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Gradient Preconditioning in Deep Learning Automatic Second-order Differentiation Library (ASDL)

Gradient-based optimization ™ : : ey
P Preconditioned gradient Our solution: A unified interface by ASDL
A / \ Standard training pipeline in PyTorch
4 A
9 H P v ASDL Offers Various implementations and a unified Fo;p)é?mi_: ;: d::g_;gggcce;: Unified interface to compute preconditioned mini-batch gradient Pg
( imLz .Z 2
t+1 r n tg r interface for gradient preconditioning in PyTorch (an S tent o reotaceable | T = XCrodientMaker (nodel, XXGradientConfig())
. . . . . # Lompute mini-badtcn gradient g
—~— automatic-differentiation library). y = model(x) dunmy_y = gm.setup_model_call(model, x)
. . . . . g . loss = F.cross_entorpy(y, t) <:> gm.setup_loss_call(F.cross_entropy, dummy_y, t)
Parameter Preconditioning matrix Gradient v ASDL enables an easy integration of gradient Loss .backward() y, loss = gm.forward_and_backward()
, , o , , , o o preconditioning into a training with procedures that optimizer.step() eqﬁ'e{m
How to deal with nonconvexity, stochasticity, and high dimensionality in Deep Learning: are algorithm-independent and as simple (same ~ ~
. . - : . # PSGD [PsgdGradientMak # K-FAC (Imc) [KfacGradientMak # SENG [SengGradientMak
C logical structure) as the standard training pipeline G A oLt
. . loss = F.cross_entropy(y, t) with extend(operations): with extend(operations):
Back d & problem: A di ¢ of aradient ditioni thod (see the figure on the right.) e e t P
/ ackgroun prooiem. Iverse set o1 gradient preconditioning metnods \ v ASDL works with arbitrary deep neural networks grads = orl‘gséc’luloggzzs;gm ( pO:SFTso%E;'lz)S(z)_/;n ropy(y, t) 0ss = Slfr:-j»s;:guzzgzggsum,)
: : : HPH : create_graph=True) log_p = F.log_softmax(y) loss.backward()
\ ( \ ( \ deflned Wlth baSIC bUlIdlng bIOCkS (e'g" nn-LInear’ vs = [torch.randn_like(p) with torch.no_gradQ): truncate_and_sketch()
. . - I 1 t. mc = Cat ical : 1z lculate_ £l
1. Curvature matrix C 2. Representation of C 3. Solver for Pg ~ C™1g nn.Conv2d, nn.BatchNormNd, nn.LayerNorm, Hvs = torgﬂ.zugg?z?zigd( i F.n‘{lf%ﬁzéé‘foéfﬁ,siﬁc‘io fos 3022?'21;2“0
: : grads, params, nll.backward(retain_graph=True) else:
— Loss sharpness Full Local iterative (matrix-free) nn-Embeddmg) N PyTorch. grad_outputs=vs) update_preconditioner() y = model(x)
e Hessian H Dense/sparse/low-rank e Coniugate gradient update_preconditioner(vs, Hvs) else: loss = F.cross_entropy(
) H ) P Jug & else: y = model(x) vy, t, reduction=‘mean’)
* Absolute HeSSIa/[l |1 *  Matrix-free/Gram * Krylov subspace [|=[| Q loss.backward() loss = F.cross_entropy(y, t) Loss.backward()
* BFGS Hessian Hbfgs Layer-wise (block-diagonal) * Neumann series precondition() loss .bggk\(varccjg) precondition()
* G -Newt trix (& . - i i _ _ . ) . precondition
et e | Ceelov it i ASDL enables flexible switching and siructured
- - _ _ o _ cpe 4 : . cie e . . P " .
+ Fisher information matrix Unit-wise (block-diagonal) + LeamingbySGD — ) comparison of gradient preconditioning methods in DL Unified interface for gradient preconditioning in PyTorch. XXXGradientMaker ("XXX": algorithm name),
*  FIM est. by MC samples . *  Dense/sparse/low-rank Local/global direct \_ y offered by ASDL, hides algorithm-specific and complex operations for Pg in a unified way. For training without
— Gradient 2nd moment e  Gram «  Cholesky inverse/solve -1 gradient preconditioning, GradientMaker computes g with the same interface (i.e., no need to switch scripts).
*  Empirical Fisher femp S Element-wise (diagonal) o © «  Eigendecomposition
\ d BatChed empirica| FiSher Femaltjcj \ ° Dense/sparse ) \ ® SMW formUIa )
“KF-io”": input-output Kronecker-factored. “KF-dim": dimension-wise Kronecker-factored. “RR”: rank reduction. “SMW?”: Sherman-Morrison- Case StUd IeS Wlth AS D L L . .
Woodbury formula. “L”: local = one mini-batch at one time step. “G”: global = multiple mini-batches at multiple time steps. “iter”: iterative. The test accuracy for models achieving the best validation accuracy. For each task,
Method L Curvatare matix.C; o Representation of C 3. Solver for Pg G C_lg o MLP (w=512) . .MLP.(wi2‘048) ResNet18 WidelﬁgsNetZS — ViT-tin NLP-Mixer—base Zlgeogﬁ:;?;zl:]roa\fvtllitﬁzliifnb::. O.I:Nelgtotlhzolg zizl(\jl izjri’htehztrr]es:Jsl;SSVE;g ico)r?:udr:-g:)
type matrix granularily format lype key operations %6 3je—— \ 159 ’-__*‘__x:...- S 2.0 B . 2.0 P IOtS Of memory and iS infeasible W|th MLP Mixer base .
LiSSA (Agarwal et al., 2017) sharpness H full dense G iter Neumann series E: — :—{—i\ 2 fj.."__:i e = "% o sl 15l '
PSGD (Li, 2018) sharpness HIAI full dense G iter lriangmar solve & SGD @ < = 3'2_. gzahsn 2:43 152 ézahsu 2048 1.0015;"" < SEZ--__Z_():%B 10,38 . tgiz__—25‘4a e 3t2_;é28h512 2048 1032 _—B.__l-tz‘s;;hsiz MNIST CIFAR-10
. TP R y ch: 1% - 1 1 atch size atch size atch size atch size atch size atch size
Ncuma.nn optimizer (Krishnan et al., 2017) sharpness H ‘ full matrfx free L ?ter Neu.mann sene.s " L . , g L Method MLP (w=128) MLP (w=512) MLP (w=2048) ResNetlS WideResNe28 ViTtiny MLP-Mixer base
Hessian-free (Martens, 2010) sharpness H,G full matrix-free L iter conjugate gradient P R D - q - : s o5s o1 232 eV S s o7
KOQeleflom ). s (B8 e LR S ey Sosl” | astr S I Il I S A @ samw  w i wois e  ns o
- 1u ocedal, sharpness bfgs u matrix-iree iter approx. s | e gt —_— - S »’--":’ <G 98.9 99 992 93.3/96.2 96 98.0 975
SMW-GN (Ren & Goldfarb, 2019) sharpness (7 full Gram, RR L direct SMW inverse K»‘50‘032 égfm _;122 2008 2032 égfm _;122 20a8 %128 Baéﬁzgze 2048 0'01; Bat231125 o 2008 003 égfm lei 2048 037 BatirZ\BSize 512 E_BII:)G(;(F) 98?7 98:51) 99.0 9124 /95j7 96:2 97j7 9;:5
SMW-NG (Ren & Goldfarb, 2019) grad 2"%m |- full Gram, RR L direct SMW inverse o K-FAC (Imc) 98.8 99.2 99.2 93.6/96.1 96.9 97.4 97.7
A e Po—— S 0 Z— = S 0 — M — SENG 98.8 99.0 99.1 91.6/95.8 96.6 97.7 -
TONGA (Roux et al., 2008) grad 2"'m Femp full Gram, RR G direct SMW solve & eigendecomp. @ = — . A st "/ P Shampoo 98.8 99.1 99.2 92.5/96.1 96.9 98.0 97.4
M-FAC (Frantar et al., 2021) grad 2°9m F‘,_‘:’;;;’“ full Gram, RR G direct SMW solve é i r o 051" 0= ,/' g /; 03 ; o r'/
GGT (Agarwal et al., 2019) grad 2°9m (e S il Gram, RR  Gdirect = SMW solve 200 gale=" T D || BT | A o Lot . .
FANG (Grosse & Salakhutdinov, 2015) grad cov F,;,,;(. full sparse L/G direct incomplete Cholesky s~ %Al Y el Y e Y e B ** Key observations
n - - - —e— PSGD (KF) —— K-BFGS —e— K-FAC (1mc) —e— SENG +— Shampoo . .
: isgl? G(;(::C)}(tllf 2g18) 5 S:mpness g N iayer g-fo g{tef g';ggsulaf solve & SGD . . o 1) top) anct throughput [imagels] (<— 1) (middll. bottor) of erad @ SENG achieves a high throughput w/ a low memory cost w/ a small
- oldfarb et al., sharpness bfgs ayer -10 iter e ratio of peak memory (>= top) and throughput [image/s] (<= middle, bottom) of gradient _ .

