Retrieval-Augmented
Language Models

CS6120: Natural Language Processing
Northeastern University

David Smith
with slides from Graham Neubig and Akari Asai



Knowledgable and versatile Language Models (LMs)

gpt-4 I
vision)

gpt3 5 W

gpt-4 (no

Exam results (ordered by GPT-3.5 performance)

Estimated percentile lower bound (among test takers)

100% —

_
&
Qo
@

60% -

40% —

20% —

0%

Open Al. 2023. GPT4 Technical Report.




Knowledgable and versatile Language Models (LMs)

@ You

Write a poem about large language models, including the following three words: coffee, croissants
and banana (*February 18, 2024)
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@ You

Write a poem about large language models, including the following three words: coffee, croissants
and banana (*February 18, 2024)

ChatGPT
In the realm where thoughts converge and flow, Croissants of syntax, buttered with care,
Resides a wonder, a grand tableau, Layered meanings, rich and rare,
Where words dance in intricate array, Each line a pastry, crisp and sweet,
In the domain of the model's sway. In the banquet of words, where senses meet.

From the depths of bytes, they come alive,

Banana-shaped metaphors, ripe and bold,
In the language vast, where dreams contrive,

| In the orchard of thoughts, they unfold,
Coffee-fueled, the model's might,

_ _ Symbolic fruits of the mind's terrain,
Awakens realms in the dead of night.

Nourishing narratives, ripe with gain.
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Hallucinations in LM outputs (DeepSeek R 1)

Explain David Smith, a computer scientist at Northeastern University, including a list of his famous papers.

Thinking...

Okay, the user wants me to explain David Smith, a computer scientist at Northeastern University, including a list of his famous papers. Let me start by recalling who
David Smith is. He's known for his work in programming languages and compilers. But wait, there are several David Smiths in academia, so | need to make sure I'm
referring to the right one. Northeastern University's David Smith—let me check his main areas.

Hmm, his research focuses on programming languages, particularly the Rust compiler. That's a big project, so he must be a key contributor. The user might be
interested in his technical contributions. But they also asked for a list of famous papers. | should verify which papers are most cited or influential. The Rust
project papers from 2019-2020 come to mind. Those are probably the most well-known.

Wait, the user might not just want a list. They might be looking for someone to recommend for a project related to Rust or compilers. Or maybe they're a student
considering working with him. Including his role as a principal investigator on the Rust compiler could be important. Also, his position as an Associate
Professor—maybe the user is interested in academic collaborations or job opportunities.

| should structure the explanation to highlight his main contributions first, then the papers. But how detailed should the papers be? The user might not need every
paper, just the most significant ones. Let me list the Rust papers and maybe mention others like the ownership system. But wait, are those papers standalone or part
of the Rust project? The ownership system is a key part of Rust, so including that would add value.

Also, considering the user's possible deeper needs: they might be researching for a paper, looking for references, or seeking an expert in the field. Including his
affiliation with Northeastern and his role in Rust could help others find his contact or his lab. Maybe they want to know his impact in the industry too, since Rust
IS widely used.

| need to make sure the information is accurate. Let me cross-check the publication years and authors. The Rust papers from 2019-2020 were indeed major releases. The
ownership system paper is from 2021. Other papers like the borrow checker might be part of the same body of work. Should | mention his other roles, like being on the
Rust team? Yes, that adds credibility.

Wait, the user might not know that David Smith is part of the Rust team. Including that could be useful. Also, explaining the significance of each paper briefly
would help. For example, the 2019 paper introduced key features, the 2020 one was about incremental compilation, which is crucial for large projects. The ownership
system paper details the language's memory safety, a big deal in systems programming,.



The hallucination continues

Okay, let's break down David Smith, a prominent computer scientist at Northeastern University.
## Who is David Smith (Northeastern University)?

* *Position:*™ He is an Associate Professor of the Practice in the Department of Computer Science.

* *Research Area:* His primary research focus is on Programming Languages and Compilers.

* **Significance:™ He is one of the **Principal Investigators (Pls)*™ on the *Rust programming language project™ at Northeastern University. This is one of the
most influential projects in modern systems programming.

* *"Key Contributions:™ His work is deeply involved in the design, implementation, and evolution of the Rust compiler and language. He contributes significantly
to the core infrastructure, language features, and tooling of Rust.

## Why is David Smith Important?

His importance stems directly from his leadership and technical contributions to the **Rust programming language**. Rust has gained immense popularity for its unique
combination of performance, safety (Quaranteeing memory safety without a garbage collector), and parallelism, making it a cornerstone for building reliable and
efficient systems software. Working as a Pl on such a high-profile and impactful open-source project places him at the forefront of a major trend in computer

science.

## List of His Notable Papers (Primarily Co-authored, Focusing on Rust)

While David Smith is part of a large team contributing to Rust, several key publications stand out, often representing major releases or significant architectural
changes to the language/compiler:

1. *™Smith, David; et al.** (Rust Team). "Rust Programming Language." *Proceedings of the ACM Programming Languages®, 2019. (Often cited for the 1.0 release or
major features introduced around that time, e.g., const generics preview, improved Cargo).

* *Significance:” Represents the foundational work and key features solidifying Rust's capabilities.
2. **Smith, David; et al.* (Rust Team). "Rust 2021: An Update on the Revision of the Rust Programming Language." *Proceedings of the ACM Programming Languages®,
2020. (Often refers to the 2021 language release cycle).
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ChatGPT hallucinates

Describe David Smith, a computer scientist at Northeastern
University, including some of his most important papers.

David Smith is a well-respected computer scientist who is associated with Northeastern University. His
research primarily revolves around areas like data science, machine learning, natural language
processing (NLP), and computational linguistics. While specific personal or career details might vary
over time, he is known for his work in fields that bridge the gap between theoretical foundations and

practical applications.
Some of his significant contributions can be linked to:

1. Natural Language Processing (NLP) and Text Mining

David Smith has worked on computational techniques for processing human language, a cornerstone of
NLP. His research often combines computational models with large-scale data to improve language

understanding and machine learning processes.

Some Key Papers (and Topics) Associated with David Smith:

"The Oxford Dictionary of Computational Linguistics"

This is a significant contribution to the field of computational linguistics. While Smith might not be the
sole author, his involvement in such works has helped define technical terminology and concepts that
are essential for the development of language-processing tools and systems.

"Fast, Scalable Construction of Parsing Models"

This paper discusses efficient ways to build computational models for parsing sentences in natural
language, helping algorithms understand syntax more effectively and at scale.

"Topic Models: A Survey"

Smith contributed to the survey of topic models, which are critical for understanding large corpora of
text by automatically discovering topics within. This has widespread applications, from document
clustering to recommendation systems.

"Statistical Approaches to Natural Language Processing"

This paper outlines various statistical models used for language understanding. It highlights the shift

from rule-based systems to statistical models and is foundational for modern NLP research.
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When | log in, ChatGPT searches the web, and then...

 "Two-stage query segmentation for information retrieval." M. Bendersky, W. Bruce Croft, D. A.
Smith. In SIGIR, 2009.  khoury college o...
e Contribution: In the IR domain, proposed segmenting user queries into meaningful phrases (two-
stage segmentation) to improve retrieval performance.
« Significance: Bridges IR (information retrieval) and NLP, showing Smith’s cross-disciplinary reach.
o "Automatic collation for diversifying corpora: Commonly copied texts as distant supervision for
handwritten text recognition.” D. A. Smith, J. Murel, J. Parkes Allen, M. T. Miller. CHR 2023.
Kheoury Cellege c...
« Contribution: Addresses historical-print handwritten text recognition, leveraging automatic
collation (aligning repeated texts) to create supervision for recognition models.
« Significance: Demonstrates how NLP methods can be applied to digital humanities (e.q.,

manuscript studies) where labelled data is scarce.

These are just a representative sample; his publication list is quite broad, covering topics from syntactic

parsing to retrieval, to digital humanities tasks.

Impact & relevance

« Smith's work has contributed to core NLP methodologies (e.g., parsing, latent structure) and
expanded into domains such as IR and digital humanities.

« His position at the NULab shows his interest in interdisciplinary work — combining text analysis,
spatial/network data, and social science.

« By bridging “pure” NLP/ML and the humanities/digital libraries, his research has been influential for
scholars working at that intersection. J

« His teaching includes courses such as Natural Language Processing (CS6120) and Information
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Air Canada must honor refund policy
invented by airline’s chatbot

Air Canada appears to have quietly killed its costly chatbot support.

