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Some context on the project and this talk scieneers ¥

DRIVEN BY DATA

What is ScieneersQA Things we will talk about

Develop a global question-answer « Best practices forintegrating heterogenous data sourcesinto a
system that can be easily used by any QA system

employee: « Evaluation of different retriever and reader systems

« With no additional effort for .

Extractive vs. abstractive QA

knowledge documentation , :
J « Leveraging a slack chatbot as user interface

 Integration of various data sources

* Use of existing communication
systems

» Collection of feedback for the We won't talk about
purpose of further development

e ChatGPT and RLHF-based LLMs




A first glimpse on the overall system scieneers ¥
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Architecture of the scieneers question-answer system 5 important processing steps

Datais transferred from various
sources into vector documents
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Via a chatbot, questions can be
asked as well as feedback on the
answers can be collected

User feedback can be used for
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subject-specific data preparation

Examples for different data sources

Simple Poll APP 16:19 Uhr

at sich hi an iffusion mal genauer angeschaut? Ich wiird mich gerne dazu Was nutzt ihr zu virtual environments, packages, and dependencies in Python?
. i ch dem jemand anschlieRen D conda (stand alone)
. mdchte oder als Vorbereitung tber die fachsimpeln kann G

ﬂ ; ﬂ a }2 Letzte Ant 0 Tagen . P conda + pip 13
Question |

Melanie Massmann 11:14 Uhi @ Poctry (stand alone) |3

20221205_163851.jpg

Stefan Kirner 09:40 Uhr
M nichstes PASS Community Treffen in der Villa in Karlsruhe am 26.01. mit Sascha zu
Advanced SQL und SQLAlex zu Power Virtual Agents

&1 ©

@ vor 18 Tagen
Event

§@% Jonathan Priebe 09:30 Unhr
@I Hat gerade noch jemand allgemeine Verbindungsprobleme mit der Azure UI?

Ve @

AL RE

Question

smeneers'z'

The use of heterogeneous data sources requires

Explanation

e Unstructured data
* (Often many messages per day
* Alotof metainformation

* Sometimes the messages are
written carelessly

* Threads and possibly replies
* Surveys with plugins
* Reactions to messages

* Many short messages or emojis
and images

* Messages with no relevant
context

* Partly only short-lived
information
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The use of heterogeneous data sources requires
subject-specific data preparation

Examples for different data sources Explanation
[Howto Office K
Schaafenstr. 25, 50676 Kdln i Structured data
‘ EIMERY |nfo {Paragraph | Erstellen einer Resource Group wie folgtm * Lessmetainformation
— Home > Resource groups > * Images between individual text
Office Info ~ Paragraph blocks
Create a resource group
EEE&EE%EEEEESS!fﬁ?&‘&iﬁfl”!ﬁ?ff::‘:iii'fi"éﬁ”;ﬁ"”""““a"”""“s’ * Different text lengths
e * Long G Drive documents are
i divided into subdocuments

using the heading structure.

e Sometimes outdated
information

Open Discourse & Natural mputer Vision Basics & * Special formats such as video

Language Processing Masterarbeit reco rdings or PowerPoint
presentations require special
processing methods.

Open Discourse & NLP ﬂ CV_Basics_Zwischens... B  Wissenstransfer: ML a...




How do | read the data from Slack and G Drive? scieneers 2%
0 Different data sources require different methods of extraction

Slack G Drive

 Messages are read by the bot from Slack « Search documents by file name or load all
documents from a folder
* Using the Slack API
* Replies must be read out separately

* Rate Limit Handler necessary so that the
application does not crash

» Using the Drive API from Google

 Different document types(Google Documents
vs. Microsoft Documents)require different
download methods

Handling of heterogeneous data sources with individual data ingest pipelines is very important!



Creating additional document metadata scieneers ¥
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Labelling noisy documents with little information as spam

« SetFit: an efficient and prompt-free framework for few-shot fine-tuning of sentence transformers

» Achieves high accuracy with small training datasets

https://github.com/huggingface/setfit 9



Creating additional document metadata scieneers ¥
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Labelling noisy documents with little information as spam

default more training data ,not spam” balanced dataset + threshold
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Creating additional document metadata scieneers ¥
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Giving documents some meaning helps to understand the model better

« Slack messages can be assigned to different categories, such as expert questions or event
announcements.

