LLMs in Practice: Adapting Foundation Models
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LLMs in Practice: Three Ways to Adapt

We can improve LLMs in three places: before, inside, or after the model.

1. PRE (Before the LLM) 2. IN (Inside the LLM) 3. POST (After the LLM)

RAG (Retrieval-Augmented Generation)

Give the model the right information
before it answers.

2-Q-0-6-8

Query Retrieve Relevant Answer
Documents
Good for: Challenges:

v/ Up-to-date info » Retrieval quality

+ Private data » Context limit

v/ Lower cost * Latency

v/ No training

v/ Domain specialization
v/ Better behavior

v/ Follow custom style

Fine-Tuning (and PEFT)

Adapt the model by updating it
with new data.

G- = - K

Pretrained Train / Fine-Tune Your
LLM (on your data) LLM
Good for: Challenges:

* Needs training data
* High compute cost

¢ Risk of forgetting

Methods (Examples):
Full Fine-Tuning * LoRA + QLoRA « Adapters « Prompt Tuning
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Fact Checking / Verification

Check and improve the answer
after it is generated.

©- -9

Check / Verify Better
(Output) Answer
Good for: Challenges:

v/ More accurate outputs + Extra latency

v/ Fewer hallucinations » Need good verifier

v/ Higher trust * Not always perfect

Ways to Verify:

Rules « Retrieval « LLM-as-a-Judge
Self-Check + Multi-Agent




1. PRE (Before the LLM)

RAG (Retrieval-Augmented Generation)

Give the model the right information
before it answers.

; - Q — E‘ -+ -+ E
LLM in praCtice: Query Retrieve Dl(?)zter\rllzrrl‘tts LLM Answer
Retrieval-Augmented-Generation

RAG Good for: Challenges:
v/ Up-to-date info * Retrieval quality

v Private data » Context limit
v/ Lower cost * Latency
v No training
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Retrieval-Augmented-Generation (RAG)

= RAG stands for Retrieval-Augmented-Generation.

" |tis technique that improves the performance of a LLM, especially for tasks
that require accurate and detailed information.

* Benefits of RAG:
° Increased Accuracy: By incorporating external knowledge.

> Contextual Relevance: RAG allows LLMs to tailor responses to specific
contexts and user needs.

o Up-to-Date Information: RAG can access and utilize the latest information
from external sources.

o Customization: RAG enables organizations to integrate their specific
knowledge bases and data into LLM applications.

o Improved Reliability: Users can verify the sources of information used by RAG

models‘ enhancing trust in their responses.
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Pre-Retrieval Optimization
(Improve the chunking process )

Let’s take another example

Advancements in Transfer
Learning for NLP

Abstract:

“Transfer learning has become a crucial technigue in
MLP. This paper explores recent advancements,
including fine-tuning pre-trained models like BERT
and GPT-3, and domain adaptation methods. Our
experiments demonstrate significant improvements
in performance across various MLP tasks.”

Methodology:

"We fine-tuned BERT and GPT-3 models on specific
MNLP tasks, adapting them to different domains.
Domain adaptation involved additional pre-training
on domain-specific data. Our approach leverages
the pre-trained knowledge and adapts it to new
tasks, achieving higher accuracy and efficiency.”

Results:

"The results indicate a 20% increase in accuracy for
domain-specific tasks using our fine-tuning and
domain adaptation techniques. We observed
substantial performance gains compared to
baseline models.”

Now, if we do character splitting for chunks (chunk
size=200), we get:

Chunk 1:

Recent techniques in transfer learning for NLP Abstract: Transfer
learning has become a crucial technique in NLP. This paper

explores recent advancements, including fine-tuning pre-trained
models like BERT and GPT-3, and dom

Chunk 2:
ain adaptation methods. Our experiments demonstrate

significant improvements in performance across various NLP
tasks. Methodology: We fine-tuned BERT and GPT-3 models on
specific NLP tasks, adapting them to different do
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Pre-Retrieval Optimization
(Improve the chunking process )

Let’s take another example

Advancements in Transfer
Learning for NLP

Abstract:

“Transfer learning has become a crucial technigue in
MLP. This paper explores recent advancements,
including fine-tuning pre-trained models like BERT
and GPT-3, and domain adaptation methods. Our
experiments demonstrate significant improvements
in performance across various MLP tasks.”