ASHLEY BELANGER - 2/16/2024, 12:12 PM
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Retrieval-augmented LMs
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Inference: Index
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Inference: Index
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Q:Why should we use retrieval-augmented
language models!



A: Because retrieval-augmented LMs can solve
many core limitations of parametric LMs!



Problems with Parametric LMs

e Accuracy issues:

e Knowledge cutoffs. parameters are usually only updated to a particular time

* Private data: data stored in private text or data repositories not suitable for
training

e [earning failures: even for data that the model was trained on, it might not
be sufficient to get the right answer

o Verifiability issues: It is hard to tell if the answer is correct

* |Information asymmetry between user and opague parameters in an LM
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Core limitations of parametric LMs

Hallucinations
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Core limitations of parametric LMs

Explain David Smith, including the list of his famous papers.
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His most famous paper is “Rust 2021: An Update on the Revision of
the Rust Programming Language.”

Language model
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Core limitations of parametric LMs

Case 1:23-cv-11195 Dacument 1 Filed 12/27/23 Page 1 of 69

UNITED STATES DISTRICT COURT
SOUTHERN DISTRICT OF NEW YORK

THENEW YORK TIMES CONPANY
Plamtiff, Crvil Action No.

Y.
MICROSOFT CORPORATION, OPENAL INC.,
OPENAT LP, OPENAI GP, LLC, OPENAL LLC,
OPENAI OPCO LLC. OPENAI GLOBAL LLC, JURY TRIAL DEMANDED

Al CORPORATION, LLC, and OPENALI
HOLDINGS. LI.C,

COMPLAINT

Defendants,

Plaintill The New York Times Company (“The Times™), by i averneys Susman Godliey
LLP and Rothwell, Figg, Emst & Manbeck, P.C ., for its complaint against Defendants Microsoft
Corporation (“Microsalt™) and OpenAl Inc., OpenAl LP, OpenAT GPLLC, OpenATLLC, OpenAl
OpCo LLC, OpenAl Global LLC, OAI Corporation, LLC, OpenAl Holdings, LLC, (collectively
“OpenAT” and, with Microsoft, "Defendants™), alleges as follows:

L NATURE OF THE ACTION

1. Independent joumalism is vital to our democracy. It is also increasingly rare and

Copyright / privacy

valuable, For more than 170 years, The Times has given the world deeply reported. expert,

independent journalism. Times journalists go where the story is, often at great nsk and cost, to
inform the public aboul important and pressing issues. They bear witness o conflicl and disasters,
provide accountability for the use of power, and illuminate truths that would otherwise go unseen.

Their essential work 1s made possible through the offorts of a large and expensive organization N eW YO l‘l( Ti m e S l aWSUit S

that provides legal, security, and operational support, as well as editors who ensure their journalism

[ J
meets the highest standards of accuracy and fairness. This work has alwavs been important. But ag al n St O p e n AI
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Case 1:23-cv-11195 Dacument 1 Filed 12/27/23 Page 1 of 69
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sa B, Defendants’ GenAl Products

THENEW YORK TIMES C 1
L4

o A Business Model Based on Mass Copyright Infringement
7 —

MICROSOFT CORPORATI 57. Despite its early promises of altruism, OpenAl quickly became a multi-billion-
OPENAT LP. OPENAI GP, [
OPENAI OPCO LLC, OPEN ] o . L .

.:;1 COR("’SR““?ON’ Lic, dollar for-profit business built in large part on the unlicensed exploitation of copyrighted works
HOLDINGS. LI.C,

pefent P€lONging to The Times and others. Just three years after its founding, OpenAl shed its exclusively

Plaintill The New York Times Company (“The Times"), by i atorneys Susman Godliey
LLP and Rothwell, Figg, Emst & Manbeck, P.C, for its complaint against Defendants Microsoft
Corporation (“Microsofi”) and OpenAl, Tnc., OpenATLP, OpenATGPLLC, OpenATLLC, OpenAl
OpCo LLC, OpenAl Global LLC, OAI Corporation, LLC, OpenAl Holdings, LLC, (collectively
“OpenAT” and, with Microsoft, "Defendants™), alleges as follows:

L NATURE OF THE ACTION
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Copyright / privacy

valuable. For more than 170 wears, The Times has given the world deeply reported. expert,

independent journalism. Times journalists go where the story is, often at great rnisk and cost, to
inform the public aboul important and pressing issues. They bear witness o conflicl and disasters,
provide accountability for the use of power, and illuminate truths that would otherwise go unseen.

Their essential work is made possible through the efforts of & large and expensive organization N ew YO l‘l( Ti m e S l aWSUit S

that provides legal, security, and operational support, as well as editors who ensure their journalism

[ J
meets the highest standards of accuracy and fairness. This work has alwavs been important. But ag al n St O p e n AI
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How retrieval-augmented LMs solve the issues?

Hallucinations Significant improvements across model scale,

with larger gain with smaller LMs
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Mallen et al. When Not to Trust Language Models: Investigating Effectiveness of Parametric and
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Retrieved text can be used as attributions

: : Input
Lack of attributions
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How retrieval-augmented LMs solve the issues?

Replacing datastores to catch up dynamically
changing world without re-training

Input

Query LM (GPT-3)

Costs of adaptations

Ot
AN

2025 Output

Kasai et al.,. REALTIME QA: What’s the Answer Right Now.
NeurlPS Dataset and Benchmark 2023.
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Min et al., SILO Language Models: Isolating Legal Risk In a
Nonparametric Datastore. ICLR 2024.
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Copyright / privacy
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How retrieval-augmented LMs solve the issues?

Smaller LMs with retrieval outperform much larger
LMs e.g., GPT-3
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Large parameter size GPT-1.3B GPT-3 (003)

Mallen et al., When Not to Trust Language Models: Investigating Effectiveness of Parametric and
Non-Parametric Memories 2023.
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Inference: Index

Goal: find a small subset of elements In a datastore
that are the most similar to the query

s1m: a similarity score between two pieces of text

Py f ) # of total docs
sim(i, j) =/tf,

]X lOg
N df : of docs co ntammg l

# of occurrences of i n j

sim(z, /) = Encoder(i) - Encoder(;)

Maps the text into an h-dimensional vector



Inference: Index

Goal: find a small subset of elements In a datastore
that are the most similar to the query

s1m: a similarity score between two pieces of text
# of total docs
tf X log An entire field of

imi. ) {if)

— f - J# of docs containing 1 study on how to get
# of occurrences of 1IN J — (OI‘ |ea|~n) the

similarity function

better
sim(i, j) = Encoder(z) Encoder(/) (We'll see some later!)

Maps the text into an h-dimensional vector




Inference: Index

Goal: find a small subset of elements In a datastore
that are the most similar to the query

s1m: a similarity score between two pieces of text

Index: given ¢, return argTop-k - g,81m(q, d) through fast nearest neighbor search

https://github.com/
facebookresearch/faiss/wiki/
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Inference: Index

Goal: find a small subset of elements In a datastore
that are the most similar to the query

s1m: a similarity score between two pieces of text

Can be a totally separate research area on
how to do this fast & accurately

Index: given ¢, return argTop kdEQZSlm(q, d) through fast nearest neighbor search

k elements from a datastore

https://github.com/
facebookresearch/faiss/wiki/
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Categorization of retrieval-augmented LMs

to retrieve?
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Three representative architectures

VWhat: Text chunks VWhat: Text chunks
How: Input How: Intermediate
Input augmentation (RAG) Intermediate fusion
What: Tokens
How: Output

Output interpolations



Three representative architectures

What: Text chunks
How: Input

REALM (Guu et al., 2020)

VWhat: Tokens
How: Output

KNN-LM (Khandelwal et al., 2020)

What: Text chunks
How: Intermediate

RETRO (Borgeaud et al., 2021)
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REALM (Guu et al 2020)

Guu et al. REALM: Retrieval-Augmented Language Model Pre-Training. ICML 2020.
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x = World Cup 2022 was the last before the increase to [MASK] in the 2026 tournament.

— FIFA World Cup 2026 will expand to 48 teams.

World Cup 2022 was ... the increase to [MASK] in 2026.

Retrieval

k chunks of text | FIFA World Cup 2026
(passages) will expand to 48 teams. o 48
Retrieve stage Read stage

Guu et al. REALM: Retrieval-Augmented Language Model Pre-Training. ICML 2020.
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X = World Cup 2022 was ... the increase to [MASK] in 2026.

/ Fast nearest neighbor search

FIFA World Cup 2026
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In 2022, the 32 national o —
teams involved in the Encoder kull e © ©
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after winning its match Encoder | X = Encoder(x)
against lran ...

