An Overview of Maximal Update Parametrization (uP)
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1.2 uP HIEIEE R —REFIBICERIVEZIR

c FHREFEW: kernel regime (FFAEKRE)

 Random feature model. Neural tangent kernel %

« IIXKEEFEIEW: feature learning regime (SFAETH F)
o L% T/ EBIRETHAT H : uP/Tensor Program/DMFT/Mean-field theory/. ..
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(linear model) Deep model

Trainable

Trainable

........................................

* s

........................




1.3 uP BYSERRSZNN

« uP BEAEA N, BT T FwAEE T 4
« RBAA Greg Yang 4 xAl co-founder, uP T Grok & 2 7| # & |4k
o« uP RpE X5 OpenAl &1k GPT-3, GPT E&ARFIMER T upP
* DeepMind B KX % & uP MAWHERREXE, LEFERZRKEA
* Meta B Llama-4 & F WA AR B AR T KU uP B “MetaP”



1.3 uP RYSERFFSNE
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1.3 uP RYSERFFSNE
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1.3 uP RYSERFFSNE
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2.1 uP HIRN— R KISEEF

P RN LA BERERERARE (REFRERLTR) WHRTRT
BEFNE (BRI . BN, REMRALEALTRERERSE.

B’ h €ER™M AE | EWHAE, Ah e RN AHZR —FRUNEFE, WP FE:
N llras = O(L), llARl[rys = O(D), L€ [L]

maximize AW} s contribution to Ahy, [ €[L]
:2 A
H A vllays = D2 = (2L, f58 RMAEHE SN BEHTHAN,

A Spectral Condition for Feature Learning, arxiv, 2023



2.2 BEH R up ERMHEIE—RBESSER

- FEEREN: BRBEFREN (4n Transformer) B & 8 29I X &
« HMRE linear MLP (h; = W)h;_,) , —3% % & TF, batchsize ¥ 1

* AT HREEY BBH uP RN, W 4AAKE

I R EEHRUT &4

B W, € R ZE | ERE, AW, € RN I KGR —FRANES), FE:

IWillzms = O, |AW, |l gms = (1), 1 € [L]

Wl ni—
W s = sup IS = P2 [y,

-0 xllrms

A Spectral Condition for Feature Learning, arxiv, 2023




2.2 BEH & v ERHEIE—ZUIES

* [[Willrms = 0(1) W1 5

Nhillrms = W hi—1llrms < Wil gpsllhi—1 Il rps = ©(1)
lhi—1llrms = ©(1) = [[Willgys = (1)

* ”AWl“RMS = 0(1) kiR

AR |lrs = 1AW Ry _y + AW ARy + WAyl gus
< 1AW, |l gms (o= 1 lrms + 1A~ 1 [[rus) + Wil grmsllARi—1 |l rms = ©(1)
IR 1l gms, 1AR 1 | rms, Wil gms = (1) = [[AW; |l gys = O(1)
VE: pP RN E AR AR E E FW kW ARER A

A Spectral Condition for Feature Learning, arxiv, 2023




2.2 BEYE uP BhEKHIEI1E——Adam LI

o Willams = ©(1) T M 3 Y ST AR AR, W, ~ N(0,0p)

— 0 ——min| 1, |2
T\ Vs T e

¢ ”AWl“RMS — @(1) ﬂuﬁﬁﬁﬁ%&éﬁﬁf(%’é’?}&%@ﬂ, ﬁﬂX\j“T‘Adam 7%‘

n;_q

n
1AW, = ny lIsign(G) I, = millsign(G)IlF = ®< l )

1
Isign(G)I|r = Vny_iny, = n; = @<n )
-1

A Spectral Condition for Feature Learning, arxiv, 2023



2.2 BEH B uP AiaHIEIE—RBA& Muon flilbss

o Willams = ©(1) T M 3 Y ST AR AR, W, ~ N(0,0p)

— 0 ——min| 1, |2
T\ Vs T e

* |AW,|lgys = 0(1) EFJE K T Muon Wyt CF i 58 K M5 X %)

n
lawill, = 1OVl =, = @( — ) = 6(1)

-1

= 1; = 0(1) (hidden weights)

A Spectral Condition for Feature Learning, arxiv, 2023



2.3 RBEN B uP BIEIR——LL Adam 735l

* #£ base model LI SPEERRITFWHEE, WWFIE 4

« & targetmodel £, /A uP EREHEBS, WHER ny4../T = 0(1/n)
e 1,, A target model 5 base model By 5. & {8, & 2048/256

