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Recap:	Factual	Error	Sources
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Factual	Error

Outside	model	knowledge	and	
the	model	fabricates

Inside	model	knowledge	but	
model	outputs	do	not	respect	

model	knowledge	

Inside	model	knowledge,	
outputs	respect	model	
knowledge,	but	model	

knowledge	does	not	align	with	
world	knowledge

World

Model

Factual	error,	not	hallucinaWon.	No	soluWon	
without	relying	on	external	knowledge

userside : -

same O

&·
E



The	Hong	Kong	University	of	Science	and	Technology

Factual	Error	Sources

3

Factual	Error

Outside	model	knowledge	and	
the	model	fabricates

Inside	model	knowledge	but	
model	outputs	do	not	respect	

model	knowledge	

Inside	model	knowledge,	
outputs	respect	model	
knowledge,	but	model	
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Factual	Error

Outside	model	knowledge	and	
the	model	fabricates

Inside	model	knowledge	but	
model	outputs	do	not	respect	

model	knowledge	

Inside	model	knowledge,	
outputs	respect	model	
knowledge,	but	model	

knowledge	does	not	align	with	
world	knowledge

World

Model

Impossible	to	produce	correct	
answers	without	external	tools
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What	Can	We	Do	to	MiWgate	HallucinaWon?
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Factual	Error

Outside	model	knowledge	and	
the	model	fabricates

Inside	model	knowledge	but	
model	outputs	do	not	respect	

model	knowledge	

Inside	model	knowledge,	
outputs	respect	model	
knowledge,	but	model	

knowledge	does	not	align	with	
world	knowledge

World

Model

Answer	“I	don’t	know”

Produce	correct	answers



Recap:	How	to	Improve	Models’	Factual	
Correctness?
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1. Difficult	to	update	staWc	knowledge	(e.g.,	president	of	US)	
2. The	world	is	producing	new	knowledge	everyday

Challenges:

Gorgel
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online leme

continual lear

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

Challenges:

Retrieval	is	currently	considered	the	best	soluWon	to	improve	factual	correctness

Retrieval	also	resembles	how	humans	access	knowledge
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Retrieval-Augmented	Genera?on	(RAG)
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Chen	et	al.	Reading	Wikipedia	to	Answer	Open-Domain	QuesWons.	2017
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Chen	et	al.	Reading	Wikipedia	to	Answer	Open-Domain	QuesWons.	2017

Your	group	project	is	actually	a	standard	RAG	example,	but	in	a	more	advanced	
manner	with	mulWple	steps
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Example
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Retrieval	Methods
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Sparse	Retrieval
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Sparse	Retrieval
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Term-Weigh?ng
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TF-IDF:	Term	frequency	-	Inverse	document	frequency

to query

O - D : document

C②*Co D : all documents

ID): documents↳ -

normalized 8(X) = / when X is
- true

O otherwise



Term-Weigh?ng
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TF-IDF:	Term	frequency	-	Inverse	document	frequency

ID1 : number of document

number
of documents

- that have the word t

- How rare is is->

- for#
-

*
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if every
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BM25	(Best-Matching	25)
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hhps://en.wikipedia.org/wiki/Okapi_BM25
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Inverted	Index
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Inverted	Index
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We	can	quickly	look	up	which	documents	contain	the	keywords
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Dense	Retrieval
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Dense	Retrieval
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Even	though	dense	retrieval	seems	more	advanced,	training-free	sparse	retrieval	
tends	to	be	more	robust	in	open-ended	scenarios
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Learning	Retrieval-Oriented	Embeddings
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OpWmize	so	that	the	similarity	between	q	and	 	is	smaller	than	

that	between	q	and	

dneg
dpos

fines negative
9 . dopes

&D #L 000-
-dreg) ---

19 Similarity
↓ -

dam

Vector (9) vener
cas

↑ Scq, d) = Vester (9) :

P--NN wa - Vercid /

q query dan ener
-



-L= SCI , dreg)-Scal , elpos9 S
---

min I= max
(0
. X 19, dag)-SCq, dpos)-

- - -
-- WL ↳

-#I Y

->atEa ↳



contractive

e) - image
leavy. Softwa

max-- exp1529 , dposs
-#(d) + 2 expec. d ej

jL
butch

a+idpt. Grey , dey
--



Approximate	Nearest	Neighbo	
Search
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Approximate	Nearest	Neighbo	
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Cross-encoder	Reranking
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Cross-encoder	Reranking
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can	only	be	used	on	small	number	of	candidates
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Retriever-Reader	Models

18

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

Passages	are	concatenated	to	the	context
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Retriever+Generator	End-to-End	Training	(“RAG”)

19

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

Issue:	search	index	becomes	stale	→	can	only	train	q(x)

*differentice
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When	Do	We	Retrieve?

