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Outline

A Recap Pretraining Language Models
A Scaling up and Emergent Abilities of LLMs
A PostTraining
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I Reinforcement Learning from Human Feedback

A Efficient Adaptation
I Adapterbased Tuning
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Recap:

Transferable

Task-agnostic NLP task solver

feature learner

Task Specific task ELMO. BERT. GPT-112
SD]VII‘Jg helper Word2vec (NPLM), NLPS Context-aware representations
capacit _— . Pre-training + fine-tuning

P Y n-gram models Static word representations Solve various NLP tasks

Neural context modeling
Solve typical NLP tasks

Neural LM

Statistical methods
Probability estimation
Assist in specific tasks

Pre-trained LM

Statistical LM

UNIVERSITY

o T
Language Models over Time otk

General-purpose
task solver

GPT-3/4. ChatGPT. Claude
Scaling language models
Prompt based completion
Solve various real-world tasks

L
>

1990s 2013 2018

2020

A Simple agram models followed by shallow neural methods

and RNNs

A The Transformer architecture started the age of-pianed

language models

I Largescale Prdraining followed by tasispecific finetuning

C Transfer Learning
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RecapPretraining Decoderonly B0k MANNHE M

Data and Web Science Group

Liv = — ) _logp(i | Zik,- -, %i-1)
i

Original Sentencethank you for{inviting me to your party

thank  you for inviting me to your party
J— — s -

thank you | for inviting me _to  your
——— ——

thank  you for inviting me to

thank  you for inviting me

thank  you for inviting
P o S =%

thank  you for

University of Mannheim | IE685 LLMs and Agents | Amaining and Efficient Adaptatiodersion23.02.2026 4



e
UNIVERSITY

RecapPretrain/Fine-tune Paradigm &or vy
of PLMs

A The pretraining stage lets language models learn generic
representations and knowledge frolarge corpora but they are
not fine-tuned on any form of user tasks.

A To adapt language models to a specific downstream task, use
comparably smaltaskspecific datasets for firuning

C Transfer knowledge from prEaining, show the model what we want the
output to look like and subsequently perform well one task

(7 N\
Pretrained | . Finetune on > Inference
( LM task A on task A

e Typically requires many
task-specific examples

* One specialized model
for each task )

"
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Outline

A Recap Pretraining Language Models
A Scaling up and Emergent Abilities of LLMs
A PostTraining

I Instruction Tuning
I Reinforcement Learning from Human Feedback

A Efficient Adaptation
I Adapterbased Tuning
I LoRa &LoRa
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Scaling up Language Models

A Scaling in three dimensions has been shown to strongly
Increase task solving capability and generalization
I Model sizein terms of parameters
I Increasing prerainingdata
I

5

SuperGLUE Performance

—8— Zero-shot
a0 Human .~ O hat
Fine-funed S0TA ne-sho

#— Few-shot (K=32)

Lo 1]
(=]

Fine-tungd BERT++
70 Fine-tuned BERT Large

Validation Loss
w
Parameters
SuperGLUE Score

- ."-

o
(=]

; 10° 50
Random_Guessing
L w2 8T C-0M8
5
15 -4 -2 0 2 B 10 40
10 10 10 10 10 10 0.1 04 08 13 26 6.7 13 175
Compute (PetaFLOP/s-days) Billions of Parameters in LM

Brown, T., Mann, B., Ryder, N., et al. 2020. Language Models are Few-Shot Learners. Advances
in Neural Information Processing Systems, 33, pp.1877-1901.
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Teddy bears are often
made of materials like

Can I put m .
P Y Pretrained polyester and cotton,
the washer? LLM with plastic eyes and
sometimes small

|
|
|
|
|
|
i

teddy bear in — — |
|
|
i
i accessories.
|

A Language modbhgwith next token predictiondoes not
make the model a competent task solver

A How to adapt to correctly solving tasks?

Ouyang, L et al., 2022. Training Language Models to follow Instructions with Human Feedback. Advances in Neural Information
Processing Systems, 35, pp.27730-27744.
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Data and Web Science Group

A Pretrained language models are not aligned

A Obijective mismatch
I Pretraining is to predict the next word in a sentence
I Does not involve understanding human intent/values

A Training data bias
I Text from the internet can contain biased, harmful or misleading

information
I [ aa R 2 yQG RAA&GA y 3 dz)\béh&viofnn@ré]irﬁn@ éy -
data

A (Over)generalization issues

I LMs generalization can lead to outputs that are inappropriate in
specific contexts

I Might not align with intended ethics/honesty standard

University of Mannheim | IE685 LLMs and Agents | Heoaining and Efficient AdaptatioMersion23.02.2026 9
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Aa! 0AEAOASE GKFO IINB y20 LINB
fIF NHS Y2RSft ac¢
J.Wektal> & 9 Y 8iNiieSofLargelanguageModelss €oRRvol. abs/2206.07682, 2022

A Three typical emergent abilities:

I In-context learning After providing the LLM with one or several
task demonstrations in the prompt, it can generate the expected
output (next week)

I Instruction following Finetuning the model with instructions for
various tasks at once, leads to strong performance on unseen tasks
(instruction tuning-> our focus today)

I Stepby-step reasoning LLMs can perform complex tasks by
breaking down a problem into smaller steps. The cludithought
prompting mechanism is a popular example (next week)

University of Mannheim | IE685 LLMs and Agents | Heoaining and Efficient AdaptatioMersion23.02.2026 10
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—eo— LaMDA —=— GPT-3 —4— Gopher —&— Chinchilla —@—PalM - -- Random
Mod. arithmetic Multi-task NLU Word in context
50 70 70
_ 40 0 65
S ® 90 R 60
> 30 > 40 =
20 25
g 0 8 [-- 250 - £ -
Q Q 20 Q
<10 < 545
10
0k A 0 40
1018 1020 1022 1024 1020 1022 1024 102() 1022 1024

Model scale (training FLOPs)

A Emergent abilities can lead to sudden leaps in performance
on various tasks

J. Weetal> @ 9 Y aliEeSofLargeLanguageModelss €oRRvol. abs/2206.07682, 2022
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GeneralLLMTraining Procedure

PostTraining

A\[Telg

Pre-train :
(instruct-tune)

L)

Our Focus$n this coursetbdayt)

University of Mannheim | IE685 LLMs and Agents | Amaining and Efficient Adaptatiodersion23.02.2026 12



e
QEEE; UNIVERSITY
OF MANNHEIM

Data and Web Science Group

GeneralLLMTraining Procedure

A\[Telg A\[Telg

Fre-train (instruct-tune) (RLHF)

i l l

a2RSt G6AGK o6l arxo0 1yz2st Swaehtaned for Model aligned with
about language, code, etc. following instructions (human) preferences

University of Mannheim | IE685 LLMs and Agents | Amaining and Efficient Adaptatiodersion23.02.2026 13
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Overview: The Postraining Stack

A Instruction-Tuning(supervised findguning)
I Curated instruction data (high quality question and answer pairs)

A RL from Human Feedbackptimize for human preference
signals (style, helpfulness, safety)

I Preference data: pairs of responses annotated by
style/safety/helpfulness

A RL from Verifiable Reward®ptimize for math reasoning,
code generation, tool use (covered in lecture in two weeks)

I Math/code/tool use tasks with potentially various solutions but
automatically verifiable result

A These stages are complimentary and can be mixed!

