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From Embeddings to Knowledge Access

Last Lecture This Lecture Next Lecture

Storing and Retrieving Retrieval-Augmented

Embeddings

Knowledge Generation

How to encode information How to find information How to use information



Retrieval methods

Comparison
Dimension Sparse Dense Learning to Rank
Matching Lexical Semantic Feature-based (hybrid)
Out-of-domain  Robust Can degrade Can degrade (data-dependent)
Rare entities Strong Weak Strong (if features capture them)
Paraphrase Weak Strong Strong
Training None Required Required (labeled data)



Training (offline)
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Inference (online)
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Function class: warm up

The function class is the set of all possible relationships between feature values and the document score.
* |et’s start with a simple linear model with three features.
« our feature values are,

r1 BM25 score (float): match score between query and document.
ro document popularity (float): number of clicks the document has received in the past year.
r3 language match (binary): does the page language match the user language?

- a linear model with three features would have four parameters, w: one weight for each feature and an addition ‘bias’ term.

wo bias term

w; BM25 weight

wo popularity weight

ws language match weight



Function class: warm up

* given a new query g and a corpus of three documents, we generate three feature vectors

7o = [0.90,0.25, 1]
71 = [0.80,1.0,0
7, = [0.20,0.5,0

+ assuming we have a weight vector, w = [1,1,0.1, 10|, the document score is computed as

f@)=w-a
» we can then score each document using its feature vector,
f(Zoy) = 11.93
f(Z1) = 1.90
f(Zy) =1.25



Function class

e more generally, a function class bounds the types of relationships a model can

learn

o linear model: compact, fast, interpretable, less expressive (e.g., nonlinear relationships)
o boosted decision tree: compact, fast, more interpretable, can express nonlinear relationships
o neural network: larger, can be fast, less interpretable, extremely expressive

e appropriate function class depends on requirements of the domain

model size
latency
interpretability

O O O O

effectiveness

e cach function class is parameterized in such a way that a good model can be
selected using a loss function



LLoss function
Loss functions provide us with a way to evaluate specific function in a function class by using
labeled data. Assuming that y* is the correct prediction,
» binary loss: 0 if y* = f(x), 1if y* # f(x)
- all mistakes have the same loss (all mistakes are equally important)
- margin loss: |y* — f(z)| or (y* — f(x))?
- bigger mistakes have a higher loss (some mistakes are more serious than others)

» there are many types of loss function (not our focus today)



Pointwise loss

e pointwise learning to rank: the function predicts the document label (i.e.,
relevance) based on the features.

e intuitive modeling problem

e interpretable prediction (i.e., relevance) on the scale provided by the system
designer.

10



Pointwise loss

Predicting numeric labels is difficult because numeric labels are arbitrary

 during training, different mappings from relevance categories to numeric values cause the learning algorithm to learn different
models,

- { bad, fair, good, excellent, perfect }={ 0, 1, 2, 3, 4 }; equal differences among categories
- { bad, fair, good, excellent, perfect }={ 0, 0.5, 2, 4, 5 }; preference for relevance

- { bad, fair, good, excellent, perfect }={ 0, 0.25, 1, 2, 10 }; strong preference for relevance
- what is the relative importance of different types of errors?

- what are the right numbers to assign for bad, fair, good, excellent, perfect?
- there isn’t good theory to guide us...
- thus, pointwise training data is inherently noisy

II



Pairwise loss

approach: Train a model using pairs of documents

- training data:

y; >y; — di = dj ‘d; should be ranked above d;’

 learned model:

f(zi) > f(zj) — di > d;

* given a pair of documents d; and d;, we can treat this as a binary classification problem,

y; > y; — +1
y; <y; = —1

yi =y; =0

loss function: O if a pair is ordered correctly, otherwise 1

minimize the number of misclassified document pairs

- focus on preference, not specific scores or labels.

12



Pairwise loss: training data

» assume that y € {bad, fair, good, excellent, perfect }.