Methodology:

"We fine-tuned BERT and GPT-3 models on specific
MNLP tasks, adapting them to different domains.
Domain adaptation involved additional pre-training
on domain-specific data. Our approach leverages
the pre-trained knowledge and adapts it to new
tasks, achieving higher accuracy and efficiency.”

Results:

"The results indicate a 20% increase in accuracy for
domain-specific tasks using our fine-tuning and
domain adaptation techniques. We observed
substantial performance gains compared to
baseline models.”

Now, if we do character splitting for chunks (chunk
size=200), we get:

Chunk 1:

Recent techniques in transfer learning for NLP Abstract: Transfer
learning has become a crucial technique in NLP. This paper

explores recent advancements, including fine-tuning pre-trained
models like BERT and GPT-3, and dom

Chunk 2:
ain adaptation methods. Our experiments demonstrate

significant improvements in performance across various NLP
tasks. Methodology: We fine-tuned BERT and GPT-3 models on
specific NLP tasks, adapting them to different do

RIAD SONBOL - ML COURSE 7



Pre-Retrieval Optimization
(Improve the chunking process )

Let’s take another example

Advancements in Transfer
Learning for NLP

Abstract:

“Transfer learning has become a crucial technique in
MLP. This paper explores recent advancements,
including fine-tuning pre-trained models like BERT
and GPT-3, and domain adaptation methods. Our
experiments demonstrate significant improvements
in performance across various NLP tasks”

Methodology:

"We fine-tuned BERT and GPT-3 models on specific
MLP tasks, adapting them to different domains.
Domain adaptation involved additional pre-training
on domain-specific data. Qur approach leverages
the pre-trained knowledge and adapts it to new
tasks, achieving higher accuracy and efficiency.”

Results:

"The results indicate a 20% increase in accuracy for
domain-specific tasks using our fine-tuning and
domain adaptation technigues. We cbserved
substantial performance gains compared to
baseline models.”

The optimal way to do it would b

Chunk 1:

Advancements in Transfer Learning for NLP

Chunk 2:
Abstract:
Transfer learning has become a crucial technique in NLP. This paper
explores recent advancements, including fine-tuning pre-trained
models like BERT and GPT-3, and domain adaptation methods. Our

experiments demonstrate significant improvements in performance
across various NLP tasks.

Chunk 3:

Methodology:

We fine-tuned BERT and GPT-3 models on specific NLP tasks, adapting
them to different domains. Domain adaptation involved additional pre-
training on domain-specific data. Our approach leverages the pre-
trained knowledge and adapts it to new tasks, achieving higher
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Pre-Retrieval Optimization
(Improve the chunking process )

= Semantic Chunking — Steps
o Splitting: We split the document to sentences using separators(.,?,!).

> Grouping: Select anchor sentences and choose how many sentences to
consider at either side of the anchor (window size).

o Similarity Check: Calculate the distance between the group of sentences (e.g.:
cosine similarity).

o Chunking: Chunk together the similar sentences.
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Pre-Retrieval Optimization Semantic
(Improve the chunking process ) Chunking
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Pre-Retrieval Optimization ool
(Improve the chunking process ) Chunking

Chunk 1

sertoce: | ]iﬁiii}iiﬁ

Anchor 2
c milarity = Cosine similarity =
Group2| o5 V- — —
[ ) ) e e e
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Post-Retrieval — Re-ranking

DAII chunks
?User Query: —_
We use a ‘re-ranker..
S SRS SRRERE S8 e — t'ﬂp—k=25 —
-?Q O03tand -
Compare query
vector to document
vectors with cosine
similarity
True relevant records —
el 2 d0 = d 0 O =
- O O - O - 0Ode
olilne a g|e —
d Ore _—
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Post-Retrieval — Re-ranking

Document A
(knowledge)

] |

Document B (query) }

N~
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Fig: Cross-encoder

<~/ Thisislike next-
sentence
| prediction and |
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1. PRE (Before the LLM)

RAG (Retrieval-Augmented Generation)

Give the model the right information
before it answers.

