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🤗 @rajistics

Methods for evaluating Generative AI
• Exact matching 

approach
• Similarity approach
• Functional Correctness
• Evaluation Benchmarks
• Human Evaluation
• Human 

Comparison/Arena
• Model based 

Approaches
• Red Teaming

Raj guess
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🤗 @rajistics

Deep Dive: Evaluate Generative AI!

https://youtu.be/iQl03pQlYWY?si=lAK2Oi7MNt_K_8VQ
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🤗 @rajistics

Today’s plan

🤔  Why evaluation is so difficult with LLMs

🤖  Using a model as an evaluator/judge 

📊  Using LLMs to explain their predictions
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🤗 @rajistics

LLMs can be used in many ways
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🤗 @rajistics

Reliability of Open LLM Leaderboard

https://huggingface.co/spaces/HuggingFaceH4/open_llm_leaderboard

TruthfulQA is the 
differentiating 
factor

Is that impactful 
for you?
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🤗 @rajistics

Reliability of HELM

https://youtu.be/jsyL9ak3QOs?si=hNu-OeXE7GL_4mup

public results

text-davinci-002 is 
ahead of 
text-davinci-003?
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🤗 @rajistics

So many leaderboards

https://huggingface.co/spaces/HuggingFaceH4/open_llm_leaderboard
https://huggingface.co/spaces/lmsys/chatbot-arena-leaderboard

https://tatsu-lab.github.io/alpaca_eval/

● Open LLM 
Leaderboard

● MT-Bench

● Alpaca Eval
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🤗 @rajistics

Comparing Commercial APIs

Coatue: https://drive.google.com/file/d/1Z0NNZJPuQZuCWc__aJJSkrSbk9qJEdO7/view
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🤗
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🤗 @rajistics

Are leaderboards useful?

Aparna - Arize Cofounder: 
https://towardsdatascience.com/llm-evals-setup-and-the-metrics-that-matter-2cc27e8e35f3

Most approaches focus on selecting from n models



12

🤗 @rajistics

Evaluation in the ML Lifecycle

https://twitter.com/eugeneyan/status/1718769179359125945

faster, better, cheaper . . . 
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🤗 @rajistics

Evaluation of LLMs (3 Parts) 

Tokenization
Prompt Styles
Prompt Engineering

ModelInputs Outputs
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🤗 @rajistics

Story Time: MMLU Leaderboards

Why did we have two different MMLU scores?
https://twitter.com/alewkowycz/status/1662182085073977345
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🤗 @rajistics

MMLU: Massive Multitask Language Understanding

https://arxiv.org/abs/2009.03300

57 tasks: History, 
Computer science, 
mathematics
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🤗 @rajistics

Why MMLU evaluation differed

Spot the differences:

● HELM extra space
● Eleuther LM no topic line
● Question prefix?
● “Choices”

https://huggingface.co/blog/evaluating-mmlu-leaderboard
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🤗 @rajistics

Why MMLU evaluation differed: Style
Simple formatting changes:

• Going from (A) to (1)
• Going from (A) to [A]
• Adding an extra space 

between the option and the 
answer

Can lead to a ~5% change in 
accuracy on MMLU evaluation

https://www.anthropic.com/index/evaluating-ai-systems
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🤗 @rajistics

Prompting Can Affect Benchmarks
Good prompt 
engineering 
can raise 
performance

Google Gemini
Philipp Schmid
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🤗 @rajistics

Consistent Prediction Workflow to Match

Tokenization
Prompt Styles
Prompt Engineering
System Prompt

ModelInputs Outputs

Model selection
Hyperparameters
Nondeterministic inference
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The variability of LLM models

Model HyperparametersNondeterministic 
inference
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🤗 @rajistics

The variability of LLM models

https://www.cs.princeton.edu/~arvindn/talks/evaluating_llms_minefield/

Even related models 
can give very 
different outputs
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🤗 @rajistics

