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Abstract

Recently, there has been a surge in interest in developing optimization algorithms for overparame-
terized models, as achieving generalization is believed to require algorithms with suitable biases.
This interest centers on minimizing sharpness of the original loss function; the Sharpness-Aware
Minimization (SAM) algorithm has proven effective. However, existing literature focuses on only a
few sharpness measures (such as the maximum eigenvalue/trace of the training loss Hessian), which
may not necessarily yield meaningful insights for non-convex optimization scenarios (e.g., neural
networks). Moreover, many sharpness measures show sensitivity to parameter invariances in neural
networks, e.g., they magnify significantly under rescaling parameters. Hence, here we introduce a
new class of sharpness measures leading to sharpness-aware objective functions. We prove that these
measures are universally expressive, allowing any function of the training loss Hessian matrix to
be represented by choosing appropriate hyperparameters. Furthermore, we show that the proposed
objective functions explicitly bias towards minimizing their corresponding sharpness measures.
Finally, as an example of our proposed general framework, we present Frob-SAM and Det-SAM,
which are specifically designed to minimize the Frobenius norm and the determinant of the Hessian
of the training loss, respectively. We also demonstrate the advantages of our general framework
through an extensive series of experiments.

1. Introduction

Understanding the generalization capabilities of overparameterized networks is a fundamental yet
unsolved challenge in deep learning. It is postulated that achieving near-zero training loss alone
may be insufficient as there exist many instances where global minima fail to exhibit satisfactory
generalization performance. To this end, a dominant observation asserts that the characteristics of
the loss landscape play a pivotal role in determining which parameters have low training loss while
also exhibiting generalization capabilities. A recently proposed approach to consider the geometric
aspects of the loss landscape, with the aim of achieving generalization, entails the avoidance of sharp
minima. For example, the celebrated Sharpness-Aware Minimization (SAM) algorithm has shown
enhancements in generalization across many practical tasks [18]. While the concept of sharpness
lacks a precise definition in a general sense, people often introduce various measures to quantify
it in practice [16]. Many sharpness measures in the literature rely on the second-order derivative
characteristics of the training loss function, such as the trace or the operator norm of Hessian [13, 29].
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Nevertheless, traditional methodologies for quantifying sharpness may not suffice to ensure
generalization, given the intricate geometry of the loss landscape, which may necessitate different
regularization techniques. Moreover, many existing sharpness measures, e.g., trace of Hessian, fail to
encapsulate the genuine essence of sharpness in deep neural networks because the Hessian matrix
no longer maintains positive semi-definiteness. Furthermore, neural networks exhibit parameter
invariances, wherein different parameterizations can yield identical functions — such as scaling
invariances in ReLLU networks. Consequently, an effective measure of sharpness should remain
invariant in the face of such parameter variations. Unfortunately, conventional approaches for
quantifying sharpness frequently fall short in addressing this phenomenon. In Appendix C, we argue
with illustrative examples why existing sharpness measures above fail to define a meaningful notion
for overparameterized models.

Therefore, a fundamental question is: how can one succinctly represent all measures of sharpness
within a parameterized framework that also enables meaningful applications to overparameterized
models with parameter invariances? This question holds significance in applications as it allows
learning/designing the regularization in cases where information about the geometry of the loss
landscape or parameter invariances is provided, either empirically or through assumption. To
the best of our knowledge, this question has remained fairly unexplored in the deep learning
literature. In this paper, we characterize all sharpness measures (i.e., functions of the Hessian of the
training loss) through an average-based parameterized representation. We prove that by changing the
(hyper)parameters, the provided representation spans all the sharpness measures as a function of the
Hessian matrix. In other words, it is provably a universal representation. We also provide quantitative
results on the complexity of the sharpness representation as a function of the data dimension.

Moreover, attached to any representation of sharpness, we provide a new zeroth-order loss
function, and we prove that the new loss function is biased toward minimizing its corresponding
sharpness measure. Since the parameterized representation reduces to SAM (i.e., worst-direction)
and average-direction sharpness measures [53] in special cases, it can be considered as a generalized
(hyper)parameterized sharpness-aware minimization algorithm. This generalizes the recent study of
the explicit bias of a few sharpness-aware minimization algorithms [53] to a comprehensive class of
objectives. Furthermore, this allows us to readily design algorithms with any bias of interest, while to
the best of our knowledge, only algorithms with biases towards minimizing the trace, operator norm
of the Hessian matrix, and a few other sharpness measures are known in the literature. As instances
of our proposed general algorithm, we present Frob-SAM and Det-SAM, two new sharpness-aware
minimization algorithms that are specifically designed to minimize the Frobenius norm and the
determinant of the Hessian of the training loss function, respectively.

In short, in this paper we make the following contributions:

e We propose a new class of sharpness measures, as function of the training loss Hessian. We
prove that the new representation is universally expressive, meaning that it covers all sharpness
measures of the Hessian as its (hyper)parameters change.

o Along with each sharpness measure we provide an optimization objective and prove that the new
objective is explicitly biased toward minimizing the corresponding sharpness measure.

e We introduce two fundamental illustrative examples of our proposed general representation and
the corresponding algorithms: Frob-SAM and Det-SAM. Frob-SAM is geared towards minimizing
the Frobenius norm of the Hessian matrix, providing a meaningful and natural solution to the
definition problem of sharpness for non-convex optimization problems. Conversely, Det-SAM is
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focused on minimizing the determinant! of Hessian, addressing scale-invariant issues related to
parameterization.

2. A New Class of Sharpness Measures and Algorithms

To define a new class of sharpness measures, we take a closer look at the average-based sharpness-
aware loss Layg(x) that is defined as a function of the training loss L (z) at parameters R%; using its
Taylor expansion [53], we have’
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This intuitively tells us that for a small perturbation parameter p, the leading term in the objective
function is the training loss L(x), and after we get close to the zero-loss manifold I', the leading
term becomes % tr(V2L(z)), which is exactly the explicit bias of the average-based sharpness-aware
minimization objective [53]. This motivates us to define the following parameterized sharpness
measure, as a function of the second-order Taylor expansion of the training loss. For the full definition,
see Appendix D.

Definition 1 ((¢, ¢, ;1)-sharpness measure) For any continuous functions ¢, : R — R and any
(Borel) measure 11 on R, the (¢, 1), p)-sharpness measure S(x; ¢, 1), 1) is defined as

S(asovton) = o( [ 0(G0' VL@ (o). n

In Appendix D, we extend this definition to having multi-dimensional functions ¢, ¢ (instead of
being one-dimensional). We specify several examples of hyperparameters (¢, 1, pt) in Table 1, which
shows how (¢, 1, 1)-sharpness measures can represent various notions of sharpness, as a function of
the training loss Hessian matrix.

Table 1: Various (¢, ¢, u)-sharpness measures (Appendix D; A;, ¢ € [d], are eigenvalues of Hessian).

Hyperparameters
¢(t) P (t) moop S(x; 6,1, ) (or bias)
t t 1 Uniform(S*1) Ltr(V2L(2) = &5 S0 A
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(2m)?/t2  exp(—t) 1  Lebesgue measure on R?  det(VZL(x)) = [[\oy Ai
1/t exp(ot) 1 N(0,1,) T, (1= o)

Expressive Power and Universality. By changing the hyperparameters, what functions of Hessian
of training loss can be represented? In the paper, we show that our framework is universal, meaning
that any function of Hessian of training loss is achievable by choosing appropriate ¢, v, and p.

