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Abstract

It is widely known that state-of-the-art machine learning
models, including vision and language models, can be seri-
ously compromised by adversarial perturbations. It is there-
fore increasingly relevant to develop capabilities to certify
their performance in the presence of the most effective ad-
versarial attacks. Our paper offers a new approach to certify
the performance of machine learning models in the presence
of adversarial attacks with population level risk guarantees.
In particular, we introduce the notion of («, ¢)-safe machine
learning model. We propose a hypothesis testing procedure,
based on the availability of a calibration set, to derive sta-
tistical guarantees providing that the probability of declaring
that the adversarial (population) risk of a machine learning
model is less than « (i.e. the model is safe), while the model
is in fact unsafe (i.e. the model adversarial population risk is
higher than «), is less than . We also propose Bayesian op-
timization algorithms to determine efficiently whether a ma-
chine learning model is («, ¢)-safe in the presence of an ad-
versarial attack, along with statistical guarantees. We apply
our framework to a range of machine learning models - in-
cluding various sizes of vision Transformer (ViT) and ResNet
models - impaired by a variety of adversarial attacks, such
as PGDAttack, MomentumAttack, GenAttack and BanditAt-
tack, to illustrate the operation of our approach. Importantly,
we show that ViT’s are generally more robust to adversarial
attacks than ResNets, and large models are generally more
robust than smaller models. Our approach goes beyond exist-
ing empirical adversarial risk-based certification guarantees.
It formulates rigorous (and provable) performance guarantees
that can be used to satisfy regulatory requirements mandating
the use of state-of-the-art technical tools.

Introduction

With the development of increasingly capable autonomous
machine learning systems and their use in a range of do-
mains from healthcare to banking and finance, education,
and e-commerce, to name just a few, policy makers across
the world are in the process of formulating detailed regula-
tory requirements that will apply to developers and opera-
tors of Al systems. The EU is at the forefront of the drive
to regulate Al systems. Proposals for an EU AI Act, an Al
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Liability Directive and an extension of the EU Product Li-
ability Directive to Al systems and Al-enabled goods are
at advanced stages of the legislative process. Other juris-
dictions, too, pursue a variety of regulatory initiatives, and
standard setters such as the National Institute of Standards
and Technology in the United States and the Supreme Audit
Institutions of Germany, the UK, and other countries have
started work on more precise standards, including standards
concerning the robustness of machine learning systems in
the presence of adversarial attacks.

Regulatory frameworks adopted so far are mostly high-
level, but those that establish more detailed requirements for
Al systems to be put in service or for ongoing compliance,
such as the EU Al Act, require an assessment of the perfor-
mance of Al systems based on precise metrics. These met-
rics must include, among other things, an evaluation of the
accuracy and resilience of a system in case of perturbations
or unauthorised use.

It is thus important for those who deploy an Al system
to have technical capabilities that allow a precise measure-
ment of performance. However, developing certification pro-
cedures is not trivial due to the fact that state-of-the-art ma-
chine learning models are black-boxes that are poorly under-
stood; furthermore, the standard train/validate/test paradigm
often lacks rigorous quantifiable statistical guarantees and is
therefore a poor certification instrument. Therefore, recent
years have witnessed the introduction of various promising
procedures, building on recent advances in statistics, that
can be used to endow black-box / complex state-of-the-art
machine learning models with statistical guarantees (Bates
et al. 2021; Angelopoulos et al. 2021; Laufer-Goldshtein
etal. 2023). For example, Bates et al. (2021) have proposed a
framework to offer rigorous distribution-free error control of
machine learning models for a variety of tasks. Angelopou-
los et al. (2021) have proposed a procedure, the Learn-then-
Test framework, that leverages multiple hypothesis testing
techniques to calibrate machine learning models so that their
predictions satisfy explicit, finite-sample statistical guaran-
tees. Building on the Learn-then-Test framework, Laufer-
Goldshtein et al. (2023) introduce a procedure to identify
machine learning model risk-controlling configurations that
also satisfy a variety of other objectives. Additionally, con-
formal prediction techniques have been proposed to quantify



the reliability of the predictions of machine learning models,
e.g. Angelopoulos and Bates (2023).

