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Recap: Factual Error Sources
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Factual Error Sources

Outside model knowledge and
the model fabricates

Inside model knowledge but
Factual Error model outputs do not respect

model knowledge

‘

Inside model knowledge,
outputs respect model

knowledge, but model
knowledge does not align with Impossible to produce correct

world knowledge answers without external tools
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What Can We Do to Mitigate Hallucination?

Outside model knowledge and
the model fabricates

Inside model knowledge but
Factual Error model outputs do not respect

model knowledge

Inside model knowledge,
outputs respect model

knowledge, but model
knowledge does not align with
world knowledge

Answer “l don’t know”

Produce correct answers



Recap: How to Improve Models’ Factual

Correctness?
Challenges:

1. Difficult to update static knowledge (e.g., president of US)
2. The world is producing new knowledge everyday 4 6}%{
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Recap: How to Improve Models’ Factual

Correctness?
Challenges:

1. Difficult to update static knowledge (e.g., president of US)
2. The world is producing new knowledge everyday

Retrieval is currently considered the best solution to improve factual correctness
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Retrieval-Augmented Generation (RAG)

Chen et al. Reading Wikipedia to Answer Open-Domain Questions. 2017



Retrieval-Augmented Generation (RAG)
Retrieve relevant passages efficiently

Read the passages to answer the query

yassage paSS%u Passag
pPassSage passage passage .
eading —)

passage passage passage
passage passage passage swer

.

A B retrieval

passage passage passage
passage passage passage

Chen et al. Reading Wikipedia to Answer Open-Domain Questions. 2017



Retrieval-Augmented Generation (RAG)
Retrieve relevant passages efficiently

Read the passages to answer the query

query

‘/passage passage ph‘
: passage passage passage .
B retneva\ reading
passage passage passage
passage passage passage = ——  ANSWEI

passage passage passage
passage passage passage

Your group project is actually a standard RAG example, but in a more advanced
manner with multiple steps

Chen et al. Reading Wikipedia to Answer Open-Domain Questions. 2017



Example
) You

| 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), "| Am Groot" (2022 Short), "Thor: Love and Thunder"
(2022 Movie), "Avengers: Endgame” (2012 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) [17].

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 [17].

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

S ;
- Token-level dense retrieval
- Cross-encoder reranking / /
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Sparse Retrieval
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e EXpress the query and document as a sparse word
frequency vector (usually normalized by length)
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Sparse Retrieval

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

d1 — what is life ? d2 — nlp is an acronym for d3 —

| like to do

g=what Iis nlp candy is life | natural language processing  good research on nlp
what /0.33 0.25 / O / O
candy 0 \ 0. 125 0 \ 0 \
n\p 0.33 0.125 0.125
0.33 0.25 0.125 0
osee \o ) \o ) \e) Aoy

g*ds = 0.165 qg*ds = 0.0825 qg*ds = 0.0413

e Find the document with the highest inner-product or

cosine similarity in the document collection
10




Term-Weighting

¢ Some terms are more important than others; low- ) o
frequensy words are often more important : @ /

e

TF-IDE/Term frequeicy - Inverse document frequency &( Ascttnment
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/ TF-IDF(t,d) = TF(t,d) x IDF(¢t)
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Term-Weighting . .4 Joiwntos

e Some terms are more important than others; low- e
frequency words are often more important ﬂwaf d<( oo
Lt hew? TNe wd- T

TF-IDF: Term frequency - Inverse documen freq s How vove s s

freq(t, d)
TF = IDF(t) =1 ‘ ?J/ '
(ta d) Zt’ freq(t’ 05 vep 0(freq(t, d’) > 0 ﬁCﬂ i 3

/I’-‘&r example the-df{document frequency) and idf for some words in Shakespeare's 37 plays a

TF-IDF(¢,d) = TF(t,d) x IDF(¢ 7 — /”W
1

/ Romeo | 1 L/

salad 2 | 1.27
aig/ (9 v W/ %‘MAW M i { Falstaff | 4 o.QGGW

[ forest | 12| 0.489

follows:[®!

battle |21 ]0.246 (J

10F=0 T
S ;Ooocld 2: 0.01:% U
= , weet 37t )/7 )
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BM25 (Best-Matching 25)

Given a query Q, containing keywords q1, . .« , the BM25 score of a document D is:

score(D,Q) = 3 7TV $@,D)- (ki +1)
=1 (qi, D) + ki - (1 b+b-

| D|

D| is the length of the d ent D in words,
ich documents are drawn. k; and b are free parameters,
usually chosen, in absence of an advanced optimization, as k; € [1.2,2.0] and b = 0.75.8) IDF(g; ) is the IDF (inverse document

where f(g;, D) is the number of times\that the keyword g; occurs in the docume

and avgdl is the average document length in the

https://en.wikipedia.org/wiki/Okapi_BM25
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Inverted Index