Theorem 2 (Universality, informal, see Appendix E for more details) For any continuous func-
tion of Hessian of training loss such as S(V2L(x)), there exists continuous functions ¢, and a

probability measure i such that S(V2L(z)) = S(x; ¢, 1, ).

1. To be more precise, the product of non-zero eigenvalues.
2. For more details, please see Appendix B
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New Algorithms and Explicit Biases. Given the universality of the framework, the next question
is how to build algorithms that (explicitly) minimize S(x; ¢, ), 1) along with the training loss
function? Note that minimizing S(z; ¢, v, 1) (and even explicitly computing it) is impossible
because it involves computing the Hessian of loss function that is expensive. We need to have
an approximation of S(x; ¢, 1, ) that is easy to minimize, meaning that it only depends on the
zeroth-order information about the loss function. We achieve this via Taylor series in Appendix H
and we derived Algorithm 2. Moreover, we prove that this zeroth-order approximation allows being
explicitly biased towards minimizing S(x; ¢, v, 1) along with the training loss.

Theorem 3 (Explicit bias, informal, see Appendix F for more details) Minimizing the zeroth-order
approximation of S(x; ¢, 1, ) given in Definition 8 corresponds to a sharpness-aware minimization
algorithm that is explicitly biased towards minimizing the sharpness measure S(x; ¢, ), ) over the
zero-loss manifold.

Parameter Invariances. We showed that the proposed framework is able to represent any function
of Hessian of training loss, and it can also achieve any desired bias via a zeroth-order loss function.
The next question is how to achieve sharpness measures that are invariant with respect to some
arbitrary group actions (i.e., symmetries) on the parameter space? In other words, if we have
L(g.x) = L(z) for all parameters x and all group transformations g € G, then when we have
S(g.x; ¢, 0, p) = S(x; 0,1, 1)? It turns out that the structure of the proposed framework allows an
easy answer to this question.

Theorem 4 (Parameter invariance, informal, see Appendix G for more details) If the measure
w is G-invariant, then the sharpness measure S(x; ¢, ), 1) is also G-invariant.

3. Frobenius-SAM and Determinant-SAM

Now we can replace the specific hyperparameters in Table 1 to obtain sharpness-aware minimization
algorithms that are explicitly biased towards minimizing the Frobenius norm or the determinant of
the Hessian of the training loss function. In particular, for Frobenius norm, after replacing specific
functions in Table 1 in Algorithm 2, we obtain the Frob-SAM algorithm (Algorithm 3; see also
Appendix N for full details). Achieving Det-SAM is also similar, but the only difficulty is that it
involves computing an integral with respect to the Lebesgue measure which can be challenging
(Table 1). To address this issue, we instead sample a point from the hypercube [—t,]? for a
hyperparameter ¢ € R to approximate the Lebesgue measure.

4. Experiments

The goal of our experiments is twofold. Firstly, we show that minimization of the sharpness-
aware loss has the explicit bias of minimizing the sharpness measure. Secondly, we show that
our proposed methods are practical and effective on benchmark tasks. Our code is available at
https://github.com/dbahri/universal_sam.

Setup. The full details are deferred to Appendix O; we summarize them here. We train
ResNet18 [21] on CIFAR10, CIFAR100, and SVHN using momentum-SGD and a multi-step learning
rate schedule. To understand the efficacy of our methods in the low data setting, we additionally
sub-sample each of the three datasets to only include the first 10% of training examples (denoted
with “-S”). We compare Frob-SAM and Det-SAM to the following baselines: Trace-SAM (we use
one sample for the estimation of the regularizer and a p of 0.01 for all datasets), SAM (we set p to
0.05/0.1/0.05 for CIFAR10/CIFAR100/SVHN, following Foret et al. [18]), Adaptive SAM (ASAM)
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Figure 1: Left: Sharpness measure while training on MNIST for different amounts of regularization
A. When training with Frob-SAM (p = 0.01, n = 2), the Frobenius norm of the Hessian
decreases throughout training and larger A results in lower values of the norm. One
standard error bar is shaded. Right: Test accuracy curves.

H CIFAR10 CIFARI100 SVHN CIFAR10-S CIFAR100-S SVHN-S

Frob [ 94.96%005 77161016 96.26F005 [ 74,49F115 38301089  89.23+0-32
Trace || 95.04F007 77613008  9g.37+004 | 74461039 3750078  89,9(*0-32
Det || 95.1050-03  77.64%0-12  96.32+0-05 | 74221080 37 484042 g9 g5+0.13
SSAM | 95.78%005 78 42+0-19 96 49+0-04 | 73 39+0.48 35334055  gg g7+0.27
ASAM || 95.49+0-09  78,91+0.06  gg 18+0.05 | 74.80+064  3740%0-66 g9 013011
SAM || 95.54+006 78 62+0.02 96 45+0.03 | 79 g6+0.77 36 87H047 g9 g(+0-19
SGD | 94.81F0-07  77.00F0-11  96.06=0-08 | 7498092 37,6408 89 ,89+0-27

Table 2: Final test accuracy and standard errors for the full and 10% sub-sampled datasets. Entries
within two standard errors of the best are bolded. Our biases particularly help when data is
limited. For example, Frob-SAM achieves over 1.5% higher test accuracy than SAM on
CIFAR10-S.

(Kwon et al. [32] proposes a modification of SAM that is scale-invariant. We set p to 0.5/1/0.5 and n
to 0.01/0.1/0.01 for CIFAR10/CIFAR100/SVHN.), and Sparse SAM (SSAM) (Mi et al. [44] speeds
up and improves the performance of SAM by only perturbing important parameters. We use SSAM-F
with p set to 0.1/0.2/0.1 for CIFAR10/CIFAR100/SVHN. 50% sparsity is used with 16 samples.).
Furthermore, to show the explicit bias we train a 6-layer network on MNIST.

Results. MNIST results are shown in Figure 1. We see that for Frob-SAM, minimization of
the loss leads to reduction in the corresponding sharpness measure and the reduction expectantly
scales proportionally with regularization strength \. Table 2 lists the results for the vision tasks. We
find that our method nearly always outperforms SGD and is at or sometimes above par with SAM
and alternatives. Our findings suggest that the explicit biases we propose can be practically useful,
especially in the limited data scenario, though it is often unclear what the best bias for a particular
task is, a priori.
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Appendix A. Related Work

Foret et al. [18] recently proposed the Sharpness-Aware Minimization (SAM) algorithm to avoid
sharp minima. The SAM objective has connections to a similar robust optimization problem that
was suggested for the study of adversarial attacks in deep learning [43]. Besides SAM, Nitanda et al.
[46] show how parameter averaging for SGD is biased toward flatter minima. Label noise SGD also
prefers flat minima [15]. Woodworth et al. [54] studied the role of sharpness in overparametrization
from a kernel perspective. See Wang et al. [52] for the applications of flat minima for domain
generalization (see also Cha et al. [12]). For applications of SAM in large language models, see
Babhri et al. [7] (also Zhong et al. [57], and Qu et al. [47], Shi et al. [48] for federated learning).
Besides those applications, Wen et al. [53] prove that current sharpness minimization algorithms
sometimes fail to generalize for non-generalizing flattest models.