Our paper builds on this line of research to offer an ap-
proach — Provably Safe Certification (PROSAC) — to certify
the robustness of a machine learning model under adversar-
ial attacks (Bruna et al. 2014; Chakraborty et al. 2018) with
population-level guarantees, thereby differing from existing
approaches that are limited to the certification of the em-
pirical risk such as Cohen, Rosenfeld, and Kolter (2019);
Wong and Kolter (2018) (see Section 2). In particular, we
build on hypothesis testing techniques akin to those in An-
gelopoulos et al. (2021); Laufer-Goldshtein et al. (2023) to
determine whether a model is robust against a specific ad-
versarial attack. However, our approach differs from those in
Angelopoulos et al. (2021); Laufer-Goldshtein et al. (2023)
because we aim to guarantee that a machine learning model
is safe for any attacker hyper-parameter configuration, rather
than for at least one such hyper-parameter configuration.
PROSAC is then used to benchmark a wide variety of state-
of-the-art machine learning models, such as vision Trans-
formers (ViT) and ResNet models, against a number of ad-
versarial attacks, such as PGDAttack (Madry et al. 2018),
MomentumAttack (Dong et al. 2018), GenAttack (Alzantot
et al. 2019) and BanditAttack (Ilyas, Engstrom, and Madry
2018) in vision tasks.

Contributions: Our main contributions are as follows:

e We propose PROSAC, a new framework to certify
whether a machine learning model is robust against a
specific adversarial attack. Specifically, we propose a hy-
pothesis testing procedure based on a notion of («, ()
machine learning model safety, entailing (loosely) that
the adversarial risk of a model is less than a (pre-
specified) threshold o with a (pre-specified) probability
higher than (.

* We propose a Bayesian optimization algorithm — con-
cretely, the (Improved) GP-UCB algorithm — to approx-
imate the p-values associated with the underlying hy-
pothesis testing problems, with a number of queries that
scale much slower than the number of hyper-parameter
configurations available to the attacker.

* We also demonstrate that — under a slightly more strin-
gent testing procedure — the proposed Bayesian opti-
mization algorithm allows us to rigorously certify («, ¢)-
safety of a specific machine learning model in the pres-
ence of a specific adversarial attack.

* Finally, we offer a series of experiments elaborating on
(a, )-safety of different machine learning models in the
presence of different adversarial attacks. Notably, our
framework reveals that ViTs appear to be more robust
to adversarial perturbations than ResNets, and that large
models appears to be more robust to adversarial pertur-
bations than smaller models.

Organization: Our paper is organized as follows: The
following section briefly reviews related work. Section 3
presents the problem statement, including the notion of
(a, ¢) machine learning model safety under adversarial at-
tacks. Section 4 presents our procedure to certify («, ¢) ma-
chine learning model safety. It describes the algorithm to
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certify (o, ¢) machine learning model safety and presents
associated guarantees. Section 5 offers experimental re-
sults to benchmark («, ¢)-safety of various machine learn-
ing models under various attacks. Finally, we offer conclud-
ing remarks in Section 6. The proofs of the main technical
results are relegated to the Supplementary Material.

Related Works

Adversarial Robustness Certification Different ap-
proaches have been proposed to certify the adversarial
robustness of machine learning models (Li, Xie, and Li
2023). For example, a) set propagation methods (Wong
and Kolter 2018; Wong et al. 2018; Gowal et al. 2018,
2019; Zhang et al. 2019); b) Lipschitz constant controlling
methods (Hein and Andriushchenko 2017; Tsuzuku, Sato,
and Sugiyama 2018; Trockman and Kolter 2020; Leino,
Wang, and Fredrikson 2021; Zhang et al. 2021; Xu, Li, and
Li 2022); and ¢) randomized smoothing techniques (Cohen,
Rosenfeld, and Kolter 2019; Lecuyer et al. 2019; Salman
et al. 2019; Carlini et al. 2023). Set propagation approaches
need access to the model architecture and parameters so
that an input polytope can be propagated from the input
layer to the output layer to produce an upper bound for
the worse-case input perturbation. This approach however
requires the model architecture to be able to propagate sets,
e.g. (Wong and Kolter 2018) relies on ReLU activation
functions. Lipschitz constant controlling approaches pro-
duce adversarial robustness certification by bounding local
Lipschitz constants; however, these approaches are limited
to certain model architectures such as LipConvnet (Singla
and Feizi 2021). In contrast, randomized smoothing (RS)
represents a versatile certification methodology free from
model architectural constraints or model parameter access.

