CS11-711 Advanced NLP

Retrieval and Retrieval-
Augmented Generation

Graham Neubig

P Carnegie Mellon University
#7»"  Language Technologies Institute

https://phontron.com/class/anlp-tall2024/



https://phontron.com/class/anlp-fall2024/

Standard Prompting

 Combine a prompt template together with an input

Please answer this guestion:

| think Vin Diesel has been a voice actor for several
characters in TV series, do you know what their names are?



Problems

e Accuracy ISSUes:

- 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

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

Verifiability issues: It is hard to tell it the answer is
correct



Retrieval-augmented Generation
(Chen et al. 2017)

- Retrieve relevant passages efticiently

- Read the passages to answer the query
query
A4&199 passage ph‘

passage passage passage -
retmeval reading
passage passage passage
Dassage passage passage - —————  ANSWET
passage passage passage
E E passage passage passage




Example

| think Vin Diesel has been a voice actor for several characters in TV series, do you
know what their names are? Please list all of them.

ChatGPT

Vin Diesel has lent his voice to several characters across various TV series and shows.
Here's a list of the characters he's voiced:

1. Groot in "Guardians of the Galaxy Vol. 3" (2023 Movie), "The Guardians of the Galaxy
Holiday Special" (2022 TV Show), "l Am Groot" (2022 Short), "Thor: Love and Thunder"
(2022 Movie), "Avengers: Endgame” (2019 Movie), "Ralph Breaks the Internet: Wreck-It
Ralph 2" (2018 Movie), "Avengers: Infinity War" (2018 Movie), "Guardians of the Galaxy
Vol. 2" (2017 Movie), and "Guardians of the Galaxy" (2014 Movie) [*7).

2. Santiago in "ARK: The Animated Series" (2023 TV Show) [*7].

2. Dominic Toretto in "Fast & Furious: Spy Racers" (2019 TV Show) [*7].

https://www.behindthevoiceactors.com/Vin-Diesel/

Additionally, though the website for "Big Mouth" lists Vin Diesel, it appears to be a

misunderstanding or an error, as Nick Kroll is credited as the voice of Vin Diesel in that
show (7).

https://www.behindthevoiceactors.com/tv-shows/Big-Mouth/Vin-Diesel/

These roles showcase Diesel's versatility and contribution to voice acting, particularly
in animated series and specials, where he brings iconic characters to life with his
distinctive voice.
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Retrieval Methods

-+ Sparse retrieval

- Document-level dense retrieval

- Token-level dense retrieval

- Cross-encoder reranking

- Black-box retrieval (just ask Google/Bing)



Sparse Retrieval



Sparse Retrieval

 EXpress the query and document as a sparse word
frequency vector (usually normalized by length)

g=whatisnlp 017 eistie? 02 = nipsenaconmior A3 = i1ke 0o
what 0.33 0.25 O 0
candy 0 0.125 0 0

nip 0.33 0 0.125 0.125

e 5 \5) U5 S

q*di = 0.165 q*d> = 0.0825 g*ds = 0.0413

 Find the document with the highest inner-product or
cosine similarity in the document collection




lerm Weignting

(See Manning et al. 2009)

* SOome terms are more important than others; low-
frequency words are often more important

e Term frequency - in-document frequency (TF-IDF)

freq(t, d)

B 1 D
TF(t,d) = S feq(t,d) T (zd@ 5(freq(t, d') > 0)>

TF-IDF(t,d) = TF(t,d) x IDF(¢)

e BM25: TF term similar to smoothed count-based LMS

freq(t, d) - (k1 + 1)
freq(t, d) + k1 - (1 —b+0b- ﬂ)

avgdl

BM-25(¢, d) = IDF(¢) -




INnverted Index

e A data structure that allows for efticient sparse lookup of vectors

Sparse Vectors Index
d- do ds {
“‘what”: [1],
N 2 0 0 “W )
oy [\ [0\ [o\ || roanar i
D 0 ~ 1 — “jlp”: [2,3],
o 5 ~ 0 “Is”: [1,2],
Ianguage\ 0 / \ - / \ 0 / ‘language”: [2],

. o . e . s } T

 Example software: Apache Lucene




Dense Retrieval



Dense Retrieval

Encode document/query
and find nearest neighbor

Can use:

query — oeee <«—»

e Qut-of-the-box
embeddings

 |Learned embeddings
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Creating Query/Document
Embeaddings

hate this movie

l

|
! ! !
QOO GO0 OO0 GO0
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Method 2 Method 1
Pool all tokens Take one token