The (implicit) bias of many optimization algorithms and architectures has been studied, from
the Gradient Descent (GD) [26, 49] to mirror descent [6, 19]; see also [20] for linear convolutional
networks, and [33] for equivariant networks. Ji and Telgarsky [25] observed that linear neural
networks are biased toward weight alignment for different layers (see [34] for non-linear networks).
Andriushchenko and Flammarion [2] study implicit bias of SAM for diagonal linear networks, and
Wen et al. [53] find the explicit bias of the Gaussian averaging method and other SAM variants.

The role of scale-invariance in generalization in deep learning is emphasized in Neyshabur et al.
[45]. Dinh et al. [16] point out that parameter invariances can lead to the different parameterization
of the same function, making the definition of flatness challenging; see also [4] for a recent study,
and also [51] for a definition using PAC-Bayesian analysis. This motivates the study of sharpness
measures that are invariant to such reparametrizations.

There have been a few attempts to address reparametrization problems with sharpness measures
recently. Kwon et al. [32] proposed to adaptively calculate the sharpness in a normalized ball
around the loss function to achieve scale invariance. However, their method is limited to scaling
problems. Kim et al. [31] took a step further and introduced a new SAM algorithm by capturing
the neighborhood of the parameters in an ellipsoid induced by the Fisher information. This way,
the neighborhood becomes invariant with respect to the parameter invariances in the network. Jang
et al. [24] defined an information geometric sharpness measure by investigating the eigenspaces of
Fisher Information Matrix (FIM) of distribution parameterized by neural networks. They proved
scale-invariance properties for their notion. Even though Kim et al. [31] and Jang et al. [24] enjoy
some parameter invariance properties, (1) in practice, their methods are limited to classification tasks
because of FIM calculation, (2) the underlying explicit biasing of their algorithms remains a mystery
and is not guaranteed.

SAM can provide a strong regularization of the eigenvalues throughout the learning trajectory
[1]. Bartlett et al. [8] show that the dynamics of SAM similar to GD on the spectral norm of Hessian.
Compagnoni et al. [14] propose an SDE for modeling SAM, while Behdin and Mazumder [9] study
the statistical benefits of SAM (see also [35] for a general framework for the dynamics of SGD around
the zero-loss manifold). It is shown that SAM can reduce the feature rank (i.e., allowing learning
low-rank features) [3]. Blanc et al. [11] proved that SGD is implicitly biased toward minimizing the
trace of Hessian.

Kim et al. [30] propose a multi-step ascent approach to improve SAM, while Mi et al. [44]
suggested sparsification of SAM. Zhuang et al. [59] improve SAM by changing the directions in the
ascent step; their method is called Surrogate Gap Guided Sharpness-Aware Minimization (GSAM)
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(see also Behdin et al. [10]). Random smoothing-based SAM (R-SAM) is another SAM variant
that is proposed to reduce its computational complexity [39] (see also [17, 38, 50, 56] for more).
Adaptive SAM (ASAM) is proposed for applying SAM on scale-invariant neural networks and has
shown generalization benefits [32]. Li et al. [36] also prove that scale-invariant loss functions allow
faster mixing in function spaces for neural networks. Lyu et al. [42] show how normalization can
make GD reduce the sharpness via a continuous sharpness-reduction flow. Liang et al. [37] propose
a capacity measure based on information geometry for parameter invariances in overparameterized
models (for more on information geometry, see [24, 31]). Jiang et al. [27] empirically compare
different complexity measures for overparameterized models. Keskar et al. [29] show how a large
batch yields sharp minima but a small batch achieves flat minima.

Stochastic Weight Averaging (SWA) is another way to improve generalization and it relies on
finding wider minima by averaging multiple points along the trajectory of SGD [23]. (see e.g., [41]
which uses this method for language models). See [28] for the empirical comparison between two
popular flat-minima optimization approaches: SWA and SAM. It is also worth mentioning that neural
networks trained with large learning rates often generalize better (the edge-of-stability regime); see
[5, 40, 58] for the theoretical understanding of this phenomenon.

Appendix B. Settings

Consider a standard learning setup with a labeled dataset S, and a training loss function L : R% —
R>0, where L(x) denotes the training loss over S computed for the parameters = € R?. The main
objective in Empirical Risk Minimization (ERM) is to minimize the training loss L(x) over the
feasibility set X C R%. However, achieving parameters satisfying L(z) ~ 0 in overparameterized
models is often straightforward. This is because in contrast to other models, in overparameterized
models, there are many global minima, i.e., the set I' := {x € X' : L(z) = 0} is a manifold — it is
called the zero-loss manifold in the literature. Moreover, in practical scenarios, it is noteworthy that
not all global minima exhibit favorable generalization capabilities [18].

Appendix C. Motivation

It is hypothesized that the avoidance of sharp minima can enhance generalization performance [22,
23, 29]. However, it should be noted that the concept of sharpness encompasses a multitude of
distinct definitions in practical contexts.

C.1. Background on SAM

The Sharpness-Aware Minimization (SAM) algorithm [18] suggests minimizing the training loss
function over a small ball around the parameters:

indL — L }
;Iél}\}{ sam(z) Hgﬁ?;(l (@ + pv)

where p € R> is the perturbation parameter. Note that Lsam can be decomposed into two terms:

Lsam(z) = E\(fl + ||]1[;I|1|2a§1 {L(z + pv) — L(z)} .

empirical loss

sharpness
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Foret et al. [ 18] also suggest alternative average-based sharpness-aware objectives to use PAC bounds
on the generalization error of overparameterized models; we follow the definition in [53]:

pU
Lavg(z) = Eonvo.1) [L(x * m>]
v
[vll2
empirical loss qhar};legg

Wen et al. [53] recently proved that minimizing Lsam(z) will lead to global minima (i.e.,
L(z) =~ 0) with small Ayax (V2L(x)). In other words, SAM is (explicitly) biased towards minimizing
Amax(V2L(x)). Moreover, they show that using Lavc(z) biases towards minimizing % tr(V2L(z)).
This means that SAM measures the sharpness of a global minimum by Ayax(V2L(x)), while the
average-based objective uses 2 tr(V2L(z)) to evaluate it.

C.2. Motivating Examples

In the next examples, we argue how both sharpness measures above fail to define a meaningful notion
for overparameterized models. In Example 2, a special case of problem with parameter invariances,
i.e., under parameter rescalings is discussed.

Example 1 The sharpness measures Amax(V2L(x)), Amin(V2L(z)) and tr(V2L(x)) are concep-
tually meaningful when the objective function L(x) is convex, therefore \;s are nonnegative. However,
the Loss landscape of neural networks is highly nonconvex, and as a result, \; can be potentially
negative. Consider the toy non-convex example of L(x1,x2) = %(x% — 3),

1 0
27 _
VL = [0 B J . 2
For all x1, 5 € R, we know that tr(V2L) = 1+ (—1) = 0, which in the Trace measure of sharpness
it suggests that all the points x1, xo € R are equally flat. Are these sharpness notions really capturing
the intended concepts? For a better illustration, consider the plot of this function provided in Figure 2.
This problem extends to other existing notions.

Example 2 Consider the loss function L(xz1,x2) = x%ajg — 2x129 + 1 with two parameters
r1,x2 € R. It is scale-invariant, i.e., L(kx1, 3?) = L(x1,2) for all k # 0. Indeed, the zero-loss
manifold T = {(x1,22) : x129 = 1} contains infinitely many global minima. Straightforward

2 _
by A2 ). Thus, we have § tr(V2L(z1,x2)) = 23 + z3.