Input weights & bias  Hidden weights Output weights

Block Multiplier Obase (Qbase) Obase/Tn (Obase)
Initial Variance  of, _/dgoroZ, .. o2 /T ol . (0f. ../
Learning Rate Mbase Nbase
Weight Decay Abase AbaseTn (Abase) Abase

Tensor Programs V: Tuning Large Neural Networks via Zero-Shot Hyperparameter Transfer, NeurIPS, 2022



2.3
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2.3 BEY R uP BYSEM

ESTIS @ BB

« UP BE AT AL base BEHEHENLFERATREIH
c EN: WmRFNAXANIBE, NRKEERRENL BAHIEE, FE

Our Work

Standard Practice

N\

Width
128
256
512
— 1024

= 2048 A N S s

— 4096

— 8192 optimum shifts

-20 -18 -16 -14 -12 -10

logsLearningRate

optimum stable ==

-20 -18 -16 -14 -12 -10

log.LearningRate

Tensor Programs V: Tuning Large Neural Networks via Zero-Shot Hyperparameter Transfer, NeurIPS, 2022
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2.4 ZEH R uP BY Tensor Program IEi8

e Tensor Program ¥ toy model L &5 2|8y uP &3] 2| — % B N
e —EVZEM: ®FE MLP. CNN. Transformer %
o —# Y element-wise adaptive optimzier: 3 SGD. Adam %

- WaHFE N (1), EIHRTEK
c EERFET, WPEREERKERER K

Tensor Programs IVb: Adaptive Optimization in the Infinite-Width Limit, ICLR, 2023



2.4 ZEH R uP AY Tensor Program IBie—ZR1J5GHE

* Tensor Program By W R BB N EK: HH a4
« W R —HWTEHE. EFFNSH

Setup 2.6.3 (Gaussian). Assume'*

1. Every entry of every W € W is sampled iid from N'(0,1/n).
2. Every entry of every initial vector © € x is sampled iid from N'(0, 1).

0

3. The initial scalars c” converge almost surely to 0.

4. All functions 1) used in OUTERNONLIN are pseudo-Lipschitz.

Tensor Programs IVb: Adaptive Optimization in the Infinite-Width Limit, ICLR, 2023



2.4 ZEH R uP AY Tensor Program IBie—ZR1J5GHE

o M % 8115 2| final feature WX BEE H W T =& F&X K, W Transformer:

Avg We can choose a existing vector € R™ and append to the program a scalar
1 n
a=1

MatMul We can choose a matrix W € R™*™ and vector & € R™ existing in the program, and append to the
program a vector
Wz eR" or W'z eR"

OuterNonlin For any integer k,1 > 0, we can aggregate k existing vectors and / existing scalars to X € R"**
and ¢ € R!, respectively. With an integer » > 0 and a pseudo-Lipschitz function ¢ : RF("+1+ 5 R (e.g.,
SiLU, GeLU), we append to the program a vector

n

n 1
Yy E R 3y Ya = E Z T/J(Xa!; Xﬁﬁ; cees Xﬁr;;CT),

where the r + 1 is called the order of .

Tensor Programs IVb: Adaptive Optimization in the Infinite-Width Limit, ICLR, 2023




2.4 ZEH R uP BY Tensor Program IBig— ({3 CH5

* Tensor Program B k%% R T &K 4
* Wi =wi_ —nQ:(96, ... gt), EF i ASKMWAEE index, g HHE
« ZHH SGD. Adam. Lion &2 57 E
o LAY TS PR LA 2 Muon S 13 R

t —_
ﬁzszo(l—/ﬁ) i °gs
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Tensor Programs IVb: Adaptive Optimization in the Infinite-Width Limit, ICLR, 2023
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2.5 BBEY B uP By Diffusion Transformer NFH 3 A [

o P uP B XX Tensor Program T R ANH M BRI, %4 R AT diffusion
Transformer & & j% 3L 17 #A K 40

- BEABBREETEENGE THRRIE, WX ERESHFEE RILAM
« uP B6# % diffusion Transformers # 3k % A B & g6 7k 40