Other Certification Approaches There are various other
recent approaches to certify (audit) machine learning mod-
els in relation to issues including fairness or bias (Black,
Yeom, and Fredrikson 2020; Xue, Yurochkin, and Sun 2020;
Si et al. 2021; Taskesen et al. 2021; Chugg et al. 2023).
For example, Black, Yeom, and Fredrikson (2020), Xue,
Yurochkin, and Sun (2020), Taskesen et al. (2021) and Si
et al. (2021) leverage hypothesis testing techniques — cou-
pled with optimal transport approaches — to test whether a
model discriminates against different demographic groups;
Chugg et al. (2023) leverages recent advances in (sequen-
tial) hypothesis testing techniques — the “testing by betting”
framework — to continuously test (monitor) whether a model
is fair. Our certification framework also leverages hypothesis
testing techniques, but the focus is on certifying the model
adversarial robustness rather than model fairness.

Distribution-free Uncertainty Quantification Our certi-
fication framework builds on recent work on distribution-
free risk quantification (Bates et al. 2021; Angelopoulos
et al. 2021). In particular, Bates et al. (2021); Angelopoulos
et al. (2021) seek to identify model hyper-parameter config-
urations that offer a pre-specified level of risk control (under
a variety of risk functions). See also similar follow-up work
by Laufer-Goldshtein et al. (2023) and Quach et al. (2023).



Our proposed PROSAC framework departs from these ex-
isting approaches in that it seeks to offer risk guarantees for
a machine learning model in the presence of an adversarial
attack. Via the use of a GP-UCB algorithm, it seeks to ascer-
tain the risk of a machine learning model in the presence of
the worst-case attacker hyper-parameter configuration.

Problem Statement
Adversarial Attack

We consider how to certify the robustness of a (classifica-
tion) machine learning model against specific adversarial at-
tacks. We assume that we have access to a machine learning
model M : X — )Y that maps features X € X onto a (cat-
egorical) target Y € Y where (X,Y’) are drawn from an
unknown distribution Dx y. We also assume that this ma-
chine learning model has already been optimized (trained) a
priori to solve a specific multi-class classification task using
a given training set (hence, Y = {1,2,..., K}). We denote
the corresponding positive loss functionas £ : Y x)Y — ]Ra' .

We consider that the machine learning model M is at-
tacked by an adversarial attack

Appr i X xY = X,

that given a pair (X,Y) € X x ) — (ideally) converts the
original model input X € X onto an adversarial one X € X
as follows:

X = Apmpr(X,Y) = X + argmax LM(X +6),Y),
seB?
()

with the intent of maximizing the loss for the given sample
(X,Y) € X x ), where BY is an ¢,-norm bounded ball with
radius e (where e measures the capability of the attacker, i.e.,
the attack budget).

However, practically, it is nontrivial to directly
obtain the optimal adversarial sample — calculating
arg maxsegs L(M(X + §),Y) analytically with Eq. (1)
is often inaccessible. Most attackers often need to iterate
and update based on the original sample, which requires
manually setting the number of iterations and iteration
step size, etc. Specifically, according to the accessibility
of the model information, common attackers are divided
into two categories: white-box attacks, where the attacker
has full access to the machine learning model, including its
architecture/parameters/gradients, and black-box attacks,
where the attacker does not have full access to the machine
learning model. In both conditions, we assume that the
attacker draws its hyper-parameter configuration (for exam-
ple, iteration steps) A from a (finite) set of hyper-parameter
configurations A, where each hyper-parameter configuration
is d-dimensional i.e. A € R<.