Wikinedia Zys---,3 = arglop-k (X - )

13M chunks (passages) k retrieved chunks
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Guu et al. REALM: Retrieval-Augmented Language Model Pre-Training. ICML 2020.
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Guu et al. REALM: Retrieval-Augmented Language Model Pre-Training. ICML 2020.
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Recent trend: RAG with LLMs

Existing parametric LMs
(e.g., GPT-3)

%%-

Simply combining existing models w/o
training has shown to be successful!

Off-the-shelf retrievers (e.q.,
Google search, BM25, DPR)

Shi et al. REPLUG: Retrieval-Augmented Black-Box Language Models. Arxiv 2023.
Ram et al. In-Context Retrieval-Augmented Language Models. TACL 20283.
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Borgeaud et al. Improving language models by retrieving from trillions of tokens. ICML 2021.
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— designed for many chunks, frequently, more efficiently

/' Scale the datastore (1.8T tokens)
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Borgeaud et al. Improving language models by retrieving from trillions of tokens. ICML 2021.
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x = World Cup 2022 wasfthe last with 32 teams,/before the increase to
X, X, X

1 k

Xl pl e o o pl
Retrieval | k

1 k

X3 p3 o o o p3

(A1 X k X d matrix)

(r = # tokens per text chunk)
(d = hidden dimension)
(k = # retrieved chunks per split)

Borgeaud et al. Improving language models by retrieving from trillions of tokens. ICML 2021.
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Chunked Cross Attention (CCA)



Chunked Cross Attention

Outputs from the previous layer H

Borgeaud et al. Improving language models by retrieving from trillions of tokens. ICML 2021.
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Chunked Cross Attention
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Borgeaud et al. Improving language models by retrieving from trillions of tokens. ICML 2021.



Chunked Cross Attention

e |
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Outputs from the previous layer H Inputs to the next layer

Borgeaud et al. Improving language models by retrieving from trillions of tokens. ICML 2021.



Results

Perplexity: The lower the better

AN

Model Retrieval Set #Database tokens #Database keys  Valid Test
Baseline transformer (ours) - . - 21.53 22.96
kNN-LM (ours) Wikipedia 4B 4B 18.52 19.54
RETRO Wikipedia 4B 0.06B 18.46 18.97
RETRO C4 174B 29B 12.87 10.23
RETRO MassiveText (1%) 18B 0.8B 18.92 20.33
RETRO MassiveText (10%) 179B 4B 13.54 14.95
RETRO MassiveText (100%) 1792B 28B 3.21 3.92

RETRO (w/ Wikipedia) outperforms its parametric counterpart

Borgeaud et al. Improving language models by retrieving from trillions of tokens. ICML 2021.



Results

Perplexity: The lower the better

AN

Model Retrieval Set #Database tokens #Database keys Vahd Test

;Basehne transformer (ours) . o 21 53 __ 22 96

T — W‘klpedla T 0,068 18.46 1897}

L ETRO L e e L T e S AN . SR e e o 1 i SIS g . *' s *" i .

RETRO MassiveText (1%) 18B O.8B 18.92 20.33
RETRO MassiveText (10%) 179B 4B 13.54 14.95
RETRO MassiveText (100%) 1792B 28B 3.21 3.92

RETRO (w/ Wikipedia) outperforms its parametric counterpart

Borgeaud et al. Improving language models by retrieving from trillions of tokens. ICML 2021.



Results

Perplexity: The lower the better

AN

Model Retrieval Set #Database tokens #Database keys  Valid Test
Adaptive Inputs (Baevski and Auli, 2019) - - - 17.96 18.65
SpaLM (Yogatama et al., 2021) Wikipedia 3B 3B 17.20 17.60
kNN-LM (Khandelwal et al., 2020) Wikipedia 3B 3B 16.06 16.12
Megatron (Shoeybi et al., 2019) - - - - 10.81
Baseline transformer (ours) - - - 21.53 22.96
kNN-LM (ours) Wikipedia 4B 4B 18.52 19.54
RETRO Wikipedia 4B 0.06B 18.46 18.97
RETRO C4 174B 29B 12.87 10.23
RETRO MassiveText (1%) 18B 0.8B 18.92 20.33
RETRO MassiveText (10%) 179B 4B 13.54 14.95
RETRO MassiveText (100%) 1792B 28B 3.21 3.92

RETRO w/ |.8T datastores achieves SOTA

Borgeaud et al. Improving language models by retrieving from trillions of tokens. ICML 2021.
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Results
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Gains are constant with model scale The larger datastore is, the better
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Three representative architectures

VWhat: Tokens
How: Output

KNN-LM (Khandelwal et al., 2020)



kKNN-LM (Khandelwal et al. 2020)

Khandelwal et al. Generalization through Memorization: Nearest Neighbor Language Models. ICLR 2020.



KNIN-LM (Khandelwal et al. 2020)

A different way of using retrieval, where the LM outputs a
nonparametric distribution over every token in the data.




KNIN-LM (Khandelwal et al. 2020)

A different way of using retrieval, where the LM outputs a
nonparametric distribution over every token in the data.

/ Can be seen as an incorporation in the “output” layer



kKNN-LM (Khandelwal et al. 2020)

Test Context Target
b

Obama’s birthplace is ?

Khandelwal et al. Generalization through Memorization: Nearest Neighbor Language Models. ICLR 2020.



KNIN-LM (Khandelwal et al. 2020)

Classification
pLM(Y)
Test Context Target Representation ~
_ £ Hawaii |0.2
T q = f() o
— lllinois |0.2
Obama’s birthplace is ? @O00O®

Parametric distribution

Khandelwal et al. Generalization through Memorization: Nearest Neighbor Language Models. ICLR 2020.



KNIN-LM (Khandelwal et al. 2020)

... Obama was senator for lllinois from 1997 to
2005, .... Barack is Married to Michelle and their
first daughter, ... Obama was born in Hawaii, and
graduated from Columbia University. ... Obama is a
native of Hawaii, ....

Test Context Target Representation
T q= f(z)

Obama’s birthplace is ? @O0O®




KNIN-LM (Khandelwal et al. 2020)

... Obama was senator for Illinois from 1997 to
2005, .... Barack is Married to Michelle and their
first daughter, ... Obama was born in Hawaii, and
graduated from Columbia University. ... Obama is a

Training Contexts Targets
C,zj ’U.lj
Obama was senator for | lllinois
Barack is married to | Michelle
Obama was born in | Hawaii native of Hawaii. ...
Obama is a native of | Hawaii
Test Context Target Representation
T q = f(z)
? @O0®

Obama’s birthplace is




KNIN-LM (Khandelwal et al. 2020)

Training Contexts Targets || Representations
C; v, ki = f(ci)
Obama was senator for | lllincis C..O.D
Barack is married to | Michelle Ce00O
Obama was born in | Hawaii @0O0®
Obama is a native of | Hawaii (I e
Test Context Target Representation
T q = f(z)
Obama’s birthplace is| 2 @O0O®

Khandelwal et al. Generalization through Memorization: Nearest Neighbor Language Models. ICLR 2020.



KNIN-LM (Khandelwal et al. 2020)

Training Contexts ’ Targets ’ Representations
c?; ,' U 7 ' ki=J (Ci)
Obama was senator for{lllinois | @00®
Barack is married to{Michelle || Q@@O)
Obama was born in§ Hawaii @0O0®
Obama is a native of { Hawaif (1 e
Test Context Representation
T q= f()
Obama’s birthplace is | @O0O®

Which tokens in a datastore are close to the next token?

Khandelwal et al. Generalization through Memorization: Nearest Neighbor Language Models. ICLR 2020.



KNIN-LM (Khandelwal et al. 2020)

Training Contexts f Targets

Representations

C; U; ki = f(ci)

! Obama was senator for llinois @00®
Barack is married to{ Michelle Ce0O
Obama was born in{ Hawaii @O0O®

Obama is a native of| Hawaii (I e

Test Context Target Representation
T ” q=f(z)
Obama’s birthplace is| ~ ? @OC®

Which tokens in a datastore are close to the next token?

Which prefixes in a datastore are close to the prefix we have?

Khandelwal et al. Generalization through Memorization: Nearest Neighbor Language Models. ICLR 2020.



KNIN-LM (Khandelwal et al. 2020)

Training Contexts f Targets || Representations
C; | v ki = f(ci)
! Obama was senator for llinais @00®
Barack is married to{ Michelle Ce0O
Obama was born in{ Hawaii @O0O®
Obama is a native of| Hawaii (I e
Test Context Target Representation
T | q = f(z)
Obama’s birthplace is ? CQO@

The size of the datastore = # of tokens in the corpus (>1B)

Which tokens in a datastore are close to the next token?