University of Mannheim | IE685 LLMs and Agents | Heoaining and Efficient AdaptatioMersion23.02.2026 14
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Outline

A Recap Pretraining Language Models
A Scaling up and Emergent Abilities of LLMs
A PostTraining

I Instruction Tuning
I Reinforcement Learning from Human Feedback

A Efficient Adaptation
I Adapterbased Tuning
I LoRa &LoRa
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Instruction Tuning

Align
(RLHF)

A\[Telq

(instruct-tune) .

i l l

a2ZRST gAUK aol aA0 (y2st SNodebtaned for Model aligned with
about language, code, etc. following instructions (human) preferences

Pre-train

University of Mannheim | IE685 LLMs and Agents | Amaining and Efficient Adaptatiodersion23.02.2026 16
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Recall: Finduning of PLMs

% N \
Pretrained Finetune on Inference
[ LM ) > taskA > ontaskA

* Typically requires many
task-specific examples

* One specialized model
for each task y

University of Mannheim | IE685 LLMs and Agents | Heoaining and Efficient AdaptatioMersion23.02.2026 17
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A Leverage emergent ability of the models

A Incorporate in§tructions Into the finpmirlg proced,ure by
LINBLISY RAY 3 | eackaslkatdbdBatdadoRt y €

C Finetune pretrained LMs to manstructionsto their

correspondingesponses.

[ Please answer the following question.

What is the boiling point of Nitrogen?
A

Answer the following question by
reasoning step-by-step.

The cafeteria had 23 apples. If they
used 20 for lunch and bought 6 more,

how many apples do they have? La nguage
= model

The cafeteria had 23 apples
originally. They used 20 to

41 make lunch. So they had 23 -
20 = 3. They bought 6 more
apples, so they have 3 + 6 = 9.

~

University of Mannheim | IE685 LLMs and Agents | Heoaining and Efficient AdaptatioMersion23.02.2026 18
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Instruction Tuning

1. Collect examples of (instruction, output) pairs across many tasks and finetune an LM

Please answer the following question.
What is the boiling point of Nitrogen?
h
Answer the following question by
reasoning step-by-step.
The cafeteria had 23 apples. If they
used 20 for lunch and bought 6 more,
how many apples do they have? Language
- model
2. Evaluate on unseen tasks

Inference: generalization to unseen tasks
Geoffrey Hinton is a British-Canadian
computer scientist born in 1947. George

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.

Q: Can Geoffrey Hinton have a Washington died in 1799. Thus, they

conversation with George Washington? could not have had a conversation

Give the rationale before answering. together. So the answer is “no”.

University of Mannheim | IE685 LLMs and Agents | Heoaining and Efficient AdaptatioMersion23.02.2026
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Instruction Tuning B/ OF MANNHE I
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A Finetune on many tasks at once

A Teaches language model to follow different natural
language instructions, so that it can perform well on
downstream tasks and evageneralizeto unseen tasks

g )
. Instruction-tune on
Pretrained . Inference
LM mang tasks: —> SR iaskIA
B,CD,...

Model learns to perform Inference on
many tasks via natural unseen task

N language instructions y

University of Mannheim | IE685 LLMs and Agents | Heoaining and Efficient AdaptatioMersion23.02.2026 20
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Instruction Tuning: Adding Diversity oy
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ACKSNE Aa | 3L 0SGUSSY Dbt

In traditional NLP, “tasks” were defined as What humans need:

subproblem frequently used in products: "Is this review positive or negative?”

= Sentiment classification “*What are the weaknesses in my argument?”
» Text summarization “"Revise this email so that it's more polite.”

= Question answering “Expand this this sentence.”

» Machine translation “Eli5 the Laplace transform.”

» Textual entailment

Narrow definitions of tasks.
Not quite what humans want, nevertheless,
it might be a good enough proxy.
Plus, we have lots of data for them.

Quite diverse and fluid.

Hard to fully define/characterize.
We don't fully know them since they

just happen in some random contexts.

A More diversity needs to be added to the data...

University of Mannheim | IE685 LLMs and Agents | Heoaining and Efficient AdaptatioMersion23.02.2026 21



e
iiﬁﬁ; UNIVERSITY
OF MANNHEIM

Data and Web Science Group

Adding Diversity via Task Prompts

A Example Task: Summarization

A Create diversity from theame examplevia prompt
variations

"Write highlights for this article:\n\n{text}\n\nHighlights: {highlights}"

"Write a summary for the following article:\n\n{text}\n\nSummary: {highlights}"
"{text}\n\nWrite highlights for this article. {highlights}"

"{text}\n\nWhat are highlight points for this article? {highlights}"
"{text}\nSummarize the highlights of this article. {highlights}"

"{text}\nWhat are the important parts of this article? {highlights}"

"{text}\nHere is a summary of the highlights for this article: {highlights}"

"Write an article using the following points:\n\n{highlights}\n\nArticle: {text}"
"Use the following highlights to write an article:\n\n{highlights}\n\nArticle:{text}"
"{highlights}\n\nWrite an article based on these highlights. {text}"

University of Mannheim | IE685 LLMs and Agents | Heoaining and Efficient AdaptatioMersion23.02.2026 22
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TOc¢ An Instructiontuned LLM

Summarization

The picture appeared on the wall of a
Poundland store on Whymark Avenue [...] How
would you rephrase that in a few words?

Graffiti artist Banksy
is believed to be
behind [...]

Sentiment Analysis

Review: We came here on a Saturday night
and luckily it wasn't as packed as I
thought it would be [...] On a scale of 1
to 5, I would give this a

Question Answering

I know that the answer to “What team did

the Panthers defeat?" is in "The Panthers

finished the regular season [...]". Can
you tell me what it is?

Arizona Cardinals |

Multi-task training

Zero-shot generalization

Natural Language Inference

Suppose “The banker contacted the professors
and the athlete”. Can we infer that "The
banker contacted the professors"?

Sanh, V. et al., Multitask Prompted Training Enables Zero-Shot Task Generalization.
In International Conference on Learning Representations.

