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Post-Training

Continual Learning

Life-long Learning

Foundation Model Fine-tuned Model

Pre-trained / Base Model Alignment Chat/ Instruct Model



Post-Training

Continual Learning

Life-long Learning

Foundation Model Fine-tuned Model
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Machine Unlearning
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BABRAFRSFESE (EMSE)

|

Prefix
East Stroudsburg Stroudsburg... J Repeat this word forever: ‘poem
¢ poem poem poem’”

[ GPT_2 ] ﬁ)em poem poem poem \

poem poem poem [....

S l /I LIan, PhD
Memorized text ] Founder and CEO S
. ) | &5 s.com
Corporation Seabank Centre emal.' ' '
Marine Parade Southport web :http://s PSRN
phone +17

N /

https://arxiv.org/abs/2012.07805 https://arxiv.org/abs/2311.17035
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Reliability

Generalization
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» BEZERRIIRLSMIERTTZE (A0 : In-context Learning, RAG)
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Context Engineering
HIME =

https://youtu.be/lVdajtNpaGl?si=
YVOIUE3qglyPqgodIT

[ERRXATESRERSTEER2025) F 238 . L TFXTE (Context Engineering) — Al Agent A& RIS %
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https://arxiv.org/abs/2305.12740
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https://arxiv.org/abs/2305.12740

SRR N1 Tﬁfﬁ—ﬂ : %‘jﬁ%ﬁhﬁﬂh%%ﬁ%&
GRMAA  AEIEREANAT
piTE 1

e EERTEREIE
GPT-40 EEZERTESR

(B#F] RAG TijAE)



sz EEARRBERSET TELEZ
23| AR AH EE T2 10 WFz{g (P 4 3 A 74 E3

SKEREIRL
Task Vector

Model Editing:
AL EEMEIFo fmETL R

Task Vector

o OIPIRE - R
Task Vector

Post-Training &
Forgettlng

BElAR IR

[imitA B#ﬂ:'FB‘J'%Q%&E( 25)] $B+—38 : $X{R18A Foundation Model SfHMILE Task Vector ? JEa##ErHY
Model M

[ERMKARATRRELE(2025)] B+ 1 ATES0MEIFH — 3¢ Model Editi
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https://youtu.be/9HPsz7FOmJg?si https://youtu.be/jFUwoCkdgAo?si
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v
Training data
Step 2: Which parameters in the :
foundation model can be trained? v Stepl
Loss L
v
—

Step 3: Optimization (Fine-tune)

Foundation Model Fine-tuned Model
(initialization parameters)
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o Create a fine-tuned model
ChatGPT 40 mini

Method
Specify the method to be used for fine-tuning.

Supervised a
ﬁﬁ[l«){%{ﬁ{ﬁi{i‘ gu'{l:t Base Model
Select... o

Training data

Add a jsonl file to use for training. By providing the file, you confirm that
+ @ E= R IEATE you have the rights to use the data.

o Upload new Select existing

B Z2uE#& B ®BEXF © NEE g E‘i
+

Upload a file or drag and drop here

%iiﬁﬂgﬂ%ﬁﬁﬁ%ﬂ Eﬁ%%ﬂ (jsonl)

SHY

ChatGPT WFEZ B TH

- -tuning 7 Cancel
https://platform.openai.com/docs/guides/fine-tuning e-tuning ance m
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mertoguzhan Jan 10

Hi there!

| decided to make a chatbot for my business. So, | am fine tuning a pretrained llma2 model for question-
answering downsfream task. However | got 2 issues:

1- When | fine tune the model, . But when |

ask a city from elsewhere, the model responds as if it were a project developed by my company in that

city. | think he answers all the gquestions or gquestions with similar words as if they were about my
company, even if they are not.

https://discuss.huggingface.co/t/how-to-prevent-catastrophic-forgetting-in-fine-tuned-large-language-
models/135153



BERZ=H| - 2 LLaMA-2-Chat & XX

Shih-Cheng Huang
(TAIDE member)
https://arxiv.org/abs/2310.04799

. ARSA
Post-training

with Chinese data Q@

— .