Moreover, in general, the various attacks are still stochas-
tic. Given fixed attack hyper-parameters A, the white-box
and black-box attacks do not deliver a deterministic pertur-
bation ¢ given fixed sample (X,Y") but rather random per-
turbations, because the attacks depend on other random vari-
ables. For example, the white-box PGDAttack (Madry et al.
2018) depends on the random initialization. Denoted as Z
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such remaining randomness in the attack, therefore, the ad-
versarial attacks' can be represented as

Ampin: (A XY)x Z = X,
and the corresponding adversarial sample as:

X = Appia(X,Y, 2), )

Model Safety

Given an adversarial attack A e 5, We can consequently
characterize the safety of a machine learning model using
two quantities: the adversarial risk and the max adversarial
risk. We define the adversarial (population) risk induced by
an attack A 4 gs , on a model M as follows:

R'AM,BE,/\(M> =Ex,v,2)~pxyxD {BM}, (3)

where
Rpm =1 M(Ap i (XY, 2)) # Y] I IM(X) = Y],
and we define the max adversarial (population) risk induced
by an attack A, s\ on a model M independently of how
the attacker chooses its hyper-parameters as follows:
Ry pg (M) = maxRoa (M), 4)
where we use the 0-1 loss to measure the per-sample loss?.
Note that the adversarial (population) risk characterizes
the performance of the machine learning model for a spe-
cific attack with a given budget / norm and a fixed hyper-
parameter configuration, whereas the max adversarial (pop-
ulation) risk characterizes the performance of the machine
learning model for an attack with a given budget / norm, in-
dependently of how the attacker chooses its hyper-parameter
configuration.

Our main goal is to determine whether a machine learning

model is safe by establishing whether the max (adversarial)
population risk is below some threshold with high probabil-
1ty.
Definition 1 ((«, {)-Model Safety) Fix0 < a <1,0<( <
1. Then, we say that a machine learning model M is («, ¢)-
safe under an adversarial attack A g  with fixed budget
€ and L,-norm, and for all attack hyper-parameters \ € A,
provided that

P (reject R* > o R* > avis true) < (.
Here, R* & R%, (M).

We will see in the following that this entails formulat-
ing a hypothesis testing problem where the null hypothe-
sis is associated with a max adversarial risk higher than a.
Therefore, («, ¢)-model safety means that the probability of
declaring that the max adversarial risk of a model is less than
a when it is in fact higher than « is smaller than ¢, or, more
loosely speaking, a model max adversarial risk is less than
« with a probability higher than 1 — (.

M,BY MBI

®)

MBI\

"Note that, we do not consider the attack budget, €, to be a
hyper-parameter since it would not be possible to control the risk
where the adversary has the ability to choose any attack budget
€ € (0,00). We also do not consider the attack norm to be a hyper-
parameter.

This work concentrates primarily on classification problems
with 0-1 loss. However, our work readily extends to other losses
subject to some modifications.



Certification Procedure

We now describe our proposed certification approach allow-
ing us to establish («, ¢)- safety of a machine learning model
in the presence of an adversarial attack. We will omit the de-
pendency of adversarial risk on the model, the attack, and
the attack parameters in order to simplify notation. We will
also omit the fact that the attack depends on the model, its
budget / norm, and the hyper-parameters.

Procedure

Our procedure is related to, but also departs from, a recent
line of research concerning risk control in machine learning
models, pursued by Bates et al. (2021); Angelopoulos et al.
(2021) and Laufer-Goldshtein et al. (2023) (see also refer-
ences therein). In particular, Bates et al. (2021); Angelopou-
los et al. (2021) and Laufer-Goldshtein et al. (2023) offer
a methodology to identify a set of model hyper-parameter
configurations that control the (statistical) risk of a machine
learning model. However, we are not interested in determin-
ing a set of attacker hyper-parameters guaranteeing risk con-
trol, but rather in guaranteeing risk control independently of
how an attacker chooses the hyper-parameters (since a user
cannot control the choice of hyper-parameters).

We fix the machine learning model M, the adversar-
ial attack 4, the adversarial attack budget ¢, and the
adversarial attack /,-norm. We leverage — in line with
Bates et al. (2021); Angelopoulos et al. (2021); Laufer-
Goldshtein et al. (2023) — access to a calibration set
S = {(X1,71),(X2,Y2),...,(Xn,Ys)} (independent of
any training set) where the samples (X;,Y;) are drawn i.i.d.
from the distribution Dy y to construct our certification pro-
cedure.

