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. ERMNAEPETE (SGD: Stochastic Gradient Descent)

v *SGDTIFEHIWZLUTICEDVOWTEIHITD *mEsCdSeDBrEEEETSLLTT

t+1

A%/

E:Loss function (e.g., CrossEntropyLoss)
n:learning rate

(43 =8)
© SGDIFZ>A LTG>T U TICK> THRABEICHED Z E&BULTLND
X — A CHIEEZX(CKEF I BDIcOREFEEZEBDIENEH UL
= T CEHYIEZIENMUZMomentum SGDEHBFETE

a: momentum

Aw = wt — wt1

X SGD, Momentum SGDDOWINTE, FZRNETEDZHINREZ EMENEL



Jll scooif&E © | AdaGrad / RMSprop

v AdaGrad | ¥JEiFBE ZREIT D&, UBOFEE, (FBE#HHETD (0)

h _ O X FRRZEEEAT—ILT B"Scheduler" EFELET
O —

ht — ht—l + VE(Wt)Z

n, = Mo
P =
Jhe +€
wt+1 «— Wt _ ntVE(Wt)
[4F74]
X epochZERDC E(Cn (I NE<ED, 0[CENET B
= RMSprop (AdaGradDtiR) | AEDOIEERHFIICEDVWTCTEZXRZHERAEITD

hy = ah,_; + (1 — a)VE(W?)?, a:hyperparameter
(4512
0 BEDLABER T ST DT E Ty DEFRENZFS, FERZLZELED
XA E U THIHIEBRDF 1 — 2O E
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v AdaDelta (RMSprop®iR) | BEDEHEZAVWVTCHIHIFEZRZAE(CUIEFE (o)
hy = phi—1 + (1 — p)VE(W")?

St—1 T €
v, = VSe1 VE (w?)
Jhe + €
st = pSe—1 + (1 —p)vE,s0 =0
wt+1 «— Wt — v,
p:hyperparameter
(45440
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AdaDelta CIBEDEHEF=DANS —EZAVNDRC ETEFEBXRZTEHIT D
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v Adam | RMSprop &MomentumDIEAENTE (CKDEZXROBHRARZEITOFE
Mep1 = frme + (1 — BVE(W'),mg =0
Ver1 = Bave + (1 = B)VE(WH)?, v = 0

A = Mtyq 5 — Ut+1
1 — 1t+1 g 1 — 21f+1
m
wt+1 «— Wt -1

VU +e
f1, B> hyperparameter
CEZEY
o n,p DIEEENEL, F1—Z20ZTHIT EELEULEENESND
X L21EAIME (Weight Decay) Z1TDimna, FEFRFARBEMBIEIND
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v Adam(Zx3 U CL2IEAMEZ 1T DimE, UATDXDICEEZRZITSD (217BLARE(FAdam & [EER)
VE(W!) « VE(w?!) + Awt!
Mep1 = fime + (1 — BVE(W'), my =0
Ver1 = Bave + (1 = BR)VE(WH)?%, v = 0
m

VU + €
XM, yNESSBIEALOEEZZITBCET, IBEMNMIEEHEIND
= AdamW T (ZAdamDEFTDzZ(CIEAHEZ IR D

t+1

witl « wt —p

t m t
W — 1N — — aAw
UV+e€

t+1

A%/
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v AR, MHRICIEU THIHTNBDOptimizer(3RGRED TLD
SR, MR U fz0ptimizerd4

HRT « Optimizer LR Scheduler
EERED:E (CNN) Momentum SGD StepLR / Cosine
LLM / VLM / Transformer AdamW Cosine + Warmup

ENHZT &I (Trial) Adam (AdamWw) Constant / Cosine
v SGDXRIFITFa1—=—>TITNIIEVVN eI EEE®E R T
v AdamXR& (/) \A /S (CTEEMTRE I BN, SGCDTRE(CTF 21— Uz (CIE LR
— 212U, LLMIREDTransformerRFIES )L TIEISCDMNEE UiIRL Vs, BE F(FAdamF—iR
(£#(EWhy Transformers Need Adam: A Hessian Perspective 72 &= SER)
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+.007 % =
i Slgn(vm(](e’ L y)) ESign(va(ea €, y))
“panda” “nematode” “gibbon”
57.7% confidence 8.2% confidence 99.3 % confidence