= /{233%4—%% # 2 t0(V2L(1,22)). Therefore,

; 2 _
calculation shows V- L(x1,x2) = (4361:02_2 222

After rescaling, we get 3 tr(V2L(x1, xg))’
(kxl ,k_lng)

as a sharpness measure, tr(V2L(x1,z2)) is not scale-invariant. The problem magnifies in the limit:

limyg_, o0 tr(VgL(ml,mg))‘(k . = oc. Similar problems exist for Amax(V2L(z1,72)). How-
T1,R T2

ever, det (V2 L(z1, x2)) is scale-invariant; we have det(V2L(x1, z2)) oo ey det(V2L(z1, 22))
T1,k™ T2
forall k # 0.

Note that neural networks are often scale-invariant, e.g., linear networks or ReLU networks after
scaling up the parameters of one hidden layer and scaling down the parameters of another hidden
layer encode the same functions.

13



A UNIVERSAL CLASS OF SHARPNESS-AWARE MINIMIZATION ALGORITHMS

Figure 2: The loss landscape of the non-convex objective function L(z1, z2) = (22 — 23). This
examples shows how existing sharpness measures fall short of capturing sharpness meaning
in non-convex settings. In particular, for all points (z1,72) € R, tr(V2L(x1,22)) =
14 (=1) =0.

Appendix D. Definition and Examples of (¢, ¢, ;1)-Sharpness Measures
Let us first review the definition of the (¢, 1, uu)-Sharpness Measures.

Definition 5 ((¢, ¢, ;1)-sharpness measure) For any continuous functions ¢, : R — R and any
(Borel) measure 1 on R, the (¢, 1), p)-sharpness measure S(x; ¢, 1, 1) is defined as

1
S(asovton) = o( [ w(Go' VL@ (o). G)
Similarly, one can consider continuous functions P : R — R™and ¢ : R™ — R, for some positive
integer m > 1, and (Borel) measures iy, { € [m], and define
S 6,9, 1) : /% V'V L(@)v)dps (v), 4)
/w2(2vtV2L(a:)v)du2(v), (5)
e (0)
L o2
1/Jm(§v A\ L(:c)v)d,um(v)), @)
where we use [ = (1] @ 2 ® ... ® Wy, for the sake of brevity in our notation, and ) =
(17/}17 ¢27 ceey T/Jm)t

We specify several examples of hyperparameters (¢, 1, i) in Table 1, which shows how (¢, 1, u)-
sharpness measures can represent various notions of sharpness, as a function of the training loss
Hessian matrix.

In this section, we prove various notions of sharpness can be achieved using the proposed
approach in this paper (Table 1). For the last row of Table 1, we refer the reader to the proof of
Theorem 6.
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* Trace. Let ¢(t) = 1(t) = t, and note that

S(as 6,0, 1) = / S0V L(w)vdu(v) ®)
_ %Ew WAL ()], ©)

where 4 is the uniform distribution over the (d — 1)-sphere S~ := {2 € R? : ||| = 1}.
Denote the entries of V2L(z) as (V2L(z)); ;. Then, by the linearity of expectation

,_n

d d
1
]EUNN[U V2L(x Z Elv;v;] = Z p )ii = p tr(V2L(z)), (10)
: =1

since E[v;v;] = 5(51-, j» Where d; ; denotes the Knocker delta function.

+ Determinant. To achieve the determinant, we choose ¢(t) = (27)¢/t? and ¥ (t) = exp(—t).
Then,

S(xz; 0,1, 1) :(27T)d(/exp(—;vtVQL(a:)v)dv> , (11)

where dv denotes the Lebesgue measure. However, using the multivariate Gaussian integral,
we have

/exp ( - %vtVQL(x)v> dv = (2m)Y? det(V2L(x)) /2. (12)

Replacing this intro the definition of S(x; ¢, 1, ) gives the desired result.

* Polynomials of eigenvalues. First assume that ¢(t) = ¢" for some n > 0. Then, for any
function ¢(t),

Stasovton) = o( [ (Go'V2L@0) du(v)) 13
- ¢(EUNM [(%va%(x)u)"}), (14)

where p is the uniform distribution over the (d — 1)-sphere S@=1 " Since V2L(z) is a
symmetric matrix, we can find an orthogonal matrix Q such that V2L(x) = Q*D(Q, where
D is a diagonal matrix with diagonal entries Aq, Ao, .. ., Ag. Now we write (v!'V2L(z)v)" =
(thtDQv)n. But Qu is distributed uniformly over the (d — 1)-sphere S(@=1 similar to v.
Thus, we conclude

S 6, 1) = 6 (Euy | (30 V2L()0)"] ) (s)
= 6(Eun[ (5 3 x)"]). (16)
i=1
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Define

d

q()\l,)\z,...,)\d) = EUNM[(Z%)WU?)”}, 17
=1

which is clearly a polynomial function (by the linearity of expectation).

Note that the above computation is still valid if we replace the uniform distribution on hyper-
sphere with the Gaussian multivariate distribution with identity covariance N (0, I;). Indeed,
let us compute this polynomial for n = 2 with Gaussian distribution. Note that

d

10 A ) = B Z d)] = § L NEIZY+ T B a9
i=1 i#]
_§ZA2+EZ“‘ (19)
741,:11 4@@1]7

where Z is a zero-mean Gaussian random variable with unit variance, and note that £[Z?] = 1
and E[Z%] = 3.

Now if we take m = 2, and ¥(t) = (t,t?), with u = N(0, I;) ® N(0, I;), we have that

d

d
/q,z) (50'V2L(z)v) ( ZAZ,%ZA§+EZAM]-). (20)
i=1 i#j

Finally, by taking ¢(t1,t2) = 2(t2 — t2), we obtain
/ (=0t V2L ) Z A2, 1)

Appendix E. Expressive Power and Universality

In this section, we prove that the proposed class of sharpness measures is universal. In other words,
for any continuous function S : R? — R, we specify continuous functions ¢, 1) and a (Borel)
probability measure® ;2 on R? such that S(A1, A2 ..., \g) = S(x;¢,9, i), where \;, i € [d], are the
eigenvalues of the Hessian matrix V2L ().

Theorem 6 (Universality of the (¢, ¢, ;1)-sharpness measures for functions of Hessian eigenvalues)
Let A C R be a compact set. For any continuous function S : A — R, there exist a product
(Borel) probability measure L, a positive integer m < d, and continuous functions ¢ : R™ — R and

P : R — R™, such that S(A, A2 ..., A\a) = S(x; 0,9, p) for any x € A, where \;, i € [d], are the
eigenvalues of the Hessian matrix V2 L(x).

3. We indeed prove that Borel probability measures (as a subset of arbitrary Borel measures) are enough to achieve
universality.
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We present the proof of Theorem 6 in Appendix I. Note that to achieve universality, we need
the functions ¢, 1 to be of dimension m = d. However, as one can see in Table 1, many celebrated
sharpness measures can indeed be represented using only small m. We believe that practically small
hyperparameter m is enough, as it is motivated from the measures in Table 1.

While we proved the universality of the proposed class of sharpness measures for continuous
functions of the Hessian eigenvalues, one may be interested in measuring sharpness with more
information about the loss Hessian (e.g., the eigenvectors of the loss Hessian). The following
theorem proves the universality for this class of arbitrary functions.

Theorem 7 (Universality of the (¢, ¢, ;1)-sharpness measures for arbitrary functions of Hessian)
For any continuous function S : R>*? — R, there exist a positive integer m < d(d + 1) /2, (Borel)
probability measures iy, { € [m|, and continuous functions ¢ : R"™ — R and ¢ : R — R™, such
that S(V2L(z)) = S(z;¢,v, p) for any x € RY, where 1 := j11 ® pig @ ... ® i is a product
probability measure.