— |labels are ordinal
- we prefer perfect documents to excellent documents
- we prefer perfect documents to good documents

- given a set of n judged documents for a query, we can derive a set of O(n?) preferences

- for each d; such that y; = perfect, d; > 7 if y; € {bad, fair, good, excellent }.
- for each d; such that y; = excellent, d; > j if y; € {bad, fair, good }.

- for each d; such that y; = good, d; > j if y; € {bad, fair}.

- for each d; such that y; = fair, d; > j if y; € {bad}.

13



Pairwise loss

how is preference data used to train a model?

e tell the learning algorithm which document is better
e do not tell it the true rating of the documents

o know what the ranking order should be
o don’t know what the scores should be

e Don’t train the algorithm to predict a number that we might choose arbitrarily
e algorithm is free to predict any scores that satisty the ranking order

e goal is to minimize the number of prediction mistakes

14



Pairwise loss

- when we optimize the binary classifier f withy € {—1,1} and features z; —z;,
we can use f to produce scores f(z;) and f(z,) to rank documents.

— pairwise training # pairwise ranking
 can generalize from linear model to much more complex pairwise models,

- RankNet (Burges, et al., 2005)

- Frank (Tsai, et al., 2007)

- RankBoost (Freund, et al., 2003)

- Ranking SVM (Herbrich, et al., 2000; Joachims, 2002)
- MHR

- |IR-SVM



Listwise loss

approach: Train a model using a list of documents

- training data:

di >~ dy > ... d, ‘targetranking for a query’

 learned model:

f(xy) > f(ze) >...> f(xp) > dy >=do = ... > d,

- the value of a particular ranking is defined by some metric (e.g., NDCG, MAP)
» goal is to maximize the value of the metric

- directly align the model with the ranking target

16



Listwise loss: training data

» assume that y € {bad, fair, good, excellent, perfect }.

- labels are ordinal
- we prefer perfect documents to excellent documents
- we prefer perfect documents to good documents

» given a set of n judged documents for a query, we can a target ranking by ranking documents
INn decreasing rating.

17



Listwise loss: training data

e Directly optimizing some metrics is hard
o Popular metrics (e.g., NDCG®@n) are not continuous, nor convex
o  Very hard for optimization algorithms

e 'Two common strategies in listwise approaches:

o Find an easier metric that is intuitive and easy to optimize (e..g. likelihood of ‘best’ rankings in training
data).

o  Directly optimize ranking evaluation metrics, with approximation

I8



LLLLM Reranking

Pairwise Ranking Prompting (PRP)

pointwise pairwise listwise

(Given a query {query}, which of )
the following two passages is more
relevant to the query?

(The following are
passages related to

Passage B: {passage_b} query {query}

(Passage: {passage} | [1] {passage_1}
Query: {query} Output Passage A or Passage B: 2] {passage_2} [ [SI>[1]>[2]>. .. J
Does the passage Yes / No - ~ .

| answer the query? ) Tim scoring mode generation mode LILM

Passage A: {passage_a}

Rank these passages

based on their rele-
| vance to the query.

LILM

Y Y

"Passage A": —0.0012 Generated text:
"Passage B": —6.9116 "Passage A"

Instead of training a model, can we use LLLMs as the rerankers.

Zhen Qin, Rolf Jagerman, Kai Hui, Honglei Zhuang, Junru Wu, Le Yan, Jiaming Shen, Tianqi Liu, Jialu Liu, Donald Metzler, Xuanhui Wang, and Michael Bendersky. Large language models are effective text
rankers with pairwise ranking prompting. In Kevin Duh, Helena Gomez, and Steven Bethard, editors, Findings of the association for computational linguistics, 2024



LLLM Reranking

Pairwise Ranking Prompting (PRP)

Method | LLM | Size || Covid Touche DBPedia SciFact Signal News Robust04 Avg
BM?25 | NA | NA || 5947 44.22 31.80 67.89 33.05 3952 40.70 45.23
Supervised Methods
monoBERT BERT 340M || 70.01 31.75 41.87 71.36 3144 44.62  49.35 48.63
monoT5 T5 220M || 78.34 30.82 42.42 73.40 31.67 46.83 51.72 50.74
monoT5 TS5 3B 80.71 32.41 44 .45 76.57 32.55 48.49 56.71 53.13
RankT5 T5 3B 82.00 37.62 44.19 76.86 31.80 48.15 52.76 53.34
TART-Rerank | TS5 3B 75.10 27.46 42.53 74.84 25.84 40.01 50.75 48.08