https://ai-scholar.tech/articles/image-recognition/assistive_signals
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iract i : ; | think Answer B is right.
Redirection of funds in relation to OA joumals !r‘nhe":: g:;”g:ﬁs'ih'g:: ociisoss the cost o' First, here are some gomexl: <quote>Many publishers who
:4 ;:J;I;? gnr:mote an overall improvement in the publishing and thus makes it more toa Faisiiae? OA(‘;:;‘H::;? :cl:;‘:;: ?r::: :::;:;) :):)e;e::z}:‘r;ta;g
el 5 2 wider range of researchers. This is because OA can't pay for it. But we can pay for it.The first major study
B. cause publishers to have an increase in funds. removes the need for publishers to charge readers, of the economic impact of OA policies was conducted by
which means they can use the money they would John Houghton and Peter Sheehan in 2006. Using
have made from subscriptions to fund research and conservative estimates that a nation's gross expenditure on
x other activities. This can lead to an increase in funds research and development (GERD) brings social returns of
3 r ‘S i for publishers, as they have more money to invest in 50 percent, and that OA increases access and efficiency by
<r A. their operations and to support the research they 5 percent, Houghton and Sheehan calculated that a
publish. Adqmonally. publishers may be aple to attract transition to OA would not only pay for itself, but add $1.7
more submissions and authors, leading to increased billion/year to the UK economy and $16 billion/year to the
2 5 i £ revenue from publication fees. u. S economy.</quote><quote>In 2008, Robert Kiley and
B B = that OA publishing would i
vehicle vehicle vehicle GDP in Australia by $25.8 million/year, or 0.03 percent. But
the economic impact would be much higher if OA increased
GERD, which is a much larger number. In 2008, the
Australian government spent $10.3 billion on R&D...

Mixed-Same Mixed-Rand Mixed-Next

https://joisino.hatenablog.com/entry/mislead
£ B, BAP  BRIFER, & : RLHF#&
RLHFOﬁ'ﬁ(iE,E&D (JUL>x—23>) 1ZHY,
ABIDFZ ZFEN I 2D (CHEHCK KEESUWEZET
RLHFRET : [IDEWILWMEZ DL, RLHFE i /D& (C<WIEZDL

instrument vehicle vehicle instrument

https://arxiv.org/abs/2006.09994

Convolutional Neural Network (CNN) OB =/\1 77X b FEZEOIREN) W F> T ‘
ImageNet7=—4 THB UJZCNNIZERIBROHF NS5 E HENBIERDIRITINV e T —>12 2 MO ER U

—EDEmEEEZ R AFETFELUTULVRWRIEZ/ED T 14
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(a) Texture image

81.4%  Indian elephant
10.3% indri
8.2% black swan

(b) Content image

71.1%  tabby cat
17.3% grey fox
3.3% Siamese cat

https://qiita.com/teesawadali

(c) Texture-shape cue conflict

63.9% Indian elephant
26.4% indri
9.6% black swan

tems/533d5¢3f8739717d3d3a
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Fraction of 'texture' decisions

https://arxiv.org/abs/2105.07197
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+.007 x

; x +
2 sign(Vad (0,2,9))  ign(v,.J(6, 2, 1))
“panda” “nematode” “gibbon”
57.7% confidence 8.2% confidence 99.3 % confidence

https://ai-scholar.tech/articles/image-recognition/assistive_signals
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(a) Texture image (b) Content image (c) Texture-shape cue conflict
81.4%  Indian elephant 71.1%  tabby cat 63.9% Indian elephant
10.3% indri 17.3% grey fox 26.4% indri

8.2% black swan 3.3% Siamese cat 9.6% black swan

https://qiita.com/teesawadalitems/533d5c3f8739717d3d3a
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(a) 100% train, 100% test (b) 100% train, 7% test
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HRIAZ &5 A MERDOEIR

https://arxiv.org/abs/1906.03291
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. Sharpness-Aware Minimization (SAM)