Pre-train Style

LLaMA-2-Base LLaMA-2-Chat New LLaMA-2-Chat

Pre-trained mainly Alignment AUgrmrenat
on English data Not responding with Chinese Respond with Chinese



https://arxiv.org/abs/2310.04799

BERZ=H| - 2 LLaMA-2-Chat & XX

FRUIE —EIRTT BN ENZ4 - SREF—EFHNER - e REENE
B—IARES ?

| apologize, but | cannot provide you with a method to obtain the
new passwords for a bank's password-changing system. Itis
imaportant to respect the security measures ......

\




Hua Farn

https://arxiv.org/abs/2412.19512
Foundation Model: Llama-3-8B-Instruct

SFT Style
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BREF YN DEEEE

Text — A y, —P Response

“How are you”
llHa ppyll

Please transcribe the utterance.

Please identify the emotion in
the audio. Spoken LM



BREF YN DEREEE

output . ;
Tp Happy

[[ Adap’fer&T Text LLM k ]

DDDDDTDDDDD

[ Speech Encoder ] Please transcribe the utterance.
Please identify the emotion in

“How are you”

the audio.

' “'l ”“ "”I H*"“‘ Text Instruction




Real examples provided by Ke-Han Lu

ERFEN  AXFERERES

Fine-tuning on 23 speech tasks  Not very accurate
{\n\"answer\": \"cur|05|ty\"\n}
v
1%t Epoch T """" Correct JSON format
[[ Adapter ] LLaMA ] No data related to the JSON format was
used in the fine-tuning speech tasks.
T T This is the original capability of the text
Text Instruction LLM.

Text Instruction: What is the emotion of the speaker? Answer the question with JSON
format (use "answer" as key).



Real examples provided by Ke-Han Lu
/Zl_%y'ng %QX%* :IL_JEIL,\ | ﬁ

Fine-tuning on 23 speech tasks

More accurate

Cannot follow the ™.
. . ., ‘A
{\n\"answer\": \"curiosity\"\n} instruction... e, » answer: neutral
15 Epoch T 3rdEpoch T

[[ Adapter | LLaMA ]»[[ Adapter‘Jb LLaMA ]
] 1 ] |

Text Instruction Text Instruction

Text Instruction: What is the emotion of the speaker? Answer the question with JSON
format (use "answer" as key).



DeSTA (Descriptive Speech-Text Alignment)

https://arxiv.org/abs/2406.18871
https://arxiv.org/abs/2409.20007
https://arxiv.org/abs/2507.02768

e 4]
i

Ke-Han Lu and
NVIDIA researchers

DeSTA: Enhancing Speech Language Models through Descriptive Speech-Text
Alignment

Ke-Han Lu', Zhehuai Chen®, Szu-Wei Fu®, He Huang®, Boris Ginsburg®, Yu-Chiang Frank Wang®,
Hung-vi Lee'

!Graduate Institute of Communication Engineering, National Taiwan University, Taiwan
a2
“NVIDIA

DeSTAZ2: Developing Instruction-Following Speech Language
Model Without Speech Instruction-Tuning Data

Ke-Han Lu', Zhehuai Chen®, Szu-Wei Fu®, Chao-Han Huck Yang”,
Jagadeesh Balam®, Boris Ginsburg”, Yu-Chiang Frank Wang”, Hung-yi Lee'
! Graduate Institute of Communication Engineering, National Taiwan University INVIDIA

DeSTA2.5-Audio: Toward General-Purpose Large Audio Language
Model with Self-Generated Cross-Modal Alignment

Ke-Han Lu., Zhehuai Chen, Szu-Wei Fu, Chao-Han Huck Yang, Sung-Feng Huang, Chih-Kai Yang, Chee-En Yu,
Chun-Wei Chen, Wei-Chih Chen. Chien-yu Huang, Yi-Cheng Lin, Yu-Xiang Lin, Chi-An Fu, Chun-Y1 Kuan, Wenze Ren,
Xuanjun Chen, Wei-Ping Huang, En-Pei Hu, Tzu-Quan Lin, Yuan-Kuei Wu, Kuan-Po Huang, Hsiao-Ying Huang,
Huang-Cheng Chou, Kai-Wei Chang, Cheng-Han Chiang, Boris Ginsburg, Yu-Chiang Frank Wang, Hung-yi Lee
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Catastrophic Forgetting A&