Unsupervised LLM Methods

PRP-Allpair FLAN-UL2 20B 82.30 29.71 45.94 75.770 32.26 48.04 5549 @ 52.78
PRP-Sorting FLAN-UL2 20B 82.29 25.80 44.53 67.07 32.04 4537 5145 49.79
PRP-Sliding-10 | FLAN-UL2 20B 7945 37.89 46.47 73.33 3520 49.11 5343  53.55

Zhen Qin, Rolf Jagerman, Kai Hui, Honglei Zhuang, Junru Wu, Le Yan, Jiaming Shen, Tianqi Liu, Jialu Liu, Donald Metzler, Xuanhui Wang, and Michael Bendersky. Large language models are effective text
rankers with pairwise ranking prompting. In Kevin Duh, Helena Gomez, and Steven Bethard, editors, Findings of the association for computational linguistics, 2024



Retrieval methods

Comparison

Dimension Sparse Dense Learning to Rank

Matching Lexical Semantic Feature-based (hybrid)
Can degrade (data-

Out-of-domain  Robust Can degrade an degrade (data
dependent)
S if f

Rare entities Strong Weak trong (if features capture
them)

Paraphrase Weak Strong Strong

Training None Required Required (labeled data)

Data type Text Text Heterogeneous

Design stage Prototyping Developing Polishing

Retrieval stage

* Lo: boolean logic

* L;: IR models

10!° documents

*+ Lo: reranking

10° documents

+ Lj3: reranking

10° documents

* L4: reranking
10' documents




poll: comparing retrieval
approaches



From Embeddings to Knowledge Access

Last Lecture This Lecture Next

Storing and Retrieving Retrieval-Augmented

Embeddings Knowledge Generation

How to encode information How to find information How to use information
text documents text documents
images images
= vectors query =
conversations conversations
viewing histories viewing histories




Retrieval as a Tool

e Search engines and recommender systems are start

: task
tools to accomplish tasks.
e People use search to find relevant knowledge
. o
to help them accomplish tasks \:E-ﬁ search
e cooking dinner
e literature review
* shopping finish ]
® task a
e [LMs can too!
® answering questions
e coding receive ﬁ
e feedback @




Retrieval-enhanced machine learning

In LLMs the presented
results are incorporated
into the generator’s
prompt for the final
answer

Hamed Zamani, Fernando Diaz, Mostafa Dehghani, Donald Metzler, and Michael Bendersky. Retrieval-enhanced machine learning. In Proceedings of the 45th annual international acm sigir conference on

research and development in information retrieval, 2022.
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presentation
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What does retrieval provide as a tool?

Parametric memory Non-parametric memory (RAG)
Hallucination (Grounds generation

Confident generation of false information Retrieval provides evidence

Staleness Updatable corpus

Knowledge frozen at training time No retraining needed

Unverifiability Provides citations

No source for claims Retrieved passages as sources

Cost of updates Cost-effective

Retraining is expensive Knowledge scales independently

Hamed Zamani, Fernando Diaz, Mostafa Dehghani, Donald Metzler, and Michael Bendersky. Retrieval-enhanced machine learning. In Proceedings of the 45th annual international acm sigir conference on
research and development in information retrieval, 2022. 26



Hallucinations

Retrieval-augmented LMs can reduce hallucinations, especially in long-tail knowledge

05 - Vanilla -~ GenRead ==~ BM25 ==~ Contriever
Bl Vanilla B BM25
0.4 - mm GenRead Bl Contriever EntityQuestions
4 0.5
- A A '
O
© o 0.4 -
o 3
S 0 03-
< g 0.3
0.2 -
-2 -1 0 1 2 3
Relative Popularity