* Use a SetFit model to classify messages

number of messages

Number of messages per category for each channel

channel name
B tech
B general

250

200

150

100

50
23

104 111
J 28 J
. I N

social technology event_announcements experts employee_announcements article_announcements

category
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° The retriever-reader Concept

Logical representation of a reader-retriever pipeline in Haystack

smeneers'b
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Components of the pipeline

Ouestion #===============—=——--
4
:
fm=—bm———> Retriever
- *
! 1
- |
! |
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¢ v
Document
Candidates
Vector
Database = [.
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Reader

*
I

\ 4

Ranked Answer Phrases

[
r

Most likely answer

&— | ess, likely answer
—

Answer from doc 2

Retriever:

« Simple algorithm for
identifying relevant
candidates

* Evaluation of the relevance of
the documents, e.qg., by
means of TF-IDF, BM25 or

EmbeddingRetriever
Reader:

« Extract potential answer
phrases from the documents

e Createsaranking using deep
learning-based relevance
scoring

12



Retriever: Finding relevant documents scieneers ¥
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term-based and vector-based retrieval methods have different strength and pitfalls

Term-based (sparse retriever): based on counting the occurrences of words resulting in very sparse
vectors with length =vocab size

* Pros: simple, fast, well explainable
« Cons: relies on exact keyword matches between query and text
« Example: “Who are the developers of ScieneerQA?" vs. “Who built the question-answering
chatbot?”
Vector-based (dense retriever): use neural network models to create ,dense” embedding vectors

* Pros: captures semantic similarity
« Cons: more computationally intensive use, initial training of the model

Term-based retrievers are a good start, but vector-based retrievers often perform better in the real
world

Be careful when evaluating retrievers: The evaluation dataset must reflect real user questions!

https://haystack.deepset.ai/tutorials/06_better_retrieval_via_embedding_retrieval 13



Retriever: Finding relevant documents scieneers ¥
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Hybrid-Search combines the best out of both worlds

» Various experiments and test procedures showed us that a combination of both worked best for us
« Advantage of using multiple retrievers: multiple perspectives

* We currently have three retrievers: BM25, vector-based retriever for G Drive documents, vector-
based retriever for G Drive and Slack

* Use a pipeline where the results from all three retrievers are joined and the best 10 are given to the
reader

 The number of documents that are put into the reader can be changed
 Has animpact on the performance of the model

1200

1000
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400

200 125

. I

G Drive Slack

number of documents

14
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Reader: Create an answer scleneers ‘¥
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Extractive and abstractive reader models require totally different paradimes

 Twocommon types of reader:
« Extractive: extract the answer from the given context
* Pros: allows to determine exactly the source from which the answer comes, labelling is easy
« Cons: an answer cannot always be extracted from exactly one paragraph
« Abstractive: generate an answer from the context that correctly answers the question

* Pros: cancreaterich and more accurate answers

« Cons: difficult to create suitable labels, difficult to measure the similarity between label and
prediction

* We currently only use an extractive reader
 We plan that ChatGPT will later provide the abstractive power to combine extracted information

https://huggingface.co/docs/transformers/tasks/question_answering 15



Streamlit dashboard for monitoring the ML model sciencers ¥
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Evaluation dashboard with test use cases is critical to identifying problem cases

Streamlit: transforms Python scripts into interactive web applications

Similarity between prediction and target is measured by the ROUGE-F1 score

 ROUGE: a Set of metrics for evaluating automatic summarization of texts as well as machine
translations

Some measures on the number of correct and incorrect answers

Tracking the position of the document with the correct answer in the retriever

How well do retriever and reader perform?