Our certification procedure then involves the following
sequence of steps:

* First, we set up a hypothesis testing problem where the
null hypothesis is Hy : R* > « or, equivalently, H :
I A € A, Ry > «, where R* represents the max ad-
versarial risk in Eq. (4) and R, represents the adver-
sarial risk in Eq. (3) that depends on the attacker hyper-
parameters A € A.

» Second, we leverage the calibration set (plus another set
with a number of instances / objects characterizing the
randomness of the attack) to determine a finite-sample
p-value p* that can be used to reject the null hypothesis
Ho : R* > a or, equivalently, Hy : 3A € A, Ry > a.

* Finally, we reject the null hypothesis Hg : R* > « or,
equivalently, Ho : 3 A € A, Ry > « provided that the
p-value p* is less than (.

This procedure allows us to establish («, {)- safety of the
machine learning model M in the presence of an adversarial
attack A, in accordance with Definition 1.

Proposition 1 Let p* be a p-value associated with the hy-
pothesis testing problem where the null hypothesis is Hg :
R* > « or, equivalently, Hog : X € A, Ry > a. It follows
immediately that the machine learning model is («, ¢)- safe,
i.e.

P (reject R* > a | R* > avis true) < ¢, (6)

2936

provided that the null hypothesis is rejected if and only if
pr<C

We next show how to derive a p-value for our hypothesis
testing problem where Ho : 3 A € A, Ry > « from the p-
values for the hypothesis testing problems where Hg : Ry >
a, for all A € A (see also Laufer-Goldshtein et al. 2023). 3

Theorem 2 If p(\) is a p-value associated with the null
Ho : Ry > « then p* = maxyep p(N) is a p-value as-
sociated with the null hypothesis Ho : X € A, Ry > .

Therefore, building on Theorem 2, we can immediately
determine a p-value for our hypothesis testing problem.

Theorem 3 A (super-uniform) p-value associated with the
null hypothesis Ho : 3\ € A, Ry > « is given by (Bates
etal. 2021; Angelopoulos et al. 2021 ):

pt = max min { exp (—n -hi(R(N); a)) )

e-P (Bin(n,0) < [n-RO])

where 7%()\) represents the adversarial empirical risk in-
duced by the attack Ay on model M given a specific hyper-
parameter configuration A € A ie.

Z]l
CIM(X;) =Y,

where S = {(X1,Y1),...,(Xn,Yy)} is the set containing
the calibration data, Z = {Z, ..., Zy,} is a set containing
a series of random objects that capture the randomness of
the attack, and hq(a,b) = a -log(a/b) + (1 —a) - log((1 —
a)/(1 = b)).

Algorithm and Associated Guarantees

Our procedure to establish («, {)-safety of a machine learn-
ing model M in the presence of an adversarial attack A,
in accordance with Definition 1, relies on the ability to ap-
proximate the p-value associated with the null hypothesis
Ho : X € A, Ry > « as per Theorem 3. However, this
involves solving a complex optimization problem concern-
ing the maximization of a function (a Hoeffding-Bentkus p-
value (Bates et al. 2021; Angelopoulos et al. 2021)) over
the set of attacker hyper-parameter configurations. We there-
fore propose to adopt a Bayesian optimization (BO) proce-
dure, based on the established Gaussian Process Upper Con-
fidence Bound (GP-UCB) algorithm (Srinivas et al. 2010),
which can be used to search effectively over the set of hyper-
parameter configurations of the attack in order to identify the
configuration leading to the highest p-value®.

)

R\, S, Z) (AN(X3, Y5, Z)) # Y]

®)

3Note the difference between the hypothesis testing problems.
The problem with the null Ho : 3 XA € A, Rx > « tests whether
the max adversarial risk is above a independently of the choice of
hyper-parameters associated with the attack, whereas the hypothe-
sis testing problem with the null Ho : Rx > « tests whether the
risk is above « for a particular choice of hyper-parameters associ-
ated with the attack.

