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Abstract

Retrieval Augmented Generation (RAG) is an
important aspect of conversing with Large Lan-
guage Models (LLMs) when factually correct
information is important. LLMs may provide
answers that appear correct, but could contain
hallucinated information. Thus, building bench-
marks that can evaluate LLMs on multi-turn
RAG conversations has become an increasingly
important task. Simulating real-world conver-
sations is vital for producing high quality eval-
uation benchmarks. We present RAGAPHENE,
a chat-based annotation platform that enables
annotators to simulate real-world conversations
for benchmarking and evaluating LLMs. RA-
GAPHENE has been successfully used by ap-
proximately 40 annotators to build thousands
of real-world conversations.

1 Introduction

Chat-Based web tools for conversing with Large
Language Models (LLMs) such as ChatGPT (Ope-
nAl, 2024) and Claude (Anthropic, 2024) have be-
come very popular. One common use is the seeking
of factual information where Retrieval Augmented
Generation (RAG) is extremely important to ensure
the model is answering faithfully to the relevant
passages and not hallucinating. Thus, the ability to
evaluate the performance of LLLMs on multi-turn
RAG-based conversations has become increasingly
important and largely overlooked until recently
(Rosenthal et al., 2026; Katsis et al., 2025; Dziri
et al., 2022; Feng et al., 2021; Kuo et al., 2024; Es
et al., 2024). Multi-Turn RAG is particularly im-
portant for enterprise use cases where domains are
specific and there may be unique requirements such
as specialized retrievers, generators and custom
prompts (Sharma et al., 2024). Building a challeng-
ing high-quality Multi-Turn RAG benchmark re-
quires in-depth fine-grained human annotation that
employs these requirements. Existing annotation
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Figure 1: RAGAPHENE Pipeline: Using RAGAPHENE,
the user creates a conversation against a chosen retriever
and generator which can be exported in JSON format
for further review, experimentation and analysis.

platforms (BasicAl, 2019; HumanSignal, 2020; La-
belBox, 2024; Joko et al., 2021) include some basic
features for annotating conversational data, such
as thumbs up/down of questions/responses, adding
metadata and tagging entities in the conversation.
However, they do not support the creation of con-
versational multi-turn RAG datasets with real-time
agent response generation. The First-Aid platform
(Menini et al., 2025) is a conversational annotation
interface which does include real-time agent re-
sponse generation and editing. However, it doesn’t
have any other feedback mechanisms (e.g. thumbs
up/down) and does not incorporate a retrieval com-
ponent - the conversations are generated based on
a small set of pre-loaded documents rather than
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called Total Maximum Daily Loads (TMDLs)—to meet
water quality standards in the impaired water bodies

Figure 2: Screenshot of RAGAPHENE’s create mode annotated with its main components.

passages dynamically retrieved from a (potentially
very large) underlying corpus. Furthermore, our
annotation tool enables editing/correcting both the
relevant passages and output which are both impor-
tant pieces for simulating real-world conversations.
We present RAGAPHENE, a chat-based anno-
tation platform for having conversations with an
LLM that are grounded in an existing corpus to en-
sure faithfulness, primarily for building Multi-turn
RAG benchmarks. The pipeline of RAGAPHENE
is shown in Figure 1. Our platform adopts the RAG
pipeline to enable a user to chat with an LLM agent
with real-time retrieval and generation while pro-
viding the ability to improve the conversation when
the retriever and/or generator fails. We allow the
user to easily integrate with their desired retriever
and generator and provide the ability to improve
the conversation which enables users to create high-
quality conversations that can be used to evaluate
and improve RAG systems.
A platform for building and evaluating a chal-
lenging multi-turn should have the following:
RAG Chat with customizable retrieval and gen-
eration is an important scenario, particularly in
industry where a domain-specific corpus is likely.
Enhanced Feedback is desirable, as typical chat
feedback of thumbs up/down is limiting in its use.
It does not give the user the opportunity to trou-
bleshoot when the agent response is not satisfac-
tory which is necessary for building high-quality

conversations.