GPT-neo 1.3B  GPT-neo 2.7B GPT-j 6B  GPT-3 davinci 003

Alex Mallen, Akari Asai, Victor Zhong, Rajarshi Das, Daniel Khashabi, and Hannaneh Hajishirzi. When not to trust language models: investigating effectiveness of parametric and non-parametric
memories. In Anna Rogers, Jordan Boyd-Graber, and Naoaki Okazaki, editors, Proceedings of the 61st annual meeting of the association for computational linguistics (volume 1: long papers), 2023
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Staleness

Parametric LMs’ knowledge gets obsolete quickly & requires continuous training

Portrait

©

d Kingd

ation of

The current Prime Minister
October 25, 2022, followin

Party and previously served a

ellor of t

Prime

minister
Office

(Lifespan)

Rishi Sunak
[98]

MP for
Richmond
(Yorks)

(born 1980)

Premiership

Term of office

Start ¢

25 October
2022

End ¢

5 July
2024

Duration ¢

1 year,
255 days

Mandatel@! ¢

Keir Starmer
[99]

MP for Holborn
and St Pancras

(born 1962)
Premiership

5 July
2024

Incumbent

73 days

2024

Jungo Kasai, Keisuke Sakaguchi, Yoichi Takahashi, Ronan Le Bras, Akari Asai, Xinyan Velocity Yu, Dragomir Radev, Noah A. Smith, Yejin Choi, and Kentaro Inui. Realtime qa: what's the answer right
now?. In Proceedings of the 37th international conference on neural information processing systems, NIPS 23, Red Hook, NY, USA, 2023. , Curran Associates Inc..
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Staleness

, o “The current Prime Minister UK is...”
RAG can adapt without training

“Rishi Sunak is a British politician |
and the current Prime Minister of Rishi
the United Kingdom 7
. Boris
Pre-training
data iz

X1s X0y eeey Xy 1)

Jungo Kasai, Keisuke Sakaguchi, Yoichi Takahashi, Ronan Le Bras, Akari Asai, Xinyan Velocity Yu, Dragomir Radev, Noah A. Smith, Yejin Choi, and Kentaro Inui. Realtime qa: what's the answer right
now?. In Proceedings of the 37th international conference on neural information processing systems, NIPS 23, Red Hook, NY, USA, 2023. , Curran Associates Inc.. 29



Staleness

, o “The current Prime Minister UK is...”
RAG can adapt without training

— W B e T S RS
R R

The incumbent prime minister is
Keir Starmer, who assumed the
office on § July 2024.
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Jungo Kasai, Keisuke Sakaguchi, Yoichi Takahashi, Ronan Le Bras, Akari Asai, Xinyan Velocity Yu, Dragomir Radev, Noah A. Smith, Yejin Choi, and Kentaro Inui. Realtime qa: what's the answer right
now?. In Proceedings of the 37th international conference on neural information processing systems, NIPS 23, Red Hook, NY, USA, 2023. , Curran Associates Inc.. 30



Staleness

We can easily swap datastores for retrieval-augmented LLMs for new data distributions
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Jungo Kasai, Keisuke Sakaguchi, Yoichi Takahashi, Ronan Le Bras, Akari Asai, Xinyan Velocity Yu, Dragomir Radev, Noah A. Smith, Yejin Choi, and Kentaro Inui. Realtime qa: what's the answer right
now?. In Proceedings of the 37th international conference on neural information processing systems, NIPS 23, Red Hook, NY, USA, 2023. , Curran Associates Inc..



Unverifiability
Retrieval-augmented LMs can provide a small number of documents as attributions

Who is the current prime minister of United Kingdom?