*We require a sample-efficient optimization method since the
evaluation of the p-value involves computation of the empirical risk



Algorithm 1: GP-UCB for hyperparameter optimization

Input: Hyper-parameter configuration grid A. Gaussian
Process prior mean iy = 0; Gaussian Process prior co-
variance oy = k where k corresponds to the kernel func-
tion.
fort=1,2,3...Tdo

Compute A\; = arg max piz—1(A) + Bror—1(N).

AEA

Compute p; = p(A) + vy

Perform Bayesian update to obtain new GP mean p

and covariance o using the sampled points (¢, t).
end for

return pp = 1/T ZtT:l Dt

Algorithm 1 summarizes the GP-UCB procedure used to
search for the attack hyperparameters that solve Eq. (7).
The algorithm first ingests the attacker hyper-parameter grid
configuration, the Gaussian process mean function, and the
Gaussian process prior covariance (kernel) function. We se-
lect the kernel to be Matern kernel (Genton 2001). At round
t, the algorithm determines the hyper-parameter configura-
tion \; € A that maximizes the upper confidence bound. The
algorithm then determines a p-value p; corresponding to the
sum of p(A;) plus some i.i.d. zero-mean Gaussian noise v;
(where p(\;) is derived from Eq. (7), and the algorithm per-
forms Bayesian updating to obtain a new GP mean function
1 and covariance function o;. The algorithm finally deliv-
ers the p-value estimate after 7' rounds. We choose 3; to be
0.1 with hyper-parameter search from 8={0.01,0.1,1.0}.

The following theorem shows that we can establish
(a, )-safety of the machine learning model M in the pres-
ence of an adversarial attack A (in accordance with Defini-
tion 1) by relying on Algorithm 1. In particular, in view of
the fact that the GP-UCB procedure in Algorithm 1 deliv-
ers a p-value estimate that is close to the true p-value with
probability (1 — §), where 0 < § < 1 (see guarantees in
(Srinivas et al. 2010)), the hypothesis testing procedure un-
derlying Theorem 4 compares the GP-UCB p-value estimate
pr to a more conservative threshold ¢/ < ¢, rather than (,
where

¢' = ¢ =0 (BVAr/T + VA7 (r +10g(1/0)) /T) — 4,
&)
where the value B bounds the smoothness of the p-value
function , vy corresponds to the maximum information gain
at round 71", and 7' is the number of GP-UCB rounds. Ac-
cording to Eq. (9), with probability nearly 1, we can expect
¢’ — ¢ with T — oo. The Supplementary Material demon-
strates that this more conservative testing procedure is suffi-
cient to retain the («, ) safety guarantees in Definition 1.

Theorem 4 ((«, ¢)-Safe Model with GP-UCB) Fix 0 <
a<1,0<(<1,0<0 <1 (withd < (), the machine
learning model M, the adversarial attack A (its budget €
and {y-norm). Assume that one rejects the null hypothesis

of the model subject to the attack for each individual attack hyper-
parameter configuration; this is very time-consuming for complex
models used in our experiments.
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provided that GP-UCB p-value estimate pr is below (' in
Eq. (9). Then, one can guarantee that the machine learning
model M is («, ()-safe under an adversarial attack A for
all attack hyper-parameters, i.e.,

P (reject R* > a | R* > avis true) < (.

(10)

Experiments

In this section, we conduct extensive experiments with
PROSAC to certify the performance of various state-of-the-
art vision models in the presence of various adversarial at-
tacks; how the framework recovers existing trends relating
to the robustness of different models against different ad-
versarial attacks; and how the framework also suggests new
trends relating to state-of-the-art model robustness against
attacks.

Experimental Settings

Datasets We will consider primarily classification tasks
on the ImageNet-1k dataset (Deng et al. 2009). We fol-
low the common experimental setting in black-box adver-
sarial attacks, using 1,000 images from ImageNet-1k (An-
driushchenko et al. 2020; Ilyas et al. 2018) to apply our pro-
posed certification procedure. In particular, we take our cal-
ibration set to correspond to this dataset.