Which prefixes in a datastore are close to the prefix we have?

Khandelwal et al. Generalization through Memorization: Nearest Neighbor Language Models. ICLR 2020.



KNIN-LM (Khandelwal et al. 2020)

Training Contexts Targets || Representations
C; v, ki = f(ci)
Obama was senator for | lllincis C..O.D
Barack is married to | Michelle Ce00O
Obama was born in | Hawaii @0O0®
Obama is a native of | Hawaii (I e
Test Context Target Representation
T q = f(z)
Obama’s birthplace is| 2 @O0O®

Distances
d; = d(q, k;)

4
100
5
3
A

Which vectors in a datastore are close to the vector we have?

Khandelwal et al. Generalization through Memorization: Nearest Neighbor Language Models. ICLR 2020.



KNIN-LM (Khandelwal et al. 2020)

Training Contexts Targets || Representations
cz' U 7 ki = f(ci)
Obama was senator for | lllinois C..O.D
Barack is married to | Michelle ©QQ@
Obama was born in | Hawaii @0O0®
Obama is a native of | Hawaii (I e
Test Context Target Representation
T q = f(z)
Obama’s birthplace is| 2 @O0O®

Distances Nearest k Normalization
di = d(g, k;) p(ki) o exp(—d;)
4 Hawaii |3 ™ Hawaii|0.7
100 liinois |4 [ lllinois |0.2
5 Hawaii |5 | Hawaii|0.1
3
A

Which vectors in a datastore are close to the vector we have?

Khandelwal et al. Generalization through Memorization: Nearest Neighbor Language Models. ICLR 2020.



KNIN-LM (Khandelwal et al. 2020)

Distances
di = d(‘iv k’i)
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100
5

3

Nearest k

Hawali
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A Q@

' vy

Normalization

plk;) x exp(—d;)

Hawalil
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Hawaii

0.7
0.2
0.1

PKNN(Y) =

Aggregation
| f 1 y=v: P ki )

0.8
0.2

Hawall
lllinois

Training Contexts Targets || Representations
CZ' U 7 ki=J (:Ci)
Obama was senator for | lllinois C..C_).D
Barack is married to | Michelle @] I0)e),
Obama was born in | Hawaii @0O0®
Obama is a native of | Hawaii (I e
Test Context Target Representation
T q= f(z)
Obama’s birthplace is ? @QQ@

A

Classification

PLM ()

|

Hawaii
lllinois

0.2
0.2

Interpolation
p(y)= AN (y)+(1=N)pLv(y)

Pian—iv 1) = (1 = HP (v [ x) + AP n (Y | X)

Hawaii | 0.6
lllinois | 0.2

Khandelwal et al. Generalization through Memorization: Nearest Neighbor Language Models. ICLR 2020.




KNIN-LM (Khandelwal et al. 2020)

Normalization
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Parametric distribution
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Khandelwal et al. Generalization through Memorization: Nearest Neighbor Language Models. ICLR 2020.




KNIN-LM (Khandelwal et al. 2020)

Nonparametric distribution

Training Contexts Targets || Representations Distances Nearest k Normalization Aggregation
C; U, ki = f(c) d; = d(q, k;) p(ki) o exp(—d;) PINN(Y) = f 1y—v;p(k;)
Obama was senator for | lliinois @0 C® [ Hawaii |3 >  Hawaii |0.7 Hawaii |0.8 | §
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Khandelwal et al. Generalization through Memorization: Nearest Neighbor Language Models. ICLR 2020.



KNIN-LM (Khandelwal et al. 2020)

Nonparametric distribution

Training Contexts Targets || Representations Distances Nearest k Normalization Aggregation
C; U, ki = f(c) d; = d(q, k;) p(ki) o exp(—d;) PINN(Y) = f 1y—v;p(k;)
Obama was senator for | lliinois @0 C® [ Hawaii |3 >  Hawaii |0.7 Hawaii |0.8 | §
Barack is married to | Michelle CO0O [—*| 100 llinois |4 |~ lllinois 0.2 lilinois | 0.2 | {
Obama was born in | Hawaii @O0® ™ 5 Hawaii|5 | Hawaii|0.1 U E——
R /awall (I I'l®) > o Classification Interpolation
4 LM (Y) ply) = AN (y)+(1=A)pLv(y)
Test Context Target Representation j )
L AR Parametric distribution rewar| s rawai| 0.9
1 lllinois |0.2 lllinois (0.2
Obama’s birthplace is|  ? @O00O® |

A:hyperparameter

Pian_imy 1 x) = (1 = /1 . - /1( \ »

Khandelwal et al. Generalization through Memorization: Nearest Neighbor Language Models. ICLR 2020.



KNN-LM - results

21

20

The lower the better ;4

.4;;‘ . —— Wiki-100M
9 - == Wiki-3B
= —— KNN-LM (Wiki-100M + kNN)
& 17
T e L L S P L L L EELEEE LS
15
14
0.0 0.5 1.0 1.5 2.0 2.5 3.0

Size of datastore (in billions)

Khandelwal et al. Generalization through Memorization: Nearest Neighbor Language Models. ICLR 2020.



KNN-LM - results

21 No-retrieval LM

20

The lower the better ;4

.g‘ . —— Wiki-100M
3 -—- Wiki-3B
O —>— kNN-LM (Wiki-100M + kNN)
& 17
e e S L e LT
15
14
0.0 0.5 1.0 1.5 2.0 2.5 3.0

Size of datastore (in billions)

Khandelwal et al. Generalization through Memorization: Nearest Neighbor Language Models. ICLR 2020.



KNN-LM - results

21 No-retrieval LM

20

The lower the better 14

g —— Wiki-100M
% -== Wiki-3B
O —>— kNN-LM (Wiki-100M + kNN)
a 17
16 P N N R S T T I RSN nn N 30x larger No-retrieval LM
15
14
0.0 0.5 1.0 1.5 2.0 2.5 3.0

Size of datastore (in billions)

Khandelwal et al. Generalization through Memorization: Nearest Neighbor Language Models. ICLR 2020.



KNN-LM - results

21 No-retrieval LM

20

The lower the better 14

o —— Wiki-100M
5 18 i
1 —— Iki-3B
O —>— kNN-LM (Wiki-100M + kNN)
a 17
16 P N N R S T T I RSN nn N 30x larger No-retrieval LM
15 kNN-LM
14
0.0 0.5 1.0 1.5 2.0 2.5 3.0

Size of datastore (in billions)

Khandelwal et al. Generalization through Memorization: Nearest Neighbor Language Models. ICLR 2020.



KNN-LM - results

21 No-retrieval LM

20

The lower the better ;4

g e —— Wiki-100M
= -=- Wiki-3B
E - —— kNN-LM (Wiki-100M + kNN)
16 o N R L S T I TR nn N T 30x larger No-retrieval LM

(-

Ul
>
Z
<
—
<

(-
AN

0.0 0.5 1.0 1.5 2.0 2.5 3.0
Size of datastore (in billions)

Outperforms no-retrieval LM

Khandelwal et al. Generalization through Memorization: Nearest Neighbor Language Models. ICLR 2020.



KNN-LM - results

21 No-retrieval LM

20

The lower the better ;4

2 —— Wiki-100M
5 18 ey
= -== Wiki-3B
3 —>— KNN-LM (Wiki-100M + kNN)
a 17
16 ~ T T e e e e - 30x larger No-retrieval LM
15 KNN-LM
14
0.0 0.5 1.0 1.5 2.0 2.5 3.0
Size of datastore (in billions)
Outperforms no-retrieval LM Better with bigger datastore

Khandelwal et al. Generalization through Memorization: Nearest Neighbor Language Models. ICLR 2020.



Three representative architectures

What: Text chunks
How: Input

REALM (Guu et al., 2020)

VWhat: Tokens
How: Output

KNN-LM (Khandelwal et al., 2020)

What: Text chunks
How: Intermediate

RETRO (Borgeaud et al., 2021)



Triggering Retrieval with Tokens

Toolformer
(Schick et al.
2023) generates
tokens that
trigger retrieval
(or other tools)

Training Is done
IN an iterative
manner -
generate and
identify
successtul
retrievals

The New England Journal of Medicine is a registered
trademark of [QA(“Who is the publisher of The New
England Journal of Medicine?”) — Massachusetts
Medical Society] the MMS.

Out of 1400 participants, 400 (or [Calculator(400 / 1400)
— 0.29] 29%) passed the test.

