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Abstract

We address the challenge of optimizing meta-
parameters (hyperparameters) in machine learn-
ing, a key factor for efficient training and high
model performance. Rather than relying on ex-
pensive meta-parameter search methods, we in-
troduce MetaOptimize: a dynamic approach that
adjusts meta-parameters, particularly step sizes
(also known as learning rates), during training.
More specifically, MetaOptimize can wrap around
any first-order optimization algorithm, tuning step
sizes on the fly to minimize a specific form of re-
gret that considers the long-term impact of step
sizes on training, through a discounted sum of fu-
ture losses. We also introduce lower-complexity
variants of MetaOptimize that, in conjunction
with its adaptability to various optimization algo-
rithms, achieve performance comparable to those
of the best hand-crafted learning rate schedules
across diverse machine learning tasks.

1. Introduction

Optimization algorithms used in machine learning involve
meta-parameters (i.e., hyperparameters) that substantially
influence their performance. These meta-parameters are typ-
ically identified through a search process, such as grid search
or other trial-and-error methods, prior to training. However,
the computational cost of this meta-parameter search is
significantly larger than that of training with optimal meta-
parameters (Dahl et al., 2023; Jin, 2022). Meta-parameter
optimization seeks to streamline this process by concur-
rently adjusting meta-parameters during training, moving
away from the computationally expensive and often sub-
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optimal trial and error search methods.

Meta-parameter optimization is particularly important in
continual learning (De Lange et al., 2021), where continu-
ally changing environments or evolving loss functions ne-
cessitate adaptation of meta-parameters, such as step sizes,
to track time-varying optima rather than settling on a static
value.

In this work, we propose MetaOptimize, a general frame-
work for optimizing meta-parameters to minimize a form of
regret that explicitly accounts for the long-term influence
of step sizes on future loss. Although this framework can
handle various meta-parameters, we concentrate on step
sizes as they are ubiquitous and crucial in practice.

MetaOptimize offers additional advantages beyond reduc-
ing search overhead. First, it enables dynamic step-size
updates during training, potentially speeding the learning
process. Traditional methods typically rely on manually
designed learning rate schedules (e.g., initial increase fol-
lowed by decay (Amid et al., 2022)), whereas MetaOptimize
automatically discovers similar patterns.

Second, adapting step sizes across different network blocks
(e.g., layers or neurons) can improve performance (Singh
etal., 2015; Howard & Ruder, 2018), yet manually tuning
such blockwise step sizes is impractical for large networks.
By design, MetaOptimize handles these blockwise adjust-
ments.

The concept of meta step-size optimization dates back
to (Kesten, 1958), Delta-bar-Delta (Sutton, 1981; Jacobs,
1988), and its incremental variant, IDBD (Sutton, 1992).
Numerous methods have emerged over the years (Section
8). This work distinguishes itself from prior efforts through
the following key aspects:

* We introduce a formal approach to step-size optimiza-
tion by minimizing a specific form of regret, essentially
a discounted sum of future losses, and demonstrate how
to do this causally via the MetaOptimize framework.

* MetaOptimize is general and can wrap around any first-
order optimization algorithm (the base update), such as
SGD, RMSProp (Hinton, 2012), Adam (Kingma & Ba,
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2014), or Lion (Chen et al., 2023), while optimizing
step sizes via a separate first-order method (the meta
update), such as SGD, Adam, RMSProp, or Lion.

* We develop approximation methods (Section 6) that,
when incorporated into MetaOptimize, yield computa-
tionally efficient algorithms outperforming state-of-the-
art automatic hyperparameter optimization methods
on various stationary and continual (non-stationary)
benchmarks (see Section 7).

* We show that some existing methods (like IDBD and
its extensions, and hypergradient descent (Baydin et al.,
2017)) are specific instances or approximations within
the MetaOptimize framework (Section 5).

2. Problem Setting

We introduce a general continual optimization setting that,
for a given sequence of loss functions fz() : R ¥ R,

t =0;1,;2;:::, aims to find a sequence of weight vectors
W1, Wo; Wa3; ... that minimize a discounted sum of future
losses:
Fe €1 ) EAF(w); (1)
>t
where 2 [0;1) is a fixed discount factor, typically close

to 1, called the discount factor. For stationary supervised
learning, ¢ are i.i.d. samples from the same distribution, so
minimizing F; promotes rapid reduction of the expected
loss.

Consider an arbitrary first-order optimization algorithm
(e.g., SGD, RMSProp, Adam, or Lion) for updating Wx.
At time t, it takes the gradient ¥ f¢(w¢) of the current loss,
along with an m-dimensional meta-parameter vector ¢, to
update W and possibly some internal variables X; (e.g.,
momentum in Adam). Denoting X & Stack(Wy; X¢) and
calling this update rule Alg, ., we have

Xt+1 = Algp, e (W), 1) 2)

The goal of MetaOptimize is to determine a sequence
such that plugging them into the above base update yields a
trajectory Twg minimizing F; .

Step-size adaptation is a natural special case: at each step t,
the m-dimensional  defines an Nn-dimensional step-size
vector ¢ via some fixed function :R™ ¥ R" ie.,

t= (o 3

A good choice for () is exponential, ensuring ¢ is al-
ways positive and making multiplicative changes in ¢ cor-
respond to additive changes in  (Sutton, 1992). By par-
titioning the network weights into blocks, we can learn a
shared scalar step-size per block, or even a unique step-size
per weight, all handled automatically by MetaOptimize.

3. Forward and Backward Views

Because F; depends on future losses, minimizing it causally
requires an alternative view. Suppose hypothetically we had
oracle access to future information (i.e., future loss values
and weights). We could update

t+1 =t rFt
< q @)
= @ ) trfw)
>t t
where is a meta step-size. This forward-view update,
however, is not causal because we do not have the required

future information at time t.

To address this, we adopt an eligibility-trace-style approach
from reinforcement learning (Sutton, 1988; Sutton & Barto,
2018), introducing a backward-view update:

X d
) o f(w)
t< d t

+1 (1
so that terms involving f (and w ) appear attime (instead
of 1), which is the earliest time that these quantities become
available. In the small- limit, the backward view closely
approximates the forward view. !

Accordingly, we define a causal gradient estimate

>
dE 1 ) tlif(w):
t=0 d ¢
It follows from chain rule that
ME =H"rf (w); (6)
where >
HEa )T 0 )
t=0 t

Hence, H encodes how past
W under discounting by

¢ values cumulatively affect

4. MetaOptimize

Algorithm 1 presents the general MetaOptimize frame-
work for learning the meta-parameters ;. At each step

"Formally, assuming f;() = Ofort < O and fort > T,
the final updates under (5) and (4) become arbitrarily close as
¥ 0. More specifically, g) ;‘f))z ¥ 0, where 5;) and
gf) are the values of at time T obtained from updates (5) and
(4), respectively, starting from the same initial o. This is because
as ¥ 0, remains almost constant over [0; T] interval, and
the right hand sides of (5) and (4) match with accuracy O( 2),
when summed over [0; T]. See Section 9 for a discussion on more
accurate approximations for large
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t, we replace the intractable gradient ¥ F; with the causal
surrogate rI_TEt to ensure the update is feasible in real
time, as discussed in Section 3. Specifically, we feed
I‘l_I_Et = H{ rfy(w¢) (from (6)) into any first-order meta-
update rule Alg,,..,, just like a conventional gradient.

Formally, define y, ) Stack( ¢; Yy) as the stack of meta-
parameters  and any internal states ¥; of Alg,,.., (e.g.,
momentum). The meta-update is then:

Yirr = Algmeta Y H;r rft(Wt) . (8)

After applying the base update (2) to produce X¢+1, we
compute HJ rf¢(w;) and plug it into (8) to update Y,
(and thus {,1). The remaining question is how to maintain
H¢ defined in (7), through application of the chain rule.