Bidirectional vs.
Unidirectional Attention

Bidirectional Attention: Use a masked language

model like BER
- LLM2Vec

(BehnamGhader
2024): Train
unidirectional, then
remove mask and
use/train

- Echo Embeddings
(Springer et al
2024): Repeat the
string multiple times
IN a unidirectional
model

- RoBERTa, etc. as base

Enabling Bidirectional Attention

K w1 w2 w3 Wyq /

Autoregressive embeddings do not encode context

from later tokens 7
classical DDD DDD

embeddings
— x —

Repetition enables embeddmgs to encode context
from later tokens

O0O0O000 OO0 EIEIEI
A echo embeddings |




| earning Retrieval-oriented
Embeaddings

e Select positive and negative documents, train
using a contrastive loss (e.g. hinge loss)

LO.q)= > >  max(0,5(q, dneg; 0) — 5(q, dpos; )

dpos EDpos dneg EDneg

 Basic idea: move the positive documents closer,
negative documents farther away



How to get negative examples”
In-batch negatives

 Create a batch of queries and associated documents

e Jreat all other documents in the batch as negative examples

Label

a1l — 008 |1 BB+ 5
2 —-seee| 1 U ceee—B
13 — 900® 1 2988+
4 —~0008| H 1 (0ee8+B
b — 000 1 8888 —FE

- Problem: not enough hard examples



How to get negative examples”

Hard negative mining

 Use a weaker retriever (e.g. BM25) to more examples

and treat them as negatives
Label

al — 00ee 1 0 2988 —5
2 — 0008 | 2988 — 5
3 — 000e 1 2998 — 5
4 —~e0e8 n 1 |eeee—B&
05 — 000® 1 | 0008 —B
m«g

2008 —
BM25 0 |eeee—B
2988 —
2088 —C

/

In-batch
negatives

ard
negatives

- Problem: hard "negatives” might actually be positive



Representative Models

 DPR (Karpukhin et al. 2020): learn encoders based
on a BM25 hard negatives and in-batch negatives.

 Contriever (lzacard et al. 2022): contrastive
learning using two random spans as positive pairs



Embedding Interaction
Methods



Approximate Nearest
Neighbor Search

* Methods to retrieve embeddings in sub-linear time

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

100
o 101
110 @ T o ®

o Software: FAISS, ChromaDB

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




Cross-encoder Reranking

e Jointly encode both queries and documents using
neural model (Nogueira et al. 2019)

Bi-encoder Cross-encoder
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* Precludes approximate nearest neighbor lookup, so

can only be used on small number of candidates
Figure from Khattab et al. (2020)



loken-level Dense Retrieval

 ColBERT (Khattab et al. 2020) use contextual
representations of all query and document tokens
to compute retrieval score.

Query Encoder, f,, Document Encoder, f),

Offline Indexing

Query Document

e Significantly more effective (but more costly) than
single-vector retrieval



| M-based Variants of
Retrieval



Instructable Embeddings
(Su et al. 2022)

* Instruction tuning for embedding models

Find duplicate  Retrieve documents Classify the

quesions: X from Wikipedia: X question’s topic: X
Input X %
Who sings the song

“Love Story”? :> (1
INSTRUCTOR
" i ---------------- >
g &
Question Classifier
Corpus
?2) <

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

Who is the singer of the! "Love Stqry" is a
' song “Love Story”? song by singer
Iennnanansaesnsannnsanscnass: " Tavlor Swift ...




Hypothetical Document Embeddings

(Gao et al. 2022)

 (Generate a “hypothetical document” for the query using
an LLM, and try to look it up

e Can be easier than trying to match under-specitied query

write a passage to answer the question :
How wisdom teeth are removed...

how long does it take to remove ; H D E } Some ... a few minutes, whereas
wisdom tooth 1 y It usually takes between 30 ! ‘ others can take 20 minutes or
minutes and two hours to longer....

remove a wisdom tooth...

write a scientific paper passage to answer
the question
How has the COVID-19 pandemic impacted
mental health?

...depression and anxiety had

increased by 20% since the Contriever
start of the pandemic... AN

‘ ... two studies investigating
COVID-19 patients ... significantly
‘ higher level of depressive ...

write a passage in Korean to answer the
question in detail : : ‘
QT2 AR ES ABHETI? ———— 2 Hzajzi

instruction query generated document real document



Evaluating Retrieval



What is a Good Result?