Evaluation and Analysis is important for do-
main experts and engineers to rapidly evaluate how
different models perform in their domain by build-
ing a small benchmark.

Our contributions are as follows:

* RAGAPHENE: A RAG annotation chat plat-
form integrated with multiple interchangeable
retrievers and generators for domain-specific use
cases.!

* Enhanced user feedback including adjusting pas-
sage retrieval and improving/repairing responses,
validated through a user study with 31 profes-
sional annotators.

» Real-time small-scale evaluation and analysis of
the full RAG pipeline on RAG conversations cre-
ated in RAGAPHENE.

2 RAGAPHENE Platform

The RAGAPHENE platform pipeline is shown in
Figure 1. It allows for integration using a desired
corpus with any retriever (e.g. BM25, Elser?) and
generator (e.g. Llama 3 (Grattafiori et al., 2024),
GPT 4 (OpenAl et al., 2024)). The default settings
used in our work are an ELSERv1 (ElasticSearch

'"RAGAPHENE is released under an Apache 2.0 license at
https://github.com/ibm/R AGaphene.

nttps://www.elastic.co/guide/en/mach
ine-learning/current/ml-nlp-elser.html
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Figure 3: Screenshots of selected functionalities of RAGAPHENE.

8.10") retriever populated with the corpora from
MTRAG (Katsis et al., 2025) and Mixtral 8X7b
Instruct (Jiang et al., 2024) as the generator. RA-
GAPHENE consists of three main modes - Create,
Review and Experiment - and integration with In-
spectorRAGet for analysis to provide a full bench-
marking and evaluation life-cycle. We adopt a state-
less approach to ensure privacy; all conversations
can be preserved by exporting in JSON format.
Further details are available in Appendix A.

2.1 Create Mode

In create mode, a user or annotator can use RA-
GAPHENE as a chat interface (Figure 2) to interact
with an LLM. The user is first provided with con-
figuration settings on the right hand side to choose
the desired retriever and generator (Figure 3a). In
the retriever settings, they can pick a specific col-
lection of documents and adjust settings such as
how many passages to return, how to formulate the
query, and other more sophisticated features such
as how to render retrieved results. In the generator
settings, they can choose a model to chat with, ad-
just the prompt and other settings such as decoding
and number of tokens. On the left-hand side, the
user can chat with the generator chosen in the set-
tings. During conversation creation, tips to assist
the user appear on the upper portion of the interface
to encourage useful feedback. The completed con-
versation can be exported as a structured JSON for
future use. We describe the process of creating con-
versation turns, as well as features such as adding
question enrichments, answer repair (Figure 3b),

.- Comment

Author Provenance Last updated

Message 3/26/2025, 5:18:30 PM

Incorrect enrichment: this question should be tagged as
factoid.

Reference
What is ground water contamination?

Edit & View ® Delete [i]

Target element

Figure 4: Screenshot of review feedback functionality.

and passage search (Figure 2) in Section 3.1.

2.2 Review Mode

The review mode supports using RAGAPHENE as
an annotation platform to review previously created
conversations and decide whether the conversation
should be kept in the benchmark (accept) or not
(reject). In this mode, an existing conversation
(or batch of conversations) is loaded and the re-
triever and generator cannot be run. At each turn,
the annotator can modify the enrichments, edit the
answers, and change the relevance score of the pas-
sages. On the left hand side there is a comment
section (Figure 4) where feedback can be provided
for all changes made. Specific comments can be
left by highlighting text in the conversation and
general comments can be left for overall feedback.
Once one conversation review is complete, the an-
notator accepts or rejects the conversation and then
continues to the next one. Review mode keeps a
browser-local snapshot and offers to resume after a
refresh or unexpected tab closure. Reviewed con-
versations can be exported as a structured JSON
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file. We describe the review flow in Section 3.2.