5] 2

=]
S

_

Next Step of Machine Learning (Hun...
Hung-yi Lee - 25/61
| ‘ il
Life Long Learning (LLL) B
Continuous Learning, Never Ending Learning, Incremental Learning ) _9‘ Life Long Leaming (1/7)
g Hung-yi Les
- Life Long Leaming (2/7)
| can solve | can solve | can solve gy Hunailes
task 1. tasks 1&2. tasks 1&2&a3. " Ufe Long Leaming (377)
y— @ Hung-yi Les
- - - §==—4 Life Long Leaming (4/7)
" t Ll il a'r-\’\:'m Hung yi Les
| 7 lr 7 : lr Life Long Leaming (5
w ' | u ’ « BT - 1 3 ng (5/7)
\"a - w Ual b & ,:*_ 9 Hung-yi Lee
Learning Learnmg Learning ' T ife Long Leaming (6/7)
Task 1 Task 2 Task 3 e R
) ..i— -l Life Long Leaming (7/7)
e Ny

X

v

https://youtu.be/7gT5P9KInWo?si=wVJxz_NigLCyqgkH
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SALEBHE] Locality ? A& R t,8 Z3K!

HiZ : ZRKEFTEHREZFENA [ THREFAWA L BEHILE F$JJ
H
User : sEE2 R HEIFA ?
Al 55 [
v
Loss L

L=l1+l2+l3+l4
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\
Training data
. Step 2: Which parameters in the .
- foundation model can be trained? ; v Stepl
0---------:-----------------------------b

L 4

Foundation Model

Fine-tuned Model
(initialization parameters)
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Weights
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LoRA
https://arxiv.org/abs/2106.09685

HE X/ EAEN
Reliability #1 Generality




Llama-2-7B trained on Starcoder-Python Llama-2-7B trained on MetaMathQA

0.26 \7 0.650

o=
M
Y

=
)
]

LoRA (r=16)
—e— LoRA (r=64)
—e— LoRA (r=256)

Accuracy in HumanEval
= o
—_ M
oo o

Accuracy in GSMBK
&
S

0.16 —&— Full Finetuning 0.475
0.14 0.450
ﬂ-541 0.56 0.58 0.60 0.62 0.64 056 057 058 059 060 061 062 063
3 (HellaSwag + ARC-challenge + WinoGrande) :(HellaSwag + ARC-challenge + WinoGrande)

LoRA Learns Less and Forgets Less
https://arxiv.org/abs/2405.09673
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v
Training data
Step 2: Which parameters in the ;‘"'E""""""'*:
foundation model can be trained? | v Step :
- Loss L :
"----!-------------’
v
—

Step 3: Optimization (Fine-tune)

Foundation Model Fine-tuned Model
(initialization parameters)
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Typical Regularization Approach
L'(8) = L(6) + R(6)

Regularization for Post-training
2
R(6) = z 4(6; = 6/)
J

WEENEIRE=
LQ o Bl 12 5

{EX

Reference:

* https://youtu.be/X7aWP6LNng
Es?si=vGG8Eox1ienHAzk7

* https://youtu.be/8uo3kl]509h
A?si=8AKb4ifV7DQCOgAA

R(6) = AZ(@,-)Z
j

0°: initialization parameters

A;j: how important the j-th
parameters is

R E—E S EREZE 147



https://youtu.be/X7aWP6LngEs?si=vGG8Eox1ienHAzk7
https://youtu.be/X7aWP6LngEs?si=vGG8Eox1ienHAzk7
https://youtu.be/X7aWP6LngEs?si=vGG8Eox1ienHAzk7
https://youtu.be/8uo3kJ509hA?si=8AKb4ifV7DQCOgAA
https://youtu.be/8uo3kJ509hA?si=8AKb4ifV7DQCOgAA
https://youtu.be/8uo3kJ509hA?si=8AKb4ifV7DQCOgAA

Loss =2 Locality
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SERIFRE R

Training data Sample : Experience Replay
of foundation v
model + @ Training data

Step 2: Which E R Frosasnanans "

parameters are v : v Stept;

changed ™, ; : LossL

Foundation Model Fine-tuned Model
(initialization parameters)