* A data structure that allows for efficient sparse lookup of vectors

Sparse Vectors Index

‘what”: [1],
Wh?jt ‘candy”: [1],
candy ‘nip”: [2,3],

nip ‘57 11.2],

S
language

‘language”: [2],

13



e A data structure that allows for efficient sp

Inverted Index
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Dense Retrieval

 Encode document/query
and find nearest neighbor

e Can use:
/
’/0 ut-of-the-box

embeadinc

e
L earned embeadi




Dense Retrieval

 Encode document/query
and find nearest neighbor /
e Can use: )
' query — oeee
e Qut-of-the-box \/
embeddings

* Learned embeddings =

— \ E y
\‘.‘
\,‘ \! ! A 4
.
A
L/

o

Even though dense retrieval seems more advanc

tends to be more robust in open-ended scenarios N=———
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Learning Retrieval-Oriented Embeddings

* Select positive and negative documents, train _ mjwave

L(@, Q) —

dpo

s€Dpos dne gEDn eg

using a contrastive loss (e.g. hinge loss) /
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P

proximaﬂearest Neighbo]™
earch —

Methods to retrieve embeddings in sub-linear time

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

Graph-based search: create L)té fovis
“hubs” and sear rom there

16






@oproximate earest Neighbo
earch

* Methods to retrieve embeddings In sub-linear time

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

. Softwar%Alﬁ,/ ChromaDB

>

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

)
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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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Cross-encoder

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

Bi-encoder Cross-encoder
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Retriever-Reader Models
[

Use an out-of-the-box retriever and out-of-the-bax reader

passage passage passage
passage passage passage

TGPT
—/  ANSWEr

PasSSage passage passage
PasSSage passage pasSagg

assage passage passage
‘ k ﬁgassage passage pagsage g
E /
Passages are concatenated to the context

18




Retriever+Generator End-to-End Training (“RAG”)

Define "middle ear"™ (x) (- ----------------------------- The middle ear includes

End-to-End Backprop through q and pe e e

Question Answering; the three o¢ossicles. (y)
LSRN Sy Question Answering:

Retriever p,

(Non-Parametrig)

Answer Generation

Barack Obama was
born in Hawaii. (x)

supports (y)

Fact Venification:
Label Generation

Fact Verification: Fact Query

The Divi ]
e Divine This 14th century work

Comedy (x) is divided into 3
Jeopardy Question sections: "Inferno",
Generation: "Purgatorio" &
Answer Query "Paradiso" (y)
QuestionGeneration
‘\

Lewis et al. Retrieval-Augmented Generation for Knowledge-Intensive NLP Tasks. 2020
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Retriever+Generator End-to-End Training (“RAG”)

(. ----------------------------- The middle ear includes
End-to-End Backprop through q and pg the tympanic cavity and

the three ossicles. (y)

Define "middle ear™ (x)

Question Answering:
Question Query

Question Answering:
Answer Generation

Query Retriever Pn Document
Encoder index

Generator pg

(Parametric)

(Non-Parametric)

q(x)

Barack Obama was
born in Hawaii. (x)

supports (y)

Fact Verification:

Fact Verification: Fact Que
Query Label Generation

The Diwvi 1
e bivine This 14th century work

Comedy (x) is divided into 3
Jeopardy Question sections: "Inferno",
Generation: "Purgatorio" &
Answer Query "Paradiso™ (y)

Question Generation

Reader: Maximize generation likelihood give
Ingl | ent

riever and reader {0 Improv uracy L Y) j:
04 | )
e R

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

Lewis et al. Retrieval-Augmented Generation for Knowledge-Intensive NLP Tasks. 2020
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End-to-End Training Equations

* (Generation Is a mixture model: pick a document, b i%m/

generate from the document L~ \/&CW@%
> oy (zlz)py(vile, 2, yri-1) i

1 z€top-k(p(:|z)) ﬂ?éﬂ 4
* Probabil retriever s ed on embeddings

N ((\;//t’e‘x @‘, W‘/
py(z|zpxp(d(z) a(z))/ d(z) sfenca(d), a(z)

fin

e Ad] er to give higher similarities helpful ¢

Lewis et al. Retrieval-Augmented Generation for Knowledge-Intensive NLP Tasks. 2020
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End-to-End Training Equations

et
> o, x,[y/ Cre Al

* (Generation is a mixture model: pick a document,
generate from the document

Prac(y|z) = H 77
1 zgtop-k(p(-

—  Retriever Generator
* Probabillity of the retriever is based on embeddings

pa(2e) o< exp(d(2) a(a) % encq(2). /\q@) =>

* Adjusts retriever to give higher simi elptul doc

Z‘x)pﬁ(y’t‘xa 2 yl:i—l)

Issue: search index becomes stale - can only train g(x)

Lewis et al. Retrieval-Augmented Generation for Knowledge-Intensive NLP Tasks. 2020
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When Do We Retrieve?