We present the proof of Theorem 7 in Appendix J. Note that arbitrary functions of the Hessian
matrix can be quite hard to compute, e.g., consider the permanent of the Hessian matrix. Moreover,
the dimension m must be quite large to allow us to prove the universality in overparameterized
models (for d of considerable size), since the generality bound scales as O(d?). Nevertheless, in
practice, only small m allows to cover many interesting cases.

Appendix F. Explicit Bias

Now that we defined a flexible set of sharpness measures and we proved that it is universally
expressive, the following question arises: how can one achieve S(x; ¢, 1, u) as the explicit bias of
an objective function that only relies on the zeroth-order information about the training loss, similar
to Lsam(x) and Lavg(z)? To answer this question, we introduce the (¢, 1, 11)-sharpness-aware loss
function as follows.

Definition 8 The (¢, v, )-sharpness-aware loss function

Liowm(@ = L) +0°6( / w(pﬂ(Luwv)—L(m))du(v)) = L(x) + p*R,(x),

empirical loss ~~
=R, (x) sharpness

where p is the perturbation parameter and R,(x) denotes the sharpness regularizer.

Extending this definition to the cases with m > 1 is straightforward.

In the above definition, the new regularizer R, () is an approximation of the sharpness measure
S(x;¢,1, 1) as p — 07. As aresult, it is expected that minimizing L4,y () lead to minimizing
the training loss as well as the sharpness measure S(x; ¢, 1, ). The next theorem formalizes this
intuitive observation via characterizing the explicit bias of minimizing the sharpness-aware loss
function L4y ) (T).

Theorem 9 (Explicit bias of the (¢, ¢, ;1)-sharpness-aware loss function) Given a triplet (¢, 1, 1),
m > 1, and a training loss function L : RY — R>o, assume that:
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* L(x) is third-order continuously differentiable and satisfies the following upper bound

9. _ -1
L 00,0 (w)] = O] ™), @2)

forv e R as ||v]|s — oc.
* The two functions ¢, are continuously differentiable.

 we have [ [[ol|3¢:(v)du(v) < oo, i € [m],

* For some C' > maxex max;e(q) [\i(V>L(z))
where

Yi(v) ;== max [¢i(Ct?)]. (23)

[t1<[[vll2

Then, there exists an open neighborhood U 2 T, where I is the zero-loss manifold, for connected U
and T, such that if for some v € U, one has

L(w) + pRy(u) = inf (L(x) + p*R,(2)) < Ap” 24)
with some optimally gap A > 0, then
L(u) < inf L(z) +(A + 0,(1))p”, (295)
g
and also
S(u; 6,9, ) < f S(@;,9, 1) + A+ 0p(1). (26)

We present the proof of Theorem 9 in Appendix K. The above theorem shows how using the new
objective function L4y, ,) (%) leads to explicitly biased optimization algorithms towards minimizing
the sharpness measure S(x; ¢, ¥, ) over the zero-loss manifold I'. Indeed, it proves that if we
are close to the zero-loss manifold (i.e., w € U for some open neighborhood U 2 T'), and also
L4, () is close to its global minimum over U, then (1) the training loss function L(u) is close to
zero, and (2) the corresponding sharpness measure S(u; ¢, 1, i) is close to its global minimum over
the zero-loss manifold, with respect to an optimality gap A.

Appendix G. Invariant Sharpness-Aware Minimization

For which hyperparameters (¢, 1, 11) is the corresponding sharpness measure scale-invariant? The
following theorem answers this question.

Theorem 10 (Scale-invariant (¢, ¢, ;1)-sharpness measures) Consider a scale-invariant loss func-
tion L(x) and let p be a Borel measure of the form

d d
du(z) = f ( H acZ) H dx;, 27
=1 =1

where f : R — R is a measurable function. Then, for any continuous functions ¢, ), the cor-
responding sharpness measure S(x; ¢, 1, i) is scale-invariant; this means that S(x; ¢, ¥, u) =
S(Dx; ¢, 1, 1) for any diagonal matrix D € R>? with det(D) = 1.
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We present the proof of Theorem 10 in Appendix L.

Example 3 Note that det(V2L(x)) is a scale-invariant sharpness measure; for any diagonal matrix
D € R¥™? with det(D) = 1,

det(V2L(z)) b= det(D"'V2L(z)D™)
= det(D™ 12 det(V2L(z)) = det(VZL(x)).

Note that Theorem 10 also supports the scale-invariance of the determinant; the Lebesgue measure
satisfies the condition in Theorem 10 with f = 1, and we have the representation of the determinant
in Table 1.

While in Theorem 10 we only considered scale-invariances, one can generalize it to a general
class of parameter invariances in the following theorem.

Theorem 11 (General parameter-invariant (¢, v, ;1)-sharpness measures) Let G be a group
acting by matrices on RY, and assume that L(x) is invariant with respect to the action of G.
Then, for any G-invariant (Borel) measure p, and any continuous functions ¢, 1, the corresponding
sharpness measure S(x; ¢, 1, 1) is G-invariant; this means that S(x; ¢, u) = S(Agx; ¢, 1, )
for any matrix A, € R4 corresponding to the action of an element g € G.

The proof of this theorem is analogous to Theorem 10 and is deferred to Appendix M. Thus, the
strategy to create sharpness measures invariant to any group action G is simply to choose a group
action invariant measure j. Now, for any family of choices of functions ¢ and v, we obtain a family
of G-invariant sharpness measures. Consequently, there is a family of G-invariant Sharpness-Aware
Minimization algorithms, as explained in Appendix H.

Appendix H. (¢, ), u)-Sharpness-Aware Minimization Algorithm

In this section, we present the pseudocode for the (¢, 1, u)-Sharpness-Aware Minimization
Algorithm (see Algorithm 1). For simplicity, we present the algorithm for the full-batch gradient
descent, and first assume that m = 1. The idea is to apply (stochastic) gradient decent or other
optimization algorithms on the (¢, 1, pt)-sharpness-aware loss function defined in Theorem 8,

Ly = L(z) + pQRp(x).

However, calculating the sharpness term R,(x) directly is analytically hard to do because of the
integration with respect to the probability measure ;. Hence, we propose to estimate the inner
integration at each iteration with i.i.d. random variables vy, v, . .., 1, ~ u as perturbations, i.e.,

. I~ /1
R,(x) = qb(ﬁ Z w(E(L(x + pv;) — L(ac))))
i=1
When ¢ satisfies continuity conditions, for large enough n, the estimator Rp(x) will converge to

R, (). Now, we calculate the gradients of L(x) + p?R,(x). By chain rule,

PR, ) = (3 Lo (5 (Ll + ) Liz) )

- n
=1
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Algorithm 1 (¢, ¢, u)-Sharpness-Aware Minimization Algorithm (with m = 1)

Input: The triplet (¢, v, i), Training loss L(x), Step size 7, Perturbation parameter p, Number of samples
n,
Output: Model parameters z; trained with (¢, 1, u)-Sharpness-Aware Minimization Algorithm
Initialization: x < xzgand ¢ < 0
while 1 do -

Sample vy, va, ..., Uy, S W

Compute the following:

7

gs = VL(x) + ¢ %w(%([/(xf + pv;) — L(%))))

X

S|

Il
-

{W(piz(L(mt + pui) = L(z)) ) x (VL(ze+ pvi) = VL)) }.

