generate

data for. Select Schema File if you are supplying
a schema file containing the column definitions.

type : enum
v enum [2]
0 : Explicit
1 : Schema File
mandatory : True
v Options/Column to Generate {3}

description : When you have chosen a column method of Explicit,
this property allows you to specify which output
columns the stage is generating data for. Repeat
the property to specify multiple columns. You can
specify the properties for each column using the
Parallel tab of the Edit Column Meta Dialog box
(accessible from the shortcut menu on the columns
grid of the output Columns tab). You can use the
Column Selection dialog box to specify several
columns at once if required.

mandatory : True
ColumnMethod
v Options/Schema File {2}

available : "Explicit’

available : ColumnMethod 'Schema File'

mandatory : False

Figure 2: Extracted Context Data

Initially, we used a prompt containing the properties, their
descriptions, and a single sample yields optimal results. This
approach was particularly beneficial in cold-start scenarios
with access to only a limited set of samples. As we gath-
ered more data points, we increased the number of samples
to improve the algorithm’s accuracy through few-shot learn-
ing. When a larger number of samples per operator are avail-
able, dynamic sample selection can be used for optimizing
the samples to include in the prompt.

For each predicted operator, we send the below prompt to
the LLM to predict the properties. However, LLMs can con-
fuse which property in the user’s utterance corresponds to
which operator, especially when the same operator appears
multiple times. To mitigate this, we ask the LLM to break the
user’s utterance into smaller segments corresponding to the
predicted operators and only pass these segments with their
respective operators to the LLM which increases prediction
accuracy by about 10%.

We also implement a validation strategy to manage incor-
rect properties generated by the LLM. The validation pro-
cess starts by examining the properties associated with the
selected task. We assess the relationships between properties
within the same operator. For example, within the Column
Generator operator, the Options/Column to Generate prop-
erty depends on the Options/Column Method property value
being Explicit. We then evaluate each property’s nature, de-
termining whether it is an enumeration, names a database
table or column, or is present in the user utterance. For in-
stance, the Options/Column Method property is an enumer-
ation limited to Explicit or Schema File (see Figure 2).
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Instruction: Use below API parameters definition and
find all the API parameter values from the Utterance for
the {op} function.

API Parameters Definitions:
{op property name 1} = {op property 1 definition}

{op property name M} = {op property M definition}
Training Example:

User Utterance - {task}

API - {task operator}

API Parameters Values:
{op property name 1} = {op property 1 extracted value}

{op property name M} = {op property M extracted value }
Test Example:
User Utterance - {utterance}

API - {op}

API Parameters Values:

Transformer Expression Generator

This component (Figure 1b) handles the Transformer stage,
where users specify custom transformation logic in the form
of expressions. The central challenge is designing few-shot
prompts that encode the grammar of the supported func-
tion library, enabling the LLM to generate syntactically valid
and semantically meaningful expressions directly from nat-
ural language descriptions. We use below prompt to gener-
ate transformer expression, which demonstrates how func-
tion signatures and usage examples are provided to guide
the model toward producing valid outputs.

At runtime, the system generates a candidate expression,
which is then passed through a validation layer to ensure
correctness. The validator checks that the expression only
uses functions from the supported library, that the number
of arguments matches the expected function arity, and that
argument types are consistent with the function signatures.

Formally, let ¥ = {fi,..., f-} denote the set of sup-
ported functions, where each f; has a defined arity arity(f;)
and argument types type(f;). Given a NL description u, the
goal of the Transformer Expression Generator is to produce:
h(u) — é, such that é is an expression over F and, for ev-
ery occurrence of f; in é, the number of arguments equals
arity( f;) and the argument types match type(f;).

Document Explorer

This component (Figure 1c) enables users to interact with
the system to obtain answers related to various aspects of
ETL tools. It comprises two parts. First, we perform a one-
time setup by analyzing documents and converting them into
text format to create a document database. We break larger
documents into smaller chunks to comply with LLM context
limits. Second, the system allows users to query information



about the ETL tool. It scans the documents for relevant in-
formation and generates responses. Since including all doc-
uments in context is not feasible, we employ a retrieval-
augmented generation (RAG) approach, which effectively
selects relevant documents for a given query by retrieving
the top-k documents using BERT (Devlin et al. 2019).