2.3 Experiment Mode

The experiment mode provides a way for users
to estimate the complexity of their newly created
conversational data by running a small scale exper-
iment against various LLMs. The key advantage
of this mode is that it operates directly on conver-
sations created in RAGAPHENE, eliminating the
need to set up a separate evaluation framework
or reconcile data formats. The prediction by the
LLM is compared to the target response that was
composed during create mode. The user uploads
their conversation data and chooses which part of
the conversation(s) to evaluate: the midpoint turn
of each conversation (default), the first turn, the
last turn, or all turns. Each split becomes a task
to be evaluated. Additionally, a user can choose
to experiment either with the model’s generation
capabilities by keeping the retrieved documents
constant, or to execute the full RAG pipeline using
different retriever and generator combinations. The
user can easily adjust the retriever and generator
configurations and select evaluation metrics before
launching the experiment, which can be monitored
live (Figure 5).

The platform has built-in metrics such as re-
sponse length, ROUGE, Recall and LLM-as-a-
Judge which can be easily extended to run complex
compute intensive metrics. Our LLM-judge met-
rics target RAG-specific failure modes: grounded
(claims are supported by the retrieved context), per-
tinent (the response addresses the question), co-
herent (the response is consistent with the rest of
the conversation), concise (the response has no un-
necessary information). See Katsis et al. 2025 for
further details. Each judge has a prompt template
and a scoring rubric which can be viewed during
configuration. The judge model reasons over the
claims or context before giving a verdict, Yes, No,
or Unsure, inside a tagged span; an unparseable
response is scored as an Error rather than a pass or
a fail. New judges can be added without changing
the evaluation pipeline.

Once the experiment is complete, the results can
be exported in a structured JSON format. We de-
scribe the flow of the experiment process in detail
in Section 3.3. We purposefully restrict the size
of the dataset in this mode to a maximum of 100
tasks. RAGAPHENE is not intended to be a full
blown evaluation platform, but rather a quick way
of identifying and monitoring data on a small scale.
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Larger experiments should be run offline.

2.4 InspectorRAGet

InspectorRAGet (Fadnis et al., 2025) is an intro-
spective platform for debugging and analyzing
model output and evaluation metrics. Once a con-
versation has been created and experiments run, it
is important to be able to analyze the performance
in a general and detailed manner across multiple
models and metrics to enable quick decision mak-
ing regarding model and metric choice for deployed
systems. The output from the experiment mode can
be loaded into InspectorRAGet to achieve this.

3 RAGAPHENE Workflow

In this section we describe the typical workflow
of a user in RAGAPHENE for the different modes:
Create, Review, and Experiment.

3.1 Conversation Creation

Our custom chat enables users to chat with a live
RAG agent consisting of a retriever and generator
and correct the retriever and generator outputs as
desired. In many scenarios, we expect the con-
versation is domain specific and has a pre-decided
corpus such as for a specific company or topic.
In particular, after customizing the retriever and
generator settings (Figure 3a), users can use the ap-
plication to perform the following actions at every
turn in the conversation:

(i) Write user question: The conversation begins
by writing an initial question for the associated do-
main (Figure 2a). We expect the user to have some
basic domain knowledge, but they ask a question
without seeing a document.

(ii) Receive agent response: Once the user writes
a question, the agent calls the retriever to retrieve
potentially relevant passages and then the passages
along with an appropriate prompt are sent to the
generator to produce a response which is presented
to the user (Figure 2c). The passages may not
always be relevant and the response may not be
appropriate. The next steps provide the user with a
means of improving the passages and response to
help the user receive a helpful and correct answer.
(iii) Edit retrieved passages: The passages re-
turned by the retriever can be reviewed and edited
to generate a set of passages that are indeed rele-
vant to the question (Figure 2d). This includes (a)
discarding (or marking as irrelevant) passages re-
turned by the retriever that are deemed non-relevant
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Figure 5: Screenshot of RAGAPHENE’s experiment mode showing an experiment in progress.

to the question, as well as (b) adding other relevant
passages present in the corpus that were missed
by the retriever. To facilitate the latter, we provide
a separate search interface on the side that allows
users to try alternate formulations of their question
to bring in additional relevant passages (Figure 2e
and 2f). The user can then regenerate the response
so that it is based on the latest relevant passages.
The set of relevant passages can be used to evalu-
ate and improve the retrieval component of RAG
systems. We provide reminder tips if they forget to
mark relevant passages.