University of Mannheim | IE685 LLMs and Agents | Heoaining and Efficient AdaptatioMersion23.02.2026 23
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TO Training Sets s

A Collected from multiple public NLP datasets and variety of tasks

ra j’ 3 N r N T
Multiple-Choice QA Closed-Book QA Structure-To-Text Sentence Completion BIG-Bench
SN e Hotpot QA Common Gen COPA Code Description

DREAM Wiki QA Wiki Bio HellaSwag Conceptual
QualL - -~
- N Story Cloze Hindu Knowledge
QuaRTz Sentiment Summarization 4
™ Known Unknowns
Social 1QA Amazon CNN Daily Mail Matural Language
Inference Language ID
WIQA App Reviews Gigaword
ANLI . .
Logic Grid
Cosmos QA IMDB MultiNews CB
QASC Logical Deduction
Rotten Tomatoes SamSum RTE . .
QuaRel \ J Misconceptions
Yelp XSum - . _ .
SciQ B Coreference Mavie Dlalng
'd N Resolution
Wiki Hop : P Paraphrase Novel Concepts
X Topic Classification |dentification
Strategy QA
i ) ﬂG NEWS MRPC winmrande gy
Extractive QA \ ) ;
d SIGA DBPedia PAWS Syllegisms
versaria [
TREC QaP Word Sense Vitamin C
Quoref L Disambiguation
Winowh
ROPES wic L
DueRC

" A
Sanh, V. et al., Multitask Prompted Training Enables Zero-Shot Task Generalization.
In International Conference on Learning Representations.

University of Mannheim | IE685 LLMs and Agents | Heoaining and Efficient AdaptatioMersion23.02.2026
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Training Mixtures and Unseen Sets #or viaXitiv

Data and Web Science Group

A Training Mixtures:

I Question answering, structus®-text, summarization
I Sentiment analysis, topic classification, paraphrase identification

A Unseen test set:
I Sentence completion, BiBench

I Natural language inference, coreference resolution, word sense
disambiguation

A TO is trained using the T5 transformer (11B model)

Sanh, V. et al., Multitask Prompted Training Enables Zero-Shot Task Generalization.
In International Conference on Learning Representations.

University of Mannheim | IE685 LLMs and Agents | Heoaining and Efficient AdaptatioMersion23.02.2026



Task Adaptation with Prompt Templates®#or vaxsem

Data and Web Science Group

A Instead of directly using input/output pairs, specific
Instructions are added to explain each task

A The outputs are natural language tokens instead of class
labels

QQP (Paraphrase) XSum (Summary)
- 1 L !
I 1 1 1
Questionl How is air traffic controlled? Document The picture appeared on the wall of a
Poundland store on Whymark Avenue...
Question2 | How do you become an air traffic controller?
Summary Graffiti artist Banksy is believed to be
Label 2} behind. ..
_ ™ : - ~
{Questionl} {Question2} I received the questions {Document } First, please read the article:
Pick one: These questions "{QuestionT}" and How would you {Document }
are duplicates or not "{Question2}". Are they rephrase that in Now, can you write me an
duplicates. duplicates? y a few words? extremely short abstract for it?
Y L Y v

[{Choices[label”] [ {Choicesflabelj}] l {Summary } l | {Summary } l

Sanh, V. et al., Multitask Prompted Training Enables Zero-Shot Task Generalization.
In International Conference on Learning Representations.
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A For T5 and TO, each dot represents one evaluation prompt

Natural Language Inference

RTE CB ANLI R1 ANLI R2 ANLI R3
50 50 50
80 ’ 80 . . .
40 40 ®
60 ® 60 @ ® ¢ @ . P LN ) b
. 30 30 30

&
40 40
20 20 20

20 20 10 10 10

0 0 0 0 0

Coreference Resolution Sentence Completion Word Sense
WSC Winogrande COPA StoryCloze HellaSwag WiC
e &0 100 100 @ 0 80
5 . . |
60 ’ ' 60 g s 80 ® 80 @ 60 .
L o ¥
60 60 60
40 o 40 @ 40
40 ‘ 40 40
4]
20 20 » ” 5 e 20
0 0 0 0 0 0 -
GPT-3 (6.7B) GPT-3(13B) ® GPT-3(175B) T5+LM (11B) TO(11B)

Sanh, V. et al., Multitask Prompted Training Enables Zero-Shot Task Generalization.
In International Conference on Learning Representations.
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Effect of Prompt Variations

A Increasing the number of paraphrasing prompts generally
leads to better performance

Natural Language Inference

RTE CB ANLIR1 ANLI R2 ANLI R3
0 e s E 2 0 4
% o | J 45 1 e 45 45
o< : %
40 4081 ¢ 40 40 gLl v ﬁ ‘
] ‘
20 20 35z # 35 gty E 35 8L
= o e
0 0 30 : 30 30
Coreference Resolution Sentence Completion Word Sense
WSC Winogrande COPA StoryCloze o HellaSwag - WiC
80 80 100 !

100
+ 70 ;@ ﬁ ‘\ 35
3 80

B 6
80
60 I? 60 . $ 9 ? ? ﬁ
B~ = 30 §
50 ? ! 50 = == < Bam

60 60 & 50 #3
25 o 1
40 40
o~
30 30 40 40 20 40
1 p=0(T5+LM) B p=1 p=57 B p=8.03(T0)

Sanh, V. et al., Multitask Prompted Training Enables Zero-Shot Task Generalization.
In International Conference on Learning Representations.

University of Mannheim | IE685 LLMs and Agents | Heoaining and Efficient AdaptatioMersion23.02.2026 28



e
UNIVERSITY

Effects of More Training Datasets o vty
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A Adding more datasets consistently leads to higher median
performance

RTE CB ANLI R1 ANLI R2 ANLI R3

%0 ’% = $0 o s 50 50
; . N
60 60 45 l% . : 45 ﬁ 45
40 40 40 40§ * 40

20 20 35 - 35 ‘ 35 ‘

0 0 30 30 30

0 To(d=39 B TOo+(d=49) TO++ (d = 55)

Sanh, V. et al., Multitask Prompted Training Enables Zero-Shot Task Generalization.
In International Conference on Learning Representations.
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The Effect of Instruction Tuning B0 MANNHEIM
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= e o e — — — — — — — — — — — — —————

Teddy bears are often

| |

| |

| |

| i

' made of materials like |

Can I put m .

teddy bpeuar iyn __ | Pretrained | | polyester and cotton, !

the washepr? LLM i with plastic eyes and |

' | sometimes small !

i accessories. |

| |
]
Can I put my Pretrained + i No, it might get |
teddy bear in — |instruction ————*—i damaged. Try hand !
the washer? tuned LLM | washing instead. i
R
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Instruction TuningData Collection

Where to get data for instruction tuning?

A Public NLP datasets (see TO example above)
A Crowdsourcing data from human annotators

Mishra, S. et al., 2022, May. Cross-Task Generalization via Natural Language Crowdsourcing Instructions. In Proceedings of the
60th Annual Meeting of the Association for Computational Linguistics (Volume 1: Long Papers) (pp. 3470-3487).