Challenge: What are good/bad labels? The choice of questions influence the metrics!

https://www.freecodecamp.org/news/what-is-rouge-and-how-it-works-for-evaluation-of-summaries-e059fb8ac840/

16



Streamlit dashboard for monitoring the ML model sciencers ¥
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Evaluation dashboard with test use cases is critical to identifying problem cases

Number of questions per rank of the correct document in the retriever

All correct documents that lie in the left area of the red line are passed to the reader by the retriever.
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A chatbot serves as a natural interface for
bi-directional user communication

Sample communication flow with the bot Explanation

2] Nico Kreiling 16:22 Uhr User can ask the bot questions
Y Wo bestellen wir Kaffee? |n bOth pr|Vate ChatS and
Is\:l:iejneersQA APP 1();.22 Uhr . Channels.
eine Antwort zu deiner Frage:
Clemel et (e i €l Bot answers the question with a
| % Bitte gebe mir doch noch ein Feedback zu meiner Antwort. \ S|mp|e APl Ca” tO the OA
e B8 corrections_prod :,a: e B8 questions_prod plpe“ne.
Danke! %id ot answer %id User can confirm or correct the
woc flag * st [*7 " |ree author answer via buttons in the chat.
_ - - RBC correction RBC score D date o .
P - 123 answer_id 123 rank o ABC question The bOt stores th|S |nf0rmat|0n
e —questiond | in a database, which can be
/ used for quality assessment
v and further development.
4id % ~caythor 13| D date V2| "¢ question V2| #e¢ answer HEFE V3| 123 rank 3| meflag T3
4 Alina Bickel ~ 2022-11-23 08:17:36.132 Wo bestellen wir Kaffee? Good Karma Karlsruhe Coffee 0.9564864635467529 1 Correct 8




Chatbot Design sciencers ¥
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How we created the chatbot

« Use of the framework ,Bolt”
e Quick startin programming
* Welcome message when opening a direct message with the bot

« App interactions and events currently run over a WebSocket connection
* Using the SocketModeHandler from Bolt
* No public, static HTTP endpoint necessary

;v scieneers QA APP 15:11 Uhr

Hallo @Alina Bickel' )

Sende mir gerne eine Frage zu allem in Bezug auf scieneers.

https://slack.dev/bolt-python/concepts

https://api.slack.com/apis/connections/socket 19



smeneers'k

DRIVEN BY DATA

How we collect information back

Example of how the buttons are displayed Explanation

Es gibt mehrere Antwortmoglichkeiten, die auf deine Frage passen ktinnt(:...3 answers

Users can give feedback on the
() Bitte gebe mir doch noch ein Feedback welche Antwort korrekt ist. answers Via buttons.

e Tado App unter Einstellungen > Raume & Gerate

If the answer is wrong, the
e einer Leuchte am Thermostat correct answer can be written

as areply.
e (iber die entsprechende App von Zuhause einstellen lassen

Using the object relational
Keine passende Antwort? Versuche es gerne nochmal mit einer anderen Formulierung. ma p pl ng tec h N | q ue fO rrea d | n g

the data.

Mapping of correction to the
answer is made via timestamp
of the answer from the bot.

Keine der Antworten passt!

Tanswer
I () Bitte gebe mir doch noch ein Feedback zu meiner Antwort.

Richtige Antwort Falsche Antwort

20



What are the most important insights? scieneers 8
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Analysis and adaptation of existing systems to your own data is crucial

« Haystack and Weaviate work well in principle

« Handling the heterogeneous data with specific pre-processing pipelines is important

» Very different document lengths are problematic

* The G Drive documents should be well structured

* Filtering and down-sampling of the high-quantity but verbose Slack messages is important
» A good evaluation dashboard with test use cases is critical to identifying problem cases

e Don't fool yourself with non-representative evaluation datasets

21



LLMs are the Future (also of our Scieneers(A) scleneers o
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Extended by some retrieval agent to access internal knowledge

How the next version architecture diagram will look like Workflow description
On-Premise .:: & Container Runtime « Still pre-processing and
On-Premise embedding all internal
, documents to store themina
I OO SBERToet ~ vector database, so that they
== | —>> Y > can get retrieved using a
Embedding Model Vector Database (Weaviate) retriever module or a full QA-
pipeline.

\ + Using some closed-source LLM
endpoint or hosting an open
LLM to act as user chat agent.

o0 [@) B8 | 3O @remes | Emeveunolcnon
a example, by adding a ChatGPT
Plugin or a Haystack Agent.

User Chat-Service Retriever Service/Agent
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