(iv) Edit agent response: Once the relevant pas-
sages are identified, if the response is still not appro-
priate, users can edit the generated agent response
to repair and improve it using the relevant passages.
This helps ensure that the next turn in the conversa-
tion will be based on the correct information and
can be used for future LLM improvement. As the
users edit the response, RAGAPHENE shows the
diff between the original and edited response (Fig-
ure 3b). Finally, to help users check if the response
is faithful to the passages, the platform highlights
the lexical overlap between the response and the
passages (Figure 3c).

Export conversation x

Checklist

@ VYou had 2 edited responses. Please ensure that all responses are checked for
‘Faithfuless’, ‘Completeness’, ‘Style' and 'Appropriateness',

[ Faithfulness
Responses are factual and accurate according to the passages
O completeness

Responses contains all relevant information from the passages that answers the
questions

O style
Responses read naturally and coherent
[J Appropriateness

Responses are useful and concise for answering the questions

[ Marked relevant passages

Relevant passages have information that helps answer the questions

[[] Added all taxonomy enrichments to each question

@ Please ensure at least one enrichment is added to each question. We found 1 question
without enrichments.

[ Ensured context diversity

There are 3 unique relevant passages for 3 questions

-

Figure 6: Screenshot of checklist during export.

(v) Add Label Enrichments: Each turn can also
be enhanced with tags, such as question type (e.g.
factoid, opinion), answerability (e.g. answerable,
unanswerable), and multi-turn (e.g. clarification,
follow up) (Figure 2b). We provide reminder tips
to encourage this feedback if they forget to add
enrichments. These enrichments provide a valuable
way of exploring the data during evaluation.

(vi) Export Conversation: When the person is
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finished chatting they can save their conversation
by exporting it as a JSON. This can later be used
to continue the conversation, or for evaluation of
RAG systems. During export they are provided
with optional checkboxes to encourage high quality
including providing statistics about the conversa-
tion and enrichments that were added (Fig 6).

3.2 Conversation Review

Creating conversations is a comprehensive task
with many parts. In order to use these conversa-
tions for evaluation they need to be of high quality
with all repairs made. The review mode specifi-
cally targets users that are annotators tasked with
providing high quality conversations for evaluation.
In this mode a reviewer will receive a batch of
conversations. The reviewer reads through each
conversation and can accept the conversation as is,
accept it but edit the conversation, or reject it:

(1) Accept Conversation: If the conversation is a
good conversation that flows well the reviewer can
accept the conversation as is. However, in many
cases there will be some adjustment needed.

(i) Accept with Edits: Even if the conversation
is good, it may still need small tweaks or repairs
to improve responses according to desired proper-
ties. For example, there may be a sentence in the
response that is not faithful to the passages or is
misspelled. In addition to changing the response,
the reviewer can change passage relevance and ad-
just the enrichments. A reviewer cannot change
the questions or query for more relevant passages
as that could alter the conversation significantly
causing the initial intent to no longer be valid.

(iii) Reject: In some cases the reviewer may at-
tempt to repair the conversation but the changes
can be too significant. There can be a repeated or
unnecessary question that disrupts the conversation
flow. It can also be clear that the passages provided
are not sufficient. In this case the reviewer can
reject the conversation instead of repairing it.

(iv) Feedback: In addition, the reviewer can leave
specific and general comments for the creator
of the conversation. They can highlight specific
parts/elements of the conversation and leave tex-
tual comments (Figure 4). Feedback is particularly
useful when a conversation is rejected.