* For humans: relevant information is included in the
top of the ranking list

- For machines: relevant information is included in a
way that can be used by machines



Ranking Metrics

* (Generally start with gold-standard relevance
judgements and try to match them

* .0

2. Highly Relevant

1: Somewhat Relevant

0: Not Relevant




Cumulative Gain

(Hegde 22)
- Sum of relevance score @ N values retrieved

CG@5 for ranking CG@5 for ideal ranking

— sum(0,2,1,2,0)

— sum(0,2,1,2,0)

5

5




Discounted Cumulative Gain

(Hegde 22)

- Add a discount 1/log2(i+1) for lower ranked values
DCG@5 for ranking IDCG@5 for ideal ranking

]

=N
©0.63
05 — 262
©0.43
B - 035

*0.63

*05 — 3.70

*0.43

*0.38




Normalized Discounted
Cumulative Gain

 Makes sure that as you pick up more good docs you get a better score
« nDCG = DCG/IDCG

DCG@2 [DCG@2
1.26 3.26
NnDCG@2
0.386

DCG@3 IDCG@2
1.76 3.76

NnDCG@2
0.468




Other Metrics

« Mean Average Precision: The * Recall@N: The percentage
average precision at which each of time you get a positive
relevant document is retrieved document in the top N

o
R@1 =0
172 R@2 = 1
T 2/3 — 0638 R@3 = 1
R@5 = 1

"




Retriever-Reader Moadels



Simple: Just Chain
Retrieval+Reading

e Use an out-of-the-box retriever and out-of-the-box reader
query

E 4{3% passage p}‘
passage passage passage
Goog le GPT
passage passage passage
passage passage passage —  JNSWET
passage passage passage
E E passage passage passage

e Passages are concatenated to the context




Retriever + Generator End-to-end Training (“RAG”)
(Lewis et al. 2020)

* [rain the retriever and reader to improve accuracy

- Reader: Maximize generation likelihood given
single retrieved document

- Retriever: Maximize overall likelihood by
optimizing mixture weights over documents

Define "middle ear" (x) * ----------------------------- The middle ear includes
End-to-End Backprop through q and pe i Rt s
Question Answering: -, Che three ossicles. (y)
Question Que . YA O f M cimvmtme o~ : -
ry Retriever pﬂ Document \ aenerator pg ) (Zuestloné\nsweryng.
o Bt Index nswer Generation
B k Ob ‘ S
bziicin .ﬁ:iiﬁx) d(z) _—Z supports (y)
Fact Verification: Fact Que _-Y I3 Margin- Fact Verification:
v . f_ S - ™ I'g Label Generation
The Divine "?-;' — ) alize
M|PS¢: - : \_/-41 - po —3 This 14th century work
S A p— ~ is divided into 3
Jeopardy Question ~ y Y sections: "Inferno",
Generation: > "Purgatorio” &
Answer Query ~ "Paradiso" (y)

+ / Question Generation




End-to-end Training Equations

(Lewis et al. 2020)

* (Generation is a mixture model: pick a document,

generate from the document

PRAG y‘x H Z pn(z‘x)pe(yi‘xazayl:i—l)

i zetop-k(p(-[z))

Retriever Generator

* Probability of the retriever is based on embeddings

Pn(z|z) X exp(d(2) ' q(z)) d(2) =encq(z), qz)= enc,(z)

* Adjusts retriever to give higher similarities hel

e |ssue: search index becomes stale = can on

oful docs

y train g(x)



Training LMs w/ Retrieved Contexts

* Retrieve contexts and condition the pre-training of
the model on these contexts

* Many examples, e.g.

* DrQA - retrieve from wikipedia and train reader
(Chen et al. 2017)

 RETRO - pre-train language model w/ retrieved
context (Borgeaud et al. 2021)



Retrieval Granularity



When do we Retrieve?

- Once, at the beginning of generation

* Default method used by most systems (Lewis et al.
2020)

- Several times during generation, as necessary

- (Generate a search token (Schick et al. 2023)

-+ Search when the model is uncertain (Jiang et al. 2023)
- Every token

- Find similar final embeddings (Khandelwal et al. 2019)

- Approximate attention with nearest neighbors (Bertsch
et al. 2023)



Triggering Retrieval w/ Tokens

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

Training is done
N an iterative
manner -
generate and
identity
successftul
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 w/ Uncertainty

* FLAR
conte

Retrieved
documents

Step 2

Step 3

=4

lang et al. 2023) tries to generate

T,

ISearch
1[1]: ..