3

Update the parameters: x;11 = Ty — NGy
t—t+1
end while

. ; v (G5 Lo+ o) - Liw)))
x (VL0 + poi) = VL) ) }.

which leads to Algorithm 1.

Our algorithm needs n + 1 gradient evaluations per iteration, which for n = 1 matches the
SAM algorithm [18]. In practice, small values for n demonstrate the expected results, therefore, the
computational overhead of our algorithm is not a barrier.

Note that to recover the original SAM algorithm, one can set the function ¢, ¢ to identity, m = 1,
and choose i to be the single-point measure on VL(x¢)/||VL(z)||2 with n = 1 sample for each t.

Moreover, even though to prove universality, we only used probability measures, we proposed
a compact representation of determinant with Lebesgue measure with m = 1 in Table 1 and
Theorem 10. However, integrals with respect to Lebesgue measure cannot be estimated via sampling
and we need to truncate the integral to integration over a large hypercube; this allows us to use
Algorithm 1 for the scale-invariant sharpness measures. Also, this approximation achieves non-zero
sharpness in cases that the Hessian matrix is not full-rank (which happens in overparametrized
models), as it gets the product of non-zero eigenvalues. We use this approximation to implement the
algorithm.

To propose an algorithm for the general case (i.e., arbitrary m), we compute the gradient of

R,(x) = ¢<% Z Y (1012 (L(z + pvin) — L(x))), (28)
=1

% > 4 (pl2 (L(x + pvi2) — L(sc))), (29)
=1

(30)
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Algorithm 2 (¢, 1, u)-Sharpness-Aware Minimization Algorithm (with arbitrary m)

Input: The triplet (¢, v, i), Training loss L(x), Step size 7, Perturbation parameter p, Number of samples
n,
Output: Model parameters z; trained with (¢, 1, u)-Sharpness-Aware Minimization Algorithm
Initialization: x < xzgand ¢ < 0
while 1 do

Sample v; ¢ "X i, forany i € [n] and £ € [m]

Compute the following:

m n

=V L(z) + Z 8@(;5( Z %1#@ (% (L(zt + puiye) — L(:Ct))))

(=1 i=1

x Zz: %{w}(p—t (L(z¢ + pviyg) — L(:vt)))
X (VL(xt + pvie) — VL(:nt)) }

Update the parameters: x;11 = Ty — Ng

t+—t+1
end while
1< 1
=3 (5 (Ll + prim) = L)) ). (31)
i P
where v; ¢ i pe for each £ € [m]. Note that ¢ = (b1, )9, . .., 1)t for some scalar functions 1y,

¢ € [m]. Let 0y¢ denote partial derivatives of the function ¢ : R™ — R, for any ¢ € [m]. Then,

PVR,(z Zaﬂp(z ( (L(xt + pviy) — L(a;t)))) (32)

Zn:i{ ( Lz + puie) — L(:ct))) (33)

x (VL(:ct + pvig) — VL(xt)> } (34)

and this leads to Algorithm 2.

Appendix I. Proof of Theorem 6

Theorem 6 (Universality of the (¢, 1, 11)-sharpness measures for functions of Hessian eigenvalues)
Let A C R? be a compact set. For any continuous function S : A — R, there exist a product
(Borel) probability measure 1, a positive integer m < d, and continuous functions ¢ : R™ — R and
P R — R™, such that S(A, A2 ..., Aq) = S(x; 0,9, p) for any x € A, where \;, i € [d], are the

eigenvalues of the Hessian matrix V2 L(z).

Proof We explicitly construct the (Borel) probability measure p and the function ¢ : R™ — R. Let
us take m = d to prove the universality theorem, while we believe lower m should be enough for
specific practical sharpness measures.
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Indeed, let us consider u to be the multivariate Gaussian probability measure with identity
covariance matrix. Also, define a (parameterized) function ¢, (t) = exp(ot), for some o to be set
later. We are interested to compute the following quantity:

/ wa(%vtVQL(x)U)d,u(v). (35)

Note that 4 is the standard Gaussian probability measure on R?, and specifically, it’s invariant
under the action of the orthogonal matrices. Indeed, there exists an orthogonal matrix () such that
V2L(x) = Q'AQ, where A is a diagonal matrix with diagonal entries A1, A, ..., \q. Observe
that u := Qu is also distributed according to the Gaussian probability distribution with the identity
covariance matrix on R?, similar to v. Now we write

/ wg(%vtVQL(w)v)du(v) = / %(%vatAQv)du(v) (36)
_ / %(%mu) du(u) (37)
_ / b (% ; Aiu? ) dpu(u) (38)
_ / (2m) =42y, (% é Au?) exp ( % guf)du (39)
‘ :
_ / (2m) =2 exp (;}; ox)esp (1 > w)du  @0)
_ / (27) /2 exp (; SN~ 1)u?)du 1)

where du denotes the Lebesgue measure on RY. Now to compute the integral, note that du =
duy X dug X ... x dug is a product measure and the integrand also takes on a product form; thus,

d
/wa(;vtVQL(x)v)dlu(v) = /(Qm—d/z exp ( %(U& B l)u?) " )
i=1
: 1
= H /(2#)1/2 exp (5(0)\,- — 1)“?>dui (43)
i=1
d
O] [ e (Eor = 1)
- 131 VI—aX / \/TGXP(Q(“Z 1>Uz)duz (44)
=1
. -
STV —oN

where (a) holds by the Gaussian integral identities.
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Note that to calculate the integral above, we assumed that 1 — o \; > 0 for any ¢ € [d]. This is
equivalent to having

max \; ' < o < min A\ (46)
Ai<0 Ai>0
Now, due to the assumption in the theorem, we study the target sharpness measure S(A1, A2, ..., \q)

only on a compact domain A C R?, and this means that there exists an open interval ] = (—€,€)
with

€= min min |\;| 71, (47)
(2

such that the above integral is well-defined and finite for all o € 1.
Let us define the function ¢ : R? — R? as follows:

¢(t17t27 ce atd) :

(12 t52, ., t2). (48)
Finally, consider the following polynomial in one variable with degree d:
p(x) == (1= z) X (1 = Xaz) X -+ x (1 = A\gx). (49)
Claim 12 Forany o; € I, i € [d], we have
~ 1 1
gf)( / Yoy (ivtVQL(:L’)v) du(v), /¢02 (ivtV2L(x)v)du(v), e (50)
L io2
Uoa (50" V2L(@)0)du(v)) = (p(01). p(02)s - p(04))- (51)

The above claim simply follows from the integral we calculated before.
Now we are ready to complete the proof. Choose arbitrary non-zero distinct o; € I,i € [d],

and note that having access to (p(a1),p(02), ..., p(0q)) is enough to recover all the eigenvalues.
Indeed, assume that p(x) = pg + prz + pax® + . .. + pgz? and note that p(0) = 1 by definition. Let
also V (0,01, 09, ...,04) € R¥9 denote a Vandermonde matrix of order d + 1, which is provably

invertible by definition, and note that

(p(al)7p(02)7 v 7p(ad))t = V(O)017027 o ,O'd) X (p()uph cee 7pd+1)t (52)
= (Po,p1,~-7pd+1)t =V(0,01,09,...,04) " X (P(Ul),p(az),---,P(Ud))t- (53)
Indeed, this shows that having access to the vector (p(o1),p(02), ... ,p(ad))t is enough to recon-

struct the polynomial p(x) = pg + p1z + . .. + pgz?. Having access to this polynomial is equivalent
to having access to its roots, so one can find a continuous function ¢; : RY — R? such that