Scaling Diffusion Transformers Efficiently via pP, NeurIPS, 2025



2.5 B[EH B uP BY Diffusion Transformer BMFH—IiEER

e U-ViT, DiT, PixArt, MM-DiT £ £ R 8= & 2 #4 ¥ DA Tensor Program 3
s FTRA uP R HRFEAE

@ :Add
© : Concatenate + Linear
. Scale : Transformer Block . ;
Noise > 1 , Layersorm ) e )
Pointwise ! [~ Mod: a.- e+ 8. ) ("Mod: ) 2
32x iz x4 32x iz x4 Fesdforward (" Rearrange to 3xHxW ) : i : T <
| S
Linear and Reshape Scale, Shift EEEEE-R !
1 IN L Linear ] :
Layer Norm t ¢ T 1 1 [ [ = ] . :
Layer Norm / Transformer Block : Lﬁ’dg;,ﬂg:d
1 1
I
. [ Transformer Block |
N x DiT Block Er ;
L ( Transformer Block !
I I \ Multi-Head
Patchify Embed ST ( Transformer Block ng skip
I Scale, Shi oeimection C
y ( Layenom ) (" Layemorm )
| 1 [ Transformer Block ~@ N S— — I o ,
NOised L N MLP X | Z(Mod: 6. e te ) Mod: 6, - e +ex ||
Timestep ¢ ayerl om Eb [Iﬂ [h Eb [Fl [E [b [h .ﬂ- r@® . wr ) - @
Latent ! 1 I | e e | - L® 0 ) @
32x32x4 Label y Input Tokens il Conditioning L [Fbeddinglayer 1= 2y Y b
e 17 - L.
LT T T e —® ®—
Latent Diffusion Transformer DiT Block with adalLN-Zero All as words 1 j

Predicted noise

Scaling Diffusion Transformers Efficiently via pP, NeurIPS, 2025




2.5 BEH

% uP B9 Diffusion Transformer V|

H—hRik

« LHMBER—KW uP ZHMN, HFATESIBXLE

.{C] Input Weights () Hidden Weights |
1 1
' (] Output Weights ZZ4) New in DiT !

~

Noise

( Linear and Reshape
|

[ Layer Norm
| ]

N x DiT Block J

. ®
\

Noised t-Emb 1 I yEmb 1 |
Latent | Timestept |( Labely ]

Scale

Pointwise
Feedforward

Scale, Shift

Scale

Multi-Head
Self-Attention

Scale, Shift

Layer Norm adalN

UP search base HPs on
small models

HP‘s7 HPs-3

HPs-1

HTransfer

‘\ ( Input Tokens ][ Condition ]/

(a) Implementation of

DiT-uP.

Scaling Diffusion Transformers Efficiently via pP, NeurIPS, 2025

Scaling to large models
with the optimal base HPs

HPs-2

(b) pTransfer.
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2.5 BBEY B uP By Diffusion Transformer NFH

« #i¥ DiT 7 ImageNet LBy E @ & R ERBE T E5HWETHE

100| Width=144 . al Batch size=128 | 90! Iteration=100K |
Width=288 56 Batch size=256 Iteration=150K
A Width=576 N, Batch size=512 v 90¢ Iteration=200K 1
o 80¢+ 1 o o
5 2 701 p
a a7 q 807
60t o @
60 707
40}, : _ , - , . ‘ , , 60 , ‘ ‘ ‘ s
-13 -12 -11 -10 -9 -13 -12 -11 -10 -9 -13 -12 -11 -10 -9
log,(base Ir) logz(base 1r) logz(base Ir)
(a) HP transfer across widths. (b) HP transfer across batch sizes. (¢) HP transfer across iterations.

Scaling Diffusion Transformers Efficiently via uP, NeurIPS, 2025



2.5 BEH B uP BY Diffusion Transformer B f——DiT

* DITASM #RWEIRIHE 675M, MR TELBFT 2.9 0 HE
» REY AA 44, NEFET A 12 LIARR IS

vvvvvvvvvvvvvv

20.0 DiT-XL-2
175 DiT-XL-2-uP |
4
=
1 15.0
A
E 12.5
2.9x faster
10.0+ g
1 3 5 7
Iteration/M

Scaling Diffusion Transformers Efficiently via pP, NeurIPS, 2025



PixArt

2.5 BBEY B uP By Diffusion Transformer NFH

c WH S F=: A 39M, batch size 176x8, | % ¥ F 39K
e W Z&F=: A 677M, batch size 176x32, I FFK 59K
* 5 K¥E EW FLOPs A —RKWINEHEH 5.5%, NHEER—FTHEITEL