The name derives from “la tortuga’, the Spanish word for
[MT (“tortuga”) — turtle] turtle.

The Brown Act is California’s law

that requires legislative bodies, like
city councils, to hold their meetings open to the public.



Triggering Retrieval with Uncertainty

FLARE (Jiang et al. 2023) tries to generate
content, then does retrieval if LM certainty is low

( , =
|Slearch results: D, IM : Retriever
1A Search results: D, = I
: 1[2]: ... 1z l
Retrieved [1]: .. e — ,
documents | 12]: ... Search results: Dy, I — =
| [1]: ... - |
: [2]: ... |
| X [ ),
Input X | Generate a summary about Joe Biden. I
B |
[
~ |
Step1l 1! Joe Biden (born November 20, 1942) is the 46th president of the United States.
|
|
51: Joe Biden (born November 20, 1942) is the 46th president of the United States.
| :
Step 2 3 : Joe Biden attended the University of Pennsylvania, where he earned a law L
2| degree. :
|
s, | He graduated from the University of Delaware in 1965 with a Bachelor of Arts :
2: in history and political science. |
| :
|
Step 3 §5! Joe Biden announced his candidacy for the 2020 presidential election on August "
| 18, 2019. :
|
|
53: Joe Biden announced his candidacy for the 2020 presidential election on April |
|
|

25, 2019.

AuEE SEEE SN BEEE BN SN BN BN SIS I I BN GEEEN GENEN GENEN BENEN GENEN GENEN  BNNEN  GENEE BENEN SENEE BENEN GEEEN BENEE GENEN BENEE BENEN GENEN BENEN  GENEN  BISN  BEEE SN SN BEEE S .



Token-Level Approximate Attention

o Unlimiformer (Bertsch et al. 2023)
an inner-product and does top-k a

notes that attention IS
tention

e First, process input with a sliding window

e [hen perform attention using a vector index

Index of one long input
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Retrieval-augmented LMs
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Training retrieval-augmented LMs
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Why is training challenging?
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Challenges of updating retrieval models
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Challenges of updating retrieval models
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Challenges of updating retrieval models

o O N N e A e e 7N R R A N R
WQ\}%&E&%&&&* TERERRTR N -
% X SASN SRR ,s-x?%wf&;“~ RO |

T hRUNERTES “ﬁ@\w’*"w\&m@m’f N o~ = X
, ERN R R N
B, ‘ ﬁﬁ\ﬁ\\%\ﬁwﬁ&\g&ﬁ@%&%ﬁ
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& >
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Re-Indexing will be very expensive!



Training methods for retrieval-augmented LMs

. training
. training
e Joint training w/ index update

e Joint training w/ approximation



Training methods for retrieval-augmented LMs

. training



Independent training

Retrieval models and language models are trained independently

- Training language models

Input Output

- Training retrieval models

ST
) :\‘\\'\\\\\\',\"\S\\h\ 3 e S S

N LU v

o N
AR e
AR o) @,\s:x&\;\\f SRR

ARARE
S thense s

SRR
XN =2 Retriever
e eay |
R N
AN

DR
&
$4

.
S §\§<§* :
SR Chunks/tokens

Datastore
Query
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Independent training

Retrieval models and language models are trained independently

Training language models

e TR BN TR R r—"
L S LENIRORE SN \\“\3&

t. 3 wa@e@u&“‘%“i\é&%\w
\j‘%\%‘&%‘%\;\\&u\\

\,\ o % \\ AR 0
R T %ﬁ‘%@ %&% ;.
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Sparse retrieval models: TF-IDF / BM25

INn 1997, Apple merged with NeXT,

[O, O! 045 Oi 08’ 07’ ]

and Steve Jobs became CEO of ...

Jobs returned to Apple as CEO 0.1.2.04. 0,08, 0. .
after the company's acquisition ...

Text chunks Sparse vectors

Often closed-form (cf. n-gram). No training

Ramos. Using TF-IDF to Determine Word Relevance in Document Queries. 2023.

Robertson and Zaragoza. The Probabilistic Relevance Framework: BM25 and Beyond.

Foundations and Trends in Information Retrieval 20009.

) Lexical overlap
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Vector Space Model

® |nformation retrieval model developed by
Salton and colleagues in 1968

® Documents and queries are both
represented by vectors of term weighs

® Collection thus a matrix of term weights

Di:(diladi27”°7dit) Q:(QI?Q27“°7(]2€)

T'ermy Termo ... Termy
DOCl dll dlg .o dlt

Docs doq doo . doy

Doc,, d,,1 o . d,+



Vector Space Model

D4 Tropical Freshwater Aguarium Fish.
D, Tropical Fish, Aquarium Care, Tank Setup.
D,y Keeping Tropical Fish and Goldfish in Aquariums,

and Fish Bowls.
D4 The Tropical Tank Homepage - Tropical Fish and

Aguariums.

Terms Documents

D, D, D D,
aguarium 1 1 1 1
bowl 0 0 1 0
care U 1 9 9
fish 1 1 % 1
freshwater 1 0 0 0
goldfish 0 0 1 0
homepage 0 0 0 1
keep 0 0 1 0
setup 0 1 0 0
tank 0 1 0 1
tropical 1 1 1 2



Vector Space

Query: tropical fish

Usually much sparser than a document!

Model

Term

Query

aquarium

bowl

care

fish

freshwater

goldfish

homepage

keep

setup

tank

= O O] O] O O O M o o o

tropical




Vector Space Model

Retrieve vectors

near the query Docl

Term?2
— o o — ]

,' Term3
N 4
s/
& , |
K 3-d pictures useful, but can be
Y misleading for high-dimensional

space



Vector Space Model

® Documents ranked by distance between
points representing query and documents

® Similarity measure more common than a
distance or dissimilarity measure

® ec.g. Cosine correlation

t
D> dij-q;
Cosine(D;, Q) = A=

L )
L2, .2
E dzg E :QJ
7=1 j=1

® Note speedup when qUery IS sparse



Term VVeights

Often tf.idf weights (Sparck-Jones, 1973)

Term frequency weight, normalized by all terms j in document ,
Jik

Z:]t'=1 fij

measures importance in document: ¢f;, =

Inverse document frequency measures importance in

. N
collection: idf, = log —
Ry

Heuristic combination (note add-1 smoothing to avoid log 0)

log(fy + 1) - log(+-)
dix = :

\/ > log(fj+1)- log(%)




BM25

e Popular and effective ranking algorithm based
on binary independence model (cf. naive Bayes)

— adds document and query term weights

(r;4+0.5)/(R—7;+0.5) (ki) fi (k2+1)qfs

ZiEQ lOg (n;—r;+0.5)/(N—n; —R+1r;4+0.5) K-+f; ko+qf;

— ki, k:and K are parameters whose values are set
empirically; R, r for user feedback

K = kl((l — b) + b - aiﬁu) dl is doc Iength

— Typical TREC value for k. is 1.2, k. varies from O to
1000, b = 0.75




A Shakespeare Concordance




A Model of Ranking

R(Q,D) = > _ 4i(Q)f:(D)

Fred's Tropical Fish Shop is
the best place to find
l:rupicul ish at low, low
prices. Whether youre
looking for a little fish or a
big fish, we've got what you
need.  We even have [ake
seaweed for your hshtank

(and little surtboards tco).

Document

f 9.7 ﬁSh -

f; 1s a document feature function
g; 1s a query feature function

- fish 5.2

i 4.2 tropical

—  » tropical 3.4 gl

22.1 tropical fish g—

—7 8.2 seaweed

N

4.2 surfboards

Topical Features

14 incoming links

p» tropical fish 9.9

chichlids 1.2
barbs 0.7
tropical fish

Topical Features Query

» incoming links 1.2

3 update count g

» update count 0.9

Quality Features

Quality Features

303.01

Document Score



Example “Collection”

Tropical fish include fis

around the world, includi

species.

n found in tropical environments

ng both freshwater and salt water

Fishkeepers often use the term tropical fish to refer only
those requiring fresh water, with saltwater tropical fish re-

ferred to as marine fish.

Tropical fish are popular aquarium fish, due to their often

bright coloration.

In freshwater fish, this coloration typically derives from iri-
descence, while salt water fish are generally pigmented.