You are a helpful Al assistant. Generate a simple func-
tion code from the given utterance using the functions
exclusively from the provided function list, the syntax is
based on IBM DataStage’s own proprietary expression
language. If you cannot come up with a function, notify
the user that you don’t know the code. Do not return
anything other than valid generated code. Enclose your
final answer in <code> and </code> tags. Do not
provide any further explanation.

{Language_syntax_description}

Function List: [ ... ]
Function Details:

’Subheading’: {Function Heading},
"Title’: {Function Title},
"Description’: {Function Description},
"Input’: {Function Input},
’Output’: {Function Output}
}
Fewshot examples (columns may be provided, but not all
necessarily used):
Utterance: {Utterancel }
SourceColumn: {SourceColumn Names}

Code: {codel }
Utterance: {UtteranceN}
SourceColumn: {SourceColumn Names}

Code: {codeN}

Understand the utterance properly and do not create or
guess any new function which are not present in the
function list. Apply column based on utterance and
column type. Generate only the code.

Utterance: {Test Utterance}

SourceColumn: {SourceColumn Names}

Code:

We also retrieve the name of the document from which
the result is derived, aiming to uphold transparency between
the output and the user. To do so, we identify the longest
sub-string in the generated answer that matches the content
of the retrieved document, by maximizing word matches.

Formally, let D = {di,...,d} denote the set of text
chunks indexed in the document database. Given a user
query ¢, the goal of the Document Explorer is to retrieve
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the most relevant subset D C D and generate an answer

9(¢,D) = a

such that a is semantically aligned with ¢ and grounded in
the retrieved documentation.

Experiments

In order to assess the efficiency and functionality of the sys-
tem, we conducted a comprehensive evaluation using a spe-
cially curated dataset. Since there is no open-source dataset
available for such evaluation, we constructed the required
data from IBM DataStage, whose documentation is publicly
accessible. The same process could be replicated for any
other such ETL tool.

As part of the one-time setup for flow generation module,
we extracted 142 DataStage stages (90 of them being data
source connectors) along with their descriptions and prop-
erties from the official documentation. Stages, also referred
to as data sources, operators, or tasks, form the fundamen-
tal building blocks of an ETL workflow. Each stage contains
between 1 and 111 properties, with an average of 27.6. For
every property, we store its description, type, default value,
and availability conditions in a structured format suitable for
prompt generation and output validation.

To evaluate our system, we created a ground-truth dataset
that includes 1,010 natural language flow descriptions for
stage prediction. Each of these utterances was thought-
fully crafted to represent various scenarios and user inputs,
and annotated with ground-truth operator names and cor-
responding property values. Of these, 700 correspond to
single-stage workflows, while 310 involve multiple stages
combined into a single flow. From this set, 308 flows were
further annotated with a total of 1,410 properties. In the
operator prediction prompt, we included 142 few-shot ex-
amples along with task instructions, stage names with one-
line descriptions, and the user’s utterance. These examples
help compensate for the LLM’s limited pretrained knowl-
edge about individual stages by illustrating how stages are
combined in real ETL tasks. On average, each stage ap-
pears in approximately two examples. We evaluate the per-
formance of both operator and property predictions with re-
spect to their accuracy.

In addition, we curated 483 test utterances specifically for
evaluating the Transformer Expression Generator, spanning
21 categories, including complex and compositional cases.
The Transformer stage in DataStage supports 261 operators
for expression-based transformations, and we targeted these
in our evaluation. To aid the model, we constructed 445 few-
shot examples that capture both syntactic and semantic vari-
ations of expressions, illustrating the mapping from natural
language instructions to valid function calls. The evaluation
checks both the correctness of the generated expressions and
their validity against the function grammar, including cor-
rect function names, arity, and parameter types.