MJHQ MS-COCO

Epoch Method GenEval 1
FID-30K | CLIP Score t+ FID-30K | CLIP Score 1
10 PixArt-a [8] 0.19 38.36 25.78 34.58 28.12
PixArt-a-uP (Ours) 0.20 33.35 26.25 29.68 28.87
90 PixArt-a [8] 0.20 35.68 26.54 30.13 28.81
PixArt-a-uP (Ours) 0.23 33.42 26.83 29.05 29.53
30 PixArt-a [8] 0.15 42.71 26.25 37.61 28.91
PixArt-a-uP (Ours) 0.26 29.96 27.13 25.84 29.58

Scaling Diffusion Transformers Efficiently via pP, NeurIPS, 2025



2.5 BEH E uP BY Diffusion Transformer R Fl——MMDIiT 18B

- WH S GE: #A 0.18B, batch size 4096, Y% F %K 30K
e T &= A 18B, batch size 4096, )% 3% 200K
« 80 R¥ ZHI FLOPs A —XRBINEHW 14.5%, AMEET XKW 3%

@ 0.224 5 0.224 1 4 0224 @ 0.224
S 8 S S
o 0-222] o 0-222 o, 0-222 o 0-222
= = = g
= 0.220 £ 0.220 2 0.220 5 0.220
« d @ (o]
— — jan jat
= 0.218 = 0.218 ™= 0.218 . Fo21s8
1074 1073 1072 107! 10° 10! 102 1071 10° 10° 10' 10?2 10° 10*
Base learning rate Base gradient clip Base REPA weight Base warmup iteration
(a) Base learning rate. (b) Base gradient clip. (c) Base REPA loss weight. (d) Base Warm-up steps.

Scaling Diffusion Transformers Efficiently via pP, NeurIPS, 2025



2.5 BEH E uP BY Diffusion Transformer R Fl——MMDIiT 18B

* 18B YT 4k 2 5 o AL IFFu A T oR 30 2 8 3 & 4%

Table 4 GenEval results of pretrained MMDiT-18B and MMDiT-.P-18B models. MMDiT-uP-18B achieves better
benchmark results with only 3% of the manual tuning cost.

Method Overall T Single Two Counting Colors Position Color Attribution
MMDiT-18B 0.8154 99.38 93.69  81.88 88.03 97.5 68.75
MMDiT-uP-18B 0.8218 99.38 94.44  79.69 88.83 6225 68.5
o178 MMDIT188 | Table 5 Results of human evaluation for text-
o 0.174 MMDiT-;P-18B image alignment. The alignment accuracy (acc.) is
i o1s computed as the average over 22,500 human alignment
e tests. MMDIiT-uP-18B achieves superior results with
E 0.172 only 3% of the manual tuning cost.
0.171
50 100 150 Method Alignment acc. 1
Iteration/K
MMDiT-18B 0.703
Figure 6 MMDIiT-.P-18B achieves consistently MMDIT-;P-18B (Ours) 0.715

lower training loss than baseline after 15K steps.

Scaling Diffusion Transformers Efficiently via pP, NeurIPS, 2025
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1 BiRILS up BIBUHAGHSS

* BUHAHY S RER B uP B 2 T RAE

« ZBMAE: hy =h +aF(h), TRABRESR F(h) TF

- L ERE: KENA SGD B & Adam

- EREFEF: £ET Tensor Program, DMFT B & # E 44T
« ZEREATAME: FREXNERTHE

c A THEWER SR —P#)



2.1 BWFREXS uP BIRTHAGAF—Depth-uP

* Depth-uP ZREEZRZSk. F(h) = Wp(h), ®HHEH SGD/Adam

+ Depth-uP 44 : EZHTE P WHRT, o =0(F), ¥IRABLHAE:
B4 ZIRE 1P B, ERAMRIES HE

Branch Multiplier Learning Rate

Standard 1 ? (tuned)
Depth-uP (SGD) a/+/depth n
Depth-yP (Adam) a/+/depth n/+/depth

Tensor Programs VI: Feature Learning in Infinite-Depth Neural Networks, ICLR, 2024