Four sentences from the Wikipedia entry for tropzcal fish



Simple Inverted

Index
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Inverted Index
with counts

supports better
ranking algorithms

and
agquarium
are

around
as

both

bright
coloration
derives

due
environments
fish
fishkespers

found
fresh
freshwater

from

gcnerally
11

include
including
iridescence

marine

often

1:1 only
3:1 pigmented
3:1114:1 popular
1:1 refer
2:1 referred
1:1 requiring
3:1 salt
3:1]14:1 saltwater
4:1 3pecies
3:1 Lerm
1:1 the
1:2]12:3] | 3:2| | 4:2 their
2:1 this
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1:1]|1:1 tropical
4:1 typically
4:1 use
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1:1 while
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* supports
proximity matches

and
agquarium

are

around

Inverted Index s
with positions

both
bright
coloralion
derives
due

environments

fich

fishkeepers

found
frech
freshwater
from
renerally
1n

include
including

iridescence

1,15 marine
3,5 often
3,3 | |4,14 only
1,9 pigmented
2,21 popular
1,13 refer
3,11 referred
3,121 4,5 requiring
4.7 salt
3,7 saltwater
1,8 specles
1,2 1,4 | 2,7 [ 12,18] (2,23 term

3,2 | 3,6 |1[4,3 the

4,13 their
2,1 this
1,5 those
2,13 to
1,14 14,2 ’ tropical
4,8 typically
1,15 use
1,6 4,1 wakear
1,3 while
1,12 with
4.9 world

72D

2,2

3,10

721G

1,16

31

20

7.19

712

1,16

4,11

2,16

1,1&

2,5

1,1C

2,4

3,9

4.4

211

2,8

1,1

16

23

1,17

112

410

.15

1,11

2,17]

31 |



Inverted Index

Each index term (i.e., feature) is associated with an inverted list
Each entry in the inverted list is a posting

Each posting contains a document ID and possibly feature weights and
positions

How do we define a document?
How to order the postings?
When is this faster than a linear scan over all documents?

 \When features are sparse, i.e., the expected number of non-zero
components in the dot product is small

This and more In Information Retrieval course



Dense retrieval models: DPR (karpukhin et al. 2020)

Inner Product Similarity

Encoder

q
Query Text chunks

Karpukhin et al. Dense Passage Retrieval for Open-Domain Question Answering. EMNLP 2020. 103



Training dense retrieval models: DPR

Inner Product Similarity

L

[ QOOOOOO

0000000

Encoder Encoder

q
Query Text chunks

Karpukhin et al. Dense Passage Retrieval for Open-Domain Question Answering. EMNLP 2020. 104



Trainin
g dense retri
rieval models
: DPR

Inn
er Product Similarity

0000000 \ —
00
3 QO OQO0O0O000O0

exp(sim(gq, p™))

= — log

J— , . ))
— ]

Encoder

e B B ans

b\ 9{3\5\\\\"&%%

}\,{Q’?\%\\\‘%\Q

SN SR

oY

TESE T

AN

q W

Karpukhi

n et al. Den

. se Passa

ge Retri

trieval for Open-Domain Q

uestion Answeri

ering. EMNL

P 2020
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Training dense retrieval models: DPR

Inner Product Similarity

L(q,p™ PPy s s D)

coooooo] [GEooooo0o

exp(sim(gq, p™))

= — log

Encoder exp(sim(g, p*)) + X, exp(sim(g, py)

Encoder

T T Contrastive learning
Query Text chunks

Karpukhin et al. Dense Passage Retrieval for Open-Domain Question Answering. EMNLP 2020. 106



Training dense retrieval models: DPR

Inner Product Similarity

L(q,p™ PPy s s D)

coooooo] [GEooooo0o

exp(sim(gq, p™))

= — log

exp(sim(qg, pt)) + Z;lzl exp(sim(q, p;))

Encoder Encoder

T T Contrastive learning
q Wit ees - Positive O Positive
e =) o..
Query Textchunks %= T 7T -®
Negative Negative

Karpukhin et al. Dense Passage Retrieval for Open-Domain Question Answering. EMNLP 2020. 107



Training dense retrieval models: DPR

Inner Product Similarity

Dy s s D)

Positive passage

coooooo] [GEooooo0o

exp(sim(gq, p™))

= — log

Encoder exp(sim(g, p*)) + X, exp(sim(g, py)

q
Query Text chunks

Karpukhin et al. Dense Passage Retrieval for Open-Domain Question Answering. EMNLP 2020. 108



Training dense retrieval models: DPR

Too experIS/ve to consider all negatives!

L(Q9 *’ 9p29 apn

Dosmve passage

"OOOQOOO

0000000

| — _log exp(sim(q, p™))
Encoder exp(sim(q, p*)) + Z _, exp(sim(q, pj7))

Encoder

Query Text chunks

109



Approximate Nearest-Neighbor Search

* Methods to retrieve embeddings In sub-linear time

Locality sensitive hashing:
make partitions in continuous
space, use like Inverted index

Graph-based search: create
‘hubs” and search from there

e Software: FAISS, ChromaDB




LSH for Cosine Similarity: Simhash

. Process the document into a set of features with associated weights. We
will assume the simple case where the features are words weighted by their
frequency.

. Generate a hash value with b bits (the desired size of the fingerprint) for
each word. The hash value should be unique for each word.

. In b-dimensional vector V', update the components of the vector by adding
the weight for a word to every component for which the corresponding bit
in the word’s hash value is 1, and subtracting the weight if the value is 0.

. After all words have been processed, generate a b-bit fingerprint by setting
the ¢th bit to 1 if the ¢th component of V is positive, or 0 otherwise.



LSH for Cosine Similarity: Simhash

Tropical fish include fish found in tropical environments around the world,
including both freshwater and salt water species.

(a) Original text

tropical 2 fish 2 include 1 found 1 environments 1 around 1 world 1
including 1 both 1 freshwater 1 salt 1 water 1 species 1

tropical 01100001
found 00011110
world 00101010

freshwater 00111111
species 11101110

(d) Vector ¥ formed by summing weights

(b) Words with weights

fish 10101011

environments 00101101
including 11000000

salt 10110101

(¢) 8 bit hash values

1-59-93133

10101111

(e) 8-bit fingerprint formed from

include
around
both

water

11100110
10001011
10101110
00100101

One-sided (false
negative) error.
Check multiple

hash functions to
drive down error



RAG with LMs using different retrievers

B No Retrieval B BERT Contriever B Spider B BM25 Setter retrieval model
40 Better base LMs

Setter retrieval-based LMs

Perplexity
S

N
(-

Each component can be improved
separately

10
GPT-2 117M (S) GPT-2 1.5B (XL)

Ram et al. In-Context Retrieval-Augmented Language Models. TACL 2023.



Independent training

lﬁ Work with off-the-shelf models (no extra training required)

(b Each part can be improved independently

114



Independent training

lﬁ Work with off-the-shelf models (no extra training required)
(b Each part can be improved independently
i’ LMs are not trained to leverage retrieval

i’ Retrieval models are not optimized for LM tasks/domains

115



Training methods for retrieval-augmented LMs

. training



Sequential training

- One component is first trained independently and then fixed

- The other component is trained with an objective that depends on the first one

117



Sequential training

- One component is first trained independently and then fixed

- The other component is trained with an objective that depends on the first one

118



Sequential training

- One component is first trained independently and then fixed

- The other component is trained with an objective that depends on the first one

Retriever i mee

119



Sequential training

- One component is first trained independently and then fixed

- The other component is trained with an objective that depends on the first one

Retriever s Retriever b -

i%?

e.g., RETRO; WebGPT

120



RETRO: Training

Retrieval s |
Encoder | T Encoder

RETRO blocks (xL) |

o RPN ” TN et Sl AN R o B A oSN TN S ATRAN S ST L AR S

Back-propagate




RETRO: Training

. P
A
R P

- p ¢ ¢ ¢
A

X1

) RN 4 Index [ S
Updating an index with 6008 s > p2 Encoder
I 1
extremely expensive! b | p;- ..
. S ——

RETRO blocks (xL

X
X, i
X3

Back propagate



Fix the retrieval encoder an
the index during training!

d ger

RETRO: Training

o - P -
L B d Index p2...

Stop- gradlent

RETRO blocks (xL

Encoder

Back propagate



Sequential training

lﬁ Work with off-the-shelf components (either a large index or a powerful LM)
(b LMs are trained to effectively leverage retrieval results

lfb Retrievers are trained to provide text that helps LMs the most

ﬂ’ One component is still fixed and not trained

124



Sequential training

!ﬁ Work with off-the-shelf components (either a large index or a powerful LM)
lﬁ LMs are trained to effectively leverage retrieval results

(b Retrievers are trained to provide text that helps LMs the most

i’ One component IS still fixed and not trained

Let’s jointly train retrieval models and LMSs!