For the document explorer, we  compiled
458 query—answer pairs from 319 unique documents,
each derived from a thorough review of all available docu-
mentation. These queries were designed to cover a diverse



Operator Prediction Accuracy [%] Property Transformer
Model Total 1-op n-op Accuracy [%] | Expression [%]
granite-3.1-8b-instruct 88.0 92.6 77.7 81.8 83.6
llama-3.2-3b-instruct 71.1 92.3 23.2 72.1 12.8
llama-3.1-8b-instruct 91.6 96.0 81.6 81.8 58.8
llama-3.3-70b-instruct 96.4 98.1 92.6 87.0 81.8
llama-4-maverick-17b-128e-instruct-fp8 | 95.8 97.7 91.6 67.3 77.2
gpt-oss-20b 75.4 74.9 76.8 49.8 77.4
gpt-oss-120b 94.5 94.6 94.2 78.9 79.7

Table 1: Combined Model Performance: Operator Prediction Accuracy (”1-op” refers to predictions involving a single stage;
“n-op” refers to predictions involving two or more stages), Property Prediction Accuracy, and Transformer Expression Accuracy

range of information needs, enabling us to comprehensively
assess the system’s proficiency in navigating, retrieving,
and synthesizing content from technical documents.

Results and Discussion

We evaluated our system on 7 recent and widely known
LLMs: granite-3.1-8b-instruct (IBM 2025), llama-3.1-8b-
instruct (Meta 2024), llama-3.2-3b-instruct (Meta 2024),
llama-3.3-70b-instruct (Meta 2024), llama-4-maverick-17b-
128e-instruct-fp8 (Meta 2025), gpt-oss-120b, and gpt-oss-
20b (OpenAl et al. 2025). All experiments were conducted
on the IBM WatsonX Al platform, and for all LLMs we
used greedy decoding. For the gpt-oss variants, which na-
tively support the Harmony response format, we adapted
our prompt templates slightly to align with this format while
keeping the evaluation protocol consistent across all models.

Intent-Based ETL Flow Generator

Table 1 reports the results for the individual modules that
make up the flow generation. Generally, we can observe that
larger models within a given family give better results with
the exception of Llama 4 model which given its size falls
behind expectations. A similar observation has been made
by others (Nuenki 2025; ForsookComparison 2025).

Among all models, Illama-3.3-70b-instruct achieves
the highest overall operator accuracy (96.4%), with
strong performance on both single-operator (98.1%) and
multi-operator (92.6%) cases. llama-4-maverick-17b-128e-
instruct-fp8 follows closely (95.8%), while gpt-oss-120b
also performs competitively (94.5%). At the mid-scale,
granite-3.1-8b-instruct achieves a solid balance (88.0% for
operators, 81.8%) for properties, making it an efficient
choice relative to model size.

For property prediction, llama-3.3-70b-instruct again per-
forms best with 87.0%, followed by the granite-3.1-8b-
instruct and llama-3.1-8b-instruct models (both 81.8%).
While larger models generally perform better, mid-sized
models are not far behind and can offer competitive trade-
offs for practical deployment.

Transformer Expression Generator

Table 1 also presents the prediction accuracy of differ-
ent models for generating Transformer stage expressions.
Among smaller models, granite-3.1-8b-instruct achieves

39954

Category #Total | #Correct | Accuracy[%]
Mathematical 52 50 96.2
Logical 13 11 84.6
IF THEN ELSE 33 27 81.8
Type Conversion 57 42 73.7
String Nested 11 5 45.5
Nested 3 3 100.0
Utility 24 18 75.0
Outcome-Oriented 31 25 80.7
Loop Variables 9 8 88.9
Raw 1 1 100.0
Null Handling 12 11 91.7
Date and Time 55 46 83.6
Number 20 20 100.0
String 90 77 85.6
Macros 14 14 100.0
Key Break Detection 10 9 90.0
System Variables 7 6 85.7
Stage Variables 15 14 93.3
Date and Time Nested 14 5 35.7
Vector 10 10 100.0
Conversion 2 2 100.0
Summary 483 404 83.6

Table 2: Category-wise Transformer Expression Accuracy
statistics for granite-3.1-8b-instruct model.

the best performance (83.6%), substantially outperform-
ing other model of comparable and larger sizes. For larger
models, llama-3.3-70b-instruct demonstrates strong accu-
racy (81.8%), closely matched by gpt-oss-120b (79.7%)
and gpt-0ss-20b (77.4%), with llama-4-mvk-17b-128e also
performing competitively (77.2%). These results highlight
that expression generation benefits not only from scaling up
model size but also from model family characteristics, with
the granite-3.1-8b-instruct offering an attractive balance be-
tween accuracy and computational efficiency.