To compute Hy¢ incrementally, let us stack the columns of

then m matrix H¢ into a single vector h¢, and let

3
dYer1 dYiar dYias

dy, dx¢ dhg
def dXt+1 dXer1 dXer1 5.
Gt _g dy, “dxz dh; 5§ ®)

d ht+1 d ht+1 d ht+1
dy, d x¢ dhe

Applying the chain rule then implies
2

q 3 2 3
Yir1 dy,
d d
gdd)(“—lz — Gtgg)(tz;
dhees dhe
d d
which, when summed over , turns into
2d 3 2 3 2 3
dyt+1 gyt gyt
t
XK t gddXt+1z — Gtggth"' Gtx t Egnz
t
=0 dhess g he =0 g he
d t
(10)
Defining
o<
vweEa ) v 9 (a1
=0
o<
Xe =@ )t 13 5 (12)
=0
= d
Q=@ )t (13)
=0

and noting that y, = Stack( ; ¥), one obtains a compact
update of the form

2 3 2 3 2 | 3!
Yiv1 t 0 .

4 X1 9=Gy 44X 5+( )g 0 é ; (14)
Qt+1 Qt

0

Algorithm 1  MetaOptimize Framework (for general
meta-parameters)
Given: A base-update Alg,,.., a meta-update Alg, ...
and a discount-factor 1.

Initialize: " | #
Xo =0m+n) mi Yo = mm 7 Qo =0nm m:
Oﬁ‘] m
fort=0;1;2;:::do
Xe+1  Alfpe Xe; FFe(We); o).
H¢ = first n rows of Xq.
Yir1 AlOng Yo H{ rfe(wy) .
Yir1
Update 4% 415 from (14), using G¢ in (9).
Qt+1

end for

and then extract Hy by taking the top n rows of X; (since
X¢ = Stack(wyg; %¢)). The blocks of Gt can be found for
standard algorithms (SGD, Adam, Lion, etc.) as detailed in
Appendix A. Notably, the first row of G¢ blocks depends
only on Alg,,..,, and the rest of G blocks depend only on
Alg, .- Algorithm 1 summarizes the procedure.

Remark 4.1. A distinction of MetaOptimize from exist-
ing meta-parameter optimization methods is that it explic-
itly captures dynamics of the meta-parameters , and how
changes in the current  affect in future. The term Y¢ in
(11) links changes in past  to future  values, which then
influences Hy. Intuitively, if ; has been changing consis-
tently in one direction (e.g., steadily increasing), it amplifies
Yt and thus Hy, accelerating ongoing updates. Conversely,
if  stays nearly constant (indicating it may be close to
optimal), Y shrinks and so do the subsequent updates to  ,
stabilizing around the optimum.

5. Reducing Complexity

The matrix G¢ can be large and may involve Hessian terms,
increasing the computational burden. We discuss two prac-
tical approximations:

2 2 approximation. In (9), we zero out all blocks in
the last row and column, effectively removing Q. Em-
pirically, this simplification often has negligible impact on
performance. Intuitively, H¢ does not affect the base up-
date directly (d X¢+1=d hy = 0), so the extra blocks in G¢
involving h¢ often have minor influence on the final meta-
parameter trajectory.

L-approximation. We go one step further, also zeroing
out the block in the first row and second column of Gg.
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Algorithm 2 MetaOptimize with 2 2 approx., 6. Hessian-Free MetaOptimize
(A9 pase Alg metd = (SGD, SGD), and scalar step-size
Initialize: Hg= 0, 1;Yo=1.
fort=1;2;:::do
t= €'
Base update:
Wi+ = Wt tr fe(wy)

The G, matrix typically involves Hessiam, 2f;(w.), of the
loss function, e.g., in théw.; =dw; block wherew+; =

Wt t+r fy(wy). Including second-order information in
Gt can be costly. Interestingly, for certain base and meta
algorithms, we can eliminate the Hessian without much
compromising the performance.

Hivp = | o 2fe(we) He Yo o fo(wy)
Yis1 = Y +(2 ) Hr 2f (w)Hy For example, Lion (Chen et al., 2023) updates weights by
# For L-approximation let Yisr =1 taking the sign of the gradient (plus momentum). Since the
Meta update: derivative of the sign function is zero almost everywhere,
41 =t Hir fo(wy) dw.; =dw, and related partials do not involve?f ; (w).
end for Hence,f both base and meta updates use LiGp becomes
Hessian-free throughout, avoiding second-order computa-
tions entirely (Appendix A.1.3, A.3.2).
Formally, . . L
dy. 3 For oth_er a_Igorlthms,_We may con3|de_r thidiessian-free
GL &4 dv 5. (15) approximationby zeroing out any Hessian term@ . The
t dXisan dXper Hessian-free approximation turns out to be a good approxi-
dye  dx mation, especially for base and meta algorithms that involve
and the update in (14) simpli es to gradient normalization, like RMSProp and Adam. Note that,
0 2 31 the sign function used in the Lion algorithm is an extreme
Y Y form of normalization that divides a vector by its absolute
Xt+1 =G-@ xt +(1 )4 05A: (16) value. We could instead use softer forms of normalization,
t+1 ! 0 such as normalizing to square root of a trace of squared vec-

_ o _ . tor, v¢, as in RMSProp. Such normalizations typically result
This again discard®, but also certain cross-terms¥Ya's  in two opposing Hessian-based termgifis update (stem-
update. Empirically, L-approximation often matches theming from dWia gnqdWia piocks of matrixG; ), aiming

. . L dw dv
performance and sometimes improves the stability of theg cancel out, particularly when consecutive gradients are
2 2approach. positively correlated.

When Hessian terms are removed in the 2 approxi-
ation,X; andY; become diagonal or simply vectorized,
rastically reducing matrix-multiplication overhead. The

Syerall complexity per step thus becomes similar to that of

regular base and meta updates, requiring only a few extra

vector operations. Algorithm 3 in Appendix A illustrates
these Hessian-free variants (SGDm, AdamW, Lion) under

2 2 approximation.

Intuition.  Algorithm 2 illustrates the 2 approxima-
tion for the case of SGD base/meta updates with a singl
scalar step size. Observe hély effectively accumulates
(decayed) past gradients to decide whether to increase
decrease. If current and past gradients align, is raised
for faster learning; if they oppose each othey,shrinks.
Thedecay (I [ ]r 2fy) of H; ensures that if past gradi-
ents poorly approximate future ones due to largé, or ,
their in uence fades more rapidly. Meanwhilé, re ects  In summary, Hessian-free a2d 2 or L-approximations
how changing past in uences the current ; large swings yield a range of practical MetaOptimize instantiations that
in amplify H¢+1 , while near-constant dampens updates. maintain strong performance at low additional cost.
Under the L-approximationy; becomes constant in this
particular setup, further simplifying the algorithm. 7. Experiments
Containing some prior methods as special casesUnder We evaluate MetaOptimize on image-classi cation and
L-approximation, and restricting both base and meta uganguage-modeling benchmarks. Out of many possible
dates to plain SGD, MetaOptimize reduces to IDBD (Suttonpase/meta-algorithm combinations and approximations (Al-
1982) and its extension (Xu et al., 2018); see Appendix B.Jgorithm 3), we showcase a few Hessian-free variants that
for derivations. Another notable special case iss 0, performed well in practice. In the experiments, MetaOpti-
which recovers the Hypergradient-descent approach (Bayrize starts with step-sizes set one or two orders of magni-
dinetal., 2017), updating step sizes to minimizeithmedi- tudebelowtypical good xed step-sizes, with no specic
atelossf{(w¢) rather than the discounted sifp, ignoring  tuning. We compare MetaOptimize against some popular
long-term effects of step size on future loss. baselines whose meta-parameters are well-tuned for each
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task separately. See Appendix C for more details. Codes aré2. Non-stationary CIFAR100

available at https://github.com/sabersalehk/MetaOptimize o . . .
val ps-Tgithu S S plmiz We evaluated MetaOptimize in a non-stationary setting with

10 sequential tasks, each containing 10 classes from Cl-
7.1. CIFAR1O dataset FAR100. After training for one epoch on a task, it abruptly
The rst set of experiments involve training ResNet-18 switches without explicit noti cation to the optimizer, and
with batch size of 100 on the CIFAR10 (Krizhevsky et al.,without resetting weights. We use a batch size of one, mean-
2009) dataset. Fig. 1 depicts the learning curves of fouing each data point is seen exactly once. The model is based
combinations of (base, meta) algorithms for Hessian-fre@n a simple CNN network consisting of two convolution
MetaOptimize, along with the corresponding baselines with(@nd max pooling) layers followed by a fully connected
well-tuned xed step sizes. Besides using a single scalalayer. Each curve is averaged over 5 random seeds.
step-size, we also test a blockwise variant that partitions the

ResNet18 parameters into six blocks (one for each linear

layer and four blocks for the ResNet modules). In every

tested combination, MetaOptimize outperforms its corre-

sponding xed-step-size baseline.