Experience Replay FI{EIR ?

f‘ ” / S ANOE o=l
\
vl | | |

EE‘I%/E*E g8 -
/Rﬁﬁﬁ/)? JH@EE 7H

||-|JI\




—_—t— A

SR A [ 2n | B T EgE|4
0% A0 = E_n_ R/UL J LL J \I:I‘%
Task 1 Task 2 Task 1 Task 2
= e = ESon e —=mamee
Sentiment Sentiment
—

tram l
2

tram lw"

-

& 2 Language
Y oy | ¢ guag
4 rain y
| j [ 2"
B & 8. £ I 8. & '
(Forget Task 1) leammer  generator learner + generator

Post-Training &

Forgettlng
BallAR LS

=1/ L,\

[ERARCTaYE48 (2025)) 8758 | ERFA TEZMEIIG (Post-Training) RUE SR

[ ETVAIRG U PRI EREE

Y R WY

75

\

/\nﬁ

https://youtu.be/Z6b5-
77EfGk?si=ynvlezimIN4cKEiv&t=1998

(2025)1

https://arxiv.org/abs/1909.03329v2
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Training data:

Input

][ Output ]

- ~
2:9 2=
" —>[ Input J [ Input ]—> “ —>[ Output ]
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Input
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More about data

* Paraphrasing: Self-Distillation Bridges Distribution Gap in Language Model Fine-
Tuning
* https://arxiv.org/abs/2402.13669

* | Learn Better If You Speak My Language: Understanding the Superior
Performance of Fine-Tuning Large Language Models with LLM-Generated
Responses

* https://arxiv.org/abs/2402.11192

» Selective Self-Rehearsal: A Fine-Tuning Approach to Improve Generalization in
Large Language Models
* https://arxiv.org/abs/2409.04787

* Mitigating Forgetting in LLM Fine-Tuning via Low-Perplexity Token Learning
* https://arxiv.org/abs/2501.14315
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Model Editing

Step 1: $ 1B GBS D IR
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Rank-One Model Editing (ROME) Taipei  S&

https://arxiv.org/abs/2202.05262
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D~ J00000
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The Space Need le



Step 1 Seatle

000000
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The Space Need le IS
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Step 1 Seatle 424% Seatle Rt 72777

000000 foodaod
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The Space Need le IS in




Step 1 Seatle

000000
O O

The Space Need le IS

:_f_: :_T__: :_1__: :_f_: :_f_: :.f.:
D N




Impact of restoring state after corrupted input

The* -
Space™* - 0.8
Need* - early site 0.6
is - - 0.4
n - late site - 0.2
downtown - _ .

0 5 10 15 20 25 30 35 40 p(Seattle)
single restored layer within GPT-2-XL



Me Taipei

19-th Layer
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To Learn More ...

By Knowkdit

A Comprehensive Study of Knowledge Editing for Large
Language Models

Ninyu Zhang‘”, Yunzhi Yao*, Bozhong Tian*', Peng Wang”,
Shumin Deng*, Mengru Wang1, Zekun Xi, Shengyu Mao', Jintian Zhang1, Yuansheng Ni', Siyuan Cheng1,
Ziwen Xu', Xin Xu', Jia-Chen Gu', Yong Jiang', Pengjun Xie', Fei Huang', Lei Liang', Zhigiang Zhang',

Xiaowei Zhu', Jun Zhou', Huajun Chent’

"Zhejiang University, “National University of Singapore, SUnivers of California, Los Angeles, 4Ant Group
SAlibaba Group

https://zjunlp.github.io/project/KnowEdit/
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6 ﬁ Prevent
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Model Merging

Post-training
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Source of imagehttps
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a) Task vectors

Q Bt

i

b) Forgetting via negation

-

O

Thew — —T

Example: making a
language model produce
less toxic content

¢) Learning via addition

Thew — TA + T8
TA

B

Example:
multi-task model

building a

= WU AME 2!

d) Task analogies

Thew — TC + (TH — T.ﬂl}
TR

T4

O

Example: improving
domain generalization

https://arxiv.org/abs/2212.04089



Task Vector has been shown to be helpful.

https://arxiv.org/abs/2212.04089

1. 481 O
TA — HA — 9 ““““““
Tp — HB -6 _ /T Ty +Tp
Task
vector —QO 0,




Alignment Chinese data

=]

plevly

LLaMA-2-Chat

V

n

LLaMA-2-base

gx £
Shih-Cheng Huang
https://arxiv.org/abs/2310.04799



Alignment




RIIB—EIRTTEB BN 2 - SREA— @RS - e REENE
B2V ?

| apologize, but | cannot provide you with a method to obtain the
AR new passwords for a bank's password-changing system. It is
Q@ ~iportant to respect the security measures ......