-
Query Retrieve Relevant LLM Answer
Documents

LLM in practice:
Prompting Tty | el

v Private data » Context limit
v/ Lower cost * Latency
v No training
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Zero/few-shot prompting

Traditional fine-tuning

sea otter => loutre de mer

Zero/few-shot prompting

Translate English to French:

sea otter => loutre de mer

peppermint => menthe poivrée peppermint => menthe poivrée
plush girafe => girafe peluche

cheese =>

cheese =>

RIAD SONBOL - ML COURSE 15




Limits of prompting for harder tasks?

= Some tasks seem too hard for even large LMs to learn through
prompting alone. Especially tasks involving richer, multi-step

reasoning.
19583 + 29534 = 49117
98394 + 49384 = 147778
29382 + 12347 = 41729
93847 + 39299 = ?

Solution: Chain-of-thought prompting

RIAD SONBOL - ML COURSE 16




Chain-of-thought prompting

Standard Prompting

Chain-of-Thought Prompting

>

/( Model Input ~ f( Model Input ~
Q: Roger has 5 tennis balls. He buys 2 more cans of Q:R has 5 tennis balls. He b 2 f
tennis balls. Each can has 3 tennis balls. How many t ' -D gbe r" a?; ﬁnnls ha Sé t ° 'u Y; Il moHre e
tennis balls does he have now? ennis balls. Each can has 3 tennis balls. How many

tennis balls does he have now?

A: The answer is 11.
A: Roger started with 5 balls. 2 cans of 3 tennis balls

Q: The cafeteria had 23 apples. If they used 20 to each is 6 tennis balls. 5 + 6 = 11. The answer is 11.
make lunch and bought 6 more, how many apples
do they have? Q: The cafeteria had 23 apples. If they used 20 to

make lunch and bought 6 more, how many apples
do they have?

J
Model Output ) N
Model Output

)
~

A: The cafeteria had 23 apples originally. They used
20 to make lunch. So they had 23 - 20 = 3. They
bought 6 more apples, so they have 3 + 6 = 9. The

answeris 9. / AN

RIAD SONBOL - MLCT0
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Downside of prompt—based learning

" |nefficiency: The prompt needs to be processed every time the model makes a
prediction.

" Poor performance: Prompting generally performs worse than fine-tuning
= Sensitivity to the wording of the prompt

= Lack of clarity regarding what the model learns from the prompt.
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2. IN (Inside the LLM)

Fine-Tuning (and PEFT)

Adapt the model by updating it
with new data.

§ - = - K

Pretrained Train / Fine-Tune Your
LLM i n p ra Ct i Ce . LLM (on your data) LLM
.
F' T - Good for: Challenges:

I n e- u n I ng v/ Domain specialization * Needs training data

v/ Better behavior * High compute cost

v/ Follow custom style * Risk of forgetting
Methods (Examples):

Full Fine-Tuning * LoRA + QLoRA « Adapters ¢« Prompt Tuning
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Transfer Learning

= Transfer Learning is the process of leveraging knowledge learned from one
task/domain to improve performance on another related task/domain.

@ Target Domain
* New task

Source Domain

Custom i
- Large dataset Knowledge Base Usually smallet dataset
* Knowledge learned previously T
; | @ —— Pre-training ————p B Fine-tuning ——)»
Raw Text Data Pre-trained LLM Fine-tuned LLM

Fine-tuning Process ﬁ



What is LLM fine-tuning?

" Fine-tuning is the process of adjusting the parameters of a pre-trained large
language model to a specific task or domain.

= Although pre-trained language models like GPT possess vast language
knowledge, they lack specialization in specific areas.

= By exposing the model to task-specific examples during fine-tuning, the model
can acquire a deeper understanding of the nuances of the domain
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Why is LLM fine-tuning important?

= Customization: Every domain or task has its own unique language patterns,
terminologies, and contextual nuances.

= Data compliance: In many industries, such as healthcare, finance, and law,
strict regulations govern the use and handling of sensitive information.
Organizations can ensure their model adheres to data compliance standards by
fine-tuning the LLM on proprietary or regulated data.