Figure 3.Learning curves for non-stationary CIFAR100.

Figure 1.Learning curves for selected (base, meta) combinations
in CIFAR10.

Figure 4.Blockwise stepsizes learned by MetaOptimize

(AdamW,Adam) on non-stationary CIFAR100. Note that the scale
of the y-axis for the two curves differ by an order of magnitude.
Step-sizes of both blocks are initialized at= 10 *.

Figure 3 presents cumulative top-1 accuracy—averaged over
all past training times—for AdamW (with the best xed step-
size), MetaOptimize with a scalar step-size, and MetaOp-
timize with blockwise step-sizes (two blocks: one for the
rst three layers and one for the last layer). MetaOptimize
consistently outperforms the baseline. See Appendix D for
additional plots.

Figure 2.Robustness to initial step-sizes, for (Lion, Lion) as (base,The learned step-sizes reveal an interesting pattern (Fig. 4):
meta) update in CIFAR10.

« Task adaptation: MetaOptimize increases step-sizes

Interestingly, as demonstrated in Fig. 2, the MetaOptimize  jmmediately after task switches to enhance adaptation.
algorithms show remarkable robustness to initial step-size

choices, even for initial step sizes that are several orders of « Layer-wise behavior: In blockwise case, early-layer
magnitude smaller than the optimal xed step-size. step-sizes decrease over time, indicating convergence
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Algorithm 3 Hessian-free MetaOptimize algorithms with 2 approximation used in experiments

Parameters: > 0 (default10 2), 2 [0;1](default' 1)
Initialize: hg = 0, 1.
fort1;2:::do

t= () # exponential scalar/blockwise
Mg = My +(1 o fe(wy)

Q
§ if AlgpaeeiS SGDmthen W= My (Wt
2 2 if Algpagels Lionthen w = tSign cm¢+(1 o f¢ tWi
0 8 if Algpseis AdamWthen  vig = ve+(1)r fi(wy)? o
g W = ¢ tMhi= V¢ tWt # where = 1 t
Wie1 = W+ W
5 M = (1 ohe+ w
or 27 hy r fo(wy) # This is for scalar step-sizes.
= # For blockwise, should compute sum of h¢r fi(w¢) over each block.
B My = me+(1 )z
; if Algpegis Lionthen ;= Sign cm+(1 ¢z
2 if AlgeaiS Adamthen v = vy +(1 )I}Z— 0
t+1 — ¢ tMi= Vi # where t = 1 t
end for

to globally useful features, while last-layer step-sizesl5M parameter model with a batch size of 128 on the TinyS-
increase, re ecting the need to adapt to changing latories dataset. Two combinations of Hessian-free MetaOp-

bels. timize with scalar step sizes were tested against Lion and
AdamW with well-tuned xed step sizes, AdamW with a
7.3. ImageNet dataset well-tuned cosine decay learning rate scheduler with 1k

armup iterations, and the four state-of-the-art step-size
daptation algorithms mentioned in the previous subsection.

According to the learning curves, shown in Fig. 6, MetaOp-

z;?:]ri:;;gfz%gg?nmsé f?]l;rn?é?;ebooféhg\—;ritehtyzlerg%r;r)] Sihnize outperforms all baselines (with an initial delay due to
gdtuo (Chandra et al., 2022), Prodigy (Mishchenko & I:)e_small initial step-sizes), except for the well-tuned learning

fazio, 2023), and mechanic (Cutkosky et al., 2024), as WeI[ate scheduler within 30k iterations.
as AdamW and Lion baselines with xed step-sizes, and7
AdamW with a well-tuned cosine decay learning rate sched-
uler with a 10k iterations warmup. Learning curves andHere, we brie y discussion the sensitivity of MetaOptimize
complexity overheads are shown respectively in Fig. 5 ando its meta-meta-parameters.

Table 1, showcasing the advantage of MetaOptimize algo- L - .
rithms (learning curve of DoG is not depicted due to its For the meta-stepsizein MetaOptimize, there is generally

; 3
relatively poor performance). Unlike CIFAR10, here the no need for tuning, and the default value: 10 ~ works

blockwise versions of MetaOptimize showed no improVe_.unlversally well in stationary supervised learning. All exper-

ment over the scalar versions. Refer to Appendix D foments in this section used this default value with no sweep-
further details. ing required. The rationale for this choice is that when using
Adam, Lion, or RMSProp for meta-updates, the absolute
changein per iteration is approximately O(1) ' 10 3.
Unless the current stepsizeis already near its optimal
For language model experiments, we used the TinyStoriegalue, most updates will consistently move toward the op-
dataset (Eldan & Li, 2023), a synthetic collection of brief timal . Within 1,000 steps, can change bp(1), nearly
stories designed for children aged 3 to 4. This dataset provesdoubling or halving = exp( ). Over 10,000 iterations,
effective for training and evaluating language models thatan adjust to stepsizes that &€ > 20, 000times larger
are signi cantly smaller than the current state-of-the-artor smaller, allowing ' 10 2 to ef ciently track optimal
and capable of crafting stories that are not only uent andstepsizes while minimizing unnecessary uctuations in
coherent but also diverse.

We trained ResNet-18 with batch-size 256 on ImageNe
(Deng et al., 2009). We compared MetaOptimize with

.5. Sensitivity analysis

7.4. Language modeling

Regarding the discount factor we used the =1 in all
We used the implementation in (Karpathy, 2024) for trainingstationary experiments and observed minimal sensitivity to

6
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Table 1.Per-iteration wall-clock-time and GPU-memory overhead (compared to AdamW).

Algorithm

ImageNet TinyStories

Time Space| Time  Space

AdamW ( xed stepsize)
DoG (lvgi et al., 2023)
gdtuo (Chandra et al., 2022)
mechanic (Cutkosky et al., 2024)
Prodigy (Mishchenko & Defazio, 2023
MetaOptimize (AdamW, Lion)

0% 0% | 0% 0%
+45%  1:4% | +268% 0%
+85%  64% | +150%  21%
+42% 88% | +9% 0%

) +42%  13% | +9% 0%
+44% 33% | +13% 0%

Figure 5.ImageNet learning curves.

Figure 6.TinyStories (language model) learning curves.

forvalues  0:999in a series of preliminary tests. How-

ever, performance begins to degrade with smaller values o

. In the non-stationary CIFAR100,= 0:999 performed
slightly better thari.

8. Related Works

ing rates via adaptations of classical line search (Rolinek
& Martius, 2018; Vaswani et al., 2019; Paquette & Schein-
berg, 2020; Kunstner et al., 2023) and Polyak step size
(Berrada et al., 2020; Loizou et al., 2021), stochastic prox-
imal methods (Asi & Duchi, 2019), stochastic quadratic
approximation (Schaul et al., 2013), hyper-gradient descent
(Baydin et al., 2017), nested hyper-gradient descent (Chan-
dra et al., 2022), distance to a solution adaptation (Ivgi et al.,
2023; Defazio & Mishchenko, 2023; Mishchenko & De-
fazio, 2023), and online convex learning (Cutkosky et al.,
2024). A limitation of most of these methods is their po-
tential underperformance when their meta-parameters are
not optimally con gured for speci ¢ problems (Ivgi et al.,
2023). Moreover, the primary focus of most of these meth-
ods is on minimizing immediate loss rather than considering
the long-term effects of step sizes on future loss.