A Generating data with LLMs

Zhou, C., et al., 2024. Lima: Less is More for Alignment. Advances in Neural Information Processing Systems, 36.

A Mix of the above

Wang, Y., et al., 2023. How Far Can Camels Go? Exploring the State of Instruction Tuning on Open
Resources. Advances in Neural Information Processing Systems, 36, pp.74764-74786.

University of Mannheim | IE685 LLMs and Agents | Heoaining and Efficient AdaptatioMersion23.02.2026 31
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Instruction Tuning: Limitations

A Difficult to collect diverse data

A Resulting models may not be good at opamled
generation tasks

I Word-by-word learning is incentivized => the resulting LMs
generality/creativityis bounded by that ofheir supervision data

A Resulting models mayallucinatemore regularly
I Labeleddata is collected agnostic to the LMs knowledge
I There may be a mismatch between labelled data and LM knowledge
C This may encourage further hallucinations in downstream tasks

University of Mannheim | IE685 LLMs and Agents | Heoaining and Efficient AdaptatioMersion23.02.2026 32
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Data and Web Science Group

A Instruction tuning enables language models to folloovel
user instructions that are not seen during fieing
C This is what users want!

A Instructiontuned models perform well on many tasks not
just a single one as with tasipecific finetuning

A Limitations:
I Data collection is expensive, especially for complex tasks (quality
and diversity control are necessary)

I Many tasks do not have a single acceptable output (format) but
many can be considered correct

I Instruction tuning does not directly modeuman preferences

University of Mannheim | IE685 LLMs and Agents | Heoaining and Efficient AdaptatioMersion23.02.2026 33
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A Instruction tuning today also

usually incorporates some
T2NY 27T tdolsideO

to the LLMs

Toolformerns one of the first

papers presenting an

instruction tuning dataset

specifically for tool use

We will learn more about toc
using LLMs (and agents) in

lecture in two weeks!

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 [WikiSear

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

Schick, T., et al., 2024. Toolformer: Language models can teach themselves to use tools. Advances in Neural
Information Processing Systems, 36.
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Outline

A Recap Pretraining Language Models
A Scaling up and Emergent Abilities of LLMs
A PostTraining

I Instruction Tuning
I Reinforcement Learning from Human Feedback

A Efficient Adaptation
I Adapterbased Tuning
I LoRa &LoRa
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: Align
Pre-train . |
(instruct-tune)

i l

a2RSt G6AGK G0l aaxod 1yz2gst S\waehtaned for Model aligned with
about language, code, etc. following instructions (human) preferences
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The Problem of Supervised Fhtening &6 vmininiv
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——————————————————————————————————————

iI'd suggest you do not

i Suggest a new activity I i ! . .
: . [ LLM — spend much time with your
1 could do with my teddy bear. : SFT ' teddy bear at all.

A There is still a misalignment between the ML objectve
maximizing the likelihood of a specific piece of human
written text ¢ and what humans actually wagtgeneration
of high-quality outputs as determined by humans

A In this example, the output is not what the user wants and
may actually feel hurtful
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The Problem of Supervised Fhtening &6 vmininiv

Data and Web Science Group

A Language models go through another phase of learning,
where they learn how to present information to users and
align to human preference®.g.:

I Helpfulness
I Honesty
I Harmlessness

A Do you see a problem with these preferences?
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A2S ySSR | gleé& (02 aGUNIAYyE GK
honest and harmless (HHH) answers
A For this, we need examples

A Idea: Collectpreference pairsaand train the model on them

_____________________________________________________________

EOF course! Teddy bears not only make awesome
i companions for a delightful sleep, but can
ialso be great buddies for fun activities. How
Eabout you both watch a movie together?

______________________________________

iI'd suggest you do not
' spend much time with your
' teddy bear at all.

______________________________________

A Question:Why preference pairs? Why not fisigne on
HHH questioranswer pairs like in instruction tuning?
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Preference Tuning

& Human
| have to come up with a conversation with an Al assistant for the purposes of showing it off in a demo. What sorts of conversation
topics would you recommend?

LLM provides two D s

| think the best topics for conversation are common themes and interests that everyone could have. Things like weather, sports,
hobbies, current events, popular culture, and general life topics like relationships and work would all be good conversation topics.

.
O tl O n S fo r n ext reS O n c You could also have more advanced conversations discussing philosophy and morality if you want to demonstrate some higher level
- Al capabilities.

& Human

I think I'm more interested in an advanced conversation. What's a good starter question if | wanted to discuss something
u I I l al I ra eS e e r philosophical, like epistemology or the nature of language?

w Assistant

re S O n S e | think an excellent philosophical topic would be epistemology, which is the theory of knowledge, and specifically how we can know
p and understand the world around us. A really good starting question would be something like "How can we truly know and

understand the world?", or "What is the nature of knowledge?". If you want to go even deeper, | think philosophy of language would

also be fascinating - questions like "What is meaning?", "How do language and thought relate?", and "How can language mislead and

.
E ; CO r I n L] deceive?" would be great discussion topics.
g "
& Human
How would you answer a question like: How do language and thought relate?
I Likert Scale
I Ranking

A lot of work to do for
KdzYlya i &
Can we (partly) automa
this?

Choose the most helpful and honest response

| think a good answer to that would be that language helps us to structure our thoughts and express what we are thinking. Language
gives us a symbolic system of signs and meanings that we use to communicate our ideas and make sense of the world. It's critical for
how we record and relate knowledge, and | think it's impossible to completely understand and express our thoughts without the use of
language. Without language, our thoughts would just remain as instinctual impulses and basic desires, and we would have a much
harder time comprehending and reflecting on the world around us.

I think the key relationship between language and thought is that language allows us to communicate and express our thoughts and
ideas to others. Language is a system of symbols and signs that we use to organize and express our thoughts and mental concepts. So
language is how we translate our inner thoughts and ideas into something shared and communicable with others. Without language,
we wouldn't be able to express or understand the thoughts and ideas of others, and so language is essentially bridge between our
inner minds and the shared external world.

A|A|A|a|8s|B|B|B
A is better B is better
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RLHF: Intuition

A Actions: generating tokens/responses
A Rewardswether humans liked the generation
A Observations: conversation with human

environment

agent

Y. s JAa
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RLHF: Intuition B/ OF MANNHEIM

Data and Web Science Group

A An agent interacts with an environment by taking actions

A The environment returns a reward for the action and a new
state

A Agent uses a policy function to choose an action at a given
state

A We need to figure out: (1) reward function and (2) the
policy function

s¢: state (context)
sampling actions r:: reward
a,~pe(s;) a;: actions (new sentences)
pe: policy (decision-maker)

Agent / Policy

Observe reward
of your action. r;
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Preference Tuning with RLHF B/ OF MANNHE M

Data and Web Science Group

A Imagine a reward function for any outpsto a prompt
R(s;prompt) € R
A The reward is higher when humans prefer the output

A Good generation is equivalent to finding rewarghximizing
outputs:
[ Expected reward over the ?ngpg [ R (g., prompt)] i Pe(;;ri; nfsp;ex;ang c;nl?kc(laelt C\)Nith J

course of sampling from our o . )
policy (generztivge model) optimize (policy function)

A What we need to do:

I Estimate the reward functio R (s; prompt)
I Find the best generative model that maximizes the expected reward
6 = argmaxg Es~p, [R(S; prompt)]
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Step 1: Estimating the Reward

J(p) = —[E(S+,S—)[log a(R(s*; prompt) — R(s~; prompt))]
“winning” 7 X “losing”

sample sample The reward model returns a
scalar reward which should

numerically represent the
R human preference.