= Limited labeled data: Fine-tuning allows organizations to leverage pre-existing
labeled data more effectively by adapting a pre-trained LLM to the available
labeled dataset, maximizing its utility and performance.
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Types of LLM fine-tuning

= Feature extraction:

° |t involves freezing the weights of a pre-trained
model's layers and using it as a feature
extractor

o Used when a smaller dataset is available, and
the target domain is closely aligned with the
original domain of the pre-trained model.

o Faster training, requires less computational
resources, and can be more effective when the

new dataset is small.
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Pre-Train

—

‘_)[ Model |—> prediction
Wp— I

features

ﬁ ]-—> prediction

Train a new model

23




Types of LLM fine-tuning

* Full fine-tuning

° involves unfreezing some or all of the pre-trained
layers and retraining them along with new layers.

Pre-Train

> Used when a larger dataset is available and more .
flexibility is needed to adapt the pre-trained model = —->[ Model
to the specific task

prediction

2

> Allowing the model to learn new features that are l Fine-tune same model
specific to the target task MRS
> Can achieve higher accuracy, better adaptability to _>[ Model ]-» prediction

the new task, and allows the model to learn more
task-specific features while preserving the general
knowledge from the original dataset.
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Types of LLM fine-tuning

= partial fine-tuning
o Partial Fine-Tuning is a transfer learning approach
where only a subset of the pretrained model's "

parameters is updated, while the remaining
parameters Stay frozen. —-)[ Model ]—-) prediction
\ J

]

l Fine-tune same model
on Downstream task

'—>[ Model] l-—) prediction

25
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Types of LLM fine-tuning

= Multi-stage fine-tuning
> A technigue where a model is trained in multiple sequential stages, each stage
building upon the previous one.

> The process might involve:
° Pre-training
° |nitial Fine-Tuning: smaller dataset relevant to a specific domain e.g. medical text.

> Domain-Specific Fine-Tuning: further fine-tuned on a dataset specifically related to
a narrow sub-domain, such as clinical trial reports.

I - waceneT — BB |+ oo

DenseNet-121 (M,) IDenseNet 121 (M,)

l EyePACS |

( = B
F7 77 VTR LR 17 77 ST p—




Self-Supervised Learning as a
Bridge to Effective Fine-Tuning  small Labeled Dataset

Vv
= Self-Supervised Learning serves as a bridge Not Enough
between a general foundation model and effective
fine-tuning, particularly when labeled data is General LLM
scarce. ¢
= When labeled data is scarce, self-supervised Self-Supervised Learning
learning can be used before fine-tuning to adapt a (Unlabeled Domain Data)
foundation model to the target domain using large d
amounts of unlabeled data, leading to better Domain-Specialized LLM
downstream performance. ¢
Fine-Tuning
(Small Labeled Dataset)
N/

Better Performance
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Self-Supervised Learning as a Bridge to
Effective Fine-Tuning

Testimage L2 Nearest neighborsin f_eaj:ur_e space 4096:dim vector

Recall: Nearest neighbors in
pixel space

Krizhevsky et al, “ImageNet Qassfication with Deep Conwoluticnal Newral Networks®, NIFS 2012.
Figures reprodu ced with permission.
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Self-Supervised Learning as a Bridge to
Effective Fine-Tuning

— . — — — — — —— — — W TR TS wwme W e TR WSS s g W S e W — —

Pretext Task 3

= Define a task based on the :

|
|
|
data itself Pretext .
Objective :

Could be considered an

|
|
i |
= No manual annotation- .
|
4 |

unsupervised task; :

—— MRS —

T M R TR R e e TR S A R .

Downstream
Objective
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Self-supervised pretext tasks

'

BN
&

Masked Autoencoder

image completion rotation prediction “jigsaw puzzle” colorization
Text Corpus Task: Predict from past
Nothing

Nothing is impossible. . .
Even the word —_— Nothlng IS

impossible

says 'm possible Nothing is impossible
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Se\f—supervised \earning method

T

feature

& Y
I::> self-supervised I::> extract-::-r = supervised > evaluate on the
learning learning target task
L cc:-nvnet ; csification. det ::1?
~ o ) e.g. classification, detection
lots of > & ’

unlabeled
data
A ﬂﬂ% -}
amallamount of

o e labeled data on -

—_ ki

conv fc the target task cony linear
classifier
1. Learn good feature extractors from 2. Attach a shallow network on the
self-supervised pretext tasks, e.g., feature extractor; train the shallow
predicting image rotations network on the target task with small

amount of labeled data
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2. IN (Inside the LLM)

Fine-Tuning (and PEFT)

Adapt the model by updating it
with new data.