Normalization techniques proposed over past few years,
such as AdaGrad (Duchi et al., 2011), RMSProp, and Adam
have signi cantly enhanced the training process. While
these algorithms show promise in the stationary problems,
these normalization techniques do not optimize effective
step sizes and are prone to have sub-optimal performance
especially in the continual learning settings (Degris et al.,
2024).

An early practical step-size optimization method was the
Incremental-Delta-Bar-Delta (IDBD) algorithm, introduced
in (Sutton, 1992), which aimed to optimize the step-size vec-
tor to minimize a speci ¢ form of quadratic loss functions
in a continual setting. This algorithm was later extended
for neural networks in (Xu et al., 2018; Donini et al., 2019),
and further adapted in (Mahmood et al., 2012; Javed, 2020;
Micaelli & Storkey, 2021) for different meta or base up-
(fates beyond SGD. However, the development of IDBD and
its extensions included some implicit assumptions, notably
overlooking the impact of step-size dynamics on the formu-
lation of step-size update rules. These extensions are, in
essence, special cases of the L-approximation within the
MetaOptimize framework. The current work extends the
IDBD research, signi cantly broadening the framework and

Automatic adaptation of step sizes, has been an importamistablishing a solid basis for the derivations. IDBD and its
research topic in the literature of stochastic optimizationextensions have been used in various machine learning tasks
Several works aimed to remove the manual tuning of learnincluding independent component analysis (Schraudolph &

7
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Giannakopoulos, 1999), human motion tracking (Kehl &Hessian: We con ned our experiments to Hessian-free
Van Gool, 2006), classi cation (Koop, 2007), and reinforce-methods for practicality, though Hessian-based algorithms
ment learning (Xu et al., 2018; Young et al., 2018; Javedcould offer superior performance. These methods, however,
et al., 2024). Refer to (Sutton, 2022) for a comprehensivdéace challenges requiring additional research. The Hessian
history of step-size optimization. matrix is notably noisy, impactingl+; multiplicatively,

Hypergradient Descent (HD) (Baydin et al., 2017) alda|O,[Snecessnatlng smoothing and clipping techniques. Addition-

learning rates using immediate loss gradients. MADAa”y' the Hessian approximates the loss landscape's curva-

(OzKara et al., 2024) extends HD by parameterizing a s actéjre but fails to account for non-differentiable curvatures,
N yp 9 @ SPaC§;ch as those from ReLU unit breakpoints, signi cant at

of optimizers and navigating it via hypergradient descentt'raining's end. From a computational perspective, devel-

Both focus on short-term effects, whereas MetaOptimize in- " . . i
: . oping low-complexity methods for approximate Hessian
troduces a discount factorto model long-term in uences,

generalizing HD as a special case when 0. matrix produ_cts, especi_ally for agjusting step-sizes at the
layer and weight levels, is essential.

A related line of work is gradient-based bilevel optimization,

initially introduced by (Bengio, 2000) and later expanded in

(Maclaurin et al., 2015; Pedregosa, 2016; Franceschi et a

2018; Gao et al., 2022). Recent advances, such as (L values of the meta-stepsize Eligibility traces in RL suffer

. S L rom a similar problem, to resolve which more-sophisticated
raine et al., 2020), enable the optimization of millions of
traces (e.g., Dutch traces) have been developed (see Chapter

hyperparameters. While bilevel optimization focuses on 1 of (Sutton & Barto, 2018)). Developing more accurate

tuning hyperparameters to minimize validation loss througrbackward approximations for meta-parameter optimization
repeated full training runs of the base algorithm, MetaOpti-

. . I . : -~ “can result in considerable improvements in performance and

mize diverges signi cantly. Designed for continual learning, -
e o -~ stability.

MetaOptimize optimizes meta-parameters on-the- y during
a single streaming run, without relying on validation loss Blockwise step-sizesWhile step sizes can vary much in
Instead, it minimizes online loss (or regret) directly, aligning granularity, our experiments focused on scalar and block-
with the continual learning framework where no validation wise step-sizes. While increasing the number of step sizes
or test sets exist, and data arrives sequentially. is anticipated to enhance performance, our experimental
ndings in Section 7 reveal that this improvement is not con-

Another relevant literature is learn to optimize (L20), which _. o S
. N . . __sistent across the MetaOptimize approximations evaluated.
aim to learn optimization strategies from data. Classica . e .

urther investigation is needed in future research.

L20 methods such as (Andrychowicz et al., 2016) train op-
timizers of ine and deploy them unchanged. Later works,Other approximations: We explored a limited set of
including (Metz et al., 2020; 2022), develop more effectiveMetaOptimize's possible approximations, leaving a com-
or scalable architectures, often using neural networks tprehensive analysis of various approximations for future
modulate optimizer behavior. While powerful, these methyesearch.

ods typically lack the ability to adapt online. In ContraSt’Other meta-parameters: Our study was limited to differen-

MetaOptimize updates its meta-parameters ContInLIOUSI?fable meta-parameters, not covering discrete ones like batch

during training, which is advantageous in nonstationary or . . . .
9 9. . 9 Y 9%ize or network layer count. We also did not investigate
continual learning scenarios.

several signi cant differentiable meta-parameters beyond
There is also a line of research on the so-called parametestep-sizes, deferring such exploration to future work.

free optimization that aims to remove the need for Step'SiZ%utomatic Differentiation: While certain versions of

tuning with almost no knowledge of the problem prOpemeSMetaOptimize, such as the L-Approximation, could be im-

Most of these methods are primarily designed for stochastic ; - J

S . . plemented using standard automatic differentiation software,
convex optimization (Luo & Schapire, 2015; Orabona &itsa licability to the general case of MetaOptimize remains
Pal, 2016), while more recent ones (Orabona & Tommasi P y g b

T . : . unclear. Unlike updates fav and (base and meta param-
2017; Iv_gl etal., 2023) were applied to _superwsed Iearnmgeters)’ theH matrix lacks an explicit incremental formula
tasks with small or moderate sample sizes.

that can be easily handled by automatic differentiation. For
L some versions of MetaOptimize, including the Hessian-free
9. Limitations and Future Works approximations used in our experiments, automatic differen-
Our work represents a step toward unlocking the potentia{l!at'on IS unnecessary, as ”?eta updates do not require .add"
S . ) ional differentiation. Exploring the scope and applicability
of meta-parameter optimization, with substantial room for S - . -
; . ; . of automatic differentiation across different MetaOptimize
further exploration, some of which we outline here: . . ) . L
instances is an interesting direction for future research.