125



Training methods for retrieval-augmented LMs

e Joint training w/ iIndex update
e Joint training w/ approximation



Training methods for retrieval-augmented LMs

e Joint training w/ iIndex update



Joint training w/ asynchronous index update

- Retrieval models and language models are trained jointly

- Allow the index to be “stale”; rebuild the retrieval index every T steps

Input

|

e B I R T
T SRR {§§&§3§§T~3 \{k\\&&\&&@\?}gy@:&\‘\g\ﬁ

1 \&m\m\*&\“m“&\\_\w@@\}\ =
R T

Datastore

128



M hk W g
CRTTAT A TR TS v
T NN NN TR R e
S DY NN R

'. _ TR TR, S o \
) DTOVRIRNT SRR e W

N, ERENS

Asynchronous

2,
"\

‘S&\\Q\m\\x\&w&&m FOANTR
\&%ﬁ&ﬁﬁ\%&

RORR NN
\\,\\‘&Q\\\“}‘%ﬁ@@& RN >
%’%%\‘\' @‘%@Q&\m\%@& N
ﬁi‘?i\g\gk\%&\w\%&g@?@
e
RO RN
AN R
RN \@\2\"‘@%‘\%\
R

N N

index update

Encoder




et® %, N T

O TR, conmanfen

““““ BN N R SRR
&@Ww% =N

REES A N A e
RO & e
0 ST :e-

TRIORAT TR

D Wiy
2, ERENDS

Asynchronous

OO e N S D e
X ‘%\ ;‘éh\ b ST
2 2 s .
N = N
B ORI PR Vil

SRR DTSN

e

SRR
=

index update

Updated ;

Encoder




Mo TRRNITVIRITG, Connanfen

Asynchronous

2 W AR AN N X RN
& LTIRA: s ‘\ﬁ‘m&\\\ NNy

‘;\,\w\wmm\&.: e

RTRDNRREESS : N
At YA AN ‘;é\&m\\:&&\\\%‘\:}\\\

\&%ﬁ\%&ﬁ;‘%&%ﬁvﬂm 3';‘-
N
N e

\\\J SRR

RSN

A

q§ Updated §

index update

Encoder

Updated ;
Index '

Refresh



REALM (Guu et al. 2020)
x = The [MASK] at the top of the pyramid.

q (=x) The pyramidion on top ... the pyramid.

The [MASK] at the top of the pyramid.

The pyramidion on top |
allows for less material
higher up the pyramid.

S — pyramid
P(z|x) P(y|x,z)

Guu et al. REALM: Retrieval-Augmented Language Model Pre-Training. ICML 2020.



REALM: Training

Objective: maximize Z Pyz|q)Pyy|qg,2)

€EZ,

q (=x) N .
The pyramidion on top ... the pyramid.

The [MASK] at the top of the pyramid.

ne pyramidion on top
lows for less material

igher up the pyramid.

g — &= pyramid

Py(z| x) Pyy|x,z)
Guu et al. REALM: Retrieval-Augmented Language Model Pre-Training. ICML 2020.



REALM: Training

Objective: maximize Z Pyz|q)Pyy|qg,2)

€EZ,

q (=x)

The pyramidion on top ... the pyramid.

The [MASK] at the top of the pyramid.

Back-propagation

Z 5 : top-K retrieved chunks

ne pyramidion on top
lows for less material
igher up the pyramid.

Y ———————————— oyramid
Py(z| x) Pyy|x,z)

Guu et al. REALM: Retrieval-Augmented Language Model Pre-Training. ICML 2020.



REALM: Training

Objective: maximize Z Pyz|q)Pyy|qg,2)

2€EZ
q (=x) N .
The pyramidion on top ... the pyramid.

Stale index;

Update every T steps The [MASK] at the top of the pyramid.
# Index ;

ne pyramidion on top
lows for less material
igher up the pyramid.

—— Up-to-date parameters



REALM: Index update rate

How often should we update the retrieval index?
- Frequency too high: expensive
- Frequency too slow: out-dated

REALM: updating the index every 500 training steps

40
35

EM score on NQ 13p

25

20

REALM 30x slower update

Guu et al. REALM: Retrieval-Augmented Language Model Pre-Training. ICML 2020.



Joint training

(b End-to-end trained — each component is optimized

(b Good performance

" Training iIs more complicated
(async update, overhead, data batching, etc)

i’ Train-test discrepancy still remains

137



Open Questions



Challenge: retrieval-augmented LMs for applications

Open-ended text generation? Reasoning?



Challenge: retrieval-augmented LMs for applications

Open-ended text generation”? Reasoning?

B GPT2

16

12

38

4

0
MAUVE  RankGen PPL (GPT-3)

Wang et al. KNN-LM Does Not Improve Open-
ended Text Generation. ACL 2023.



Challenge: retrieval-augmented LMs for applications

Open-ended text generation”? Reasoning?

Doesn’t improve open-ended generation

B GPT2

1% 5 KNN-LM

12

38

4

0
MAUVE  RankGen PPL (GPT-3)

Wang et al. KNN-LM Does Not Improve Open-
ended Text Generation. ACL 2023.



Challenge: retrieval-augmented LMs for applications

Open-ended text generation”? Reasoning?

Doesn’t improve open-ended generation Failure of retrieval in reasoning task

B GPT2

1
° B KNN-LM

12

38

4

0
MAUVE  RankGen PPL (GPT-3)

Wang et al. KNN-LM Does Not Improve Open-
ended Text Generation. ACL 2023.



Challenge: retrieval-augmented LMs for applications

Open-ended text generation”? Reasoning?

) J ° ° ° ° ° °
Doesn’t improve open-ended generation Failure of retrieval in reasoning task
- N\ -
16 . G PT 2 (Question: Phobos should be classified Retrieved Statements
. KNN-LM as which type of body?
Knowledge Statements + Phobos orbits Mars.
12 1. Phobos orbits Mars. retriever| - Phobos is named after the
2. Mars is a kind of planet. » Greek god of fear and panic.
3. Moons orbit planets. - Classifying is a kind of
8 4. Phobos is named after the Greek sclence process.
god of fear and panic. . J
5. Amoon is located in space.
6. Classifying is a Kind of science r ~
4 . process. y KNN-LM | orbits Mars.
Vleeal retriever REALM | Phobos
~ ™
0 Retrieved Statements language _
MAUVE RankGen PPL (GPT-3) radel FID | moon
+ Phobaos orbits Mars. :
Wang et al. KNN-LM Does_ Not Improve Open- + Mars is a kind of planet. ATLAS | Moons orbit planets.
ended Text Generation. ACL 2023. + Moons orbit planets. Flan-T5 | a moon
\ J . J

BehnamGhader et al. Can Retriever-Augmented Language Models Reason? The Blame
Game Between the Retriever and the Language Model. EMNLP Findings 2023.



Challenge: efficiency retrieval-augmented LMs

Additional costs from retrieval augmentation

Datastore




Challenge: efficiency retrieval-augmented LMs

Additional costs from retrieval augmentation

%}\@

CON

Datastore




Challenge: efficiency retrieval-augmented LMs

Additional costs from retrieval augmentation

Datastore




Challenge: efficiency retrieval-augmented LMs

Additional costs from retrieval augmentation

B Vanilla [ Retrieval-augmented

Latency (sec / query)
AN

GPT-j 6B GPT-neox-20B

Mallen®, Asai” et al., When Not to Trust Language Models:
Investigating Effectiveness of Parametric and Non-Parametric Memories (Best Video; Oral) 2023.




Challenge: efficiency retrieval-augmented LMs

Additional costs from retrieval augmentation

Retrieval-augmented LMs add inference costs

B Vanilla [ Retrieval-augmented

Latency (sec / query)
N

GPT-j 6B GPT-neox-20B

Mallen®, Asai” et al., When Not to Trust Language Models:
Investigating Effectiveness of Parametric and Non-Parametric Memories (Best Video; Oral) 2023.




Challenge: scaling retrieval-augmented LMs

A small LM + a large datastore =~ a large parametric LM?

Datastore




Challenge: scaling retrieval-augmented LMs

A small LM + a large datastore =~ a large parametric LM?

# of parameters # of tokens

kKNN-LM (Khandelwal et al., 2020) 250M < 3B
Datastore | S N

NPM (Min et al., 2023) 350M 1B

Atlas (Izacard et al., 2022) 11B ~30B

RETRO (Borgeaud et al., 2021) /B 2T

REPLUG (Shi et al., 2023) ~ <175B ~5B




Challenge: scaling retrieval-augmented LMs

A small LM + a large datastore =~ a large parametric LM?