Non-deterministic inference

https://twitter.com/BorisMPower/status/1608522707372740609
https://152334h.github.io/blog/non-determinism-in-gpt-4/

https://github.com/stas00/ml-engineering/tree/master/reproducibility
https://twitter.com/joao_gante/status/1716831983375143382
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🤗 @rajistics

Deterministic inference in OpenAI

https://cobusgreyling.medium.com/now-you-can-toggle-openai-model-d
eterminism-8b661e02cf98
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🤗 @rajistics

Reliability of Commercial APIs over Time

https://arxiv.org/pdf/2307.09009.pdf

The performance and 
behavior of both GPT-3.5 
and GPT-4 can vary 
greatly over time.
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🤗 @rajistics

Consistent Prediction Workflow to Match

Tokenization
Prompt Styles
Prompt Engineering
System Prompt

ModelInputs Outputs

Model selection
Hyperparameters
Nondeterministic inference

Output evaluation
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🤗 @rajistics

Generating a Multiple Choice Output

Require one of the choices

First Letter Approach

✅ C - Washington
❌ Washington, Choice C

✅ C - Washington
✅ Washington, Choice C

Entire Answer
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🤗 @rajistics

Evaluating MMLU: different outputs

https://huggingface.co/blog/evaluating-mmlu-leaderboard
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🤗 @rajistics

Evaluating MMLU: different scores

https://huggingface.co/blog/evaluating-mmlu-leaderboard

Consistency 
is hard!
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🤗 @rajistics

Consistent Prediction Workflow to Match

Tokenization
Prompt Styles
Types of Prompts

ModelInputs Outputs

Model selection
Hyperparameters
Nondeterministic inference

Output evaluation

Pro TIP: Plan on Multiple Iterations when Evaluating LLMs
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🤗 @rajistics

Methods for evaluating Generative AI
• Exact matching 

approach
• Similarity approach
• Functional Correctness
• Evaluation Benchmarks
• Human Evaluation
• Human 

Comparison/Arena
• Model based 

Approaches
• Red Teaming

Raj guess
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🤗 @rajistics

What is Model based evaluation
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🤗 @rajistics

C’mon Man - This isn’t going to work
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🤗 @rajistics

Results: Improving Data Quality

Data cleaning improved the 
correctness of the LLM generated 
answers by up to +20% 

Cleaning also reduced the 
number of tokens for the context 
by up to -64% 

https://www.databricks.com/blog/announcing-mlflow-28-llm-judge-metrics-and-best-practices-llm-evaluati
on-rag-applications-part
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🤗 @rajistics

Evaluate your content as Professional

https://www.databricks.com/blog/announcing-mlflow-28-llm-judge-metrics-and-best-practices-llm-evaluatio
n-rag-applications-part

Marketing team says all content must be 
professional:

• Professionalism is a formal, respectful, and 
appropriate style of communication that is 
tailored to the context and audience. 

• It involves avoiding overly casual language, slang, 
or colloquialisms, and instead using clear, concise, 
and respectful language.
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🤗 @rajistics

Define Professionalism for the Model

https://www.databricks.com/blog/announcing-mlflow-28-llm-judge-metrics-and-best-practices-llm-evaluatio
n-rag-applications-part

📄 Define 
Professionalism

🎹 Grading Scale

🤖 Select a model
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🤗 @rajistics

Model evaluating for Professionalism

https://www.databricks.com/blog/announcing-mlflow-28-llm-judge-metrics-and-best-practices-llm-evaluatio
n-rag-applications-part

📄 Output

📊 Score

🤔 Justification
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🤗 @rajistics

• Assertion/Condition
• Length
• Language Match 

• Well known problems
• Sentiment
• Toxicity

These evaluation prompts that take very little judgement 
on behalf of the model as an evaluator

Bright lines for model based evaluation
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🤗 @rajistics

• Your system drafts an email - what functional test could you 

build?

• Properties of Emails?

• Concise? 