More accurate traces: As discussed in Section 3, accuracy
Pf the backward approximatiqid) may degrade for larger
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Discount factor =1: Our backward formulation Advances in Neural Information Processing Syste3hs
(Eq. (14)) formally assumes < 1 due to a normaliza- 8214-8225, 2022.

tion factor used in the de nition of the surrogate gradi-
ent. For = 1, a simple workaround is to remove this
scaling factor, which makes the derivation fully valid and ' 2 X . .
consistent—matching our actual implementation and exper- d|scoyery Of_ qpt|m|zat|on algorithms. arxiv 2028cXiv
iments. That said, the case= 1 presents subtle theoretical preprint arXiv:2302.0667:2023.

differences, much like in reinforcement learning and dy-Ashok Cutkosky, Aaron Defazio, and Harsh Mehta. Me-
namic programming where additional centering is often chanic: A learning rate tuneAdvances in Neural Infor-
helpful. Adapting similar techniques for meta-optimization mation Processing Systen®6, 2024.

may yield bene ts and is a promising direction for future )
work. George E Dahl, Frank Schneider, Zachary Nado, Naman

Agarwal, Chandramouli Shama Sastry, Philipp Hennig,
| s Sourabh Medapati, Runa Eschenhagen, Priya Kasimbeg,
mpact Statement Daniel Suo, et al. Benchmarking neural network training

This paper presents work whose goal is to advance the eld @lgorithms.arXiv preprint arXiv:2306.071792023.

of Machine Learning. There are many potential societaljatthias De Lange, Rahaf Aljundi, Marc Masana, Sarah
consequences of our work, none which we feel must be Parisot, Xu Jia, Ale Leonardis, Gregory Slabaugh, and

X Chen, C Liang, D Huang, E Real, K Wang, Y Liu,
H Pham, X Dong, T Luong, CJ Hsieh, et al. Symbolic
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Appendices

A. Step-size Optimization for Different Choices of Base and Meta updates

In this appendix, we derivé; de ned in (9) for different choices of algorithms for base and meta updates, and propose
corresponding step-size optimization algorithms.

Consider the following partitions d;,
d fh d d d |
meta de Yis Y+l Yiaa .
G @y o e (7)

3
dXt+1 dX(+1 dX(+1
based_ef4 dy, dxy dhy 5.
Gt dhi+s1 dhisa dhisyg ' (18)
dy, dx¢ dhy

Then,
2 3
dyt+1 dyt+1 dyt+l " #
dy, dXxt dhy meta
G - dX1+1 dXt+1 dXt+1 - Gt . (19)
t dy, dxq dhy GFase ’

dhis1 dhisy dhisg
dy, dx¢ dhy

In the sequel, we study base and meta updates separately, bAtgseandAlg ., impact disjoint sets of blocks 6.
In particular, as we will see, the choice Al ,.,only affectsGP2while the choice 0Rlg ., 0nly affectsG™e®?

Notation conventions in all Appendices:For any vector, we denote byv] a diagonal matrix with diagonal entries
derived fromv. We denote by 4 ) the Jacobian of ; with respect to ;.

Before delving into computin@G3eandG{"*®for different base and meta algorithms, we further simplify these matrices.

A.1. Derivation of G™® for Different Meta Updates
We start by simplifyingG™®® and introducing some notations.

Note that the meta update has no dependence on internal varieptéghe base algorithm. As a result,

dyt+l
=0: 20
axe (20)
Then. hdy dy dy I hdy dy dy dy I hdy dy dy I
meta — 4+ + t+ — t+ + + 4+ — t+ + + .
G o= dytl d>t<t1 dml - dy,l d\;vtl d)tetl dhtl - dyll dvtvtl dttnl d (21)
where the third equality is due to (20). Let
rfo(we)? 0 0 0
0 rfo(we)T 0 0
def
L= 0 0 0 22)
0 0 0 rfo(wo)T
and recall thah, is a vectorization oH;. Then,
Her fo(we) = Lihy: (23)

We now proceed to derivation @M@ for different choices oAlg et
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A.1.1.Meta SGD

Here, we consider SGD for the meta update (8),

we= ¢ L Fi=  H{rf(wy); (24)
where is a scalar, called theneta step sizdn this casey, = . It then follows from (24) that
d d T d
-t = = HTrf = — Lihy = Ly 2
dh, dh, ¢ I fe(wy) dh, tNt ts (25)

where the second equality is due to (23). Consequently, from (21), we obtain

meta _ Ay dyin dyis
G ay,~ dw, O ~am .
|

—_ d t+1 d t+1 d t+1 2
- d , dw 0 dh; . ( 6)
h i
I Hir 2fy(wy) O Ly

where the last equality follows froif25) and simple differentiations ¢24). Here,r 2f,(w.) denotes the Hessian bf at
Wi.

A.1.2.Meta Adam

The meta update based on the Adam algorithm is as follows,

My = My + HtTr fr(we);
Visr = Vg + HtTrSft(wt) %
1 1
_ _ . 27
= S S 27)
m
th1 Tt &=
Vi

wherem ; is the momentum vectov, is the trace of squared surrogate-meta-gradient. Since Adam algorithm needs to keep
track of , m¢, andv, we have

2 3
t
yt:4 mt 5: (28)
Vi

Recall the following notation convention at the end of the Introduction section: fok anyl, and anyk-dimensional vector

v =[vy;::1; V], we denote the the corresponding diagonal matrijvly
2 3
V1 0
VS B (29)
0 Vg

13
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Consequently, from (21), we obtain

meta — dY1+1 dyt+1 dyt+1
Gt - dy, dw; 0 dh;
3
d t+1 d t+1 d t+1 d t+1 O d t+1
d dm dv, dw dh;
— dm (s dm 41 dmt+1 dm 41 O dm ¢4
- d t dm dv dw dhy
dvt+l dvt+l dvt+l | dvt+l dvt+l (30)
d dm;  dv; dwy dhy
2 h [ h i 3
| ¢ P= 5t I 0 0| O
g Vi t g
= Ty 2 m (s :
0 ! 0 HIr %f, 0| dqes £
T T, 2 dvis
0 0 | 2HIrf HIr 2 0] 4

where the last equality follows by calculating derivativeg2i). For the two remaining terms in the last columnGaf, we
have

da
dh,

dm s d T
= — H f =
dh, ah, Her fewo)

l—tht = L t- (31)
where the rst equality follows from the update of .+, in (27), and the second equality is due to (23). In the same vein,

dvisg

2
dht Ltht =2 Ltht

d
= 5 Hir fo(wy) ° = Lehy =2 Lehe Ly =2 H 1 fi(wy) Ly; (32)
t

a4 a4
dht dht

where the rst equality follows from the update vf.; in (27), the second equality is due (83), and the last equality is
again from (23).

Plugging (31) and (32) into (30), we obtain

2 h i h i 3
o § | i aliv 0 0 0
meta — t t .
G™=4 o ! 0 HYr 2f, 0 L5 (33)
0 0 | 2H;rr fi H;rr 2f’[ 0 2H;r|' ft Ly

A.1.3.Meta Lion

The meta update based on the lion algorithm is as follows

Mg = mMe+(1 )'{ Fo (34)
1= ¢ Signem+@ ol F,; (35)

where is a scalar, called theeta step sizeand ;¢ 2 [0; 1). Note that the meta algorithm operates on a low dimensional
space. Therefore, we drop the regularizers like weight-decay in the meta updates, as they are primarily aimed to resolve
the over tting problem in high dimensional problems. Substitutr{ngFt with H{ r f{(w;) we obtain the following meta

updates

M = me+ (L YHT fe(wy); (36)
1= ¢ Signcmy+(@ OH[r fi(wy) : (37)
In this case,
Yt m,
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and
hd d d I
meta — Yi+1 Yis1 Yi+1
Gt - dy, dwy 0 dhy
3
d 1 d g d g d (a
-4 d dm;, dw, dht g
B dmiyi dmyiyy dmysg dm ¢4+ 38
d dm dwq 0 dhy ( )

I 0 0 O 0

dmiyr dmyisyy dmygsg 0 dm ¢+ !
d dm ¢ dw dhy

where the last equality follows from (37). Consider the following block representatiwn of

B+

Yt = th

(39)

Since the base algorithm, does not takeas input, as we will see i#1) and(42) of next subsection (Appendix A.Z%“m%*‘1

is the only non-zero block d&; in its column of blocks (i.e.f’dsr;ﬁ = 0 for every variables other tharm ). Consequently,

it follows from (14) thatY,™ as de ned in(39), has no impact on the updateXf.; , Bi+1 , andQi.1 . Therefore, we can
zero-out the rows and columns Gf*®that correspond to derivative of . As such we obtain the following equivalent of
G™Metain (38) from an algorithmic perspective:

o
Gpew MM 40
t 0 0 (40)

As aresult, we geBB; = | for all timest.