(A1, Ag, e ,)\d)t =¢0 (5(/1,/;01 (%vtsz(x)v)d,u(v), (54)

/1%2 (%UtV2L($)U)du(v), cee / Yo, (%vtV2L(az)v)d,u(v)), (55)
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Since the sharpness measure S(\1, A2, ..., \g) is a continuous function of its coordinates, we
conclude that
~ 1
S(ALA2,...,Ag) =So¢ro ¢</¢al (ivtVQL(iU)U)dM(U), (56)
1 1
/1/102 (ivtV2L(x)v)du(v), cey / Yo, (gvtVQL(x)v)d,u(v)). (57)
Now to complete the proof, we define a continuous function?) : R — R%as ) = (1/1(,1 T d)t,
and a continuous function ¢ : R — R as ¢ = S o ¢ o ¢, and observe that S(A1, Aa ..., \g) =
S(z; ¢, 1, p) for any x € A. This completes the proof. |

Appendix J. Proof of Theorem 7

Theorem 7 (Universality of the (¢, ¢, ;1)-sharpness measures for arbitrary functions of Hessian)
For any continuous function S : RI%d s R there exist a positive integer m < d(d + 1) /2, (Borel)
probability measures iy, { € [m|, and continuous functions ¢ : R™ — R and ¢ : R — R™, such
that S(V2L(z)) = S(x; ¢, ) for any x € RY, where 1 == iy @ pio @ ... @ fim is a product
probability measure.

Proof We explicitly construct a set of functions/probability measures to achieve the desired representa-
tion. Indeed, let’s take m = d(d + 1)/2 and consider the following Dirac measures: p; = d,, 7 € [d],
and also p;; = 6ei+ej, for any 4, j € [d] such that ¢ < j. Here, e; denotes the unit vector in the ith
coordinate in R%. Now, note that we have

(V2L(x))ii = / v'V2L(z)vdp;i(v) (58)
for any i € [d], and
2(V2L(x))ij + (VEL(2))ii + (V2L(2)); 5 = / o' V2 L(x)vdp; ;(v), (59)

for any 4, j € [d] such that i < j. The above system of linear equations has clearly a unique solution,
as the Hessian matrix is symmetric. This means that, similar to the proof of Theorem 6, one can
find continuous functions ¥ : R — R™ and ¢ : R™ — R, along with m constructed probability
measures such that S(V2L(x)) = S(x; ¢, v, u) for any 2 € R, where pt = 11 @ pia ® ... @ fiyy is
a product probability measure. |

Appendix K. Proof of Theorem 9

Theorem 9 (Explicit bias of the (¢, ¢, ;1)-sharpness-aware loss function) Given a triplet (¢, ¢, 1),
m > 1, and a training loss function L : R% — R>o, assume that:

* L(x) is third-order continuously differentiable and satisfies the following upper bound

9. _ -1
s, 100,06L(0)] = O(| ™), @2)

forv € R as ||v]ja — oo.
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* The two functions ¢, are continuously differentiable.

* For some C' > maX;ex maX;e[q) IXi(V2L(x))|, we have [ ||v]|3;(v)du(v) < oo, i € [m],
where

Yi(v) ;= max [¢L(Ct?)]. (23)

It\<|\v|\2

Then, there exists an open neighborhood U 2 T, where I is the zero-loss manifold, for connected U
and T, such that if for some u. € U, one has

L(w) + p*Ry(w) = inf (L(2) + p*R,(2)) < Ap?, 24)

with some optimally gap A > 0, then

L(u) < 1r€1[f]L(x) +(A 4 0,(1))p?, (25)
; =0
and also
S(u; ¢, ) < irelfFS(:v%%u) + A+ 0p(1). (26)

Proof For simplicity, we assume that m = 1. The general proof for m > 1 follows with a similar
argument to this special case. Define an open set U C R? as follows:

U:={zeR": |VL(2)|2 < p*}. (60)

Note that this set contain the zero-loss manifold, i.e., I' C U. We study the behavior of the loss
function on this open set.
Let us denote the sharpness term in the loss function L4y ,)(7) by R,():

Lgpu) () = L(x) + p* Ry 61)
2)+ oo / 6( 55 (L@ + pv) = L(2)) )du(v) ). (62)

We first study the convergence of R,(z) to the corresponding sharpness measure S(z; ¢, v, ). Fix
any point € U and note that using Taylor’s theorem for the function L : R* — R and for any
v € R%, one has

1 1
3L+ ) = L)) = 5 (p(VL@).0) + 55 VLo + O ol x ol ) (63
1
= p UV L), 0) + 5o VAL + Oulpllvld < 0lizY), (64

where in above we used the fact that L(x) is third-order continuously differentiable and its third-order
derivative satisfies the estimate

;0:05. L — -1
e [0:0;0:L()] = O(llell ™) (65)
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for v € R? as ||v[| — oo.
Note that using the assumption x € U, we have that

P HVL(x),0)| < pHIVL(2)2l[v]l2 < pllv]l2. (66)

Thus, we have

1
= 50" V2L(x)v + O (p(||v]|3 + [[v]|2))- (©67)

(L4 )~ L#) = 5

Note that we study the above approximation only for x € U, and for small enough p, we know that

U is a precompact set. Therefore, we drop the dependence on x in the error term above.
Now using the above approximation, we have

[ (5 T+ o) = 1@) ) du(w) = [ 6 (50 9L+ 0ol + ol )dto): (69

Let us use Taylor’s theorem for the function ¢ and write

w(évtv%)v +O(p(IIoll3 + l[0]2))) =¢(1vtv%<x>v> (69)
+p x O )(|[v]I3 + [[v]2)), (70)

where
p(v) = B0 W' (Ct?)], (71)

and C is a constant, and it’s big enough to absorb the quadratic growth of V2L(z); i.e.,

€ > magmax |\ (V*L(2))] (72)
Therefore, we conclude that

[ (5 e+ ) = Ee) o) = 3
[ oo L@p)du) +px o [ Sl + loldut) 74
/ (50" V2L (z)v)du(v) + O(p), (75)

by the assumption. This allows us to conclude that
= [ (5 (L + o) = L) )duto) 76)
—o( [ 650"V L) du(w)) + Olp) (7
= S(z; 0,9, 1) + O(p), (78)

26



A UNIVERSAL CLASS OF SHARPNESS-AWARE MINIMIZATION ALGORITHMS

again, by assuming that

maxgb’(/w(;vtVQL(x)v)d,u(v)) < 00, (79)

rzeX

which holds by the compactness of X, and also using U C X.
Now according to the assumption, for some u € U, we have

L(u) + p*Ry(u) = inf (L(z) + p*Ry() ) < A%, (80)
xE
for some optimally gap A. Using the following proven approximation

Ry(x) = S(x; 0,4, 1) + O(p), 8D

we conclude that

L(u) + p*S(us; ¢, 1, p1) — (L(fﬁ) + p*S (w5 6,10, u)) < (A+O(p))p*. (82)

inf
zelU
Now by proof by contradiction, assume that

L(u) > inf L(z) + (A + §)p%, (83)

for some strictly positive d, as p — 0. Note that inf,cy L(z) = 0 as ' C U. Thus, we can
conclude that

p*S(u; .00, 1) + (A + 6)p* < L(u) + p*S(u; ¢, ), 1) (84)
< inf (L() + p*S(aio,0.)) + (A+O0(p)p* (85
< p? inf S(z; 6,0, 1) + (A+ O(p))p*, (86)

since I' C U. This shows that
S(u; ¢, 1) < inf S(@;,9, 1) =8+ O(p). 87
This must hold for as p — 0. However, as p — 07, we have that U, — I'. This means that
S(u; 6,9, ) < f S(2;6,9, 1) =4, (88)
for some u € I', which is a contradiction. This shows that