Models We use two representative state-of-the-art mod-
els in computer vision in our experiments, vision trans-
former (ViT) (Dosovitskiy et al. 2020) and ResNet (He
et al. 2016). We first consider supervised pre-trained mod-
els on ImageNet-1k: We use small, base and large models
for both ResNet and ViT. Specifically, we test ViT-Small,
ViT-Base and ViT-Large for ViT, and ResNet-18, ResNet-50
and ResNet-101 for ResNet. To certify, we also consider ad-
versarially pre-trained (Adv) models on ImageNet-1k. We
adopt the adversarial training models provided by Robust-
Bench, in particular, ResNetl8-Adv (Salman et al. 2020),
ResNet50-Adv (Wong, Rice, and Kolter 2020) and ViT-Base-
Adv (Mo et al. 2022). In summary, we test 9 pre-trained mod-
els in our experiments, also see Fig. 1(a) for their classifica-
tion performance and number of parameters.

Attackers We consider both white-box and black-box at-
tackers in our experiments - PGDAttack (Madry et al. 2018)
and MomentumAttack (Dong et al. 2018) for white-box,
and BanditAttack (Ilyas, Engstrom, and Madry 2018) and
GenAttack (Alzantot et al. 2019) for black-box. We default
to L, perturbation. For comparison, we also consider PG-
DAttack with Lo perturbation. The hyperparameters of each
attacker were carefully selected to explore a wide range of
configurations. Specifically, detailed range/values of hyper-
parameters for each attackers are shown in APPENDIX A. As
our focus is not to investigate and compare different adver-
sarial attackers, for better clarity, we leave it to the inter-
ested readers more details and mechanisms about each at-
tacker. We follow the implementation of different attackers
in advertorch (Ding, Wang, and Jin 2019) in our exper-
iments. All hyperparameters can be corresponded back to.
We set @ = 0.10 and ¢ = 0.05 in our safety certification
procedure, per Definition 1.
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(d) MomentumAttack with L., norm.

(e) GenAttack with Lo, norm.

(f) BanditAttack with Lo, norm.

Figure 1: Model certification w.r.¢ different attacking budgets e.

Model Safety Certification under Variable Attack
Budget

In this section, we certify the safety of nine different mod-
els against adversarial attacks, focusing on five different ad-
versarial attack strategies with the hyperparameter range de-
fined earlier, as illustrated in Fig. 1. As previously discussed,
the attack budget e controls the degree of perturbation ap-
plied to the input. We can generally observe that as the attack
budget € increases, the safety of various models decreases
(indicated by a rise in the p-value). This further explains
why we do not consider attack budget € as a interested hy-
perparameter - since it has a clear linear relationship with
model safety. Additionally, we highlight the following ob-
servations:

* Large Models vs. Small Models: 1t is commonly agreed
that although larger models are capable of capturing
complex patterns and generalizing more effectively, they
are often more susceptible to overfitting, particularly
when trained with limited datasets. This leads to a natu-
ral hypothesis that larger models, with more parameters,
might be more vulnerable to adversarial attacks, as they
could be easily deceived by perturbations that exploit
these overfitted details. However, contrary to this hypoth-
esis, we find that smaller models tend to exhibit lower
safety against adversarial attacks across both ResNet
and ViT model families (i.., PReonetis > PResNetso >
pEesNetIOI’ p:‘/iT—Small > p;kfiT-Base > p:/iT—Large)' This coun-
terintuitive result suggests that the relationship between
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model size and adversarial robustness is more complex
than initially assumed, and it highlights the need for fur-
ther exploration and analysis in this area.

* ResNet vs. ViT: In addition to the intriguing relation-
ship between model size and model security, we ob-
serve a notable contrast between ResNet-family mod-
els and ViT-family models - that the ViT-family con-
sistently demonstrates superior adversarial safety com-
pared to the ResNet-family. While a detailed investiga-
tion of this phenomenon is beyond the scope of this
paper, one key difference lies in their architectural ap-
proaches. Unlike ResNet, which relies on local convo-
lutions for feature extraction, Vision Transformers (ViT)
utilize a self-attention mechanism. This mechanism al-
lows ViTs to capture long-range dependencies and global
context more effectively. By focusing on global interac-
tions between patches of the input image, ViTs may po-
tentially counteract adversarial perturbations that exploit
local features.