A5

Depth-uP

el
¥
e
op
=

=~
m
E

=

* Depth-uP ZEEFRM % (£ EHRER) NEAFRULIARIREZSIH

{a' Y) - {1’(2, 1"(2), Step=3?00038000 . Iog2 (a)=_2.0‘ relu, no LN {a, Y) = (l;"2, lf2}, St9p=3?000:38000, |ng {a}=-1 .0, abs, with LN

-3 -2 -1 0 1 2 3 -7 -6 -5 -4 -3 -2 -1
Log,(n Me-3) Log,(n Me-3)

Tensor Programs VI: Feature Learning in Infinite-Depth Neural Networks, ICLR, 2024




2.1 ZREAS uP BIBIHREASE——CompleteP

» CompleteP FRWERER: F(h) = Wl(z)Wl(l)hl, 28 AdamW

 CompleteP Z&#: ELIFTE uP WETR T, HFAIIAN a = @(%)

Input weights & biases Hidden weights  Output weights Hidden biases

Block Multiplier Olbase Oéba,se/TL (abase) abase/'rn (abase) Cl{b::a,se/'-r'L (abase)
Initial Variance  07,.0/do OF 0pase  Thase/Tn (07.00) Tpase Tpase
Learning Rate Nbase TMbase/Trn (Mbase) Mbase Mbase
Weight Decay Aba.se /\ba,se{rn ()\base) Abase )\base
AdamW ¢ Ebase/rn (Eba,se) 5base/(TL7nn) (Ebase) Ebase/'rn (5base) 8base/(TLTn) (Ebase)

Don't be lazy: CompleteP enables compute-efficient deep transformers,NeurIPS, 2025




F5t——CompleteP

o
o
¥
%
o
=

=~
e
i

=

» CompleteP £ SZfR GPT-2 WYY 4 F R LA RE WK EE 5T

" SP/ uP a=0.5 CompleteP (a=1) Loss at optimal n for L =Lpace =2
é‘ __Efptzh . —e— SP/uP
c —e— =05
g w7 \\//_— 2 \_/ —e— CompleteP (a=1)
= L —— 16 -
= 64 ‘_4 y
£ 128 B
” 279 27 25 279 277 25 279 277 25 22 24 26
n n n Depth (L)
P SP/ uP CompleteP (a=1) Loss at optimal o for L = Lpase =2
o Depth —e— SP/uP
— 4
g 5.0 N : : . a=05
s} \\ 8 A —a— CompleteP (a=1)
= 1 b
z 4> \F%—-— 16 I\
g Wa — 32 0N
a4.0- e 64 &
S 128
a ) ) ) ] 1 1 1 ) 1 )

270 277 275 -3 279 27 275 -3 270 277 275 -3 22 24 26
Oinit Tinit Tinit Depth (L)

Don't be lazy: CompleteP enables compute-efficient deep transformers,NeurIPS, 2025



2 BWRERE P MiEFRMEIE—IEie[RE

s MRTHREY B0 uP B4 HER, EREA T TRE
- RAKZ 1: REZXENREY BWREEM, HRIINEREZZEE
- AR 2: RERBEAWEUL, HRFRERFR K EARZ®

KERBEN: REFNHEM deep linear MLP

ho - a()WOx
hy = hy_q + o TIW, P hy_q,V L€ [L]
hpy1 =ap Wi hy

FERINERH, HERZR (k=2) R RBELENNREEER,

Spectral Condition for uP under Width—Depth Scaling, ICLR Delta Workshop (Oral), 2026




2.2 ZFRIAS uP EFRMHIEIE —HERER

- REREFHBERER:

bRt
- HNfufrHE: o llWollrms, ap+1 WL 1llrms = ©(1)

 BHE: alWligws =0(F),vIEL

B &
° %f)\iﬁﬂ%}ﬂj%: aOHAWOHRMS; aL+1”AWL+1”RMS — 6(1)

 BEE—B A allaWleys =0(2),vie[L]

» ETEE pP WA IWillgus = 01, FrUARE o = 0(1/VL).