• Verify actions

• Tone - is it polite

Using Multiple Criteria (Functional Correctness)
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🤗 @rajistics

Apply this to Instruction 

Following

Using Multiple Criteria (Functional Correctness)

https://arxiv.org/pdf/2311.07911.pdf
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🤗 @rajistics

Consistent Prediction Workflow to Match

Tokenization
Prompt Styles
Prompt Engineering
System Prompt

ModelInputs Outputs

Model selection
Hyperparameters
Nondeterministic inference

Output evaluation
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🤗 @rajistics

• Chain of thought 
for Evaluation

Model based evaluation: G-Eval

https://arxiv.org/abs/2303.16634
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🤗 @rajistics

Model evaluation – human alignment

https://arxiv.org/abs/2305.01937
https://www.databricks.com/blog/LLM-auto-eval-best-practices-RAG

https://arxiv.org/abs/2303.16634
https://arxiv.org/pdf/2306.05685.pdf

It appears to align with humans

Human and GPT-4 judges can 
reach above 80% agreement on 
the correctness and readability 
score. And if we lower the 
requirement to be smaller or equal 
than 1 score difference, the 
agreement level can reach above 
95%.
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🤗 @rajistics

Model based evaluation: SelfCheckGPT

https://arxiv.org/abs/2303.08896

Multiple responses should 
be consistent is the model 
is not hallucinating

Sampling based approach
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🤗 @rajistics

Which model should I use?

https://arxiv.org/pdf/2310.17631.pdf

GPT-4 as the strongest 
evaluator

GPT-3.5 - cheaper for 
production use

Train your own model
• JudgeLM
• Prometheus
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🤗 @rajistics

Model Evaluation - Alternatives to 
GPT-4

https://arxiv.org/pdf/2310.08491.pdf

• Prometheus
• Fine-tuned 

Llama-2-Chat-13B
• Scores a Pearson 

correlation of 0.897 with 
human evaluators, on par 
with GPT-4 (0.882)
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🤗 @rajistics

Evaluation Output Can Be Quantitative

• Use low-precision grading scales for 
easier interpretation like 0, 1, 2, 3 or 
even binary (0, 1) 

• You can get a fine grained 
continuous score by re-weighting the 
discrete scores by their respective 
token probabilities.
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🤗 @rajistics

Model evaluation – Biases

https://eugeneyan.com/writing/llm-patterns/
https://arxiv.org/abs/2303.16634

https://www.databricks.com/blog/LLM-auto-eval-best-practices-RAG
Self Enchancement bias: https://arxiv.org/abs/2311.09766

• Position bias: LLMs tend to favor the 
response in the first position.

• Verbosity bias: LLMs tend to favor 
longer, wordier responses over more 
concise ones, even if the latter is 
clearer and of higher quality. 

• Self-enhancement bias: LLMs have a 
slight bias towards their own 
answers. 

• GPT-4 favors itself with a 10% higher win 
rate while Claude-v1 favors itself with a 
25% higher win rate. 

• Position bias: Swap the order and see 
if it makes a difference 

• Verbosity bias: Ensure that 
comparison responses are similar in 
length.

• Self-enhancement bias: Don’t use the 
same LLM for evaluation tasks.

Mitigations 
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🤗 @rajistics

Summary: Model based evaluation
✅ Cheaper and faster than human 

evaluation

✅ Align better with humans than 

reference-based and reference 

free baselines

✅ Can provide a qualitative or 

quantitative evaluation

❌ Sensitive to the instructions and 

prompts. 