B = - %
LLM in practice: il | e
parameter efficient fine-tuning

PEFT Good for: Challenges:
v/ Domain specialization * Needs training data
v/ Better behavior * High compute cost
v/ Follow custom style * Risk of forgetting
Methods (Examples):

Full Fine-Tuning * LoRA + QLoRA « Adapters ¢« Prompt Tuning
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Parameter efficient fine-tuning (PEFT)

= Why fine-tuning only some . 4
parameters? ~C—(—)

= Fine-tuning all parameters is e =

impractical with large models

= State-of-the-art models are . : |
massively overparameterized 3| ._3]

— Parameter-efficient L
finetuning matches performance of - g
full fine-tuning

Full Fine-tuning Parameter-efficient Fine-tuning
Update all model Update a small subset of model
parameters parameters
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Why do we need efficient adaptation?

= Emphasis on accuracy over efficiency in

current Al paradigm o m—Accuracy
1+ H-n-th ‘
* Hidden environmental costs of training 21

(and fine tuning) LLMs
i ll L-

ACL 2018 CVPR 2019 NeurlP5 2018

101

Number of papers

= As costs of training go up, Al development
becomes concentrated in well-funded o
organizations, especially in industry )

Al papers tend to target accuracy rather than efficiency.
The figure shows the proportion of papers that target
accuracy, efficiency, both or other from a sample of 60
papers from top Al conferences (Green Al)
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Different perspectives to think about PEFT

kL

Parameter Input Function




A Parameter Perspective of Adaptation

S —

t
~
O
—
o £l
\ )

Parameter Input Function

kL




A Parameter Perspective of Adaptation

A Parameter Perspective of Adaptation - Sparse subnetworks (pruning)

m Imtlal Re-training Re-training

Pruning @ Prumng :zz zj

One- shot pruning

ﬁ_‘*"

oi;"o .

h

Iterative pruning

Sparse subnetworks (pruning) adapt a pretrained model by identifying and updating only a small subset of the
most important parameters while keeping the majority of weights fixed. This reduces memory and computational
requirements while preserving much of the model’s original performance, making adaptation more efficient.

37
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A Parameter Perspective of Adaptation

A Parameter Perspective of Adaptation - Low-rank Composition

Weight update in regular finetuning

Weight used in inference:

W =W, + AW =W, + BA

— = —
Pretrained Low-rank Two small
Pretrained (frozen) update trainable
wei ghtS matrices

* W, : pretrained weight (frozen)
e A€ R™™din B g R9oucx" : trainable
o r K min(d;y, dout) : rank (typically 4—-64)

» AW = BA has rank at most r (low-rank update)
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A Parameter Perspective of Adaptation

A Parameter Perspective of Adaptation - Low-rank Composition
Weight update in regular finetuning Weight update in LoRA

LoRA matrices A and B
approximate the weight /' \
update matrix AW +

Pretrained

weights L——! — The inner dimension r
is a hyperparameter

Pretrained

weights

d
Low-rank composition adapts a pretrained model by learning a small set of low-rank matrices that approximate changes to the
original weight matrices, instead of updating all parameters. This significantly reduces the number of trainable parameters and
memory requirements while maintaining strong performance, a ed in method h as LoRA (Low-Rank Adaptation).
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An input perspective of adaptation

kL

Parameter




An input perspective of adaptation

Prefix-Tuning and Prompt-Tuning

Prompt-Tuning: You give the student instructions before the exam starts.

Prefix-Tuning: You can whisper guidance during every step of solving the
exam.

Prompt-Tuning learns trainable prompts at the input layer, whereas Prefix-
Tuning learns trainable prefixes that influence every Transformer layer
throughout the model.

Prompt-Tuning prepends trainable embeddings to the input tokens, whereas
Prefix-Tuning prepends trainable Key/Value vectors to the attention
mechanism of every Transformer layer.a
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PROMPT-TUNING PREFIX-TUNING

Learn a small set of virtual prompt tokens Learn trainable prefix vectors injected into every
added only at the input layer. Transformer layer (into Key and Value of attention).