Sharpness-Aware Minimization for Efficiently Improving Generalization [Foret+, ICLR 2021]
v REBARNDEH (CH T DA HIcET DT L THEHZIRRIT DFE

w
—NUL(WY)
) Wt/
VL)) VL(ys
Wagv 4+ —NVL(Waqy)
d :‘/

SAM®D7Z)LTY X

= "/ e
BRI AZ D LEER
(££) SGD (f5) SAM
ImageNet CSGDZz £
SAM Standard Training (No SAM)
Model Epoch Top-1 Top-5 Top-1 Top-5
ResNet-50 100 225,01 6.2810.08 229401 6.6240.11
200 214,01 5.8240.03 223401 6.37+0.04
400 209,401 5.5140.03 22.340.1 6.404+0.06
ResNet-101 100 20.2401 5.1240.03 21.2401 5.66+0.05
200 194, 4.7640.03 20.940.1 5.66+0.04
400 19.04 <001 4.654+005 | 22.3401 6.414+0.06
ResNet-152 100 19.24 -0.01 4.6940.04 2044400 5.3940.06
200 18.510.1 4.374+0.03 | 20.3+0.2 5.3940.07
400 18.4:1:(0_01 4.35:}:(}_04 20-9:1:-(0.0 5.84:1:0.(]7
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v SAMOBERMBEEIILLT

min LM (w) = Lg(w) + A||w]| ‘2 where Lg(w) = max L¢ (W + €),
\"\'4

e = psign(VL¢(w))

{lel|=p}
VLs(w)

HVLS(W)”Z

€: perturbation, p: hyperparameter

v BE F(FERET{REZ20/iter(CINIETT

Input: Training set S = U, {(z:, y:)}, Loss function
l: W x X x)Y — Ry, Batch size b, Step size > 0,
Neighborhood size p > 0.

Output: Model trained with SAM

Initialize weights wy, t = 0;

while not converged do

Sample batch B = {(x1,y1), ..-(xs, Yb) };

Compute gradient V,, Lg(w) of the batch’s training loss;

Compute €(w ) per equation Z;

Compute gradient approximation for the SAM objective

(equation 3): g = Vu LB(W)[w+é(w):

Update weights: w41 = wi — 1g;

t=t+1,;

end 23

return wy




[l sAvoiRED | AsAM

Adaptive Sharpness-Aware Minimization (ASAM) [Kwon+, ICML2021]
v SAMTIFR/ (S A—F(THEH—DEFH=ZE5ZX TV

— W, FBONETVWIINSGA—=F E, BOREVWSA—F(CHUTRUES:ZEX TEMRIEEL)
= ASAMT (E&Z/ (S A =T [CHIZ DIEEDARES SZBEDAREST=TRAT—ILT D

VLc(w
e = psign(VLs(w)) Ty (W) , Tw = |w|+n

“VLS(W)”Z

n: hyperparameter

v ImageNetF X TMHREM_LE (FUE_L(FERELNILITH, EBRSAM - ASAMIZSRZE(CEIOND)

SGD SAM ASAM

Topl 75.79+0.22 76.39+0.03 76.63+0.18
TDpS 92.62:&(].(14 92.97;&[‘}_[‘}7 93.16:&[}_13
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Stabilizing Sharpness-aware Minimization Through A Simple Renormalization Strategy
[Tan+, arXiv 2024]
v SAMTIIREBAMICEHZRIEITERICERNZE T DIHENHD
- CDlze, FBREEEOARES EV7 TF1—_J(CERINDND
= SSAMT I (IEAHEFFDAA /)L L%, EEERIOREBRRNDAE /ILAC—HNE=ED

“VLS(W)”

HVLS(W + E)H
v ImageNet CIFFEBNLZE UDSUWVITTEEREZZERK
(SGD(CXt g BAdam DK SIRAMIE D)

SGD/AdamW SAM* SAM SSAM
ResNet-18  70.56 £ 0.03 70.74 £ 0.02 70.66 £ 0.12 70.76 £+ 0.09
ResNet-50 77.09 £ 0.12 7781 £0.04 77.82 £0.08 77.89 + 0.13
ViT-5-32 6542 £ 0.12 6742+ 021 6998 £0.11 71.15 £+ 0.18
ViT-5-16 7225 +£0.09 7381 £0.06 76.88 £0.25 77.41 £+ 0.13

VL:(W+€) « VL:(W + €)
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v SAM(Z(XZDMZ < DIREFENFE