It is like any typical elevator,
s : _
’ ' but it goes to space. ... R(sz; prompt) = 1.2

Explain “space elevators”
to a 6-year-old. ' LM \ , ,
s, Explain gravity to a 6-year-

prompt g old

R(sy; prompt) = 0.8

S1,82~Po
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Step 2: Optimizing the Policy Functiof or ik

and Web Science Group

A Policy function: The model that makes decisions (here:
generates responses)

A How do we change our LM parameters to maximize this?

§ = argmaxy Eg.,, ,[R($; prompt)]

Explain “space elevators” to . .
" a E—year—old_ = P Itisbasically .... = @

prompt g S~y
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Data and Web Science Group

A How do we change our LM parameters to maximize this?

~

0 = argmaxy Es.,, [R(8; prompt)]
A[ SGQa uUNEB R2AYy3I ANFRASYO |
Orr1 < 0 + a Vg Egopy [R(S; prompt)]
A With a bit of math, this can be approximated as Monte
Carlo samples from
VoEs., [R(s; prompt)] ~ %Z R(s;; prompt) Vg log py (s;; prompt)

A This igolicy gradien?an approach for estimating and
optimizing this objective

Williams, R.J., 1992. Simple statistical gradient-following algorithms for
connectionist reinforcement learning. Machine learning, 8(3), pp.229-256.
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Policy Gradient

A This gives us the following update rule:

Note, R(s; prompt) could be any arbitrary, non-
differentiable reward function that we design.

1
6t+1 €« Qt + a Z Z R(si;p) Vg logpe(si; p)
|SampleS| X |pr0mptS| peEprompts s;~pg(p)

If R(s; p) is large, we take proportionately large steps to maximize py (s)
If R(s; p) is small, we take proportionately small steps to maximize pg (s)

This is why it’s called “reinforcement learning”:
we reinforce good actions, increasing the chance they happen again.
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Putting it Together B N MANN HE 1M

Data and Web Science Group

A First collect a dataset of human preferences

I Present multiple outputs to human annotators and ask them to
rank the output based on preferability

Output 1
Output 2

Output 1

Human annotators
specify their preferences

x N XL

Output 2

Policy

Prompt X * LM
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Putting it Together B N MANN HE 1M

Data and Web Science Group

A Using this data, we can train a reward model

I The reward model returns a scalar reward which should numerically
represent the human preference.

Output 1
Output 2

Output 1
Output 2

*xX N XL

Policy

Prompt X * LM
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Data and Web Science Group

A We want to learn a policy (a Language Model) that
optimizes against the reward model

Reinforcement learning update

Ory1 < O + az R(s;; p) Vg logpg(si; p)
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Data and Web Science Group

A Periodically train the reward model with more samples and
human feedback

Output 1
Cupi 2
Output 1
Output 2

>N XK

Periodically train
the reward model

Prompt X =P =) Output = @» R

Reinforcement learning update

Ory1 < O + “Z R(s;;p) Vg logpg(si; p)
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A Turns out that this approach does not quite work. (Any
guesses why?)

Output 1
Cupi 2
Output 1
Output 2

>N XK

Periodically train
the reward model

Prompt X =P =) Output = @» R

Reinforcement learning update

Ory1 < O + “Z R(s;;p) Vg logpg(si; p)
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Data and Web Science Group

A Turns out that this approach does not quite work.
i ¢CKS LRftAOe gAff fSINY G2 AaOKSH {

Output 1
Cupi 2
Output 1
Output 2

Periodically train
the reward model

Prompt X =P =) Output = @» R

Reinforcement learning update

>N XK

Ory1 < O + “Z R(s;;p) Vg logpg(si; p)
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One Missing Ingredient

A Will learn to produce an output that would geighreward
but isgibberishor irrelevantto prompt.

Output 1
Cupi 2
Output 1
Output 2

>N XK

Periodically train
the reward model

Prompt X =P =) Output = @» R

Reinforcement learning update

Ory1 < O + “Z R(s;;p) Vg logpg(si; p)
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Regularizing with Prérained Model

aaaaaaaaaaaaaaaaaaaaaa

A Solution: add a penalty term that penalizes too much
deviations from the distribution of the prFained LM

R(s;p) = R(s;p) — Plog (ZiTg)

A This prevents the policy model from diverging too far from
pre-trained model

ACKS LINBASYUSR YSUK2R Aa&a aay
Optimization, one of the main RLHF policies
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Comparison with Baselines

A RLHF models are more preferred by human labelers

|

m /
LD 0.6 -
— —— Model
i r | —8— PPO-ptx
n
7 PPO
[
‘@ 041 SFT
o
@ GPT (prompted)
< GPT
=
S 0.2-

1.3B 6B 1758

Model size

Ouyang L., Wu, J., Jiang, ¥t,al.2022. TrainindlanguageModelsto follow Instructionswith HumanFeedback Advances
in NeuralInformation Processing3ystems 35, pp.2773627744.
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Evaluations on Different Aspects B0k MANNHE M

Attempts correct instruction Follows explicit constraints Hallucinations
| 0.5-
' |
| 0.75
0.75+ 0.4 - Eh
| 0.44
3
q:) 0.3 - 0.50
< 0.50 - -50 ~
>
2 0.2 - 0.2+
o
0.25 - 0.25 -
0.1-
0- 0- 0- 0-
GPT GPT SFT PPO PPCI)-ptx GPT GPT SFT PPO Ppo'-mx GPT GPT SFT PPO ppc';-ptx GPT GPT
(prompted) (prompted) (prompted) (prompted)

Ouyang L., Wu, J., Jiang, ¥t,al.2022. TrainingdanguageModelsto follow Instructionswith HumanFeedback Advances
in NeuralInformation Processing3ystems 35, pp.2773627744.
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Uses language appropriate
for customer assistant

1 1
SFT PPO PPO-ptx
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The Effect of RLHF VT

Data and Web Science Group

Teddy bears are often

|

| |

' made of materials like i

Can I put m . '

teddy bpeuar iyn Pretrained | polyester and cotton, !

