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Abstract—Machine-learning models demand periodic updates to improve their average accuracy, exploiting novel architectures and
additional data. However, a newly-updated model may commit mistakes that the previous model did not make. Such misclassifications are
referred to as negative flips, experienced by users as a regression of performance. In this work, we show that this problem also affects
robustness to adversarial examples, hindering the development of secure model update practices. In particular, when updating a model to
improve its adversarial robustness, previously-ineffective adversarial attacks on some inputs may become successful, causing a
regression in the perceived security of the system. We propose a novel technique, named robustness-congruent adversarial training, to
address this issue. It amounts to fine-tuning a model with adversarial training, while constraining it to retain higher robustness on the
samples for which no adversarial example was found before update. We show that our algorithm and, more generally, learning with
non-regression constraints, provides a theoretically-grounded framework to train consistent estimators. Our experiments on robust models
for computer vision confirm that both accuracy and robustness, even if improved after model update, can be affected by negative flips, and
our robustness-congruent adversarial training can mitigate the problem, outperforming competing baseline methods.

Index Terms—Machine Learning, Adversarial Robustness, Adversarial Examples, Regression Testing

1 INTRODUCTION

Many modern applications of machine learning require fre-
quent model updates to keep pace with the introduction
of novel and more powerful architectures, as well as with
changes in the underlying data distribution. For instance,
when dealing with cybersecurity-related tasks like malware
detection, novel threats are discovered at a high pace, and
machine learning models need to be constantly retrained to
learn to detect them with high accuracy. Another example is
given by image tagging, in which image classification and
detection models are used to tag pictures of users, and the
variety of depicted objects and scenarios varies over time,
requiring constant updates. In both cases, as novel and more
powerful machine learning architectures emerge, they are
rapidly adopted to improve the average system performance;
consider, for instance, the need for transitioning from convo-
lutional neural networks to transformer-based architectures.

Within the aforementioned scenarios, the practice of de-
livering frequent model updates opens up a new challenge
related to the maintenance of machine learning models and
their performance as perceived by the end users. The issue
is that average accuracy is not elaborate enough to also
account for sample-wise performance. In particular, even if
average accuracy increases after update, some samples that
were correctly predicted by the previous model might be mis-
classified after model update. There is indeed no guarantee
that a newly-updated model with higher average accuracy

will not commit any mistake on the samples that were
correctly predicted by the previous model. The samples that
were correctly predicted by the previous model and become
misclassified after update have been referred to as Negative
Flips (NFs) in [1]. Such mistakes are perceived by end users
and practitioners as a regression of performance, similarly to
what happens in classical software development, where the
term “regression” refers to the deterioration of performance
after an update. For this reason, reducing negative flips when
performing model updates can be considered as important in
practice as improving the overall system accuracy. To better
understand the relevance of this issue, consider again the
case of malware detection. Experiencing NFs in this domain
amounts to having either previously-known legitimate sam-
ples misclassified as false positives, or previously-detected
malware samples misclassified as legitimate, increasing the
likelihood of infecting devices in the wild Similarly, for the
case of image tagging, users might find some of their pho-
tos changing labels and potentially being mislabeled after a
model update, resulting in a bad user experience. Yan et al. [1]
have been the first to highlight this issue, and proposed an
approach aimed at minimizing negative flips, referred to as
Positive Congruent Training (PCT). The underlying idea of their
method is to include an additional knowledge-distillation
loss while training the updated model to retain the behavior

1. https:/ /www.mandiant.com/resources/blog/churning-out-
machine-learning-models-handling-changes-in-model-predictions
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of the old model on samples that were correctly classified be-
fore model update. This forces the updated model to reduce
the number of errors on such samples (i.e., the NFs), while
also aiming to improve the average classification accuracy.