Joe Biden (born November 20, 1942) is the 46th president of the United States.
Joe Biden (born November 20, 1942) is the 46th president of the United States.

Joe Biden attended the University of Pennsylvania, where he earned a law
degree.

in history and political science.

Joe Biden announced his candidacy for the 2020 presidential election on August
18, 20189.

Joe Bi

25, 2019.

Em . S B S S B S BN S B S BN S B BN BN BN SN BN S B S B S B S BN BN SN S G B S e e .

Generate a summary about Joe Biden.

|
|
|
|
|
|
|
|
|
|
I He graduated from the University of Delaware in 1965 with a Bachelor of Arts
|
|
|
|
[
|
|
|
|
|

then does retrieval it LM certainty is low

( .
results: D, LM m : Retriever
" Search results: D, — :
I[2]: .. earch results a2 ;
|

[1]: - search results: Dy, 1
21 g - |
[2]: ... :
T

den announced his candidacy for the 2020 presidential election on April




Retrieval+Critique

« SELF-RAG (Asai et al. 2023) critiques the
retrieved/generated outputs for accuracy

Ours: Self-reflective Retrieval-Augmented Generation (Self-RAG)

Prompt How did US states get their names? Step 1: Retrieve on demand
% —> S states got their names from a variety of sources. E{C‘j Q
Step 2: Generate segment in parallel o e o
Prompt + o Prompt + e Prompt + o
2 2| 22
foont} 11 of 50 state names B Tos is named Relevant | California's name has its

origins in a 16th-century novel
Las Sergas de Esplandian. §  partially

come from persons. Supported

after a Native American tribe.

Step 3: Critique outputs and select best segment

-(omm) > © > ©

"
-1 US states got their names from a variety of sources. 11 of 50
—> | Retrieve | = Repeat.... =
e d states names are come from persons. 26 states are named
after Native Americans, including Utah.




Ensuring Use of Relevant Context

e Better retrievers make more relevant context
* Decide whether to include passages (Asai et al. 2021)

* Filter down to parts of retrieved passages (Wang et al. 2023)

infrastructure necessary for rapid industrial growth was Quest ion @
. put in place. The first railway in Belgium, running from
northern Brussels to Mechelen, was completed in May When did the
- 1835. The earliest railway in Britain was a wagonway :
. system, a horse drawn wooden rail system, used by :
'~ German miners at Caldbeck, Cumbria, England, perhaps :
. from the 1560s. A wagonway was built at Prescot, near :
. Liverpool, sometime around 1600, possibly as early as
: 1594. Owned by Philip Layton, the line carried coal from : Generator

- a pit near Prescot Hall to a terminus about half a mile @

away. On 26 July 1803, Jessop .op'egegi the Surrey Iron

first train run
in England?

éThe earliest railway in Britain was a wagonway system,
-horse drawn wooden rail system, used by German miners:
-at Caldbeck, Cumbria, England, perhaps from the 1560s.

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



Token-level Softmax Modification

 KNN-LM (Khandelwal et al. 2019) retrieves similar
examples, and uses the following token from them

Nearest k Normalization
p(ki) o exp(—d;)

Hawaii |3 | Hawaii|0.7
lllinois |4 [ lllinois 0.2
Hawaii |5 | Hawaii|0.1

Aggregation
PNN(Y) = Z ly=v;p(k;)

Hawaii
lllinois

0.8
0.2

4

Classification

LM ()

|

Training Contexts Targets || Representations Distances
C; V; ki = f(ci) d; = d(q,k;)
Obama was senator for | lllinois 4
Barack is married to | Michelle 100
Obama was born in | Hawaii 5
Obama is a native of | Hawaii 3
Test Context Target Representation
X q = f(z)
Obama’s birthplace is ?

Hawaii
Illlinois

0.2
0.2

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

Hawaii
lllinois

0.6
0.2




Token-level Approximate Attention

o Unlimiformer (Bertsch et al. 2023) notes that attention is
an inner-product and does top-k attention

e First, process input with a sliding window

e Then perform attention using a vector index

Index of one long input

AAA
Encoder kNN Search
Encode chunksj T k query
- o~
b ¢ d b ¢ d e c d | e
o AT ¥
.......... | 8 L
. I h e |
Input:  a C d e f

45

~—_

Retrieved
hidden states

¢

Decoder Layer

[

.

Cross attention ]

ﬁ

~N

_/




Questions?