Lewis et al. Retrieval-Augmented Generation for Knowledge-Intensive NLP Tasks. 2020

Schick et al. Toolformer: Language Models Can Teach Themselves to Use Tools. 2023

Jiang et al. Active Retrieval Augmented Generation. 2023

Khandelwal et al. Generalization through Memorization: Nearest Neighbor Language Models. 2019
Bertsch et al. Unlimiformer: Long-Range Transformers with Unlimited Length Input. 2023

21



When Do We Retrieve?

- Once, at the beginning of generation

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

Lewis et al. Retrieval-Augmented Generation for Knowledge-Intensive NLP Tasks. 2020

Schick et al. Toolformer: Language Models Can Teach Themselves to Use Tools. 2023

Jiang et al. Active Retrieval Augmented Generation. 2023

Khandelwal et al. Generalization through Memorization: Nearest Neighbor Language Models. 2019
Bertsch et al. Unlimiformer: Long-Range Transformers with Unlimited Length Input. 2023
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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) W£
Search when the model is uncertain (Jiang et al. 2023)

Lewis et al. Retrieval-Augmented Generation for Knowledge-Intensive NLP Tasks. 2020

Schick et al. Toolformer: Language Models Can Teach Themselves to Use Tools. 2023

Jiang et al. Active Retrieval Augmented Generation. 2023

Khandelwal et al. Generalization through Memorization: Nearest Neighbor Language Models. 2019
Bertsch et al. Unlimiformer: Long-Range Transformers with Unlimited Length Input. 2023
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When Do We Retrieve?

Once, at the beginning of generation \

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

Several times during generation, as necessary )
Generate a search token (Schick et al. 2023) %]M
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)

Lewis et al. Retrieval-Augmented Generation for Knowledge-Intensive NLP Tasks. 2020

Schick et al. Toolformer: Language Models Can Teach Themselves to Use Tools. 2023

Jiang et al. Active Retrieval Augmented Generation. 2023

Khandelwal et al. Generalization through Memorization: Nearest Neighbor Language Models. 2019
Bertsch et al. Unlimiformer: Long-Range Transformers with Unlimited Length Input. 2023
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v

/ identify

Triggering Retrieval w/ Tokens (Agentic)

The New England Journa icine is a reqistered
Toolformer emark of |QA(“Who is the publisher of The New
(SChICk et al England Jourhal of Medicine?”) — Massachusetts

dical Society] the MMS.

2023) generates

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

(or other tools)

The name derives from “la tortuga’, the Spanish word for

Tralnlng IS done [MT (“tortuga”) — turtle] turtle.

IN an iterative

(L//manner - The Brown Act is California’s law [WikiSearch(“Brown

genel’ate and Act”) — The Ralph M. Brown Act is an act of the

California State Legislature that guarantees the public's
right to attend and participate in meetings of local

successful

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

@Toolformer: Language Models Can Teach Themselves to Use Tools. 2023 B
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Mixture-of-Experts Transformer
Language Models — the way to scaling
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Challenges of Scaling Model Sizes

Scaling law tells us to scale
7

6.
n °
o
- 4]
5
= 3

L = (Cmin/2.3 - 108)70-050
2 . . . .
10~ 10-7 105 10°3% 10! 101
Compute

PF-days, non-embedding

up model sizes

4.2

3.9

3.6

3.3

3.0

[ = (D/54 . 1013)—0.095

2.7 1~

108 - 10°

Dataset Size
tokens

24

5.6
4.8 1

4.0 1

3.2

2.4

— = (N/88 . 1013)—0.076

107 109

Parameters
non-embedding
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Challenges of Scaling Model Sizes

Scaling law tells us to scale up model sizes
7

4.2
6 - SR L=(D/5.4-1013)_0'095 5.6 —— L=(N/8.8'1013)_0'076
3.9
4.8
0w °
8 3.6 4.0
1 4
@ 3.3 3.2
= 3
3.0
2.4
L = (Cmin/2.3 - 108)70-050
10~ 1077 10> 103 10! 10! 108 109 105 107 109
Compute Dataset Size Parameters
PF-days, non-embedding tokens non-embedding

However, larger model sizes require more compute to train and causes higher latency
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Mixture of Experts (MoE) in
Traditional Machine Learning

MOE
N/ Wei

/7] ights generating
\1/ by Gating Networ

Expert 2 pert3 eeo ( Expey

%/ Gating Network
e
Z Input

!