* Adversarial Training: We also evaluate the performance
of existing adversarial training methods. As expected,
models incorporating adversarial training techniques
(ResNet18-Adv, ResNet50-Adv and ViT-Base-Adv) gen-
erally exhibit improved adversarial safety. However, it
is important to note that these models also experience
a significant impact on their classification performance,
see Fig. 1(a). The trade-off between enhanced adversar-
ial resilience and reduced classification accuracy must
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Figure 2: Performance of GP-UCB estimation as the rounds change.

be carefully considered when implementing adversarial
training.

* Different Attackers: Finally, we conducted a comparison
of different attackers. Note that, since the attack budget €
heavily influences the attacker’s capability, we only pro-
vide a rough summary based on significant observations
available. It is noted that, compared to black-box attacks,
white-box attacks are more harmful even with lower at-
tack budgets. We conjecture that, in white-box attacks,
the attacker has complete access to the model’s internal
parameters and gradient information, enabling the design
of more effective adversarial samples.

Approximation Performance of GP-UCB

Before the primary model validation process, we first em-
pirically validated the performance of the GP-UCB method
in estimating the p-value. Specifically, this section focuses
on evaluating the robustness of the ResNet18 model when
subjected to the GenAttack. For comparison, in addition to
the proposed GP-UCB method for estimating the p-value,
a straightforward grid search approach was also employed.
To ensure computational efficiency, we only considered two
variable parameters , resulting in a total of 100 hyperparam-
eter combinations.

As shown in Fig. 2(a), we present the attack success rate
R corresponding to these 100 parameter combinations. The
final attack success rate (‘averaged’) was obtained by av-
eraging the results from five random repetitions (‘Run 1’
- ‘Run 5’). Based on Eq. (7) and Eq. (8), we calculated
the p-values corresponding to each hyperparameter combi-
nation, shown in Fig. 2(b). Notably, we marked the max-
imum value (p*) with a horizontal line. For comparison,
Fig. 2(c) illustrates the p* values estimated by the GP-UCB
algorithm at different rounds. We observed that, compared
to grid search, after a certain number of iterations, the GP-
UCB method consistently provides a more conservative p-
value (pg,,., ot > Pyria—searcn)> Which helps further reduce
the false positive rate in the model robustness assessment.

2939

Conclusions

We have proposed PROSAC, a new approach to certify the
performance of a machine learning model in the presence of
an adversarial attack, with population level adversarial risk
guarantees. PROSAC builds on recent work on distribution-
free risk quantification approaches, offering an instrument to
ascertain whether a model is likely to be safe in the presence
of an adversarial attack, independently of how the attacker
chooses the attack hyperparameters. We show via experi-
ments that PROSAC is able to certify various state-of-the-
art models, leading to results that are in line with existing
results in the literature.

The technical framework developed here is likely to be
of high relevance to Al regulation, such as the EU’s Al
Act, which requires providers of certain Al systems to en-
sure that their systems are resilient to adversarial attacks.
Beyond its utility as a certification instrument, our frame-
work also suggests that a number of areas in adversarial
robustness may merit further attention. First, PROSAC has
shown that large ViT models appear to be more adversari-
ally robust than smaller models, pointing to new directions
for research on the relationship between the capacity of a
ViT and its adversarial robustness. Second, CLIP-ViT mod-
els appear to be more vulnerable to adversarial attacks than
supervised trained ViTs, raising questions about how to use
self-supervised models better in improving adversarial ro-
bustness of downstream tasks.

We highlight the importance of measuring the resilience
of ML models against adversarial use and misuse, not only
in order to comply with the EU AI Act, but also because
general duties to act with due care and not negligently pre-
suppose that providers of Al systems have clarity about the
safety of their models. With our approach to certifying ro-
bustness, we seek to provide a tool to reduce these societal
risks. In addition, in future work, we aim to further investi-
gate the security challenges of models in multimodal learn-
ing, particularly in the presence of noise and missing modal-
ities (Feng, Tzimiropoulos, and Patras 2022, 2024; Zhi et al.
2024a,b).
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