L(u) < inf L(z) + (A + o(1))p?. (89)

Also, to prove the next part of the theorem, for any u € U satisfying the assumptions, similarly
we can show

p*S(u; ¢, 1, ) < Lu) + p*S(u; ¢, 9, ) (90)
= inf (L(@) + pS(w: .16, ) + (& + O(p))? ©1)
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< p? inf S(z; 6,9, 1) + (A +0(p))p?, (92)
which implies that
S(u; 6,9, ) < f S(@;6,9, 1) + (A +0(p)). (93)
The proof is thus complete.
|

Appendix L. Proof of Theorem 10

Theorem 10 (Scale-invariant (¢, ¢, 1)-sharpness measures) Consider a scale-invariant loss func-
tion L(z) and let p be a Borel measure of the form

d d
du(z) = f ( H a:z> H dx;, 27
i=1  i=1

where f : R — R is a measurable function. Then, for any continuous functions ¢, the cor-
responding sharpness measure S(x; ¢, 1, ) is scale-invariant; this means that S(x; ¢, ¥, u) =
S(Dx; ¢, 1, 1) for any diagonal matrix D € R>? with det(D) = 1.

Proof Let D € R?*? be an arbitrary diagonal matrix. Then,

S(Dwio ) = [ 6(50'VL@)| | v)dute)). ©4)

But note that by the assumption

L(z) = L(Dx) = V?L(z) = D'V?*L(x) D 95)
Therefore,
1
S(Da; ¢, b, 1) = ¢</w(2vtD1V2L(x)D1v)d,u(v)>. (96)
Now define a new variable u := D~ 'v. Then,
d d d d d d
dp(w) = f([ T o) [T dvi = FLT Do [T wo) [T Dt 1] s 7
=1 =1 =1 =1 =1 =1
d d
= f(det(D) [ [ us) det(D) [ ] du (98)
=1 =1
d d
= ([ ) T s (99)
=1 =1

Therefore, we conclude that

S(Das6. ) = o( [ (VL@ duw)) = S(asbvv,1), (100)

and this completes the proof.

28



A UNIVERSAL CLASS OF SHARPNESS-AWARE MINIMIZATION ALGORITHMS

Appendix M. Proof of Theorem 11

Theorem 11 (General parameter-invariant (¢, v, ;1)-sharpness measures) Let G be a group
acting by matrices on R?, and assume that L(x) is invariant with respect to the action of G.
Then, for any G-invariant (Borel) measure p, and any continuous functions ¢, 1, the corresponding
sharpness measure S(x; ¢, 1, 1) is G-invariant; this means that S(x; ¢,, u) = S(Agx; ¢, 1, )
for any matrix A, € R¥*4 corresponding to the action of an element g € G.

Proof We start by evaluating S(Agx; ¢, ), 11).

S(Dx; ¢, 1, 1) = d)(/r(p(;vtV?L(a:)

U)d,u(’u)). (101)

g

But again here, note that by the assumption

L(z) = L(Agz) = V’L(z) = A'V’L(x) AgmAg. (102)
Therefore,
S(Agr: 6,.1) = o / ¢(%utA;IVQL(x)Aglv)dﬂ(v)). (103)
Now define a new variable u := Ag_lv. Therefore, we conclude that
S(egaiov0.0) = o( [ (G Y L@))dutu)) = S(aié,v.0), (104)

and this completes the proof.

Appendix N. Frobenius-SAM

To be more concrete, we specify our general framework (Algorithm 2) to the case with the Frobenius
norm regularization. Note that to achieve this, one needs to specify ¢(t1,t2) = 2(ts — t3) and
¥(t) = (t,t?), according to Table 1. Furthermore, since we only need to collect samples from the
Gaussian distribution to get the Frobenius norm bias (Table 1), we can use the same samples to
estimate both integrals for the functions 11 (t) = ¢ and 1/ (¢) = t2. Replacing these assumptions into
the general algorithm (Algorithm 2), we get the following update rule:

gt = VL(zy) + 4zn: n;?{ (L(we + pvi) — L)) x (VL(:rt + pui) — VL(xt))}
i=1

- 4{ Z nlp (L(z¢ + pvi) — } { i ni (VL x + pvj) — VL(:Ut)) }

If we take a closer look at this, we observe that

gt = VL(zy) + ;2 X c/o\v((L(:ct + pv) — L(zy)), (VL(z¢ + pv) — VL(xt))), (105)
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where cov denotes the (biased) empirical cross-covariance between the scalar random variable
L(xy+ pv) — L(x;) and the vector-values random variable V L(z;+ pv) — VL(z), for v ~ N(0, I).
Since the covariance is not sensitive to the means of random variables/vectors, we can further simply
the update rule to

4 —
gt = VL(x¢) + e X cov(L(xt + pv), VL(x; + pv)). (106)

We can further replace the unbiased estimator of the cross-covariance instead of cov which leads to
Algorithm 3.

Algorithm 3 Frob-SAM

Input:Training loss L(x), Step size 7, Perturbation parameter p, Number of samples 7,
Output: Model parameters x; trained with Frobenius SAM
Initialization: x < xzgand ¢ < 0
while 1 do
Sample v; "% N(0, 1) for any i € [n]
Compute the following:

- 1
gt = VL(z,) + 42 WL(:Q + pv))VL(zy + pv;)
i=1

n

1 1
— 4; ml}(a:t + pv;) X ; n—pVL(xt + pv;).

Update the parameters: 411 = T+ — NGt
t—t+1
end while

Appendix O. Experimental Details

We now describe experimental details that were omitted from the main text. For MNIST, we train
a simple 6-layer ReLU network with 128 hidden units using momentum-SGD (with momentum
0.9 and learning rate 0.001) for 20 epochs. For CIFAR10 and CIFAR100, we apply random crops
and random horizontal flips. We use a momentum term of 0.9 for all datasets and a weight decay
of 5e-4 for CIFAR10 and SVHN and le-3 for CIFAR100. We use batch size 128 and train for
200 epochs. We use a multi-step schedule where the learning rate is initially 0.1 and decays by a
multiplicative factor of 0.1 every 50 epochs. We run each experiment with four different random
seeds to access statistical significance. We use 1280 training examples and 100 noise samples to
estimate the Frobenius norm and trace via Hessian-vector products. We set p to 1.0 for Det-SAM,
0.01 for Trace-SAM, and sweep it in {0.005, 0.01} for Frob-SAM. For Det-SAM and Trace-SAM
we sweep A in {0.01, 0.1, 1.0} and set n = 1. For Frob-SAM, we sweep A in {0.0001, 0.001, 0.005,
0.01, 0.05, 0.1} and set n = 2. For Det-SAM, we set ¢, half the edge width of the approximating
hypercube, to 0.01.

We use the PyHessian library [55] to estimate the trace of the Hessian. Adapting this library,
we estimate the Frobenius norm (squared) as 1 Zle | H 2|3, where H is the Hessian matrix and

Zip ~ N(O, Id).
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