❌ Several known biases
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🤗 @rajistics

Resources: Model based evaluation
Do this with hand crafted prompts:

Packages:
Ragas
Microsoft research: https://llm-eval.github.io/
True Lens
Guardrails
MLFlow

https://llm-eval.github.io/
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🤗 @rajistics

Hands on: MLflow
MLflow has added 
support for LLM 
evaluation using a 
model

https://www.databricks.com/blog/announcing-mlflow-28-llm-judge-metrics-and-best-practices-llm-evaluati
on-rag-applications-part
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🤗 @rajistics

Hands on: MLflow

MLflow has added 
support for LLM 
evaluation using a 
model

https://www.databricks.com/blog/announcing-mlflow-28-llm-judge-metrics-and-best-practices-llm-evaluati
on-rag-applications-part
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🤗 @rajistics

Hands on: Using Ragas
Ragas is a 
framework that 
helps you evaluate 
your Retrieval 
Augmented 
Generation (RAG) 
pipelines. 

https://colab.research.google.com/drive/1i78-peTBdhK5y4ZskFzC_NtLRaqvySXM
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🤗 @rajistics

Evaluating Factuality: DeepEval

https://github.com/confident-ai/deepeval

• DeepEval focuses on helping 
write unit test cases for 
evaluation

• Providing out-of-the-box 
metrics for evaluating your LLM 
applications on aspects such as 
output factuality, relevancy, 
bias, and toxicity



54

🤗 @rajistics

Hands on: Prompts

https://arxiv.org/pdf/2310.13289.pdf

Prompts in 
Bytedance
SALMONN paper
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🤗 @rajistics

Hands on: Prompts
You can write your own 
prompts for

Data Quality
Factuality/Relevance
Grading Scale

Identify low data quality:

Quality Prompt: You are now a data grader. You will 
grade the data I provide according to my 
requirements, explain the reasons, and then give a 
piece of higher-quality data based on this piece of 
data.
Please help me rate the following dialogue data in 
the field of operation and maintenance and explain 
the reasons. Require:
1. Scoring perspective: whether the problem 
belongs to the field of operation and maintenance; 
whether the problem description is clear; whether 
the answer is accurate; whether the problem has a 
certain meaning; whether the language is 
coherent; whether the problem is challenging and 
difficult.
2. Point scale: 5-point scale, 1 point: very poor; 2 
points: slightly poor; 3 points: barely qualified; 4 
points: usable; 5 points: excellent.
3. Please rate the problem and attach reasons. If 
the score is lower than 4 points, a higher quality 
data will be generated based on this piece of data.
4. Format: You can only return a parsable json 
format data, no other content. For example: ”score”: 
4, ”reason”: ””, ”modified-data”: ””. Among them, 
score represents the score for this question, reason 
represents the reason for the score, and states the 
advantages and disadvantages of the data, and 
modified-data represents You generated a new, 
higher-quality data based on the above data. 
Compared with the data provided, this new data 
solves the shortcomings you mentioned above and 
is directly available.
5. All reasons are written in reason.

6. If the score is lower than 4 points, modified-data 
must be provided.
7. Modified-data contains a complete piece of data 
that is directly available, and the quality must be 
higher and more in line with the quality of 
ChatGPT’s training data. If null needs to be output, 
replace it with None. Now please follow the above 
requirements to annotate the following 
conversation data and return your annotated 
results in pure json form: ””.

https://arxiv.org/pdf/2309.09298.pdf
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🤗 @rajistics

Hands on: Prompts
You can write your own 
prompts for

Data Quality
Factuality/Relevance
Grading Scale

https://github.com/Arize-ai/phoenix/blob/21e5e8afd51cbede1051a9561
d5dbcef7318597c/src/phoenix/experimental/evals/templates/default_

templates.py#L45
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🤗 @rajistics

Hands on: Prompts
You can write your own prompts for

Data Quality
Factuality/Relevance
Grading Scale

Please act as an impartial judge and 
evaluate the quality of the response 
provided by an AI assistant to the user 
question displayed below. Your evaluation 
should consider factors such as the 
helpfulness, relevance, accuracy, depth, 
creativity, and level of detail of the 
response. Begin your evaluation by 
providing a short explanation. Be as 
objective as possible. After providing your 
explanation, you must rate the response on 
a scale of 1 to 10 by strictly following this 
format

https://www.databricks.com/blog/L
LM-auto-eval-best-practices-RAG
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Model based 
explanations
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🤗 @rajistics

Can you explain your predictions?

