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Adam conveqes faster While jer\eralbes wWorse:
S4D c,or\\/erjes Slower wWhile jer\eralbes better.

(aused \D‘j

i Nor\—C_or\Verjer\ce < Extreme Learnir\j Kate

* ntuitive assuption (Wilson et al, ZOI7): The bad Ver%rmar\ce of aday’ciVe
methods masj stecn from UNSTARLE and EX-TREME final learr\in3 rates.

Previous

. A’MSérad (Reddi ot al, 20I8), 2 new ?ro?oSed o?’cimijer, S claimed to have :j::::oi

senaller learninj rates c,om?ared With Adam, that mzé kelv abate the im?ard: )

of \\u3e learnlnj rates. However, &t r\ejlec,’cs ?ossible eftfects of small ones.

Sl miSSinj [) convincin eVidence of the assum lon Z) wajs Yo address ‘\:ir\\j learr\inj rates

Evidence of the A’SSumyﬁon

© We sample learr\ir\3 rates of several weiahts and biases of ResNet—-34 at the end of trainin
on (JFAR-I0 using Adam. Learnin ra{zs are com?oSed of ’cln\j ones less than 0.0l as wel
AS ku3e ones jreaQQr than [000.

Each from 2 randoml\j chosen convolutional Kernel
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Proof of the A’SSumvﬂor\

. Theorem 1. (here is an online convex 0;77[/%/‘2@7‘/’0&7 proéleh. where for ahg initial sfep size o, Aden has non-zero

average re(z;re?‘ ie, 7/ = 0as [ = oo

+ Theorem 2. For ahy constont (31, (32 € [O, 1) such that (312 < (3& there is an online convex oPﬁ’&»/‘zaﬁOh proé[eh

where for ahy initial S?‘ep size o, Adon has non-zero average regre‘/ I.€e., IZT/ [ 0as [ = oo

* Theorem 3. For ahg constont (31, (32 € [O, 1) such thet (312 < (33 there is a stochastic convex opﬁ'h/'zmlim; proé[eh
where for am7 ihi?‘:'a[ S‘ILZP size o Adeon. does hD‘IL com/erge 7‘0 7%6 0p7lf’h~a[ SOZ(HLI'Oh.

IPxU 423U SUSC *Eclual Contribution

< Find out Nk\j Adam fails

/. D\jr\ami(, Round on Adam's Learr\ir\j Rate

* vr aim (S to evVise 2 Stra 2T comblnes "4 ene S o A0 ADTIVe MM O S, VIR. S
O ™ 1S to devi ’cr’ce%;j’c\\’c bines the benefits of adapt ethod 319&

inttal ?T‘ODT‘QSS, and the jood nal jeneralbaﬁon properties of SQD

+ The \(@j ?oir\’c S to restrict the actual learr\ir\5 rate of aday’ciVe methods at the end of
’crainir\j.' Make it netther *oo larje nor too small.

. \r\S?ired b 4radier\‘l: C.li??inj, 2 ?oyular ‘Eed\r\iclue for ?reVer\‘l:ir\j from jradier\‘\: eXYIOSion,
wWe can 2\?50 em?losj cliwin on Ardam's learr\ir\j rates. An oyera‘\:ior\ that c,li?S the learr\ir\j

rate element-wisely” such tRat the output is constrained to be in [} n,J. .
" _— lower Lpper ound

<¥ Note: SEDIM) with 2 learninj rate of oX can be considered as
the case wWhere n =1, = o as for Adam, n =0 and n, = <.

We propose AdaRound b\j em?losjir\j d\jnamic, bound rather than constant threshold:

Oradient \S+ = ﬁ()(J
— _ Uwer bound function converaes from oo to OCf,
First/Second-order 7~ l’hw‘ B’h‘lmw‘—’l * (1 (31+)S+ which makes Adam jfaduau‘jj’fr ansforms o 5413
momentum
v, = Byt (1- Bz)‘ﬁirz
n, = Clip(c//v,, (1), n.(1) and y, = /14

lnitial S‘Ee? 552 /\} k/ Cliwed leam'mj rate
KM B ]TF, diag(mJ)(K% B h% © lm‘r)

Lower bound function c,onVerjeS Lrom 0 4o oC* -

The aljoriﬂxm LS Yrova\ale to have the Jf—ollcs\ﬁlirxj bound on rejre’c.'

Reqret Q)Z T d Q)Z T d
j\’%g mf)ZﬁT,i I = )ZZ/Bltn;il‘l_(z\/E—l)l%xjgz

A’da?ﬁ\/e Oradient Methods wWith Djr\amic, Bound of Learr\ir\j Rate

S olution

AdaBound. Transforms from Adam to SGD ‘
b\j awl\jlr\j dsjr\amic, bound on learr\ir\j rate.

5. Ex?erimer\’cs

Test ac,c,urac,\j for ResNet—34 and DenseNet—-IZ] on CIFAR-IO:

.. Test Accuracy for ResNet-34 on CIFAR-10
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... 1est Accuracy for DenseNet-121 on CIFAR-10
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More rubust With different \\sjyer?arame’cers.'

SGD with different a AdaBound with different a*
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