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Overview

Presentation (10 minutes)
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e What is Retrieval Augmented

Generation (RAG)? PHOENIX
e \What are Response Evals?
e \What are Retrieval Evals?

Colab Code Along (30 minutes) Arize Phoenix Phoenix
Community repo docs

e LLM Application Tracing Workflows
(LLM Observability)

e Phoenix Traces and Spans

e Retrieval Evals and Metrics
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Retrieval Augmented Generation (RAG): Pros and Cons

Pros

e RAG can greatly improve the

performance of your LLM application ool
e You can leverage LLM capabilities 100% Big base
. . model
with proprietary data o

data engine

e Advanced methods continue to
come out for improved performance

Cons

Small base
model

e Troubleshooting RAG workflows can
become time consuming

e If system is not monitored, there can — rwoor  semevaswous NG Eomcoumey
be several points of failure in the RAG
system

Andrej Karpathy (https:/twitter.com/karpathy/status/1655994367033884672)
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How does RAG
work?
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of articles
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Chunk Chunk Document Chunk
Embedding ID
What countries support International Calling
<-|' 1' 2’ 4> 1 i it Cato o o ma:‘"ﬁ“’
<100, 309, 4,
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5 Prompt

User is asking “Do you
support international
calling?”

Here's relevant
content. Can you
answer?

What countries support International Calling

© All Rights Reserved



Retrieval Evals vs Response Evals

2

Knowledge base

&} Pinecone

. User
@ mil User que! LLM Response
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¢ Quey
embedaing Search & Retrieval
Prompt
— | Vectorstore | — | with Context and
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Sample of the Prompt & Retrieved LLM response [ﬁ [;;ﬂ
vector store prompt template context
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Retrieval Evals vs Response Evals

2

Knowledge base

&} Pinecone

it User
@ Mil User query LLM Response feedback
oo e e

¢ Query
embedding Search & Retrieval
Prompt
——»| Vector store — | With Context and
User Query
|
Sample of the Prompt & Retrieved LLM response
vector store prompt template context [@ [;;U
Precision @4 = 80% Hallucinations = False
NDCG = 75% Correctness = True
Hit = True
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Response Evaluations

Measure the appropriateness of the response
generated by the system when the context was
provided.

If LLMs do not have ground-truth labels evaluation can
be done using the following response evaluation
criteria:

Categorical (binary)

Is the summary correct?

e QA Correctness - whether a question was

correctly answered by the system based on the

retrieved data' incorrect ‘ correct
e Hallucinations — detect LLM hallucinations

relative to retrieved context.
e Toxicity — identify if the Al response is racist,

biased, or toxic.
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Retrieval Evaluation Metrics

Assess the accuracy and relevance of the documents that were retrieved

nDCG Hit Rate Precision @K
To measure the % of queries that have Precision = % relevant
effectiveness of your relevant context. documents, up to ‘K’
top ranked documents, retrieved documents.
Hit is a binary metric
Takes into account the (relevant document Precision@3 = 33%,
position of relevant was or wasn't if 1 out 3 docs is

docs. retrieved) relevant.
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Example Workflows:
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llll

Is the response correct?

Is your ranking metric good
You're a rockstar (i.e above the monitored threshold)?

You are dealing with a reponse issue You are dealing with a retrieval issue

. 3 3 Step 1: Review the ranking metrics
Step l:Promptengineering (NDGC, Precision, hit rate, etc.)

If after a series of prompt
engineering iterations and your " "
model is still giving bad responses Stap Z Reviaw'the
retrieved documents

Step 2: Fine-tuning or New
P Model Selecgon Are the documents available

to the LLM relevant?

Is relevant knowledge available

Step 1: Experiment with

(i.e does it exist)?
Chucking Techniques

Step 2: Improve Text

Extraction Method
Add relevant

Use prompt
documents to engineering to
knowledge base edit response
and index.

accordingly.
Step 3: Test Different

Embedding Models
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PHOENIX

Now let’s put these concepts into practice
with a code-along session!



Thank you

©

Sign up for free Resources Events
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https://app.arize.com/auth/join
https://arize.com/resource-hub/
https://arize.com/events/
https://app.arize.com/auth/join
https://arize.com/resource-hub/
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Docs

Tutorials, examples
and integrations

A arize

Arize Al

ML Observatilty Platform for realtime monitoring, analysi, and explain

Aize s the machine learning observabilty platform for ML practtoners
explain modsis. Data Science and ML Engineering teams of al sizes (T

auize o

« Fualuate, monitor, and troubleshoot LLM applications

« Monitor real time model performance, it support for delayed grouf

« Conduct multimodel performance comparisons.

* Surface dif data quality, and model famess/bias metrics

Arize Product Demo
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Product De!
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Resources

Resource Hub

Collection of papers, case studies,
tutorials, videos and interviews

Resources

Navigate by content type or topic

Everything Papers Case Studies Tutorials Videos Blog Podcasts Course

= Filter /1 Top Resources

iteig st ] Top Al Conferences of 2024: Generative Al and Beyond

AlnthoEnterprisa  Enterprise  Largo Language Modols | 2 minutes read

DotaQualiy  Drft  Embeddings  Explainabilty
Falmess  Getting Started with Arize  Integrations
LLMEvaluation  Monitors  Performance Tracing

Phosnix  Use Cases

RAG Time! Evaluate RAG with LLM Evals and Benchmarking

Popular Topics Worksiop | 6 seconds read

Agents AlEthics  AIRisk  Arize Product
ArizeQbserve  Company News  Computer Vision
DataQualiy  Decplearning  Drift Detection
Embeddings  Enterprise  Explainabiliy G,
FineTuning  Generative Al Governance

Laboling  Large Language Mosels  Loadershio
LMEvals LM Orchestration ML Monitoring
MLObsenabiity  MLService  MLTools  MLOps
Model Performance Troublesheoting  NLP

Outlier Detaction  Partnerships  Phosnix
Prompt Engneering  Retraining  Traces and Spans

Troubleshosting

LLM Evaluation: Everything You Need To Run, Benchmark LLM Evals

Mistral Al (Mixtral-8x78): Deep Dive Into Latest Models

Generatve Al Large Language Models  Paper Readings | 34 minutes read

Community

Network with ML enthusiasts
and stay up to date with
Al observability advancements

Arize Community

Join the Arize Slack Community

W certification

@ Meetups

Arize Community Events
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