A.2. Derivation of G2s¢for Different Base Updates
We now turn our focus to computation P3¢, Let us start by simplifyings°2%¢ and introducing some notations.

Note that the base update has no dependence on internal vangldéthe meta update. As a result,

dx
"L =0: (41)
dy
Moreover, it follows from the de nition oH; in (7) that
dHt+1 - (l )Xt t i th+1 - (l )xl t d th+1 — (l )Xt t i (0) =0:
dy t=0 dy, d =0 d dy 120 d
where the third equality follows from (41). Therefore,
dhin
=0: (42)
dy
Note also thaflg,,..does not takéd; as input, and therefore,
dXt+1
=0: 43
dht ( )
Consequently, we can simplifgP3eas follows,
3 2 3 2 3
dXt+1 dXie1  dXgsn dXi+1 dXt+1 dXpe1 dXis1 d X1 0 dXte1
Gbase: 4 dy, dX¢ dhy 5_4 d dy, d X dhy 5_4 d dX¢ 5. (44)
t dhisas dhys dhys dhisai dhia dhia dhia dhea g dhis dhia
dy, “dx; dhy d . “dy, “dx; dh; d dx; dhy
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where the last equality is due to (41), (42), and (43).

On an independent note, consider the following block representatign of

1
Y, = B I ,
i
Therefore,
Yer@ o) Bt
t 0 - ‘Yst
It then follows from (19) and (14) that
2 3
Bt
Xt+1 — baseg Yt
= G
Qt+1 t Xt
Qt
Moreover, from the de nition ofY; in (11), we have
B @ v d_y )00 d d gy
dXt dX[ -0 d -0 d dXt
X X
dB‘:(l i ¢ d t=(1 ) t d & =(1
d d,_, d o 4 dy
B X X
L D P D ML -
dhy dhy d _ d dh
=0 =0
Finally, recall the de nition
d
Q det 0t
()=
t d ;
as the Jacobian of; with respect to ;.
We now proceed to derivation @P3*for different choices oAlg,ce
A.3. Base SGD
Base SGD algorithm makes the following base update in each iteration:
Wi = Wi tr fe(wy):
In this casex; = w{ andX; = H;. Then,GPasein (44) can be simplied to
3
dXt+1 0 dXt+1
Ghase— 4 d dxt
t dh1+1 0 dht+1 dht+1
d ., dx; dhg
B 4 d;"t:l O d(;Nv:,:l
T dhya 0 9hin dhea
R dw, dhy
[rfe(wa)] ) 0 1 [ fdr 2fe(wy)
= dhiy 0 dhiy
d dw

where the last equality follows by computing simple derivativew of; in (49).

16

(45)

(46)

(47)

(48)

(49)

(50)



MetaOptimize

We proceed to compute the three remaining entrie@{’éfe, i.e.,dhiys=d ,dhis1 =dwy, andd h+1 =d h;. Note that by
plugging the rst row ofGP3¢ given in (50), into (46), and noting thit, = X, we obtain

Hir = 1 [ fe(wy) Hy Ir fewo)l A ) By (51)

forallt 0. By vectorizing both sides of (51) we obtain
2 3
[ 2 HY g 9B

I [ Jr2fe WP [rf] A )B&A
ht+1 = ' . (52)

L[ odr2fe ™ ] o )BM

Note that for any pair of same-size vectarandb, we havea]b = [ b] a where[a] and[b] are diagonal matrices af and
b, respectively. Therefore, (52) can be equivalently written in the following form

2
| [ oJr 2f HM o )BM rf,
hitsp = E %: (53)

I [ oJr 2t HIM o yB™ rt

By taking the derivative of (52) with respectitq, we obtain

5 3
b [ “fu(we) 0 0 0
0 | [ t] r zft(Wt) 0 0
ddhrt]ﬂ _ . (54)
t 0 0 : 0
0 0 0 L[] #o(wy)
In the above equation, note thdB;=d h; = 0 due to(47). Let ([i] andw[j ] denote theth andj th entries of , andw;,
fori =1;:::;mandj =1;:::;n, respectively. It then follows from (52) and (47) that
2h | [1 @ ypll h | 1 @° ) pli °
a1 AHE + I f G By gy T AR HS + [ f] BT B
dhe _ : ; é (55)
d - ' ! — ' ' £
dy PR I G B | gty AR I G B

where-@ stands for the entry-wise partial derivative of a matrix with respect to a scalar varialsiehe same vein(53)
and (47) imply that 5 3

[ ] d(r 2f(w)HE

]
dwy Loy B r 2ft(Wt)§

(56)

9

2 [m]
[ ) o ) B 1 2 (wy)
Finally, GP2¢is obtained by plugging (54), (55), and (56) into (50).
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In the special case that is a scalar(equivalentlym = 1), and furthermore = () = e , matrix GP®®would be
simplied to
1 h{r 2f(wy) rfo(we)T
Gyoee etk E rfo(we) I 2w 0
f 2 (wohe  Be 1 fi(wo) GH@In) gy r2yw) 1T 2w

A.3.1.Base AdamW

The base update according to the AdamW algorithm (Loizou et al., 2021) is as follows,

Mg = My + 1 fe(wy);
Visr = Ve + I ft(Wt)z;
r
_ 1 _ 1 (57)
t = = 1 T
m )
Wi+ = Wt t tpiv* tWt;
t

wherem ; is the momentum vectov, is the trace of gradient square used for normalization, &nd0 is a weight-decay
parameter. Therefore the base algorithm needs to keep track of;; v, i.e.,

2 3
Wi
Xt = 4 m 5: (58)
Vi
It then follows from (44) that
dx d 3
t+1 O Xt+1 O
Gbase— 4 d Sdxp
t dhm 0 dhia dhia
d | dx¢ dhy
2
dW‘+1 dwie dwis dwis 0
dw dm dv¢
dm1+1 dm (41 dm (41 dm 41 0
_ dw dm dv
- dV(+1 dVis dVis dvis 0
dw, dm;, dv, (59)
dht+1 dhis dhisr dhis dha
dw; dm dvy dhy
2 h I h i h i 3
t éﬂ\,%"' we ) Of | [ s i 0
_ 0 0 r2f, | 0 0
= 0 0| 2[r fi]r 2f, 0 | 0
dhis 0 dhiy dhis dhis dhis
d t dw dm dvi dhy

where the last equality follows from simple derivative computations in (57).

We proceed to compute the terms in the last row of@Gi&eabove. Consider the following block representatioiXef

2 3
H¢
Xy =4 X" S, (60)
Xtv
Plugging the rst row ofGP2s¢ given in (59), into (46), implies that
hmt i h : i th tmti
Hiv = t p=—+ Wy Y OBy + | [ ] H ¢ p—= XM+ o e X (61)
Vi Vi 2 Vv

t
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forallt 0. Note that for any pair of same-size vectarandb, we havela]b = [b]a where[a] and[b] are diagonal
matrices ofa andb, respectrvely Therefore, théh column in the matrix equation (61) can be equivalently written as

[i] h [I m+ h m [i]i h
Hie = t A OBy ﬁf"’ we + | [ Ht t Xy p— +

t tM
Vi 2

i
X! S (62

WhereBt[i], HP], X" i andXt"[i] stand for thath columns ofB¢, H¢, X{", andX}', respectively. Following similar
arguments as in (47), it is easy to show that

dX{" _ dXy _ .
d . d.
dX{" _dXy _ .
dw; dw; '
axm dXy
dmt - dmt =0 (63)
ax™ dXy
th - th o
X _dxy _ .
dhy dhy '

Note thath; is annm-dimensional vector derived from stacking the column#lef Therefore, we consider a block

representation dfi; consisting ofm blocks, each of which corresponds to a columief By taking the derivative of61)
with respect tdh, and using (63), we obtain

2 3
0 | [ ] 0 0
E ; -
' 0 0 0
° 0 ol 14
Let ([i] andw;[j]denote theth andj th entries of ; andwy, fori =1;:::;mandj =1;:::;n, respectively. Note that
dhea=d  is a block matrix, in the form ofam  m array ofn  1blocks, ‘”“*1 i:j 1% %Hlﬂll forij =11 it
then follows from (61) and (63) that, farj =1;:::; m,
dhia il dH{Ll
d .~ t[]] . )
: i
@A) i d (il
- tw = B+ L H (65)
thkh '@l Co dan T
1Md . fil dm'd v
—_— " X + — - - X :
CPT d 2 VIS5 d ]

where stands for the entry-wise partial derivative of a matrix with respect to a scalar variable
In the same vein, it follows from (62) and (63) that

2 h
)B[l]
d ht+]_ _ .