Spectral Condition for uP under Width—Depth Scaling, ICLR Delta Workshop (Oral), 2026



2 BIRIAE uP BIaRHEIC —RRIZER

cq;=01/VL), ABEFIEHE UL —NEHNE ¢, WE uP £84H 0(1)
= 0(1/VL) BEBHSLEMEFE o R ALK 0(1)
. Eﬁvﬁx:ﬁkﬁb%ﬁgﬁﬁﬁﬁz
* Depth-uP WEEHE & (WEJE) SHAMEHREFHE

Ah, (3’3) = Ahg(ﬂ)) -+ ZS:():;W/}Ahg_l(a:) -+ ZS:O:,[AM (hg_l(ﬂ;‘) -+ Ahg_l({ﬂ)) .
[=1 =1

_—_ . _—

€o(s) €1(3)

Spectral Condition for uP under Width—Depth Scaling, ICLR Delta Workshop (Oral), 2026




2.2 ZFRIAS uP FEFRMHIEIE NEFRER

* RERZFHHWERER:

bR e L
- A fuiwHE: aol|Wollgms, ap+1 W 11lrms = 6(1)
gz o |w®| |w®| =e(;).viell CHESRLHER)

ER A
* %)\%‘1%&1’%: aOHAWOHRMS; aL+1”AWL+1 RMS — 6(1)

e 1 W o
R E— & 2: q I/I/l(z)
REBEZM &M o ‘AWI(Z)‘

RMS H RMS

RMS ‘
|aw,® = 0(3),vielL

=®(%),VIE[L]

‘RMS

aw )

RMS ‘ RMS

« ETRE uP WEIA IWllgus = 0(1), F2 o, =0(1/L), 5 CompleteP —%

Spectral Condition for uP under Width—Depth Scaling, ICLR Delta Workshop (Oral), 2026



2.2 BRIAS uP BNGFRMAHRIE NEFRER

c XERZRMERTREENARXA: ®HEHF 28 A
* X6 =0(1) REZHEF &4, FRRFIAEZNWIME
* ERNBRERT PR LER, NEREZRAREERFEE

Ahy(z) = Aho(x) + > WP WY AR _1(2) + > WD AW (hi_1(x) + Ahy_ ()

Y T

€o(s) (1)

+ 3 AW WO (b () + Aky_y (2)) 4 Y s AWP AW (hy_y () + Ak ().

652)(8) €2(s)

-

Spectral Condition for uP under Width—Depth Scaling, ICLR Delta Workshop (Oral), 2026



2.3 BirERES uP RIS X —SCIy

s ST ERMALE (Muon-Kimi. Muon. Shampoo. SOAP. AdamW. Sophia.
Lion, SSO %) , £TRE uP £, FsMwAN a; = 0(1/L) BIF

Table 2: P implementation for Muon-Kimi (Liu et al., 2025) with weight decay under width-
depth scaling. Entries in purple indicate differences between pP and SP, while gray shows the
corresponding SP choices. Here, r,, and r;, denote the width and depth scaling ratios relative to the
base model. The variance of input weights is o, __ for language and o___/d for image.

Input weights Hidden weights Output weights
Block Mllltipﬁel’ (base abase/rL (abase) Oﬂbase/’rn (abasc)
Initial Variance o7, /do OT 07,y Ofuse/Tn (Ofasc) O e
Leal‘llillg Rate Mbase nbase/ VTn (nbasc) Tlbase
Weight Decay Abase Abase VTn (Abase) Abase
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2.3 TiRIAS uP IS EZ— Muon-Kimi 35

s BB ZAREY REWIARIESIH

(@) SP uP (c) SP uP
24 Step " Width n il
5 260 —m— 128
= a9 6 '_:: —.— 256
- 2 7 S5 == 512 .
= 8 E —=— 1024 -
20 —=— 9 & A= = 2048
: —— 8
~#— 10 g 4.0 4096 -
27 28 210 912 28 210 912 2-10 2-9 -8 9-7 9-6 -5 9-10 -9 -8 -7 9-6 -5
Width n Width n Base Learning Rate npase Base Learning Rate npase
(b) 56 SP uP (d) SP uP
Step 0 4.2 Depth L
24 5 o —m—4
6 ~ —s—_ 8 ““‘——-l-—-——.""'"'—_.
= g 4.0
—:_:_] 22 7 g —— 16
= 8 _rgd -s- 32 5______.______—--' ’ﬁ
20 = 2 - . 538 # 64 —a—F
= 10 > . 128 ——F— - s
-2 256
2 22 24 26 22 24 26 2 Z - 277 276 275 279 28 277 276 275
Depth L Depth L Base Learning Rate npase Base Learning Rate mpase
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