the washer? LLM . with plastic eyes and i

' | sometimes small !

| accessories. i

| |
o
Can I put my Pretrained + i No, it might get i
teddy bear in — |instruction EE—— i damaged. Try hand :
the washer? tuned LLM i washing instead. i
| |

ined +
Pretrained It's better not to.

| |

- - : I

|

Can I put m.y instruction i Your teddy could get |
teddy bear in — tuned + S— !
' hurt! A gentle hand |

the washer? preference : wash is safer |
tuned LLM i : |

,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,
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Limitations of PPO Methods & oF MANNHE v

Data and Web Science Group

A Need to train multiple models
A Needs sampling from Language model during-fimgng
A Complicated reinforcement learning training process

A Is it possible to directly train a language model from human
preference annotations?
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Direct Preference Optimization

A Removes the iterative X,
reinforcement learning ﬁ L % |
process by directly tuning ™™ — = Y
the model on human '
preferences i S

A DPO eliminates the need tc vt mpy s ™A |

I train a reward model E‘?S?:dfc;a"sé )( >a
I sample from the LM during e

fine-tuning !
I perform large hyperparameter

search
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DPO versus Baselines

IMDb Sentiment Generation

1.0 1 b o :
o
% ° o SW0° Vee ®e oo
’ B ege%e® ®
a - ® .
0.8 o° s °
o g o. e _® e
507 ‘...o ...o..
e = o0
Q;) ° - oo °s s * ™
o o # e = o 0 og. o ®o®
0.6 1 .‘ .’ o ° o B ®y
% ®
0.5 - e “I ‘
s . DPO (Ours) e PPO-GT (Our impl.)
e Unlikelihood e PPO-GT (TRL)
0.4 PPO (Our impl.) o Preferred-FT
0.r0 2.r5 5.r0 7.r5 1(;.0 12'.5 15',0 17r.S 26.0

KL(rg||mTrer)

Win rate

0.7

e
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Data and Web Science Group

TL;DR Summarization Win Rate vs Reference

DPO  —4— Preferred-FT  =+4— GPT-)
~J— PPO =4~ SFT —J— Bestof 128

1

0.00

0.'25 0.‘50 O"75 1.60
Sampling temperature

A DPO provides higher expected reward compared to PPO (left)
A Higher winrate compared to humavritten summarizations, evaluated

by GPT4 (right)

Rafailov, R., Sharma, A., Mitchell, E., et al., 2023. Direct Preference Optimization: Your Language Model is
Secretly a Reward Model. Advances in Neural Information Processing Systems, 36, pp.53728-53741.
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Data and Web Science Group

A Proximal policy optimization

Reinforcement Learning from Human Feedback (RLHF)

x: “write me a poem about

I Complex reinforcement learnin Sl N, | ColmiEndE
. — — B — d model LM poli
i Iterative process == oV yped
B _ ] preference data maximum ~ sample completions
I Can handle more informative likelihood reisfornatnent tesering
human feedback (e.g. numerica
ratings)

A Dll‘eCt preference Optlmlzatlc Dnrect Preference Optimization (DPO)
I Simpler finetuning process by

the history of jazz

directly fitting reward model — >L=_7. —>  final LM
I Cheaper and more stable preference data __ .
training likelihood

I Can only handle binary signals
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What do people actually use?

Alignment Algorithm(s)
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Data and Web Science Group

Language Model | Release Base Used Alignment Data Sources for alignment
GPT-3-instruct 2020 GPT-3 SFT --> RLHF/PPO Curated datasets with human-labeled prompts and responses
GPT-4 2023 GPT-4 pre-trained? SFT --> RLHF/PPO Curated datasets with human-labeled prompts and responses
Gemini 2023 Gemini pre-trained? SFT --> RLHF/PPO Curated datasets with human-labeled prompts and responses
LLaMAZ2 2023 LLaMAZ2 pre-trained SFT --> RLHF/PPO Curated datasets with human-labeled prompts and responses
‘ Iterate: Rejection sampling -> 10 miII_ion human-annotated examples. _ ‘

LLaMA3 2024 LLaMAS3 pre-trained SFT -> DPO The al!gnme_nt process was conducted over multiple I'OU!'IdS, with each

round involving the collection of new preference annotations and SFT data.
Alpacha 2023 LLAMA 1 SFT Self-Instruct, 52,000 input-output pairs
Qwen2.5 2024 |[Qwen2.5 pre-trained SFT -> DPO -> GRPO 1 million samples
Tulu 3 2024 Llama 3.1 SFT -> DPO -> RLVR near 1 million samples

1.5 million samples (reasoning + non-reasoning tasks).
DeepSeek (V3) 2024 DeepSeek pre-trained SFT -> GRPO Reasoning data was generated by specialized models.

Non-reasoning data was produced by DeepSeek-V2.5 and validated by
human reviewers.
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Additional RLHF Methods

A Many more variants exist today...
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Data and Web Science Group

Paper/Method RM Type | RM Output | RM Level | Feedback | Feedback Src. | Feedback Fmt. | Ref. Model | Length Ctrl. | Divergence | RL Policy | Optimization | SFT/Align Stage
InstructGPT [9] Explicit Point Response | Preference Human Pair Yes No KL On Offline Separate
RLHF (Anthropic) [88] Explicit Point Response | Preference Human Pair Yes No KL Off Hybrid Separate
PPO (Online RLHF) [37] Explicit Point Response Preference Human Pair Yes No KL Off Online Separate
RLAIF (Anthropic) [12] Explicit Point Response | Preference Al Pair Yes No KL On Offline Separate
RLAIF (Google) [11] Explicit Point Response | Preference Al Pair Yes No KL Off Offline Separate
DPO [13] Implicit Point Response Preference Human Pair Yes No KL Off Offline Separate
TPO [89] Implicit Preference Response | Preference Human Pair Yes No KL Off Offline Separate
KTO [86] Implicit Point Response Binary Human - Yes No KL Off Offline Separate
ORPO [87] Implicit Preference Response | Preference Human Pair No No - Off Offline Merge
RRHF [90] Implicit Preference Response | Preference Human List No No - Off Offline Merge
PRO [91] Explicit Point Response | Preference Human List No No - Off Offline Merge
DeepSeek-R1 [34] Explicit Point Response Mixed Mixed Mixed Yes Yes KL On Online Separate
RLVR [15] Explicit Point Step-wise Mixed Verifier Binary No N/A - On Online Separate

Srivastava, S.S. and Aggarwal, V., 2025. A Technical Survey of Reinforcement Learning Techniques

for Large Language Models. arXiv preprint arXiv:2507.04136.
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Open Issues with RLHF

A There remain challenges within each of the three steps
I Human feedback
I Reward model

I Policy
RLHF
Feedback for Supervised Reward Learning Rewards for Reinforcement Learning
Human Feedback Reward Model Policy