% K-FAC (Martens & Grosse, 2015)  grad cov, 2"m Fm:_, F..., layer KF-io L/G direct Cholesky inverse preconditioning methods compared to SGD with various mini-batch sizes B and matrix (C and P) update intervals mini-batch (and vice versa). For PSGD, K-BFGS, K-FAC, and
KFLR (Botev et al., 2017) grad cov F _ layer KF-io L/G direct Cholesky inverse ;I' tr;:eaé;rjc:nor:na rl\l\(”;'ltAtAloo GPU. For the middle row, T=1. For the bottom row, B=128. Missing points are due Shampoo, memory and throughput ratios improve w/ a |arge mini-
KFRA (Botev et al., 2017) grad cov, 2°m  F,.. F... layer KF-io L/G direct  Cholesky inverse & recursion o e Smory fimiiation. batch (Shampoo is particularly slow for most networks otherwise)
EKFAC (George et al., 2018) grad cov, 2"m F, mp layer KF-io L/G direct eigendecomp. (or SVD) : . e SR g o .y | . h . d . | signif v | h '
SKFAC (Tang et al., 2021) grad cov, 2"m F “m,F.,mp layer KF-io, RR L direct SMW inverse & reduction ps<-,-r§?,'<°r‘3"’.£ MLP K.ml%s?f;;"r’vup K-FAC x‘lL';?}.?j;.ll;;@- MLP SENG E;Ir"mp P rx,rm,‘l'f":];,l.;'f{'f;':f;{' MLP @ ncreasing the matrix up ate interva signi icant y Improves the