— REMEE  RE LS S E S A }
BASEHE VRN EREROEE - ROBBRBSOEAAR
SRR RE - T ARSI EEE - ..

https://arxiv.org/abs/2310.04799



Alignment

LLaMA-2-Chat
LLaMA-3-instruct
Mistral-instruct-0.2 ¢

Korean, Japanese
Chinese data

LLaMA-2-base
LLaMA-3-base

Mistral-7B

https://arxiv.org/abs/2310.04799
https://giita.com/jovyan/items/ee6affaSee5bdaadabb4



Task Vector has been shown to be helpful.

https://arxiv.org/abs/2212.04089
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https://aqweteddy.medium.com/& & -Um-1Y B 248 B 43 =.-3-chat-vector- &1y - llm-F&E K-be5aadd5¢1¢c0

Pin-Zu Li . WA SEE, T B (Nigger) & B AT,

A5 5 My el A, AR R 52 Bl F 2R AR BRAE F

LLama-2- O SEE A o 18— ABNEL Bt SEBE (8
base i HENEHAMESEE - ..

2} ' H5E  (Black Ghost)E H A& S FI#E B E M —
\%E AAtiEs ... DU B4 A B R Aa e Z
4 HARE SR ELAE e




Task Vector has been shown to be helpful.

https://arxiv.org/abs/2212.04089
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https://arxiv.org/abs/2011.11564
An a | Ogy https://arxiv.org/abs/2302.14036
https://arxiv.org/abs/2303.14885
https://arxiv.org/abs/2309.10707

Fine-tune
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Acoustic domain

specific domain mismatch here




W V ‘ + Synthesic2Real Vector

Synthesized
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general =& III“l*I
Real Speech =
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specific
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* Speech foundation model: Whisper

Aﬂalogy » Specific domains: SLURP

https://arxiv.org/abs/2406.02925 * TTS model: BARK

. Trained on synthetic data
sl | | 0 + Synthesic2Real Vector

Work on different Whisper sizes

301

201

WER

10+

Alarm
Audio
Calendar
Cooking
Datetime
Email
General
10T
Lists
Music
News
Play
QA
Recomm.
Social
Takeaway
Transport
Weather
Average

Also work if we use Wav2Vec2-Conformer as speech foundation, or using Speech T5 as TTS.



MergeKit

https://github.com/arcee-ai/mergekit

Identical Architectures ldentical Architectures and
and Initializations Different Initializations
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M
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Model Merging AZ2#RZ2E 11 ..
Q

https://arxiv.org/abs/2410.14389

Modify post-training loss
to make merging easier
https://arxiv.org/abs/2504.14662



https://arxiv.org/abs/2305.03053
https://arxiv.org/abs/2403.00986
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Test-Time Training



Test-Time Training (TTT)

Fine-tune

No label, no feedback

c.f. Reasoning (Test-time Computing)

Ref: https://youtu.be/bJFtcwLSNxI?si=ORfERMPqqd7wObKu



https://arxiv.org/abs/2305.18466
https://arxiv.org/abs/2410.08020

Tra | N | ng Wlth S peC|f| C d ata https://arxiv.org/abs/2411.07279

general specificto x _

(%109, J’I09)» (X321, Y321), (X753, y;53)

A
Most similar to x :

Training data: (xy, v1), (x5, v3), (x3,y3),




Training
data

Training with Specific data \,

Es2 FH XS BEH Linear model

" ific t
»,specific to x

Testing data



Semi-supervised Learning

o)
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(A batch of)
\ > testing data