How it works How it works

Trainable ( Input Tokens
Prompt Embeddings Input Tokens
l X; X X
A A
r 2) r N\ ‘
[ P, H P, ] s [ Pm ] [ X4 J[ Xa ] sbe [ Xn ] Prefixes pt|[p2 ‘ pt| — Transformer Layer 1
* (Layer 1) | [|T1)172 k) (Self-Attention + FFN) (Frozen)
Pretrained LLM * (Frozen) Prefixes p2|lp2| - Lpi —,  Transformer Layer 2
| ] Trainable L ) (Layer 2) is2) (Self-Attention + FFN) (Frozen) |
D Input (fixed) . [:] Trainable
L

HERAS ° prefixes (per layer)

LE welghts Output Prefixes [ | |l p ol — Transformer Layer L % [7] input (fixed)

frozen (e.g., text, label) (Layer L) [ | |2 |k (Self-Attention + FFN) (Frozen)

i * * LLM weights
Key Points ( Output ‘ frozen

* Only the prompt embeddings are trained. (e.g. text, label) |
* Added once at the input. :
* Shallow influence (affects the model only through the input). Key Points
o Very simple and extremely parameter efficient. ¢ Trainable prefixes are added to every Transformer layer.
o May be less powerful on complex tasks. ¢ Deep influence (affects the model throughout all layers).

e Usually achieves better performance than prompt-tuning.
¢ More parameters and slightly more complex.

Vs

QUICK COMPARISON
. P INTUITION
Aspect Prompt-Tuning Prefix-Tuning
Prompt-Tuning Prefix-Tuning
Where added? Input layer only Every Transformer layer (in attention) . h
You give instructions You provide guidance
Trainable parameters Very few More (but still small) before the model starts: at every step (every layer).

Model weights Frozen Frozen @ [:E] @ @
Influence on model Shallow Deeper X &

- B - ¢~ L o & ' ~
Performance Lower (on complex tasks) Usually higher |m| - |Ev - |m| LR |m| - é

Complexity Simple More complex Instructions Model Output

Layer1 Layer2 soe Layer L Output
(once)

Best for Small datasets, quick adaptation Stronger adaptation, complex tasks (guidance at every layer)

Takeaway: Prompt-Tuning is simple and lightweight but shallow; Prefix-Tuning is deeper and more powerful.




A functional perspective of adaptation

x = ; T

\ J & J 0| 5 x|
- J
Parameter Input Function




A functional perspective of adaptation

Adapter fine-tuning is a parameter-efficient technique that allows for efficient
adaptation of large language models (LLMs) to specific tasks by training small,
task-specific "adapter” modules instead of updating all model parameters.

Adapters: Adapters are small neural network layers (typically a pair of fully
connected layers) inserted into the pre-trained model.

REGULAR TRANSFORMER BLOCK TRANSFORMER BLOCK WITH ADAPTERS
multihead self-attentionj \ multihead self-attention J \
Skip
! connection l ADAPTER LAYERS
Fully connected layer J ( J Skip
( Fully connected layer connection r | \
(e ) - |
L
v s = ( Nonlinear activation J
K
[ Fully connected layers J co:ﬁlection ( LayerNorm ] ]
%)—‘ i Fully connected layer
[ Fully connected layers J
K[ LayerNorm ] J 1
I
A~




2. IN (Inside the LLM)

Fine-Tuning (and PEFT)

Adapt the model by updating it
with new data.

§ - = - K

Pretrained Train / Fine-Tune Your
LLM (on your data) LLM

LLM in practice:

Domain Adaptation
p v/ Domain specialization * Needs training data
v/ Better behavior * High compute cost
v/ Follow custom style * Risk of forgetting
Methods (Examples):

Full Fine-Tuning * LoRA + QLoRA « Adapters ¢« Prompt Tuning
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Domain Adaptation

= Domain adaptation is a field associated with machine learning and
transfer learning.

" |t addresses the challenge of training a model on one data
distribution and applying it to a related but different data
distribution.

Train dataset Test dataset

SH /OB

Source domain Target domain
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Domain Adaptation
(domain adversarial training)

H Feature Label <> “4”
Extractor Predlctor y
- Generator
Domain Source?

—_—
Classifier Target?

