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What is a good quality output for RAG?
How does one measure a “good” output for RAG?



Loosely, it should be accurate and

“grounded” in the documents

What is a good quality output for RAG?
How does one measure a “good” output for RAG?



Where is President Barack Obama born?

[1] Barack Obama was
born on August 4, 1961...

[2] He was born to an 18-
year-old American

mother ...

[3] At six, Obama and his
mother moved to

Indonesia to join his
stepfather.

Barack Obama was born in Hawaii on
August 4 1961 [1].

What is a good quality output for RAG?



Where is President Barack Obama born?

[1] Barack Obama was
born on August 4, 1961...

[2] He was born to an 18-
year-old American

mother ...

[3] At six, Obama and his
mother moved to

Indonesia to join his
stepfather.

Barack Obama was born in Hawaii on
August 4 1961 [1].

LLM should have refused to answer
due to insufficient information

None of the
documents contain
information on where
Obama was born.

What is a good quality output for RAG?



Previous Works

https://github.com/princeton-nlp/ALCE

Ideal: Make LLM ground answer in

external documents, rather than

parametric knowledge

Incumbent Definition of Grounded:

citations support claims sufficiently

and precisely => Under such a

definition of groundedness, the

previous response would have been

deemed as good!

https://github.com/princeton-nlp/ALCE


Previous Works

https://github.com/princeton-nlp/ALCE

Under such a case, bad retriever =

bad outputs = bad scores. Search

system is measured as a whole

Measure model’s effectiveness in

the RAG system without the

confounding effect of the

retriever

Decouple the influence of model

behaviour and search efficacy on

overall system performance

Furthemore...

https://github.com/princeton-nlp/ALCE


Key Contributions

A metric, Trust-Score, to specifically measure LLM groundedness in
RAG systems

2

An alignment approach, Trust-Align to enforce LLM groundedness 3

Introduced and measured a more robust and holistic definition of
groundedness

1



LLM Groundedness

Grounded response: 

✅ Refuse to answer questions whose answer that cannot be verified

✅ Correctly answers question using given documents

✅ Inline citations to the given documents to support generated answers



Trust-Score

Grounded Refusals: Is the model able to discern which questions can
be answered or refused based on the provided documents?

Correctness scores: For the answerable questions, is the response
correct? 

1

2

Response

Citation recall: Are generated statements well-supported by the set
citations?

Citation precision: Are the citations relevant to the statements? 

1

2

Citations





Trust-Align

Dataset covers 5 types of LLM hallucination (opposite of LLM groundedness):

An alignment dataset comprising 19K questions, documents, and paired
positive and negative responses, selected from the top severity of 40K

hallucinations to enhance the groundedness of LLMs





Trust-Align boosts trustworthiness robustly



SFT of GPT-4o on Trust-Align

When aligned using a subset of Trust-Align data, GPT-4o improves its Trust Score
by 6.21 (ASQA), 23.3 (QAMPARI), and 7.41 (ELI5) points.

=> observe the potential impact of such an alignment on flagship models 



Thank you!

📎 Paper ✏️ Codebase



Improvements Generalizes on Out-of-Domain Data



Tendency of Grounding Knowledge on External Documents

Quantify the proportion of
correctly generated claims

for unanswerable questions 

Responsive models tend to rely on parametric knowledge more frequently.



A higher tendency to produce
erroneous answers based on their

parametric knowledge

More susceptible to hallucinations
stemming from their parametric

knowledge

Primary Sources of LLM Erroneous Generation

Sources of errors for answerable questions:

1. Parametric knowledge-based hallucination
 
2. Information extraction failures