21

Lewis	et	al.	Retrieval-Augmented	GeneraWon	for	Knowledge-Intensive	NLP	Tasks.	2020	
Schick	et	al.	Toolformer:	Language	Models	Can	Teach	Themselves	to	Use	Tools.	2023	
Jiang	et	al.	AcWve	Retrieval	Augmented	GeneraWon.	2023	
Khandelwal	et	al.	GeneralizaWon	through	MemorizaWon:	Nearest	Neighbor	Language	Models.	2019	
Bertsch	et	al.	Unlimiformer:	Long-Range	Transformers	with	Unlimited	Length	Input.	2023



When	Do	We	Retrieve?

21

Lewis	et	al.	Retrieval-Augmented	GeneraWon	for	Knowledge-Intensive	NLP	Tasks.	2020	
Schick	et	al.	Toolformer:	Language	Models	Can	Teach	Themselves	to	Use	Tools.	2023	
Jiang	et	al.	AcWve	Retrieval	Augmented	GeneraWon.	2023	
Khandelwal	et	al.	GeneralizaWon	through	MemorizaWon:	Nearest	Neighbor	Language	Models.	2019	
Bertsch	et	al.	Unlimiformer:	Long-Range	Transformers	with	Unlimited	Length	Input.	2023



When	Do	We	Retrieve?

21

Lewis	et	al.	Retrieval-Augmented	GeneraWon	for	Knowledge-Intensive	NLP	Tasks.	2020	
Schick	et	al.	Toolformer:	Language	Models	Can	Teach	Themselves	to	Use	Tools.	2023	
Jiang	et	al.	AcWve	Retrieval	Augmented	GeneraWon.	2023	
Khandelwal	et	al.	GeneralizaWon	through	MemorizaWon:	Nearest	Neighbor	Language	Models.	2019	
Bertsch	et	al.	Unlimiformer:	Long-Range	Transformers	with	Unlimited	Length	Input.	2023

agene



When	Do	We	Retrieve?

21

Lewis	et	al.	Retrieval-Augmented	GeneraWon	for	Knowledge-Intensive	NLP	Tasks.	2020	
Schick	et	al.	Toolformer:	Language	Models	Can	Teach	Themselves	to	Use	Tools.	2023	
Jiang	et	al.	AcWve	Retrieval	Augmented	GeneraWon.	2023	
Khandelwal	et	al.	GeneralizaWon	through	MemorizaWon:	Nearest	Neighbor	Language	Models.	2019	
Bertsch	et	al.	Unlimiformer:	Long-Range	Transformers	with	Unlimited	Length	Input.	2023

lage



Triggering	Retrieval	w/	Tokens	(Agen?c)
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Schick	et	al.	Toolformer:	Language	Models	Can	Teach	Themselves	to	Use	Tools.	2023	
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Mixture-of-Experts	Transformer	
Language	Models	—	the	way	to	scaling
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Challenges	of	Scaling	Model	Sizes
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Scaling	law	tells	us	to	scale	up	model	sizes



Challenges	of	Scaling	Model	Sizes
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Scaling	law	tells	us	to	scale	up	model	sizes

However,	larger	model	sizes	require	more	compute	to	train	and	causes	higher	latency



Mixture	of	Experts	(MoE)	in	
Tradi?onal	Machine	Learning
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MoE	Transformer	Language	Models

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

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

Mixture	of	FFN	Blocks
For	each	token	at	each	layer,	only	a	small	fracWon	(e.g.,	2	or	3)	experts	are	acWvated	
by	the	router,	thus	this	is	also	referred	to	as	SPARSE	models	
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Sparse	Rou?ng
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Fedus	et	al.	Switch	Transformers:	Scaling	to	Trillion	Parameter	Models	with	Simple	and	Efficient	Sparsity.	2021

<latexit sha1_base64="S6vpN8sXHKyJutkKpcKVhQJeHsc="></latexit>

h(x) = Wr · x Logits	of	different	experts

Gate	value,	this	is	soomax

Sparse	RouWng:	only	top-k	experts	are	used	during	both	training	and	test	Wme



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



DeepSeek	MoE
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DeepSeek	V3	Technical	Report

Shared	Experts	+	Routed	Expert

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