% SENG (Yang et al., 2021) grad 2°m Fonp  layer Gram,RR  L/Gdirect SMW inverse & sketching boo |  E I 1§;FI it Lss.00 throughput, but the degree of speedup depends on methods.

TNT (Ren & Goldfarb, 2021) grad cov, 2dm F,.”,.,(‘,F., mp  layer KF-dim L direct Cholesky inverse g 512- o a8 i 5121 .99.05 512 -98.75 @ “Global” methods (PSGD K-BFGS Shampoo) tend to perform

% Shampoo (Gupta et al., 2018) grad 2"9m (a2 layer KF-dim G direct  eigendecomp. = [98.5 2048 o foso 2048 fso 2048 | 20080 0 M kosso L . » s

T T p o e 0 290 B0 k10 "0 173 1300 L 10 100 better w/ a smaller mini-batch size while a “Local” one (K-FAC)
it-wi ivi . : : 1 1 i S PSGD (KF) @ ResNe -BFGS @ ResNet1§ -FAC (1mc) @ ResNet18 SENG @ ResNet1§ Shampoo @ ResNet18 . . .
unit-wise NG (Ollivier, 2015) gra co:lr, m  Frone, Fomp un%l ense ' rect oles ymvers('e @ ) zzco KF) @ -NLI19825 3P<28F(_>5 N tldgo K 1 ngz‘s 3§EN(_> N u.:;' + ; I > tends to perform better W/ a Iarqer mlnl-batch size.
TONGA (unit) (Roux et al., 2008) grad 2"“m Femp unit Gram, RR G direct SMW solve & eigendecomp. 2 128 m- 128 > 128 . .
- “90.0 : -90.0 {
AdaHessian (Yao et al., 2020b) sharpness H element dense G direct element-wise division é;;;: ez 2:: lss fe7s 2(5,::‘ s 2312 |90 @ The PeSt test aCC.u.rac?y for each task is achieved by One. of the
SFN (Dauphin et al., 2014) sharpness H\y element  dense L/G direct ~element-wise division 2 10 100 2 10 100 10 100 2 10 100 2 10 100 gradient preconditioning methods, but the best performing method
Equilibrated SGD (Dauphin et al., 2015) sharpness H\y element dense L/G direct element-wise division PSGD (KF) @ ViT-tiny KBFGS @ ViT:tiny .~ KFAC (1mc) @ ViT-tiny Shampoo @ ViT-tiny depends on the task
AdaGrad (Duchi et al., 2011) grad 2"m (Ehatch)l/2  element dense G direct  element-wise division 8 32. oo 21 R [_97 . 8 fors0 * r jues D '
Adam (Kingma & Ba, 2015) grad 2"9m (Ff,’;ﬁ};"")lf' 2 element dense G direct element-wise division § 128 980 1284 ; 128- -97.25 128 s
@ 512- . 97.9 512 r97‘7 512+ . i97~°° 512- . . |
10 100 10 100 10 100 10 100
¥ : methods to be analyzed in this study nterval interval interval Interval
. . . . . Sensitivity of the mini-batch size and matrix update interval to the test accuracy (the best value
X Each requires algorlthm-speC|f|C and Complex |mplementat|ons. among different learning rates for each pair is shown). The type of the solver (“Global” or “Local’) is
T TR F . indicated at the top of each column. For SENG at ViT-tiny, the plot is not shown because it is not feasible
X The compute performance, prediction accuracy, and feasibility (time and memory) with large mini-batch sizes and only B=32 results are available.

\ are highly dependent on neural network architectures and specific training settings. / https://github.com/kazukiosawa/asdl
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