3.3 Running Experiments

We provide the experiment mode to give users the
ability to run quick experiments on a small scale
which can then be exported to InspectorRAGet for

quick decision making. In this mode, the user can
set up an experiment on a set of conversations and
choose the tasks, models and metrics to evaluate.
(1) Choose Tasks: The user first uploads the conver-
sation and selects the slice of the data they would
like to evaluate. This can be all turns of the conver-
sation or different subsets.

(i1)) Choose Models: The user can choose to eval-
uate the retriever, generator, or full RAG pipeline.
The user then sets up the retriever and generator
model settings for each model they want to evaluate.
This includes adjusting parameters and prompts.
(iii) Choose Metrics: Next, the user chooses the
metrics to evaluate on each task. We provide built-
in metrics such as Rouge, Recall and LLM judges.
(iv) Run Experiment: Once satisfied with the ex-
perimental setup, the user launches an experiment.
The time to run the experiments depends on the
number of models, tasks, and metrics being eval-
uated. Once completed, the evaluation can be ex-
ported and loaded in InspectorRAGet for analysis.

4 Use Cases

We describe three specific uses and applications of
RAGAPHENE: Multi-Turn RAG annotation, RAG
chat assistant and Real-Time Evaluation.

4.1 Multi-Turn RAG Annotation

The primary use of RAGAPHENE is to create a
challenging benchmark that simulates real world
conversations to evaluate the performance of RAG
systems. As an annotation task, the various feed-
back and repair mechanisms provide a valuable
resource for creating a strong benchmark that is
diverse and challenging for LLMs. While interact-
ing with the RAG-based agent, the annotators add
feedback that enriches, repairs, and improves the
responses. They then export their conversation so
it can be used for evaluation and insights. Creating
such conversations is a sophisticated process and
prone to errors. We specifically employ the review
workflow to ensure the conversations for improve-
ment are of high quality. We have successfully
created 110 high quality Multi-Turn RAG conver-
sations entirely using RAGAPHENE, released as
a public benchmark (Katsis et al., 2025). In addi-
tion, the platform is being used for ongoing work
in this area, with over 5,000 conversations created
and over 1,000 conversations reviewed by over 30
annotators.
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Platform Feature m o
Editing the agent responses 4.26 0.82
Highlights for overlapping text in the  4.13 0.88
context and response

Regenerating the agent response 4.10 0.98
Requery Tool 3.97 1.37
Checklist before export 3.74 1.34
Marking contexts relevant/irrelevant ~ 3.26 1.43
Hints 3.19 1.42
Enriching the questions 2.74 1.24

Table 1: RAGAPHENE features ranked based on their
impact to the quality of created conversational data. A
higher average value (1) indicates a bigger impact (1 is
“No decrease [in data quality] at all” and 5 is “Extreme
decrease in quality”.)

4.2 RAG Chat Assistant

Although primarily built as an annotation platform,
RAGAPHENE can also be used as a RAG-based
chat platform by a standard user seeking informa-
tion. Unlike RAGFlow (Infiniflow, 2024), which
provides RAG chat capabilities, RAGAPHENE also
allows users to repair and redirect the agent by
searching for better passages and improving an-
SWers.

4.3 Real-Time Evaluation

A typical client needs to perform due diligence
prior to selecting a vendor to power their chat-
based assistant using proprietary documents. This
typically involves exploring multiple LLMs and
retriever engines to identify the best setup. Us-
ing RAGAPHENE, they can create domain specific
conversations on their content that can power eval-
uations, performance analysis (via InspectorRAGet
(Fadnis et al., 2025)), and go / no-go decisions
for stakeholders. We have several clients that use
RAGAPHENE to perform such due diligence.

5 User Study

We performed a user study to understand the impor-
tance of our tool for helping annotators create high-
quality conversations for benchmarking RAG. We
surveyed 31 professional annotators (21 females,
10 males), with 13 of them having more than 3
years experience of annotating. At the time of this
writing, the tool has been in production for more
than 9 months, with most of the annotators creat-
ing and reviewing 75+ conversations. Creating and

annotating a conversation for RAG applications is
a hard and time-consuming task for human annota-
tors (Hanafi et al., 2025); most annotators reported
that it took them on average more than 30 minutes
to create a single high-quality conversation.