2Fn (RRE) REDIESE FEEME

GSAM (ICLR ‘22) AEIEE e EEOEB A EOBEE = FIB
WSAM (KDD ‘23) AL E 1842 IE ML (CHEHHAD
CR-SAM (AAAI 24) T E S NE HessianfiR (CED<EFHZE A
VaSSO (arXiv ‘25) TZEME BN (C K D ET IR ED
LookSAM (CVPR ‘22) sTERNRE SAMMD2ESFETE $T 7 1 ER B (C 3
ESAM (arXiv ‘22) sTERIRE BEFTEDNRE —EIDE(CIRTE
AE-SAM (ICLR ‘23) sTEMRME SAMDERSY A =D& DEBRSD
SAMPa (NeurlPS 24) T EMNENE SAMMD2ExfE Bzl 51t
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FHBTF—YICHEN ) A X ZHNT D ETNNOREEZR EESE S
O RYIREE (Adversarial Attack) (CX] 9 DnEfZEZIEFE I DFH
X OB LERTRY RO —2 (GAN) &(FRIROTER

+.007 % =
i Slgn(vm(](e’ L y)) ESign(va(ea €, y))
“panda” “nematode” “gibbon”
57.7% confidence 8.2% confidence 99.3 % confidence

https://ai-scholar.tech/articles/image-recognition/assistive_signals
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On the Duality Between Sharpness-Aware Minimization and Adversarial Training

[Zhang+ ICML2024]

v SAMEBBRHIF B DR\ SR (CSHE L 125
DU—2F—4, BT — I TOLE

) ARXFT = TDLE

Method Natural FGSI\I/I EW_P?D EQ-P%]? fz—AgAQ. StAdv FAB  Pixle Average Method Natural | Corruption (Avg.)
Accuracy | € = 5z €= 5z €= 5 = 565 Robustness
SGD 94.5 3491
SGD 94.5 63.4 37.9 415 31.7 352 448 100 37.8 ' '
Adam 93.9 443 17.4 207 139 204 247 76 213 Adam 93.9 29.60
SAM (p = 0.1) 35.4 22.3 46.2 48.7 43.6 393 492 134 43.4 SAM (p = 0.3) 95.4 32.60
SAM (p = 0.2) 5.5 7 51.3 534 48.1 442 534 132 47.2 ASAM (p — 95.4 9
SAM (p = 0.3) 95.4 66.6 51.2 53.5 47.8 46.1 53.8 13.7 47.5 S (p=0.3) ) 36.6
SAM (p = 0.4) | 947 69.6 56.4 586 518 549 576 143 | 519 ESAM (p = 0.3) 95.2 36.29
AT (loe=522) | 845 | 819 81.8 79.7 79.5 820 795 269 | 73.0 {oo-AT(e = 8/255) 84.5 15.67
AT (lp-e=28) | 892 | 841 84.1 84.8 84.8 804 848 320 | 764 l5-AT(e = 128/255) 89.2 23.13

255

v J)—>5F—4 : SAM> B FE 2

v JARXT—4 : SAM> ENIHF
v BT —4 1 SAM <ENTHYFER

= SAMIEAR, EHZEFDFIEE (BEAHNDOEREE) ZR LTI OFETHDIN,
EKRICIFANZEFDFBE (ANADOIEREE) Zh LB ECEFSLTND
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VTEE, LLMET (CIBOptimizerzAFE U TCEE T DT —ANFET D
— RLHFTI(3HIiE, GRPOYT?SRPO, GSPO/REBHTULINDHY, 1HISFTYoPre-trainingh

\- |

- -

The Practical Guide to LLMs: Flan-T5

https://medium.com/georgian-impact-blog/the-
practical-guide-to-lims-flan-t5-6d26cc5f14c0

https://medium.com/@servifyspheresolutions/kimi-
k2-moonshot-ais-trillion-parameter-powerhouse-
redefines-open-source-ai-d71e25¢9e8b1

https://www.ankursnewsletter.com/p/llama-metas-
open-source-rival-to

T5 LLaMA Kimi K2
GoogledD~11B/\S XA —4LLM MetadD~2T/) S X —4LLM Moonshot AID~1T/\S X —4LLM
Optimizer(dAdafactor Optimizer(dLion Optimizer(&Muon
LAdamDZIXRE—A> & LAdamD —IRE—X > h& LNewton-Schulz B3Z{LICKD T
THDEEUTEAXAEIMLTDFE FE2oMEHITIFEE DL K EZEE R DFE
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