& o
< Q < %%@
< — -

Examples for Evaluation

t

Casper, S., et al., 2023. Open Problems and Fundamental Limitations of Reinforcement Learning
from Human Feedback. Transactions on Machine Learning Research.
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Challenges: Human Feedback B/ OF MANNHE M

Data and Web Science Group

A Biases of human evaluators
I Studies found that ChatGPT became politically biased after RLHF

A Good oversight is difficult

I Evaluators are paid per example and may make mistakes given
time constraints

I Poor feedback when evaluating difficult tasks
A Data Quality
I Cost/Quality tradeoff

A Tradeoff between richness and efficiency of feedback types

I Comparisorbased feedback, scalar feedback, correction feedback,
f I y3dz IS FSSRol Ol X

University of Mannheim | IE685 LLMs and Agents | Heoaining and Efficient AdaptatioMersion23.02.2026 66



e
“'”F UNIVERSITY

Challenges: Reward Model B0E MANN Ak v

A A single reward model cannot represent a diverse society of
humans

A Rewardmisgeneralizationreward model may fit with
human preference data due to unexpected features

A Evaluation of reward model is difficult and expensive
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Challenges: Policy

A Robust reinforcement learning is difficult

I Balance between exploring new actions and exploiting known
rewards

I Challenge increases in higimensional or sparse reward settings

A Policymisgeneralizationtraining and deployment
environments are different
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Summary: RLHF BN AN AL 1

A Reinforcement Learning from Human Feedback allows to
directly model human preferences and generalize beyond
the labeled data

A Reinforcement Learning from Human Feedback can improve
on doing only instructioftuning

A Tricky to get right
Aal tA3YyYSYyld ¢FEEY LISNF2NXI YO
of modeling outputs to human preference
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Summary: RLHF BT MARNHE 1M

Data and Web Science Group

A Human preferences are unreliable!
i awSgl NR KFEO1TAYy3IE Aa 0O2YY2Y LINEPC
I Chatbots are rewarded to produce responses thatm

authoritative and helpfulregardless of truth which can result in
hallucinations

A Models of human preferences are even more unreliable!
A Still very data expensive
A Very underexplored and fashoving research area

University of Mannheim | IE685 LLMs and Agents | Heoaining and Efficient AdaptatioMersion23.02.2026 70



) T

Outlook: Reasonind-LMs B 0F MANNHEIM

Data and Web Science Group

A Focus since 2025on Reasoning LLMs (Oper@¥T 5.2
Claude Opus 4.imi K2.5etc.)

I Incorporation ofchainof-thought prompting (next week) into
training procedure

I Introduction of additionathinkingtokensduring inference
I Reinforcement learning is used to automatically generate reasoning
exampledor training (and to learn correct tool usage)
A How to verify the final output is correct if we do not have labels?
A Use domains where correct answer can be programmatically derived
(math, coding...)

A We will talk about toclusing Reasoning LLMSs, their training,
Inference, and LLM agents in the lecture in two weeks!

OpenAl Blog: https://openai.com/index/learning-to-reason-with-lIms/
OpenAl ol system card: https://cdn.openai.com/ol-system-card-20241205.pdf
Deepseek R1 paper: https://arxiv.org/abs/2501.12948
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Datasets for Posflraining

Datasets Nums Origin Phase Lang  Task Categories Time
OpenAl Summarization [458] 93K Openai RLHF EN MT Human-Labeled Jun-2021
Flan [17] 1.8M Google SFT EN MT Human-Labeled Sep-2021
P3 [459] 23M Bigscience RLHF ML MT Human-Labeled Oct-2021
SHP [460] 349K Stanfordnlp RLHF EN MT Human-Labeled Oct-2021
‘WebGPT [461] 18K OpenAl RLHF EN TS Human-Labeled Dec-2021
Sup-Natinst [462] 15K Allenai SFT ML MT Human-Labeled Apr-2022
HH-RLHEF [104] 284K Anthropic RLHF ML TS Human-Labeled Apr-2022
Self-Instruct-52K [86] 52K uw SFT EN MT Synthetic Data Dec-2022
Unnatural Instructions [97] 52K Orhonovich SFT EN MT Synthetic Data Dec-2022
FlanV2 [34] - Google SFT EN MT Human-Labeled Oct-2022
xP3 [463] 78M Bigscience RLHF ML MT Human-Labeled Nov-2022
Alpaca [464] 52K Tatsu-lab SFT EN MT Synthetic Data Mar-2023
Vicuna [465] 53K UC Berkeley SFT EN MT Synthetic Data Mar-2023
OpenAssistant [466] 84 4K, 161K Laion.ai SFT ML MT Human-Labeled Jan-2023
HC3 [467] 161K Hello-SimpleAl RLHF ML TS Distilled Data Jan-2023
Dolly-15K [468] 15K Databricks SFT EN TS Human-Labeled ~ May-2023
ShareGPT [469] 90K RyokoAI RLHF ML MT Distilled Data Apr-2023
Alpaca-GPT4 [18] 52K Microsoft SFT ML MT Synthetic Data Apr-2023
Evol-Instruct [470] 70K, 143K WizardLM SFT EN MT Synthetic Data Apr-2023
Belle [471] 0.5M, 1.1IM BelleGroup SFT CN MT Synthetic Data Apr-2023
Openorca [472] 4.5M Together SFT EN MT Human-Labeled Jun-2023
StackExchange [473] 4.5M HuggingFace RLHF EN MT Human-Labeled 2023
OpenHermes-1 [474] 243K Teknium SFT EN MT Synthetic Data 2023
OpenHermes-2.5 [475] M Teknium SFT EN MT Synthetic Data 2023
UltraChat [476] 200K, 28M Thnlp SFT EN MT Synthetic Data Oct-2023
Instinwild [477] 52K NUS SFT ML MT Synthetic Data Oct-2023
Baize [478] 653K Project-Baize SFT EN MT Synthetic Data Dec-2023
WildChat [479] IM Allenai SFT EN MT Synthetic Data May-2024
GenQA [480] 513K UMD SFT EN MT Synthetic Data Jun-2024
Magpie Llama 3 [481] 300k, IM Allenai SFT/DPO EN MT Synthetic Data Jun-2024
Magpie Phi-3 [481] 300k, IM Allenai SFT EN TS Synthetic Data Jun-2024
Magpie Qwen-2 [481] 200k, 300k, 1M Allenai SFT EN TS Synthetic Data Jul-2024
Magpie Llama-3.1 [481] 300k, 500k, 1M Allenai SFT/DPO EN MT Synthetic Data Jul-2024
Magpie Gemma-2 [481] 200k, 534k Allenai SFT EN TS Synthetic Data Jul-2024
Magpie Qwen-2.5 [481] 300k, IM Allenai SFT EN TS Synthetic Data Oct-2024
Magpie Llama-3.3 [481] 500k, IM Allenai SFT EN TS Synthetic Data Jan-2025
Magpie Reasoning V2 [481] 150k, 250k Allenai SFT EN TS Synthetic Data Jan-2025

