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Factual knowledge

LM parameters encode a wealth of factual information

f;sy text-davinci-002

How many species of beetles are
there”

There are more than 350,000
species of beetles.

350,000

Beetles (Order Coleoptera) are known to include some 350,000
described species. In the United States, there are nearly 30,000
kinds of beetles known. These figures are rising constantly due

to the naming of new species by taxonomists. Size.

Smithsonian Institution
https://www.si.edu » spotlight » buginfo > beetle  :

Beetles (Coleoptera) | Smithsonian Institution




Hallucinations

Their outputs often include factual errors.
@ text-davinci-002
What are some of the key papers in the literature on beetles”

Some key papers on beetles include:

{Beetles: Their Ecologlcal and Evolutlonary Importance by Dawd
'B. Thomas and John L. Maier i

!The Evolution of Beetles by Daniel H. Janzen and Paul R. Ehrlich

The Beetle Fauna of North America (Coleoptera: Scarabaemdea |
; through Curcullonmdea) by Mlchael C. Thomas

IR IYs




Parametric and Non-parametric memories
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Parametric: Information
encoded in NN parameters

Non-Parametric: Usually
information stored in a textual
corpus (e.g. Wikipedia)




Key guestions studied In our analysis

1. Effectiveness and limitations of parametric memories
» When do LMs hallucinate”

» Does scaling help?
2. Effectiveness and limitations of non-parametric memories

3. How do they complement each other?



Effectiveness and Limitations of
Memories
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When do LMs hallucinate?

1. Prior/Concurrent Work

2. Our Approach



When do LMs hallucinate?

1. Prior/Concurrent Work



Predicting Failures of Factual Knowledge

P(IK) on In-Distribution Evals (52B Model)
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Saurav Kadavath et al., “Language Models (Mostly) Know What They Know” (2022)



Predicting Failures of Factual Knowledge

Natural Questions

BLOOM Model
=@= 176B
7.1B
0.5 3B
1.7B

1.1B
=@= 560M

For each model, QA accuracy
increases with the number of
relevant pre-training documents
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Nikhil Kandpal et al., “Large Language Models Struggle to Learn Long-Tail Knowledge” (2022)
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When do LMs hallucinate?

2. Our Approach



New dataset: POpQA

Focus: Factual knowledge  (Kathy Saltzman, - Politician)

|II ‘I I Subject Relationship Object

WIKIDATA

Task: Open-domain QA Q: What is the GGCHPEEION of
Kathy Saltzman?

A: politician
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Hypothesis: Popularity predicts memorization

Pop = monthly Wikipedia page views

Pop(Kathy Saltzman) << Pop(Barack Obama)

E{) Accv(Kathy Saltzman, -, Politician)

< Acc.u(Barack Obama, -, Politician)

13



Does popularity predict factual knowledge”?

Factual accuracy is positively correlated with
oopularity across LMs
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1Sidney Black et al., “GPT-NeoX-20B: An open- source autoregressive language model ,” (2022)

2Susan Zhang et al., "Opt: Open pre-trained transformer language models.” (2022)
3Tom Brown et al., “Language models are few-shot learners.” (2020) 14




Does popularity predict factual knowledge”?

Larger LMs show a greater correlation
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Does popularity predict factual knowledge”?

For each [relationship type. ..

@u text—davinci—OOS,-

Q: Who was the -of

The Titanic?
A:

accuracy

subject log-popularity



Does popularity predict factual knowledge”?

Correlation between
log(popularity) and accuracy

Factual accuracy is positively correlated with
popularity across relationship types

"“Aggregate foccupation

GPT-neo 1.3B GPT-neo 2.7B GPT-j 6B OPT 13B GPT-3 davinci 002
~mm OPT 1.3B ~ mm OPT 2.7B BEm OPT 6.7B W GPT-neox 20B BEm GPT-3 davinci 003

author director country capital of capital religion sport %
(n=532) (n=1514) (n=1999) (n=838) (n=363) (n=645) (n=338) (n=547) 3

(n=14267) % ]



Won'’t scaling solve LMs’ factual
unreliability?



Effects of Scaling

Even the largest LMs
parely outperform the
smallest LMs for tall
guestions
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Effectiveness and Limitations of
Memories
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How can retrieval help?



Non-parametric memory:
Retrieve-and-read

Retrieve Read

Trustworthy Corpus - =' L.
(Wikipedia) ===

In 1999 "The White Suit" an auteur
film by Ristovski (director, writer,
lead actor, and producer) was at
the Cannes Film Festival in...

Q: Who was the director of The
White Suit?
A:

Q: Who was the
director of The
White Suit?

Retriever (BM25
or Contriever)

Lazar Ristovski v

In 1999 "The White Suit" an auteur
film by Ristovski (director, writer,
lead actor, and producer) was at
the Cannes Film Festival in...

1 Gautier Izacard et al., “Unsupervised Dense Information Retrieval with Contrastive Learning” (2022)
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Results of retrieval-augmented LM

Non-parametric retrievers cause large improvements

Accuracy (%)

50 B Vanilla B Contriever
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Results of retrieval-augmented LM

1.83B GPT+retriever is better than GPT-3 (003; 175B7)

Accuracy (%)

50 B Vanilla B -Contriever

GPT 1.3B GPT-2.7B GPT-6B GPT-3 (003)
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Retrieval in the tail?



When does retrieval help”?

Non-parametric knowledge
helps significantly for less
popular entities

—— Vanilla GenRead —-== BM25 === Contriever

PopQA
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How do they each
other?
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Complementarity of parametric and
noNn-parametric memories

Adaptive Retrieval
Retrieval is...
’ espec I a I Iy | /Saltzrv:::'tsiic':(cat:h:\,tion'? {Whatl.itsn::‘s?ac:ap?ital o
helpful in the ‘ —— o/ '
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Adaptive retrieval for performance

Adaptive Retrieval improves performance across LMSs

B parametric only adaptive B non-parametric only
40
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Adaptive retrieval for efficiency

Adaptive Retrieval improves efficiency across LMs

Latency (sec) / query APl cost ($) / 1k queries

B parametric only adaptive [l non-parametric only
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Summary

* Retrieval complements LM parametric memory:

* Retrieval is especially helpful in the tail

LM parametric memory is more reliable for popular knowledge
« Scaling is relatively ineffective in the tall
e Adaptive retrieval improves reliability and efficiency

Paper: https://arxiv.org/abs/2212.10511

Code & Data: https://github.com/AlexTMallen/adaptive-retrieval

Links P

Contact:
Alex Mallen / atmallen@cs.washington.edu / Q @AlexTMallen
Akari Asai / akari@cs.washington.edu / 0 @AkariAsai