Can we rely on a 
model to explain its 
own predictions?

https://arxiv.org/pdf/2310.11207.pdf
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🤗 @rajistics

Explanations outside of LLMs

SHAP for Tabular
SHAP

http://projects.rajivshah.com/blog/2022/08/14/explaining_transformers/

SHAP for Transformers
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🤗 @rajistics

Explanations outside of LLMs

SHAP
http://projects.rajivshah.com/blog/2022/08/14/explaining_transformers/

SHAP for Transformers

● Improve/diagnose 
your model

● Explain the predictions 
to a stakeholder

● Related to uncertainty 
for predictions
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🤗 @rajistics

LLMs aren’t easily explainable

The internal of 
transformers aren’t 
interpretable

Need to use external 
sources to evaluate a LLM

https://arxiv.org/pdf/2312.01429.pdf
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🤗 @rajistics

Explanations improve performance

Big Bench: https://arxiv.org/pdf/2204.02329.pdf
Information Extraction: https://arxiv.org/pdf/2304.10149.pdf

40 Tasks in 
Big Bench

explanations for 
information extraction by 
ChatGPT were better than 

the ground truth

explanations can 
improve the performance 

of large LMs on 
challenging tasks
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🤗 @rajistics

Explanations improve performance

https://arize.com/blog/calling-all-functions-benchmarking-openai-function-calling-and-explanations/

Get an explanation with 
the answer

Retrieval Augmented 
Generation (RAG)
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🤗 @rajistics

Explanations help us understand

Recommendation: https://arxiv.org/pdf/2304.10149.pdf
Text Classification: https://www.sciencedirect.com/science/article/pii/S156625352300177X

Recommendation 
Tasks

Text Classification
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🤗 @rajistics

Explanations help us understand

Jason from Arize

I was just running through one this morning 
with a customer for a code functionality 
Eval check for a code Generation LLM, the 
explanations pointed exactly to the 
problems in the code generation.

In this case it was fixes around what other 
information we should add to the context 
window.
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🤗 @rajistics

Explanations help us understand

https://arxiv.org/pdf/2211.07517.pdf

GPT-3 better on easy 
examples

Humans are better at 
hard examples 
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🤗 @rajistics

Explanations help us understand

https://arxiv.org/pdf/2305.04388.pdf

Biasing the model can 
affect prediction and 

explanation

Biases:
• Answer is always A
• Suggested answer
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🤗 @rajistics

Explanations take compute resources

https://arize.com/blog/calling-all-functions-benchmarking-openai-function-calling-and-explanations/

Explanations do 
require:
• more compute 

($$)
• longer latency 

(wait)
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🤗 @rajistics

How to Get Explanations?

Predict -> Explain

Explain -> Predict
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🤗 @rajistics

Compare E->P with P->E

https://arxiv.org/pdf/2205.03401.pdf

Maybe E➡P  is better?
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🤗 @rajistics

Compare E->P with P->E

https://arxiv.org/pdf/2310.05657.pdf

Tip: 
Try sampling some ratings 
using rate-explain and 
sampling some ratings using 
analyze-rate

Factors:
Complexity of the task
Does it help thinking about it 
step by step help
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🤗 @rajistics

Improving P->E with better prompts

https://openreview.net/forum?id=s_tbKY4cXL

By using explanations in the 
prompts that are calibrated, 
you can get a boost in 
performance. 

Better than Few-Short and E/P
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🤗 @rajistics

Best Practices for Explaining LLM 
Predictions
• Larger Model -> Richer Knowledge
• Prompting -> Need to model to provide explanations
• Experiment with prompting!

• Consider KNN/Few shot approach
• In Domain -> Can’t expect explanations outside of the 

training data
• Let raj know what you find
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🤗 @rajistics

What’s next

🤔  Recognize the importance of evaluation

🤖  Start using models for evaluation 

📊  Get explanations from LLMs
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