In this work, we argue that model updates may not only
induce a perceived regression of classification accuracy via
negative flips, but also a regression of other trustworthiness-
related metrics, including adversarial robustness. Adversarial
robustness is the ability of machine learning models to with-
stand adversarial examples, i.e., inputs carefully perturbed to
mislead classification at test time [2], [3]. Recent progress
has shown that adversarial robustness can be improved by
adopting more recent neural network architectures and data
augmentation techniques [4]. When updating the system with
a more recent and robust model, one is expected to gain an
overall increase in robust accuracy, i.e., the fraction of samples
for which no adversarial example (crafted within a given
perturbation budget) is found. However, similarly to the case
of classification accuracy, it may happen that previously-
ineffective adversarial attacks on some samples may be able
to evade the newly-updated model, thereby causing a per-
ceived regression of robustness. We refer to these newly-
induced mistakes as robustness negative flips (RNFs) in the
remainder of this manuscript. We discuss the different types
of regression in machine learning in Sect.

Our contribution is twofold. We are the first to show that
the update of robust machine-learning models can cause a
perceived regression of their robustness, meaning that the
new model may be fooled by adversarial examples which
the previous model was robust to. Furthermore, we pro-
pose a novel technique named robustness-congruent adversarial
training (RCAT) to overcome this issue, presented in Sect.
As the name suggests, our methodology utilizes the well-
known adversarial training (AT) procedure to update ma-
chine learning models by incorporating adversarial examples
within their training data [5]. In particular, we enrich AT
by re-formulating the optimization problem with an addi-
tional non-regression penalty term that forces the model to
retain high robustness on the training samples for which no
adversarial example was found, minimizing the fraction of
robustness negative flips (as well as the fraction of negative
flips). Finally, we show that our technique is also theoretically
grounded, demonstrating that learning with a non-regression
constraint provides a statistically-consistent estimator, with-
out even affecting the usual convergence rate of O(!/\/n),
where 7 is the number of training samples.

Our experiments, reported in Sect. @} confirm the pres-
ence of regression when updating robust models, showing
that state-of-the-art image classifiers [4] with higher robust-
ness than their predecessors are misled by some previously-
detected adversarial examples. We further show that, when
updating models using our RCAT approach, we are able to
improve the accuracy and robustness of the updated models
while containing both negative flips and robustness negative
flips, outperforming competing baselines. We discuss related
work on backward compatibility of machine-learning models
and continual learning in Sect. |5, and conclude the paper
by discussing limitations of the current approach and future

research directions in Sect. [6l

2 REGRESSION OF MACHINE LEARNING MODELS

Before delving into the discussion about the types of re-
gression which may be experienced when updating machine
learning models, we define some basic notation that will be
used throughout this manuscript.

Notation. Let us denote with D = (x;,y;)/, the training
set, consisting of n d-dimensional samples x; € & C ]Rd
along with their class labels y; € J = {1,. .., c}. We similarly
define the test set as 7 = (z;,y;)L;, and assume that both
datasets are sampled from the same, unknown probability
distribution. Accordingly, a machine learning model can be
represented as a function f : X — R¢ which outputs a
confidence value for each class (also referred to as logit). For
compactness, we will also use fi(x) to denote the confidence
value associated to class k. The predicted class label can be
thus denoted with §(x) = arg maxgey fr(x), where the de-
pendency of § on © may be omitted in some cases to keep the
notation uncluttered. Training a model amounts to finding
a function f within a feasible set F (e.g., constrained by a
fixed network architecture) that minimizes a loss L(y, f(x))
on the training samples in D, typically using a convex loss
that provides an upper bound on the classification error (i.e.,
the zero-one loss), while penalizing complex solutions via a
regularization term that prevents overfitting. This helps find
solutions that achieve lower error on the test set 7 and are
thus expected to generalize better.

2.1 Regression of Accuracy: Negative Flips (NFs)

Training a model by minimizing the aforementioned objec-
tive means finding a suitable set of parameters for f that
reduces the probability of misclassification over all samples.
However, this formulation does not constrain the behavior of
the model on specific samples, or in specific regions of the
feature space. Thus, when updating an old model f°'¢ with a
new model f"°V that is trained on the same data D but using
a different network architecture, one may observe that f"°%
yields a lower classification error on 7~ while misclassifying
different samples than those that were misclassified by f°!.
In other words, there might be some test samples x for which
§°"(z) = y and §"°"(x) # y, being y their true class. These
samples are referred to as negative flips (NFs), as they are
responsible for worsening the performance of the new model
when compared to the old one. Conversely, the samples that
were misclassified by the old model but not by the new one
are referred to as positive flips as they improve the overall
accuracy of f™V on 7. More formally, we can define the NF
rate (measured on the test set 7) as suggested by Yan et al. [1]]:

1 m
NE) = — S L(5 =y A Ay) . O

j=1

where I is the indicator function, which equals one only if
the input statement holds true (and zero otherwise), A is
the logical and operator, and we make use of the compact

2. When data is normalized, as for images, typically z € X = [0,1]%.
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-I Regression of Accuracy: Negative Flip (NF) I

Before update: sample x is classified
correctly, ie., §°9(x) =y

After update: sample x is
misclassified, i.e., y"V(x) = y

v

—I Regression of Robustness: Robustness Negative Flip (RNF)

|_

Before update: no adversarial example x’ is found
against 4, i.e, §°9(x") =y, vx' € B(x)

After update: the
adversarial example x’
is misclassified,

ie, "W (x') = y

=]
& B) = {x € X:||¥' — 2|l < &}

Fig. 1: Regression modes in machine-learning model updates. Left: Regression of accuracy induced by negative flips (NFs).
When updating an old model f°'4 (dashed black line) with a new model ™% (solid black line), a test sample = that was
correctly classified by f°'4 may be misclassified by f"°%, causing an NF. Right: Regression of robustness induced by robustness
negative flips (RNFs). In a different setting, the test sample « may be still correctly classified by f"". However, while no
adversarial examples are found against f°!¢ (since the perturbation domain B(z), represented by the dashed gray box around
x, never intersects the decision boundary of f°'9), an adversarial example ' is found against f*%, causing an RNF.

notation g;?ld and §;°" to denote respectively §°4(z;) and
Anew

"V (x;). The regression of accuracy induced by NFs after
model update is also exemplified in Fig. 1| (left).

2.1.1 Positive-Congruent Training (PCT)

To reduce the presence of NFs after model update, and
prevent the system users from experiencing a regression of
accuracy when using the new model, Yan et al. [1] proposed
a technique named Positive-Congruent Training (PCT). The
underlying idea of PCT is to add a knowledge-distillation
term to the loss function optimized when training the new
model f"°V. This term is referred to as focal distillation, as it
forces f1°% to produce similar outputs to those of f°'4 on the
samples that were correctly classified by the old model. The
PCT approach can be formally described as:

fr € arg min > L(yi, f(x:)) + A - Lep(f(xi), £74:)) ,
fer =1
2)

being L a standard loss function (e.g., the cross-entropy loss),
L rp the focal-distillation loss, and A a trade-off hyperparam-
eter. The focal-distillation loss takes the logits f(z;) of the
new model f being optimized as inputs, along with the logits
fo'4(z;) provided by the old model, and it is computed as:

Lep = (a+ 8162 =) - Lo(f(@0), £ (@), ()

where a and 3 are two (non-negative) hyperparameters, and
Lp is the distillation loss. The hyperparameter a forces the
distillation of the old model over the whole sample set,
while (3 is used to upweight the contribution of the samples
that were correctly classified by f°'4. In this manner, the
new model tends to mimic the behavior of the old model
where the latter performed correctly, reducing the potential
mistakes induced by NFs. While in their work Yan et al. [1]
experimented with different distillation losses, we focus here
on the most promising one, named focal distillation with logit

matching (FD-LM). This distillation loss simply measures the
squared Euclidean distance between the logits of the model
f being optimized and those of the old model f°!4:

Lo(f(2), £ @) = S 1) - @B @

While PCT has empirically proven to reduce NFs, it has
not been designed to deal with the regression of robust-
ness. Furthermore, its theoretical properties have not been
analyzed, and it remains thus unclear whether it provides a
sound, statistically-consistent estimator.