®  Searched 6 sites v

As of September 2024, the current Prime Minister of the United Kingdom is Keir Starmer, leader
of the Labour Party. He took office following a general election in July 2024, where Labour
secured a significant victory, unseating the Conservative Party's Rishi Sunak, who had been Prime

Minister since 2022 (Northeastern Global News)(Wikipedia).
Government of the United Kingdom e

Prime Minister Portrait Since Party | Ref

vASh 5 July 2024

‘ (2 months ago)

Bernd Bohnet, Vinh Q. Tran, Pat Verga, Roee Aharoni, Daniel Andor, Livio Baldini Soares, Massimiliano Ciaramita, Jacob Eisenstein, Kuzman Ganchev, Jonathan Herzig, Kai Hui, Tom Kwiatkowski, Ji Ma,
Jianmo Ni, Lierni Sestorain Saralegui, Tal Schuster, William W. Cohen, Michael Collins, Dipanjan Das, Donald Metzler, Slav Petrov, and Kellie Webster. Attributed question answering: evaluation and

modeling for attributed large language models. 2023. 32

Keir Starmer Labour | [1]



Efticiency

We can incorporate or remove high-risk data dynamically at inference, not training time

Training Test-time Datastore

(fixed once training is done) (can be updated/removed anytime)

-

[ The patient lives with his wife and two daughters. ]

years ago—never mind
how long..

\ J—’

Public Domain

[ Call me Ishmael. Some

4 )

OpenAl, maker of
ChatGPT, hit with
proposed class

< action lawsuit .. J

@ Mr.and Mrs. )
Dursley, of number

| four, Privet Drive,
AP AC I_l E were .. )
SOFTWARE FOUNDATION P(y | X)

|

( Steve Jobs is an h

def tuning( American # Copyright (c) Meta Platforms,
model, num_trials): business Inc. and affiliates. (..)
assert .. L magnate and .. p from llama import LLaMA
Low-risk data High-risk data
(public domain, permissively-licensed) (copyrighted, private, attribution required)

Sewon Min, Suchin Gururangan, Eric Wallace, Weijia Shi, Hannaneh Hajishirzi, Noah A. Smith, and Luke Zettlemoyer. SILO language models: isolating legal risk in a nonparametric datastore. In The
twelfth international conference on learning representations, 2024.



Efticiency

Retrieval-augmented LMs can be much more parameter efficient and compute-optimal

Compute-Optimal Scaling
(TriviaQA, 5-shot) ¢

70.0
’\3 600 —@_\;T\g}ii_
< 50.0 LM + Datastore Je I
> 40.0 !
©
S 30.0
C 20.0
< ' o

10.0 ’F‘q:*—wx | * EM-only

0.0
1014 1015 1016

12B
<
@
o
0 FLOPs for pre-
N FLOPs for pre- training small LMs
T training large LMs + construct
S—'_ datastore
Q

RN
oy

Compute (Pretraining FLOPs + Datastore FLOPs)

=@®= Pareto Optimal w/ Retrieval
=3¢= Pareto Optimal LM-Only

Rulin Shao, Jacqueline He, Akari Asai, Weijia Shi, Tim Dettmers, Sewon Min, Luke Zettlemoyer, and Pang Wei Koh. Scaling retrieval-based language models with a trillion-token datastore. In Proceedings
of the 38th international conference on neural information processing systems, NIPS '24, Red Hook, NY, USA, 2024. , Curran Associates Inc..
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Widespread adoption

Retrieval-augmented LMs have been widely used both in academia and industry

4, . .
@ ® cohere (semini [Eﬁ perplexity

35



warm up: kNN-LM



kINN LM: directly interpolate output token distributions

e (Given a context x, a model predicts parametric distributions for next token

Parametric distribution
(LM output distribution)

Classification
pLM(Y)

Test Context Target Representation
T q=f(z)

Obama’s birthplace is ? @QQD

0.2
0.2 |

Hawaii
lllinois

Urvashi Khandelwal, Omer Levy, Dan Jurafsky, Luke Zettlemoyer, and Mike Lewis. Generalization through Memorization: Nearest Neighbor Language Models. In International conference on learning
representations (iclr), 2020.



kINN LM: directly interpolate output token distributions

e (Given a context x, a model predicts parametric distributions for next token
e kNN LM computes nonparametric distributions, by finding similar training context

Training Contexts Targets || Representations Distances Nearest k Normalization Aggregation
C; Uy ki = f(ci) di = d(q, k;) p(k;) o< exp(—d;) PkNN(Y) = ZQ‘ Ly=v;p(k;)
Obama was senator for | llinois @00® | Hawaii |3 [  Hawaii 0.7 Hawaii [ 0.8
Barack is married to | Michelle ©QQ@ . 100 lllinois |4 | lllinois |0.2 lllinois | 0.2
Obama was born in | Hawaii @O00® ™ 5 Hawaii |5 —| Hawaii [0.1

@®0D || 3

Obama is a native of | Hawaii

Test Context Target Nonparametric distribution
£z
Obama’s birthplace is ?