)BJ‘”
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2 h o o e °
2vl® P
dhisr
= : 67
dm, g : (67)
Coxyml o e[mY
2Vt1:5 T‘W
2 h ih 1 m [1 3mx””i3
V‘ll:s 0( t)Bt[] me+ (X [1] %
dh
t+l .t : (68)
th 2 h HIN H
L] T [m] m[m] 3 [m[XV[m]IO
V111’5 A 0B me+ (X v
Finally, GP2¢is obtained by plugging (64), (65), (66), (67), and (68) into (59).
A.3.2.Base Lion
The lion algorithm, when used for base update, is as follows
Mg = me+(1 )1 fe(wy); (69)
Wil = Wy ¢ Sign cm¢+ (1 or fy tWt; (70)

wherem, is called the momentum,> 0 is the weight-decay parameterc 2 [0; 1) are constants, andlign() is a
function that computes entry-wise sign of a vector. Let

Wt
Xt = 71
= (71)
It then follows from (44) that
3
dXi+1 dXt+1 0
Gbase= 4 d dxi
t dhia 0 dhiy dhia
d dx. dh;
2 3
dW1+1 dWHl dwyisg 0
d t dw dm
_ dm1+1 dm1+1 dm1+1
=9 . 0w amo O (72)
dht+1 0 dht+1 dht+1 dht+1
d dw dm dhy
Sign cmi+(1 orfy + wy ) 01 [ O 0
_ dmn dm s dm s
- i 0 dw; dm 0
dhis 0 dhys dhiy dhiy
d dw dm dhy

where the second equality is due(tl) and the last equality follows froif¥0). Consider the following block representation
of Xi,

Xe= (73)
Plugging the rst row ofGP2¢ given in (72), into (46), implies that
Hiva = Sign cm+(1  orfi + w¢ A OB+ | [« H: (74)
For simplicity of notation, we de ne the diagonal mat®x as
&t Signcmi+(1 or fy + wy: (75)
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Then, 2 3
S A 9B+ 1 [ HY
ht+1 - g % (76)
S A oBM™M+ 1 [ H™
It follows that dh
t+1 _ A.
and 2 3
el A o) Bt[l] len] X t)Btm
dhiyg
e A 0BM™  |lea] A B™
wheree; is theith unit vector (i.e., am-dimensional vector whosh entry is1 and all other entries are zero). Lafi] and
H{'] be theith entry of , andith column ofH¢, respectively, for = 1;:::; ;m. Then,
2 d ! [1] @ ( ) plil h d ! (1] @°% )Rl
1[‘1] H + S gt B 7 am HO * St g m B
his
d 4l _ E : %; (79)
h }
m] @ °( ) glm] d . [m] @° ) gim®
* St g B g am He  + Stgimr B
and 2 3
| [ ] 0 0 0
0 I [ ] 0 0
his
d g = ; (80)
t 0 0 ' 0
0 0 0 I [ ;

It follows from (21), (72), and(77) that in theG; matrix, d(;”n;” is the only non-zero block in its corresponding column of
blocks. Consequently, it follows froifi4) thatX ™, as de ned in(73), has no impact on the updateldf., , Y;+1 , and
Q-1 . Therefore, the rows and columns@FP2€that correspond to derivative of can be completely removed fro@P2se

By removing these rows and columns fr@h, the matrix update (14) simpli es to

2
2 3 ddytﬂ dyia  dyes o 02 3 2 | 31
Yie1 2 4 3 dw dhy A 0
4 Hyy 5= Signcm¢+(1 orfy 9 ) o5 | [ O 4 H S+(1 )§ 0 éﬁ
Qt+1 dhiy 0 dhi dhea Qt
d dw dhy 0
(81)

wheredhs1 =d |, dh+1 =dw¢, andd h+; =d h; are given in(79), (78), and(80), respectively; and the blocks in the rst
row depend on the meta update.

B. Exiting Step-size Optimization Algorithms as Special Cases of MetaOptimize

In this appendix we show that some of the existing step-size optimization algorithms are special cases of the MetaOptimize
framework. In particular, we rst consider the IDBD algorithm (Sutton, 1992) and its extension (Xu et al., 2018), and then
discuss about the HyperGradient algorithm (Baydin et al., 2017).
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B.1. IDBD and lts Extensions

(Sutton, 1992) proposed the IDBD algorithm for step-size optimization of a class of quadratic loss functions. In particular, it
considers loss functions of the form

fo(wy) = % alw, h ’ (82)
for a given sequence of feature vectarsand target valuek, fort = 1;2;:::. Moreover, Sutton (1992) assumes
weight-wise step sizes, in which casghas the same dimensionas. The update rule of IDBD is as follows:

g (@lwe h)ag; (83)
t+1 t ht gs (84)
t+1 EXP 41 s (85)

W1 Wi t+1 O, (86)
] 1 a2’ h t+1 O¢; (87)

where( )* clips the entries at zero to make them non-negative, aimed to improve stability.dilésehe gradient of ; (w+)
anda? in the last line is a vector that contains diagonal entries of the Hessfan Bhe updated values of andw would
remain unchanged, if instead of the vediqr we use a diagonal matrit; and replace (84) and (87) by

t+1 t Hi g

(88)
Hi+1 1 wa? TH [ t+1 Ol

Note that a? is a matrix that is obtained from zeroing-out all non-diagonal entries of the Hessian méftyixibis easy to

see that the above formulation of IDBD, equals the L-approximation of MetaOptimize framework when we use SGD for
both base and meta updates, and further use a diagonal approximation of the Hessian matrix along with a recti er in the
update oH,.

An extension of IDBD beyond quadratic case has been derived in (Xu et al., 2018). Similar to IDBD, they also consider
weight-wise step sizes, i.en = n. The update of step sizes in this method is as follows:

t+1 t H{r fi(wy)
t+1 exp( t+1);
Wi+l Wi o1 I Fe(we);
Hi+1 I [ eeadr 2fe(wy) Hy g+ T Fe(wy) -

Similar to IDBD, it is straightforward to check that the above set of updates is equivalent to the L-approximation of

MetaOptimize framework that uses SGD for both base and meta updates, except for the fact that the above algorithm uses
t+1 INn W4 andH,; updates whereas MetaOptimize uses This however has no considerable impact singevaries

slowly.

B.2. Hyper-gradient Descent

HyperGradient descent was proposed in (Baydin et al., 2017) as a step-size optimization method. It considers scalar step
size with straightforward extensions to weight-wise step sizes, and at each tipaates the step size in a direction to
minimize the immediate next loss function. In particular, they propose the following additive update for step sizes, that can
wrap around an arbitrary base update:

t= tln 1
df(w dw (89)
t+Hl =t dfe(w) =t rfo(we)’ —:
d t 1 d t 1
The last update can be equivalently written as
t+1 =t HtT r fe(wy);
90
Hi+1 =0 H t"‘d(\;VHlZ ( )
t
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The step-size update in (90) can be perceived as a special case of MetaOptimize in two different ways. First, as a
MetaOptimize algorithm that uses SGD as its meta update and approximate the Gy matrix in (9) by zeroing out all of its
blocks except for the top two blocks in the first column. From another perspective, the additive HyperGradient descent in
(90) is also equivalent to a MetaOptimize algorithm that uses SGD as its meta update and sets = 0. Note that setting
equal to zero would eliminate the dependence of H¢+1 on X and Qg, as can be verified from (14). This would also render
the updates ignorant about the long-term impact of step size on future losses.