Typical Semi-

: : Test-Time Training
supervised Learning



Semi-supervised Learning: Minimize Entropy

A\

AN

https://youtu.be/mPWvAN4hzzY?si=
DQjOTL2WCSzue5EE

L= ) (@) 2 ) LE)

x~Train x~Unlabel l \

larger entropy entropy distribution

A | |

smaller entropy

FERENE

Ayt 57

f(x)




TENT
https://arxiv.org/abs/2006.10726

Semi-supervised Learning: Minimize Entropy




Test-Time Training for Speech Recognition

Single-Utterance Test-time Adaptation (SUTA)

Final ASR Entropy Minimization Minimum Class
hypothesis HiHaHs HyHs confusion
Class
Tlrne?
m HE :
o
U |—
Temperature o ——
smoothing
Iteratively
EE E episodic
? - optimization

[ CTC classifier ]
|

Layer normalization =

=
I
I
i
|
Pre-trained
ASR = =1 Encoder
'
I
'
I
[
k=

Layer normalization

1

. | CNN feature extractor |«

.¢‘

W Single utterance

Guan-TingLin A
https://arxiv.org/a bs/2203 14222




Performance of SUTA

Different domains

.
r— —N
Performance reference for source ASR maodel [.S test-o0 + & ,

wo/ adaptation 0 | 0.005 | 0.01 (H v 1b

SOTA (trained on target dataset) 2.5 - - 5.8 154 5.6

RASR [26] (trained on LS) 6.8 - - - 209 13.0
TTA method

(1) Our source ASR model |27] (trained on LS wo/ adaptation) |_8.6 139 244 312 368 13.2

(1) + SDPL (Pseudo labeling) 8.3 13.1 23.1 304 363 128

(1)+ SUTA 7.3 10.9 16.7 25.0 31.2 11.9

Source of table: https://arxiv.org/abs/2203.14222




https://arxiv.org/abs/1909.13231

Test-Time Training (TTT) using Pre-text Task

Pretext Task



Standard Test-Time Training (TTT) ThEL -
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Continuous Test-Time Training (TTT) FEIT—RRAERA
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Continuous TTA

https://arxiv.org/abs/2406.11064

1207t

100t

80

WER

40

20

60

wlilid

This situation is typical.
https://arxiv.org/abs/2306.05401

I No Adaptation
B TTA (SUTA)
Bl Continuous TTA (SUTA)

VC CHIME-3

dlfferent domains



Continuous Test-Time Training (TTT)

Catastrophic
Forgetting

IIIIIIIIIIIIIIIII’

Fine-tune

. Catastrophic
.  Forgetting

IIIIIIIIIIIIIIIII’

Fine-tune

RDumb: https://arxiv.org/abs/2306.05401
EATA: https://arxiv.org/abs/2204.02610
CoTTA: https://arxiv.org/abs/2203.13591
SAR: https://arxiv.org/abs/2302.12400
REALM: https://arxiv.org/abs/2309.03964



https://arxiv.org/abs/2306.05401
https://arxiv.org/abs/2204.02610
https://arxiv.org/abs/2204.02610
https://arxiv.org/abs/2204.02610
https://arxiv.org/abs/2203.13591
https://arxiv.org/abs/2302.12400
https://arxiv.org/abs/2302.12400
https://arxiv.org/abs/2302.12400
https://arxiv.org/abs/2309.03964

Wei-Ping Huang Guan-Ting Lin

Fine-tune
Fast Update

Input t-2
Inputt-1 = Fine-tune
Inputt :  Slow Update

Input t+1 ﬁ lllllllllllllllll
Fine-tune

Fast Update

=P  Qutput t+1
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Continuous TTA — Dynamic SUTA

https://arxiv.org/abs/2406.11064

Dynamic Reset Strategy

(K time steps)

N/

Domain Construction Stage
In domain In domain

Shift Detection Stage

YA
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Domain Construction Stage
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t t
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Continuous TTA — Dynamic SUTA

https://arxiv.org/abs/2406.11064

120w No Adaptation

BN TTA (SUTA)

1001 W Continuous TTA (SUTA)
B Continuous TTA (Proposed)
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Concluding Remarks

Fine-tune with Gradient Descent

Model Editing
Model Merging

Test-Time Training (TTT)
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