Urvashi Khandelwal, Omer Levy, Dan Jurafsky, Luke Zettlemoyer, and Mike Lewis. Generalization through Memorization: Nearest Neighbor Language Models. In International conference on learning
representations (iclr), 2020. 38



kINN LM: directly interpolate output token distributions

Given a context x, a model predicts parametric distributions for next token

kINN LM computes nonparametric distributions, by finding similar training context

Distances

4
100
5

3

Nearest k

Hawaii
lllinois
Hawaii

A QD

v vy

Normalization
p(k;) o exp(—d;)

©
@
Training Contexts Targets || Representations
C; U; ki = f(ci)
Obama was senator for | lllinois C.?C_D.D
Barack is married to | Michelle @ IN)e),
Obama was born in | Hawaii @0O0®)
Obama is a native of | Hawaii @000
Test Context Target Representation
x q= f(z)
Obama’s birthplace is ? @QQD

A

Hawaii |0.7
lllinois [0.2
Hawaii | 0.1

PkNN(Y) =

Aggregation
ZQ‘ ly—z','p(ki)

1

Hawaii | 0.8
lllinois | 0.2

Classification
pLv(Y)

Hawaii |10.2
lllinois [0.2

Urvashi Khandelwal, Omer Levy, Dan Jurafsky, Luke Zettlemoyer, and Mike Lewis. Generalization through Memorization: Nearest Neighbor Language Models. In International conference on learning
representations (iclr), 2020.
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kINN LM: directly interpolate output token distributions

e (Given a context x, a model predicts parametric distributions for next token

e kNN LM computes nonparametric distributions, by finding similar training context

e Interpolates two token distributions, adjusting the balance using a hyperparamter

Aggrez%ation

PNN(Y) = Y Ly—p.p(k;)

L

Hawaii | 0.8
lllinois | 0.2

A: hyperparameter

Pean—imO [ %) = (1 = )P (¥ [ x) + AP N (Y | X)

Classification
prLv(v)

Interpolation
p(y)=ApNN(y)+(1=A)prm(y)

0.2
0.2

Hawaii | 0.6
lllinois | 0.2

Hawaii
lllinois

Urvashi Khandelwal, Omer Levy, Dan Jurafsky, Luke Zettlemoyer, and Mike Lewis. Generalization through Memorization: Nearest Neighbor Language Models. In International conference on learning
representations (iclr), 2020. 40



kINN LM: directly interpolate output token distributions
kINN LM outperforms much larger parametric LMs by large margin

e kNN LM constantly outperforms parametric LMs and 30x larger 3B LMs with larger datastore
e kNN LM also enables efficient & controlled domain adaptations

21 € - Books (In-domain)
Wiki-3B + Books Datastore - 36
18 - A= (Domain Adaptation)
20 2
X
2 343
5 19 E’ 174 g?
2 —— Wiki-100M & 32 §
< 18 = & =
% -=-= Wiki-3B - ©
o —>— kNN-LM (Wiki-100M + kNN) ® 16 - _30 ®©
a 17 = 2
’? -
L £
-28 ¢
15 - A
\‘\)‘* - 26
14 14 -

0.0 0.2 0.4 0.6 0.8

0.0 0.5 1.0 1.5 2.0 2.5 3.0 . .
A (interpolation parameter)

Size of datastore (in billions)

Urvashi Khandelwal, Omer Levy, Dan Jurafsky, Luke Zettlemoyer, and Mike Lewis. Generalization through Memorization: Nearest Neighbor Language Models. In International conference on learning
representations (iclr), 2020. 41



Training with In-batch Memories (TRIME)