C. Experiment Details

In the appendix, we describe the details of experiments performed throughout the paper. In our experiments on CIFAR10,
non-stationary CIFAR100, and ImageNet dataset, we used a machine with four Intel Xeon Gold 5120 Skylake @ 2.2GHz
CPUs and a single NVIDIA V100 Volta (16GB HBM2 memory) GPU. For TinyStories dataset, we used a machine with
four AMD Milan 7413 @ 2.65 GHz 128M cache L3 CPUs and a single NVIDIA A100SXM4 (40 GB memory) GPU. In all
experiments, the meta step size is set to 10 3. The meta-parameters used in the considered optimization algorithm for
CIFAR10, non-stationary CIFAR100, ImageNet, and TinyStories are given in Table 2, Table 4, and Table 5, respectively.
In the experiments, we performed a grid search for ; 2 f0:9;0:99;0:999g, ; 2 f0:99;0:999¢, and c;c 2 10:9;0:99¢.
Regarding baselines with fixed step sizes, we did a grid search for the learning rate in the set f10 °;10 4;10 3,10 2;10 1g.
We set equal to one in all experiments. Moreover, in ImageNet (respectively TinyStories) dataset, for AdamW with the
learning rate scheduler, we considered a cosine decay with 10k (respectively 1k) steps warmup (according to extensive
experimental studies in (Chen et al., 2023) (respectively (Karpathy, 2024))) and did a grid search for the maximum learning
rate in the set £10 °:10 4;10 3g.

Regarding other baseline algorithms, for DoG, although it is a parameter-free algorithm, its performance is still sensitive
to the initial step movement. We did a grid search for the initial step movement in the set ¥10 °;10 ;10 7;10 ®gand
reported the performance for the best value. In all experiments of DoG, we considered the polynomial decay averaging. For
Prodigy, we used the default values of parameters as suggested by the authors in github repository. For gdtuo, we considered
the following (base, meta) combinations: (RMSprop, Adam), (Adam, Adam), and (SGD with momentum, Adam) and chose
the best combination. For mechanic, we did experiments for the base updates of SGDm, Lion, and Adam and considered the
best update. In order to have a fair comparison, in mechanic and gdtuo, we used the same initial step size as MetaOptimize.

Regarding the complexity overheads reported in Table 1, for AdamW with fixed step-size we used the Pytroch implementation
of AdamW. For all other baselines, we used the implementation from the Github repository provided along with (and
cited in) the corresponding paper. For MetaOptimize, we used the implementation in (Anonymous, 2024). Note that
the implementation of MetaOptimize in (Anonymous, 2024) is not optimized for time or space efficiency, and smaller
complexity overheads might be achieved with more efficient codes. For each algorithm, the wall-clock time overhead and
GPU space overhead are computed by (Talg  Tadamw)=T Adamw and Bg‘gg‘mW:BE@X 1, respectively; where Talg
and T agamw are per-iteration runtimes of the algorithm and AdamW, and Bm%x and B{3X v are the maximum batch-sizes

that did not cause GPU-memory outage for the algorithm and AdamW.

Base Update | Meta Update (if any) c c 0
Fixed step size 0.9 | 0.999 | 0.1 - - - - 10 ° - 1
AdamW Adam, Scalar 0.9 | 0.999 | 0.1 - 0.9 | 0.999 - 1051710 311
Adam, Blockwise 0.9 | 0.999 | 0.1 - 0.9 | 0.999 - 1051710 311
Fixed step size 0.99 - 0109 - - - 10 % - 1
Lion Lion, Scalar 0.99 - 011091099 - 09l10°[10 31
Lion, Blockwise 0.99 - 0.1 |1 09 | 0.99 - 0910°% 1031
Fixed step size - 10999 [ 01 ] - - - - [10°® - 1
RMSprop Adam, Scalar - 1099 01| - [09 099 - 110°[10°3]1
Adam, Blockwise - 0.999 | 0.1 - 0.9 | 0.999 - 1051710 311
Fixed step size 0.9 - 0.1 - - - - [ 103 - 1
SGDm Adam, Scalar 0.9 - 0.1 - - - - 10 110 31
Adam, Blockwise 0.9 - 0.1 - - - - 110%]10 31

Table 2. The values of meta-parameters used in CIFAR10 dataset.
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Base Update | Meta Update (if any) 0
Fixed step size 09 ]099 [ 0.1 ] - - 10 4 - -
AdamW Adam, Scalar 0.910999 [ 011097099 [10 *# |10 31 0.999
Adam, Blockwise 0910999 [011]09]099 |10 %10 31 0.999

Table 3. The values of meta-parameters used in non-stationary CIFAR100 experiment.

Base Update Meta Update c c 0

Fixed stepsize | 0.9 | 0.999 | 0.1 | - - - - [10°% - 1

AdamW Lion, Scalar 09 | 0999 | 0.1 - 099 -]09]10°]10 31
Lion, Blockwise | 0.9 | 0.999 | 0.1 - 099 [ -[09]10°% 10 3|1

Fixed step size | 0.99 - 01(09] - [-] - ]10° - 1

Lion Lion, Scalar 0.99 - 01]09]099 ] -]709[10° 1031
Lion, Blockwise | 0.99 - 0110909 -]09[10°% |10 31

SGDm Lion, Scalar 0.9 - 0.1] 09 - - - J1w°%]10°% 1

Table 4. The values of meta-parameters used in ImageNet dataset.

D. Further Experimental Results

Continual CIFAR100 experiment: In Figure 3, we plotted the average top-1 accuracy—averaged over all past training
times. This metric is used in continual learning mainly because it summarizes algorithmic performance across multiple
tasks, avoiding difficult/misleading interpretations from task-specific accuracy variations. Here, we also include the accuracy
curves to reveal such variations. Figure 7 depicts test accuracy at the end of each task.

Moreover, Fig.8 presents block-wise step sizes similar to those in Fig.4, but displayed in separate subfigures for each block
to enhance the visibility of step-size ranges. Note that step size of both blocks start at 10 4.
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Figure 7. Top 1 test accuracy of each task in the non-stationary CIFAR100 experiment, computed at the end of the task.

ImageNet dataset: In Figure 9, we depict the train accuracy (top 1) and test accuracy (top 1) of the considered algorithms in
ImageNet dataset. As can be seen, in the train accuracy (top 1), MetaOptimize (SGDm, Lion) and MetaOptimize (AdamW,
Lion) have the best performance. Moreover, in the test accuracy (topl), these two combinations of MetaOptimze outperform
other hyperparameter optimization methods and only AdamW with a handcrafted learning rate scheduler has a slightly
better performance at the end of the training process.

Figure 10 shows the results for the blockwise version of MetaOptimize for two combinations of (AdamW, Lion) and (Lion,
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Base Update | Meta Update (if any) c c 0
Fixed stepsize 0.9 | 0.999 | 0.1 - - - - 10 ° - 1
AdamW 6 3
Adam, Scalar 0.9 | 0999 | 0.1 - 0.9 | 0999 | - 10 10 1
Fixed stepsize 0.99 - 0.1 09 - - - 107 - 1
Lion Lion, Scalar 0.99 - 0.1 1097099 - 09]10°%]10 31
Table 5. The values of meta-parameters used in TinyStories dataset.
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Figure 8. Blockwise stepsizes learned by MetaOptimize (AdamW,Adam) on non-stationary CIFAR100. Note that the scale of the
y-axis for the two curves differ by an order of magnitude. Step-sizes of both blocks are initialized at o = 10 4.

Lion). As can be seen, they showed no improvement over the scalar version.

TinyStories experiment: In Figure 11, we provide the test loss of considered algorithms for the TinyStories datasets. As
can be seen, the learning curves have the same trends as the training loss in Figure 6.
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