OWQA WM} Q{MQQ‘ M
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MoE Transformer Language Models

Y1 | | yof 1 11111

e 2 - >[ Add + Normalize ]< N
z . ’ ’ s / .emTTTTT j /‘)é( ------- . \

Add + Normalize ] :: [ FFN 1 ] FFN 2 [ FFN3 ] [ FFN 4 ] w ] [ FFN 3 ] [ FFN 4 ] /:
0 ‘ e \ T p=0.8
Switching FFN Layer J ' L
f ‘ il
Add + Normalize J \ J

T A
Self-Attention ) >[ Add + Normalize ]< .
! . f f
X AN Self-Attention
S . A
S ~ _ W,
Yo Positional Positional D
Yo embedding ? embedding
N 1
SIHEERENE xol 1 || |
More Parameters

Fedus et al. Switch Transformers: Scaling to Trillion Parameter Models with Simple and Efficient Sparsity. 2021
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MoE Transformer Language Models

Y1 | | yof 1 11111

”
P - >[ Add + Normalize ]<

; ,/¢’ / J— } ! -------- \ \
Add + Normalize ] :' [FFN1] FFN 2 [FFNa] [FFN4] w][FFNs][FFM] \:
f | oanema \ oo p=0.8

Switching FFN Layer DSl I
Add + Normalize J
T g \ A
Self-Attention - >[ Add + Normalize ]<
! f f
X o Self-Attention
~ . A
S ~ \_ _J
Yo Positional Positional @D
Yo embedding ? embedding
N 1
X1| HEENE xol 1 || |
More Parameters

Mixture of FFN Blocks

Fedus et al. Switch Transformers: Scaling to Trillion Parameter Models with Simple and Efficient Sparsity. 2021
26



MoE Transformer Language Models

Y1 | | yof 1 11111

”
P - >[ Add + Normalize ]<

P ] :‘,'[ FFN 1 ] FFN 2 [ FFN 3 ] [ FFN 4 ] K{FFM] FFN 3 ] [ FFN 4 ] ,::
0 ‘ e \ T p=0.8
Switching FFN Layer | ' L
f ‘ il
Add + Normalize J
1 S~ %

Self-Attention - >[ Add + Normalize ]<
! . f f
X N Self-Attention
N A
~
e Positional Positional @D
Yo embedding ? embedding
N 1
X1| HEENE xol 1 || |
More Parameters

Mixture of FFN Blocks
For each token at each layer, only a small fraction (e.g., 2 or 3) experts are activated

by the router, thus this is also referred to as SPARSE models

Fedus et al. Switch Transformers: Scaling to Trillion Parameter Models with Simple and Efficient Sparsity. 2021
26



Sparse Routing

Fedus et al. Switch Transformers: Scaling to Trillion Parameter Models with Simple and Efficient Sparsity. 2021
27



Sparse Routing

h(x) = W, -z Logits of different experts

Fedus et al. Switch Transformers: Scaling to Trillion Parameter Models with Simple and Efficient Sparsity. 2021
27



Sparse Routing

h(x) = W, -z Logits of different experts

eh(w)f,;

B Zjv eh(x)j |

Di (x) Gate value, this is softmax

Fedus et al. Switch Transformers: Scaling to Trillion Parameter Models with Simple and Efficient Sparsity. 2021
27



Sparse Routing

h(x) = W, -z Logits of different experts

pi(T) = - Gate value, this is softmax

Sparse Routing: only top-k experts are used during both training and test time

Fedus et al. Switch Transformers: Scaling to Trillion Parameter Models with Simple and Efficient Sparsity. 2021
27



Why MokE?

MoE models support easier model parallel across different GPUs. It can easily split

models

Expert 1 Expert 2 Expert 3
4 N K Device 1 \ 4 Device 2 R

YT,

Device 0

Device 0
\_ /

Tokens

28



DeepSeek MoE

DeepSeekMoE

OO0 - - O000 Routed Expert
Output Hidden hy 2} Shared Expert

Transformer Block xL

I
[
[
[
[
: [
. D | ) |
e Y -7 | l 4 lN 1 | [— |
' Feed-Forward Network |< |
: g B ﬁl S o - / / :
|
. I | :
| @ A I '
| RMSNorm ! : Router d]]:dliﬂ Top-K, |
I . J/ I |
: o OQQQ ------ OO0 Input Hidden u, I
| [
I I

Shared Experts + Routed Expert

For DS-V3, 1 shared expert + 256 routed experts, each token 8 experts are activated

DeepSeek V3 Technical Report
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Thank You!
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