Training KNN LM to better learn interpolations

e kNN LM uses pre-trained LMs without any training
e TRIME introduces an efficient training method, outperforming kNN LM

@® Target token’s embedding Positive in-batch memory
O Other token embeddings (O Negative in-batch memory

Wikitext 103 (Perplexity)

4 Forward pass ¥ Back-propagation 19

prediction (target: ‘Apple”)
'N, 14.3
similarity <
rl lJ 9.5
D ' Oand (O Microsoft ] :
' |V| token 4.8
'T\¢ ; €2 Apple O color ] embeddings 1
C encoder )<_ Ofirst  O...
A + ... works at Microsoft 0
' @ ... returned to Apple | n-batch Transformer KNN LM TRIME
Jobs became CEO of ' o
— + (... Jobs became CEO | memories !
. ©@... moves to Apple : Bl Dev Perp B Test Perp
O :

---------------------------------

Zexuan Zhong, Tao Lei, and Danqi Chen. Training language models with memory augmentation. In Yoav Goldberg, Zornitsa Kozareva, and Yue Zhang, editors, Proceedings of the 2022 conference on
empirical methods in natural language processing, §657--5673, Abu Dhabi, United Arab Emirates, December 2022. , Association for Computational Linguistics.
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Pros and cons of output interpolation

kINN LM & variants have unique advantages but have several empirical challenges

e Pros
e Provides token-level attributions
e Enables explicit control between parametric and non-parametric memories
e C(ons
e Difficult to scale to large retrieval corpora (i.e., the number of embeddings equals the number of tokens)
e Empirically shows limited effectiveness outside of upsteam language modeling tasks

Great Memory, Shallow Reasoning: Limits of XNN-LMs kNN-LM Does Not Improve Open-ended Text Generation
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Zexuan Zhong, Tao Lei, and Danqi Chen. Training language models with memory augmentation. In Yoav Goldberg, Zornitsa Kozareva, and Yue Zhang, editors, Proceedings of the 2022 conference on
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in-context RAG



user prompt

augmented user prompt

|  Question:

4 Answer:

invisible to the user

model output

“The highest point
in Pittsburgh is the
Cathedral of

Learning.”

generate



Retrieval becomes prompt engineering: generator sees retrieved text in its context window

user prompt model query results
h1.ghest pou’}t n Pittsburgh is Mount Washington, which rises to
Pittsburgh? : approximately 1,250 feet above sea level.”

“what is the highest point in Pittsburgh?” 2. “Mount Washington, formerly known as Coal

Hill, is commonly cited as the highest elevation
in Pittsburgh and offers panoramic views of the
city.”

Please construct a keyword query for the g

above question: 3. “Pittsburgh features several elevated
neighborhoods, including Mount Washington
and Observatory Hill, which sit above the
downtown area.”

4. “Pittsburgh is located at the confluence of the
Allegheny and Monongahela rivers, forming the
retrieve Ohio River.”

invisible to the user

augmented user prompt

E

“what is the highest point in Pittsburgh?”

Please answer the above question based on the

following information:

1. “The highest point within the city of Pittsburgh is
Mount Washington, which rises to approximately 1,250
feet above sea level.”

2. “Mount Washington, formerly known as Coal Hill, is
commonly cited as the highest elevation in Pittsburgh
and offers panoramic views of the city.”

3. “Pittsburgh features several elevated neighborhoods,
including Mount Washington and Observatory Hill,
which sit above the downtown area.”

4. “Pittsburgh is located at the confluence of the
Allegheny and Monongahela rivers, forming the Ohio

River.”