Table 2 further breaks down the accuracy of granite-3.1-
8b-instruct across categories. The model shows strong re-
sults in core transformations such as Mathematical (96.2%),
Stage Variables (93.3%), and Null Handling (91.7%), while
achieving perfect accuracy in categories like Macros, Num-
ber, and Vector. Performance is weaker for more complex
nested constructs, e.g., String Nested (45.5%) and Date and
Time Nested (35.7%), highlighting areas for improvement.
Overall, the model attains 83.6% average accuracy across
483 cases, showing strong robustness.
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Figure 3: Screenshots of the assistant integrated in IBM DataStage: (a) interaction options, (b) user utterance via ‘Build a flow’,
(c) auto-generated flow with option to configure properties, and (d) system-generated properties (one operator shown), with

manual additions possible where needed.

Document Exploration

Although included mainly for completeness, the document
exploration module also demonstrated solid performance in
retrieving and leveraging relevant content from technical
documentation. We measured two aspects: (i) Relevant Doc-
ument in Prompt (RD_Prompt), which captures whether the
retrieved content fit entirely within the LLM prompt con-
text, and (ii) Answer Generation Performance, evaluated us-
ing BLEU and ROUGE scores. We experimented with sev-
eral embeddings, and the multi-qa-mpnet-base-dot-vl em-
bedding consistently yielded the highest retrieval relevance,
achieving an RD_Prompt value of approximately 77%. Most
evaluated LLMs achieved BLEU and ROUGE scores in the
40-60% range, confirming the system’s ability to provide
accurate answers when relevant content appeared in the top-
k retrieved results.

User Study

We conducted a user study involving several participants, di-
vided into two categories: (a) expert users familiar with ETL
operators, and (b) novice users with limited knowledge of
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these operators. Each participant designed an ETL workflow
for several use cases in two rounds: first without, and then
with the natural language-based feature. Expert users re-
ported significant time savings (approximately 50%) as they
no longer needed to refer to operator lists and definitions,
along with reduced manual effort and errors, with 80% of
property prediction handled automatically by the tool com-
pared to manually adding properties. In addition, automa-
tion of transformer stage expressions benefited both experts
and novices, with participants reporting savings of nearly
80-90% of the time otherwise required to manually write or
configure complex transformation logic. Novice users high-
lighted the usefulness of both the flow assist and document
explorer features for rapid flow creation and answering tool-
specific questions, resulting in a 90% reduction in the time
required for ETL flow creation.

Deployment and Impact
From Research to Product Deployment

This project began as a research prototype and has evolved
through several development cycles of development and re-



finement. Following extensive evaluation and internal vali-
dation, the system was integrated into the IBM DataStage
product and is now generally available (GA) for produc-
tion use on DataStage SaaS’ on IBM Cloud Pak® for Data
within the Dallas, Frankfurt, and Sydney data centers. The
assistant is embedded directly within the product interface,
allowing the target persona to generate ETL workflows and
query documentation seamlessly. Currently, it is globally ac-
cessible to more than 100 DataStage users.

This journey from research concept to enterprise-grade
deployment required support for a wide range of operators
and stages, robust handling of edge cases, and engineering
for reliability and scalability. It helps in onboarding the tar-
get persona more easily and enabling experienced develop-
ers to accelerate ETL design. This work has gained traction
among customers as an incentive for modernization.

Target Personas

The DataStage Assistant targets junior and new DataStage
data engineers who possess foundational ETL knowledge
but limited familiarity with the DataStage Canvas. This per-
sona is responsible to build and maintain data pipelines but
often face a learning curve when navigating the DataStage
environment.