Discriminator




Domain Adaptation
(domain adversarial training)

8, = min L
.7 I Y
L H Feature Label -
# # q ¥ 'q "'.
' Extractor ' Predictor | ' *
) & & /_1

" Generator

f8; = min L,
Bq

o = n&in L— L

: Source?
Dom.am s
Classifier get:

Discriminator
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Domain Adaptation

(domain adversarial training)

oL,
50

=

»

S

v
feature extractor G¢(-;0¢)

D 5
: 30,

forwardprop  backprop (and produced derivatives) |

RIAD SONBOL -

~

(9L
<

:> :> :> Eclass label y

J soanjyeo;

8L
\/[ 89;}\& g

ML COURSE

label prodlctor Gyl +560y)

domain ilasslﬁer Ga(+;6q)
4 \

:> :> ) domain label d
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3. POST (After the LLM)

Fact Checking / Verification

Check and improve the answer
after it is generated.

©- -9

Check / Verify Better
(Output) Answer

LLM in practice:
Fact Checking i P 8 <.

v Fewer hallucinations * Need good verifier
v/ Higher trust * Not always perfect
Ways to Verify:

Rules ¢ Retrieval « LLM-as-a-Judge
Self-Check + Multi-Agent

50
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Fact Checking Methods

1) Rule-Based
Verification

| Use predefined rules
and constraints.

=

<& —
Answer
Rules Engine
A |
v v

Pass @+ Fail

Examples:

« Date validation

« Number validation
* Unit consistency

2) Retrieval-Based
Verification

1. Extract claims
2. Search sources
3. Compare evidence

Claim
(e.g., "Eiffel Tower
is 500m tall.”)

v

Retriever Ly
(Search)
v

Evidence
(Trusted Sources)

v
Verifier < @
(Comparq) ®

3) LLM-as-a-Judge
Use a second LLM to evaluate
the first LLM's answer.

Generator LLM
(Produces Answer)

v

Answer

v

Judge LLM
(Evaluates) m
¥

Supported?
Yes v/ / No X

Example prompt:
"Check whether the answer is
supported by the provided evidence.”

RIAD SONBOL - ML COURSE
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Fact Checking Methods

4) Self-Reflection

The model reviews
its own answer.

Generate Answer

|

Review Answer
(Any unsupported claims?)

|

Revise Answer

v

Final Answer

Example prompt:
"Are there any unsupported
claims? If yes, fix them.”

5) Self-Consistency

Generate multiple reasoning
paths and choose the most
consistent answer.

Answer 1 Answer 2 Answer 3
\ \ | | /
Compare
& Aggregate

.

Most Consistent
Answer

RIAD SONBOL - ML COURSE

6) Multi-Agent
Verification

Multiple agents collaborate
to verify and refine.

Generator Agent
(Produce Answer)

v
Q Researcher Agent
(Search Evidence)

v

@ Fact Checker Agent
(Verify Claims)

v

,’ Editor Agent
e (Refine & Finalize)

v
Final Verified Answer @
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LLMs in Practice: Three Ways to Adapt

We can improve LLMs in three places: before, inside, or after the model.

1. PRE (Before the LLM) 2. IN (Inside the LLM) 3. POST (After the LLM)

RAG (Retrieval-Augmented Generation)

Give the model the right information
before it answers.

2-Q-0-6-8

Query Retrieve Relevant Answer
Documents
Good for: Challenges:

v/ Up-to-date info » Retrieval quality

+ Private data » Context limit

v/ Lower cost * Latency

v/ No training

v/ Domain specialization
v/ Better behavior

v/ Follow custom style

Fine-Tuning (and PEFT)

Adapt the model by updating it
with new data.

G- = - K

Pretrained Train / Fine-Tune Your
LLM (on your data) LLM
Good for: Challenges:

* Needs training data
* High compute cost

¢ Risk of forgetting

Methods (Examples):
Full Fine-Tuning * LoRA + QLoRA « Adapters « Prompt Tuning

RIAD SONBOL - ML COURSE

Fact Checking / Verification

Check and improve the answer
after it is generated.

©- -9

Check / Verify Better
(Output) Answer
Good for: Challenges:

v/ More accurate outputs + Extra latency

v/ Fewer hallucinations » Need good verifier

v/ Higher trust * Not always perfect

Ways to Verify:

Rules « Retrieval « LLM-as-a-Judge
Self-Check + Multi-Agent
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