Answer:

model output

“The highest point
in Pittsburgh is
Mount
Washington, which
reaches an
elevation of about
1,250 feet above sea
level.”

generate



In-context RAG

Simply augmenting input-space of LMs give significant gain across different tasks

e In upstream language modeling task, simply adding retrieved context gives large gains, especially smaller models

e Similar significant gains in downstream tasks such as Question Answering
® No Retrieval ® In-Context RALM (BM25)
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Ori Ram, Yoav Levine, Itay Dalmedigos, Dor Muhlgay, Amnon Shashua, Kevin Leyton-Brown, and Yoav Shoham. In-context retrieval-augmented language models. Transactions of the Association for
Computational Linguistics, 11:1316--1331, 2023. 48



In-context RAG

Effects of retrieval systems for downstream task performance

¢ On language modeling, BM 24 results in best performance
e On downstream QA tasks, trained retrieval models eg Contriever results in best performance
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Alex Mallen, Akari Asai, Victor Zhong, Rajarshi Das, Daniel Khashabi, and Hannaneh Hajishirzi. When not to trust language models: investigating effectiveness of parametric and non-parametric
memories. In Anna Rogers, Jordan Boyd-Graber, and Naoaki Okazaki, editors, Proceedings of the 61st annual meeting of the association for computational linguistics (volume 1: long papers), 2023. 49



poll: cheating (2)



[LLimitations of naive RAG

Effects of retrieval systems for downstream task performance

e In-context retrieval-augmented LMs sometimes generate content that is not fully supported by their citations

Cited Webpages

[1]: @ nasa.gov (X citation does not support its associated statement)

NASA's Webb Confirms Its First Exoplanet
... Researchers confirmed an exoplanet, a planet that orbits another
star, using NASA's James Webb Space Telescope for the first time. ...

PN  What are the latest discoveries from the James Webb [2]: mcnn.com (4 cijtation partially supports its associated statement)
% Space Telescope? Pillars of Creation: James Webb Space Telescope ... |
... The Pillars of Creation, in the Eagle Nebula, is a star-forming region
o : : captured in a new image (right) by the James Webb Space Telescope
0.0 The James Webb Space Telescope is designed to peer that reveals more detail than a 2014 image (left) by Hubble ...
7 into the dusty clouds of gas where stars and planetary
systems are born. Webb has captured the first direct [3]: @ nasa.gov ([citation fully supports its associated statement)
image of an exoplanet, and the Pillars of Creation in the Studying the Next Interstellar Interloper with Webb
Eagle Nebula[1][2]. Additionally, the telescope will be ...Scientists have had only limited ability to study these objects once
used to study the next interstellar interloper[3]. discovered, but all of that is about to change with NASA's James
Webb Space Telescope...The team will use Webb's spectroscopic
(*Some generated statements may not be fully supported by capabilities in both the near-infrared and mid-infrared bands to study
citations, while others are fully supported.) two different aspects of the interstellar object.

Nelson Liu, Tianyi Zhang, and Percy Liang. Evaluating verifiability in generative search engines. In Houda Bouamor, Juan Pino, and Kalika Bali, editors, Findings of the association for computational
linguistics: emnlp 2023, 7001--7025, Singapore, December 2023. , Association for Computational Linguistics.
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[LLimitations of naive RAG

Effects of retrieval systems for downstream task performance

e In-context retrieval-augmented LMs sometimes generate content that is not fully supported by their citations

e They can easily be distracted by unhelpful context

Q: Who is the actor playing Jason on general hospital?

- E: Jason Gerhardt (born April 21, 1974) is an American actor. He is
- known for playing the role of Cooper Barrett in General Hospital

and Zack Kilmer in Mistresses.
- The answer is: Jason Gerhardt
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Ori Yoran, Tomer Wolfson, Ori Ram, and Jonathan Berant. Making retrieval-augmented language models robust to irrelevant context. In Iclr 2024 workshop on large language model (Ilm) agents, , , 2024.
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[LLimitations of naive RAG

Effects of retrieval systems for downstream task performance

In-context retrieval-augmented LMs sometimes generate content that is not fully supported by their citations

They can easily be distracted by unhelpful context

Diverse tasks require different retrieval needs e.g., content, frequency

Who is the current PM of UK?

Create a table listing all previous UK Prime Ministers,
including their terms in office, political party, alma
mater, and notable achievements.

The equation x 2 + 2x = i has two complex solutions.

Determine the product of their real parts (from
MATH)

Can be easily answered based on top documents
retrieved at the beginning

This may require iterative retrieval, based on the
current generation

Questions with similar solutions may have limited
semantic similarities in embedding space
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