User Interaction and Experience

As shown in Figure 3(a), the DataStage Assistant provides a
conversational and intuitive interface embedded within the
DataStage Canvas, enabling the target persona to design
and understand data flows through natural language inter-
action. As shown in Figure 3(b), the persona can enter in-
structions such as “Join customer and sales data on cus-
tomer_id” or “Explain what this transformer stage does,” and
the DataStage Assistant automatically constructs or anno-
tates the corresponding flows as shown in Figure 3(c) and
3(d) while invoking relevant DataStage interfaces for any re-
quired manual configurations like column mappings or key
selections. This integration ensures a seamless transition be-
tween guided conversation and graphical design. Similarly,
the persona can generate the DataStage transformation ex-
pression and also interact to explore DataStage documents
using the interface shown in Figure 3(a). The current re-
lease employs the IBM granite-3.1-8b-instruct model as the
default backbone, balancing accuracy and efficiency, while
still allowing users to choose alternative models available
on watsonx.ai. Evaluation results further indicate that most
models achieve comparable performance, reinforcing the ro-
bustness and portability of the overall framework.

Deployment Environment and Platform

The DataStage Assistant backend is deployed as a container-
ized FastAPI service running on RHEL within existing IBM
Cloud/MCSP Kubernetes clusters, colocated with DataStage
to ensure enterprise data residency requirements. Each de-
ployment uses Gunicorn with Uvicorn workers (8 per pod)
and exposes an asynchronous REST API exclusively to the

"https://community.ibm.com/community/user/blogs/shreya-
sisodia/2025/06/26/ai-powered-datastage
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DataStage Canvas frontend. All executed flow changes re-
quire explicit user confirmation within the UI; the assistant
does not directly interact with customer data sources or ex-
ecution runtime. LLM inference is performed through wat-
sonx.ai models, currently rate-limited to 8 requests per sec-
ond per environment. A lightweight Milvus vector database
stores embeddings of documentation and system knowl-
edge for contextual retrieval. The feature is opt-in at the
DataStage project level, and additional pod replicas can be
enabled to scale with usage demand. The deployment archi-
tecture is designed for secure, responsive, and incrementally
scalable integration into the DataStage product.

Observed Impact

Preliminary adoption indicates high engagement among tar-
get personas, particularly in onboarding scenarios. Users
report faster time-to-first-successful-flow creation and im-
proved understanding of complex pipeline logic. The inte-
gration of LLM-driven guidance within the DataStage Can-
vas demonstrates tangible improvements in usability, learn-
ing efficiency, and user confidence. Overall, the deployment
highlights the potential of embedded DataStage Assistants
to enhance developer productivity and lower the entry bar-
rier for enterprise data integration platforms.

Conclusion

ETL tools are crucial for organizing and assessing data. In
this paper, we have shown how to simplify ETL flow cre-
ation by allowing users to describe transformations in natu-
ral language, making it easier for both beginners to learn and
experts to streamline the process. We introduced a solution
powered by LLMs for the creation of Extract, Transform,
Load (ETL) flows and document exploration within a few-
shot setting. This tool offers four key capabilities: (a) seman-
tically analyzing user utterances to generate ETL operator
recommendations, (b) inherently identifying interdependent
relations by prompting for property value generation, (c) au-
tomatically generating and validating transformer stage ex-
pressions, and (d) providing information to users by seman-
tically analyzing ETL documents to answer user queries.
The proposed framework was implemented and evaluated
using the IBM watsonx.ai platform. To assess real-world
utility, we conducted a user study involving both expert and
novice users. The study highlighted substantial time sav-
ings, reduction in manual effort, and improved accuracy,
with automation of transformer stage expressions proving
especially beneficial for handling complex transformation
logic. In addition, we experimented with multiple embed-
ding models to support document exploration and ensure
high retrieval relevance. Together, these results, supported
by systematic evaluation of multiple LLMs, demonstrate the
framework’s ability to accelerate ETL development, reduce
errors, and cater effectively to both novice and expert users.
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