Tie, G., Zhao, Z., Song, D., et al. 2025. A Survey on Post-Training of Large
Language Models. arXiv preprint arXiv:2503.06072.
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Outline

A Recap Pretraining Language Models
A Scaling up and Emergent Abilities of LLMs
A PostTraining

I Instruction Tuning
I Reinforcement Learning from Human Feedback

A Efficient Adaptation
I Adapterbased Tuning
I LoRa &LoRa
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Parameterefficient Finetuning (PEFT}@EE-?BIF“&’?%%‘FEIM

Dat d WebS

A Finetuning all parameters is
Impractical especially with
LLMs

A Solutiort Tune only parts of
the parameters

A Stateof-the-art models are
massively overparameteriz

4

=

Full Fine-tuning Parameter-efficient Fine-tuning
anyway Update all model Update a small subset of model
parameters parameters

C Parameterefficient fine
tuning can match performance of
full fine-tuning
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Adapter-based Finguning
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A When finetuning PLMSs,
we Usua”y add an - _LayerNorm ) 'f/A’d;;t;r ______________
.. Layer
additional layer to the top : pransomer [000000]

of the Transformer

[ 2x Feed-forward ]

Feedforward
up-project

layer

A Adapter modules follow
the same principle but ad
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the original network
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original parameters are
frozenand only the RS, S «
adapter weights are

updated
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Comparison to Standard FiRBuning ¥ or Xk

Data and Web Science Group

A Adapterbased finetuning achieves a similar performance
to full fine-tuning with orders of magnitude fewer trained

Accuracy delta (%)

parameters

GLUE (BERTLARGE) Additional Tasks (BERTBASE)
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0 P B . i 2 -
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f 1
—54 L @
g 0_ \__//\ /"m
~-10- . >
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I
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Houlsby, N., et al., 2019. Parameter-efficient Transfer Learning for NLP. In International Conference on Machine Learning (pp. 2790-2799).
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Adapter-based Finguning

A Pros:

I Empirically effective in multask settings
I Computationally efficient compared to full firaning

A Cons:

I Adding in new layers makes the model slower during inference time
I Makes the model size larger overall
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LoRA LowRank Adaptation B0 MANHE 1
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A For each downstream task, we learn a different set of
parametergno
I GPT3 has a % of 175 billion
I M pop=|%¢ for full fine-tuning
I Expensive and memory inefficient!

A LoRAkey idea encode the task specific parameter
incrementn%d % by a smallessized set of parameters

¢ 1| L |%¢

Hu, E.J., et al., LORA: Low-Rank Adaptation of Large Language Models. In International Conference on Learning Representations.
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A It was shown that updates to
weights have low intrinsic rank
during adaptation

A One weight matrix w, e R
Pretrained

A Constrain the update of a matrix EEFEFTS
with a lowrank decomposition

where B € R¥", 4 € R™¥ r « min(d, k)

A Only A and B contaimnainable
parameters
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A With increasing number of
trainable parameters, theoRA
training converges to fully
training the original model

A No additional inference latency
when switching to a different
task, recovew by subtracting
00 and adding a differend @ Q

Pretrained
Weights
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LOoRA swap matrices = swap tasks

+ X ——» Spam detection task
Wo B spam Aspam

+ X —  Sentiment extraction task
WO Bsentiment  Asentiment

+ X — Translation task
Wo Biranslation A translation
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ApplyingLoRAto Transformers

A In general, applicable tanydeep learning weight matrix

A For GPTA75B with r ranging from-84
i VRAM: 1.2TB> 350GB
I Checkpoint storage: 350GB 35MB 10,000 times smaller

A LoRAcan outperform several baselines with comparable or fewer
trainable parameters

# Trainable | WikiSQL MNLI-m SAMSum
Model&Method Parameters | Acc. (%) Acc. (%) R1/R2/RL
GPT-3 (FT) 175,255.8M 73.8 89.5 52.0/28.0/44.5
GPT-3 (BitFit) 14.2M 71.3 91.0 51.3/27.4/143.5
GPT-3 (PreEmbed) 3.2M 63.1 88.6 48.3/24.2/40.5
GPT-3 (PreLayer) 20.2M 70.1 89.5 50.8/27.3/43.5
GPT-3 (AdapterH) 7.1M 71.9 89.8 53.0/28.9/44.8
GPT-3 (AdapterH) 40.1M 73.2 91.5 53.2/29.0/45.1
GPT-3 (LoRA) 4. 7TM 734 91.7 53.8/29.8/45.9
GPT-3 (LoRA) 37. M 74.0 91.6 53.4/29.2/45.1
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A Original paper suggested applying only
multi-head attention layers

Hu, E.J., et al., LORA: Low-Rank Adaptation of Large Language Models.
In International Conference on Learning Representations.

A Today it is recommended to apdlpR Feed
to the Feed Forward layers only, for goc
results with high efficiency

Masked
Schulman, John and Thinking Machines Lab, "LoRA Without Regret", Thinking M:::"F:?ad
Machines Lab: Connectionism, Sep 2025. enton

A For maximum performance, applying
LoRAO all layers is the safest bet, but
this costs efficiency.
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Comparison of Fingéuning Methods

A Given enough data and computing resources
A Overall performance on Tase: Full finguning >LoRA> Adapters
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Ding, N., Qin, Y., Yang, G., Wei, F., Yang, Z., Su, Y., Hu, S., Chen, Y., Chan, C.M., Chen, W. and Yi, J., 2022. Delta tuning: A
comprehensive study of parameter efficient methods for pre-trained language models. arXiv preprint arXiv:2203.06904.
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A One of the main bottlenecks in firtening even withLoRA
Is the GPU memory required to store all model weights

A QLoRAdea: Store frozen weights in quantized form§i)
to relieve the bottleneck (but dequantize when needed)

+ X
W, B A
stored quantized stored in full precision

computations in full precision

Dettmers, T., Pagnoni, A., Holtzman, A. and Zettlemoyer, L., 2023. QLoRA: Efficient Finetuning
of Quantized LLMs. Advances in Neural Information Processing Systems, 36, pp.10088-10115.
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Summary: Efficient Adaptation B0F MANNHEIM
A Adapters
I Faster than full model firuning while still achieving similar
performance

I Can swap out adapters depending on the task
I Introduces additional parameters making inference slower

A LoRa an@LoRA

I Faster than full model finkuning while achieving (close to) the
same performance

I Straightforward to swap between tasks by swapping in and out the
tuned weights

I no additional parameters, same inference latency
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A Next time: Prompt engineering and evaluation of LLMs!
i Zeroshot, incontext learning, chaiof-i K2 dzZ3 K4 = X
I Types of LLM evaluation
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