# of parameters # of tokens

kNN-LM (Khandelwal et al., 2020) 250M S 3B
Datastore B T

NPM (Min et al., 2023) 350M 1B

Atlas (Izacard et al., 2022) 11B

..............................................................................................................................................................................................................................................................

RETRO (Borgeaud et al., 2021) /B

REPLUG (Shi et al., 2023)




Challenge: robustness and controllability

- What are the latest discoveries from the James Webb

Space Telescope?

The James Webb Space Telescope is designed to peer

%j into the dusty clouds of gas where stars and planetary

systems are born. Webb has captured the first direct
image of an exoplanet, and the Pillars of Creation in the
Eagle Nebula[1][2]. Additionally, the telescope will be
used to study the next interstellar interloper|3].

(*Some generated statements may not be fully supported by
citations, while others are fully supported.)

Cited Webpages

[1]:

[2]:

[3]:

@ nasa.gov (X citation does not support its associated statement)

NASA's Webb Confirms Its First Exoplanet

. Researchers confirmed an exoplanet, a planet that arbits another
star, using NASA's James Webb Space Telescope for the first time. ...

mcnn.com (h.citation partially supports its associated statement)

Pillars of Creation: James Webb Space Telescope ...

... The Pillars of Creation, in the Eagle Nebula, is a star-forming region
captured in a new image (right) by the James Webb Space Telescope
that reveals more detail than a 2014 image (left) by Hubble ...

@ nasa.gov ([%citation fully supports its associated statement)

Studying the Next Interstellar Interloper with Webb
...Scientists have had only limited ability to study these objects once
discovered, but all of that is about to change with NASA's James
Webb Space Telescope...The team will use Webb's spectroscopic
capabilities in both the near-infrared and mid-infrared bands to study
two different aspects of the interstellar object.

Liu et al. Evaluating Verifiability in Generative Search
Engines. Findings of EMNLP 2023.



Challenge: robustness and controllability

% What are the latest discoveries from the James Webb

Space Telescope?

65,

The James Webb Space Telescope is designed to peer
into the dusty clouds of gas where stars and planetary
systems are born. Webb has captured the first direct
image of an exoplanet, and the Pillars of Creation in the
Eagle Nebula[1][2]. Additionally, the telescope will be
used to study the next interstellar interloper|3].

(*Some generated statements may not be fully supported by
citations, while others are fully supported.)

Cited Webpages

[1]:

[2]:

[3]:

@ nasa.gov (X citation does not support its associated statement)

NASA's Webb Confirms Its First Exoplanet

. Researchers confirmed an exoplanet, a planet that arbits another
star, using NASA's James Webb Space Telescope for the first time. ...

m cnn.com (/1. citation partially supports its associated statement)

Pillars of Creation: James Webb Space Telescope ...

... The Pillars of Creation, in the Eagle Nebula, is a star-forming region
captured in a new image (right) by the James Webb Space Telescope
that reveals more detail than a 2014 image (left) by Hubble ...

@ nasa.gov ([%citation fully supports its associated statement)

Studying the Next Interstellar Interloper with Webb
...Scientists have had only limited ability to study these objects once
discovered, but all of that is about to change with NASA's James
Webb Space Telescope...The team will use Webb's spectroscopic
capabilities in both the near-infrared and mid-infrared bands to study
two different aspects of the interstellar object.

Retrieval-augmented LMs can still hallucinate

Liu et al. Evaluating Verifiability in Generative Search
Engines. Findings of EMNLP 2023.



Beyond semantic and lexical-similarity based search

q: Implementing batch normalization in Python

def
batchnorm backward
(dout, cache):
N = dout.shape[0]
X _norm, X centered,
std, gamma = cache

t,: l want to
find python 4
code

rr

.. Retrieve [ am developing batch

TART

related q normalization from
uestions Loy scratch. How can I do
1 — J | [
t,: Please Answer:
q You can just import

find answers torch.nn.BatchNorm2d"

Asal et al., Task-aware Retrieval with Instruction.
Findings of ACL 2023.
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RA-DIT 65B w/o retricval 86.7 83.7 57.9 85.1 79.8
RA-DIT 65B 856 844 584 854 30.0

Lin et al., RA-DIT: Retrieval-Augmented Dual Instruction Tuning.

ICLR 2024.



Beyond semantic and lexical-similarity based search

Training retrievers to optimize end-to-end retrieval-augmented LM performance
in diverse tasks tasks

q: Implementing batch normalization in Python

t,: l want to
find python 4
code

.. Retrieve
related q
questions

t,: Please

find answers 1

def
batchnorm backward
(dout, cache):
N = dout.shape[0]
X _norm, X centered,
std, gamma = cache

[ am developing batch
normalization from
scratch. How can I do
that?

Answer:
You can just ‘import
torch.nn.BatchNorm2d"

Asal et al., Task-aware Retrieval with Instruction.

Findings of ACL 2023.
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Lin et al., RA-DIT: Retrieval-Augmented Dual Instruction Tuning.
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New architectures for performance and efficiency

Traditional RAG

To slow down your speed
of aging, you can.
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Generative Model

How to prevent aging? ] I
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How to prevent aging?
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Muennighoff et al. Generative
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Cao et al. BTR: Binary Token
Representations for Efficient Retrieval
Augmented Language Models. ICLR 2024.



New architectures for performance and efficiency
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Further explorations of unified architectures & caching
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Training LMs with Retrieval



Training LMs with Retrieval

Input: How did US states get their names?

Output: 1 of 50 states names come from persons. For instance, Louisiana was named in honor
of King Louis XIV of France and Georgia was named after King George Il

% Critic LM Q q Retriever

Augmented Qutput: Retrieve | o <p>0f the Afty states, eleven are nnamed after an individual person<,/p>.

R }

Relevant | 11 of 50 states’ names come from person.[ Suooorted] chtricvc o <p>T.OUTSTANA: Named in
honor of Louis XIV of France.</p>. { Relevant{ FOr instance, Louisiana was named after King Louis XIV, and

Georgia was named after King George |l. | Partialy I I Util: 5 ’

Instruction-tuning with retrieval

Asai et al. Self-RAG: Learning to Retrieve, Generate and
Critique with Retrieval. ICLR 2024.



Training LMs with Retrieval

Input: How did US states get their names?

Output: 1 of 50 states names come from persons. For instance, Louisiana was named in honor
of King Louis XIV of France and Georgia was named after King George Il
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Q q Retriever

Augmented Output: | Retieve o <p>0f the Afty states, eleven are named after an individual person<,/p>.

——
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Relevant | 11 of 50 states’ names come from person.[ Suooorbed] [ Retrieve o <p>T.OUTSTANA: Named in

honor of Louis XIV of France.</p>. Relevant' For instance, Louisiana was named after King Louis XIV, and

Georgia was named after King George |l. I Partially I I Util: 5 I

Pretraining DocumentsE In-Context Pretraining %y —;' the highest so far
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, Input Contexts ’ /
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Instruction-tuning with retrieval

Asai et al. Self-RAG: Learning to Retrieve, Generate and
Critique with Retrieval. ICLR 2024.

Retrieval-aware pre-training

Shi. et al. In-Context Pretraining: Language Modeling
Beyond Document Boundaries. ICLR 2024.



Training LMs with Retrieval

Training LMs to learn to use retrieval during pre-training or instruction-tuning

Input: How did US states get their names?

Output: 1 of 50 states names come from persons. For instance, Louisiana was named in honor
of King Louis XIV of France and Georgia was named after King George Il

% Critic LM Q Q Retriever

Augmented Output: Retrieve | o <p>0f the fifty states, eleven are nnamed after an individual person<,/p>.

T ——

Relevant | 11 of 50 states’ names come from person.[ Suonormed] [Rctricvc e <p>T.OUTSTIANA: Named in
honor of Louis XIV of Prance.</p>. { Relevant{ FOr instance, Louisiana was named after King Louis XIV, and

Georgia was named after King George |l. | Partially ’ I Util: 5 l
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Instruction-tuning with retrieval

Asai et al. Self-RAG: Learning to Retrieve, Generate and
Critique with Retrieval. ICLR 2024.

Retrieval-aware pre-training

Shi. et al. In-Context Pretraining: Language Modeling
Beyond Document Boundaries. ICLR 2024.



Summing up Retrieval-Augmented LMs

* Retrieval-augmented LMs reduce many problems:
hallucination, lack of interpretability, large parameter counts

e Different architectures with their own training and inference
tradeoffs

e Jointly training retrieval and language models Iis important
but hard

e Usually evaluated like other language models, but users
often see retrieval results directly