The survey focused on questions for 8 platform
features: “On a scale of 1 to 5 if we were to re-
move <FEATURE> from the platform, how would
this decrease the quality of the conversations you
create?”’, where 1 is “No decrease at all” and 5 is
“Extreme decrease in quality”. Table 1 shows the
average Likert scores of each platform feature.

Although our professional annotators reported
an advanced beginner-level of RAG understanding
(on a 1 to 5 Likert scale; y = 2.61, 0 = 1.33), our
survey results show that they recognized the neces-
sity for platform features that involve analyzing and
fixing the generator and retriever model outputs for
high-quality RAG data creation (such as improving
the set of retrieved contexts or editing the agent re-
sponse). Certain features, such as marking contexts
as relevant or irrelevant and enriching the questions
are seen as annotation artifacts rather than part of
the process of creating a conversation. One annota-
tor says, “[Marking contexts as relevant/irrelevant]
is perhaps useful to the end-user of the data, but is
not necessary for creating the data in the tasks...”.

6 Conclusion

We present RAGAPHENE, a platform for creating
and evaluating high quality conversations for RAG.
We provide advanced features to improve passage
search, repair responses, and enrich the questions
to aid in conversation creation. We also include the
option of performing small-scale evaluation with
integration to InspectorRAGet (Fadnis et al., 2025)
to help perform due-diligence in model selection
for domain specific use. Our user study shows
that the provided features, such as highlighting
and editing responses, improve the quality of the
conversations created in the platform. We release
the RAGAPHENE code with Apache 2.0 license on
GitHub at https://github.com/ibm/RAG
aphene.

7 Ethical Considerations

We take care to ensure the use of our platform
is private by providing a stateless approach. Our
platform only requires an email login, but does not
store any personal information or retain created
conversations. The interface is built primarily with
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Carbon Design System components, which provide
baseline keyboard and screen-reader support for
standard controls such as buttons, modals, and form
inputs. We have not run a dedicated accessibility
audit, and some custom elements fall outside this
baseline. We plan to address these gaps in future
work.

During our user study we asked for some per-
sonal details to understand our annotators’ back-
ground. All such details were only looked at in
aggregate and not attributed to the annotator indi-
vidually.
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A Tooling

RAGAPHENE is a React web application built with
NextJS 16 framework® and requires Python >=
3.10 with minimal dependencies to power the ex-
periment flow. We use the Carbon Design Sys-
tem* for the user interface. RAGAPHENE has
built-in connectivity to ElasticSearch, MongoDB
Atlas, IBM Cloudant retrieval engines and Wat-
sonX.Al and OpenAl generator engines via cor-
responding Node SDKs, Claude from Anthropic,
Gemini from Google and Ollama to follow soon.
Furthermore, RAGAPHENE can be extended to sup-
port any RESTful retrieval and generation engines
with limited data transformations. Our platform is
lightweight; it can easily be run on virtual machines
or even personal laptops/desktops with 2 CPUs and
8GB RAM. The bulk of the resource consumption
is observed only during an experiment run.

To enable privacy, RAGAPHENE is a stateless ap-
plication and does not retain any created, reviewed
conversations or uploaded datasets. A stateless
architecture also lowers the barrier to adopting RA-
GAPHENE: there is no database, user-management
layer, or retention policy to stand up before a team
can start using the platform, on top of the privacy
benefit of not retaining proprietary or client doc-
uments on the server. The trade-off is that RA-
GAPHENE keeps no shared state for coordinating
a batch across annotators; tracking review status
and routing work is left to tooling the deploying
team already uses, such as shared drives or version
control over the exported JSON files. This is by de-
sign: RAGAPHENE is not a crowd-annotation plat-
form, and coordinating many annotators at scale
is a problem already well served by tools such as
Amazon Mechanical Turk or Appen.

Shttps://react.dev, https://nextjs.org
*https://carbondesignsystem.com
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