2.2 Regression of Robustness: Robustness Negative
Flips (RNFs)

After introducing the notion of regression of accuracy, in-
duced by the presence of NFs after model update, we argue
here that incremental changes to machine-learning models
can also affect their security against adversarial examples [2],
[3], i.e., carefully-crafted input perturbations aimed to cause
misclassifications at test time. More formally, adversarial
examples are found by solving the following optimization:

max Ly, f(z')), ©)
x’' eB(x)

where B(z) = {&’ € X : |z’ — x|, < €} defines the
perturbation domain, || - ||, a suitable ¢, norm, and ¢ the
perturbation budget. In practice, the goal is to find a sample
x’ € B(x) that is misclassified by f, i.e., for which §(z’) # .
As shown in Fig. [1| (right), the adversarial example z’ is
optimized within an /.,-norm (box) constraint of radius &
centered on the source sample . It is not difficult to see that,
while no adversarial example can be found against the old
model £°'4 (as the box constraint never intersects its decision
boundary), the same does not hold for the new model "¢V,
which is evaded by the adversarial example x’. Accordingly,
when updating the old model f°!¢ with f7°V, even if the
overall robust accuracy may increase, it may happen that the
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f7Y is evaded by some adversarial examples that were not
found against f°'9, causing what we call robustness negative
flips (RNFs). More formally, we define the RNF rate as:

m
RNF(%) = - S 1 (5 (@) = s A" (@) £35) » ©)
j=1
where x; and z// are the adversarial examples obtained by
solving Problem @ against f°'9 and f°V, respectively. This
means that adversarial examples are re- optlmlzed against
each model, and the statement §°'¢(z) = y; holds true
only if no adversarial example within the given perturbation
domain B(z) is found against f°!, i.e., no sample in B(x) is
misclassified by f°!4, whereas it suffices to find one evasive
sample against f*“" to conclude that §"*"(z/) # y;. This
makes measuring regression of robustness more complex, as
it is defined over a perturbation domain B(x) around each
input sample «x, rather than just on the set of input samples.
However, as we will see in our experiments, it can be reliably
estimated using state-of-the-art attack algorithms and best
practices to optimize adversarial examples [6:8].

To conclude, note that an input sample & may be correctly
classified by f°4, and at the same time no corresponding
adversarial example may exist, i.e., no ' evading f°'¢ can be
found within the given perturbation domain B(x), as shown
in the right plot of Fig. [1] After update, it may happen that
f7Y misclassifies the input sample «. Thus, by definition, x
coincides with the solution of Problem , i.e., its adversarial
example ’. This case will be accounted both as an NF and as
an RNF. However, as discussed in our experiments, these joint
negative flips are typically very rare and overall negligible.

3 SECURE MODEL UPDATES VIA ROBUSTNESS-
CONGRUENT ADVERSARIAL TRAINING

We present here our Robustness-Congruent Adversarial Train-
ing (RCAT) approach to updating machine-learning models
while keeping a low number of NFs and RNFs (Sect. [3.T).
We then demonstrate how RCAT, as well as PCT, provide
statistically-consistent estimators in Sect.

3.1 Robustness-Congruent Adversarial Training

We formulate RCAT as an extension of Problem that
includes adversarial training, i.e., the optimization of adver-
sarial examples during model training. This is a well-known
practice used to improve adversarial robustness of machine-
learning models [5]. Before introducing RCAT, we propose a
trivial extension of PCT with adversarial training, which we
refer to as Positive-Congruent Adversarial Training (PCAT).
Positive-Congruent Adversarial Training (PCAT). PCAT
amounts to solving the following problem:
n

min
f 6}'

max L(y;, f(2})) + A~ Lep(f (@), [ ())), (@)

wEB

where B; is used to compactly denote B(x;). This is a min-
max optimization problem that aims to find the worst-case
adversarial example ) for each training sample x;, while
upweighting the distillation loss on the adversarial examples

4

that were not able to fool f°'4. The underlying idea is to
preserve robustness on the samples for which no adversarial
example was found against f°!9, thereby reducing RNFs.
However, as we will show in our experiments, this technique
is not very effective in preventing regression of robustness,
even though it provides a reasonable baseline for comparison.
In particular, the main problems that arise when trying to use
PCAT are: (i) it is not easy to define an effective hyperparam-
eter tuning strategy; and (ii) it is not possible to exploit an
already-trained, updated, and more robust model directly.
Robustness-Congruent Adversarial Training (RCAT). With
respect to the baseline idea of PCAT, we define RCAT as:

;) + o Lp(f(x7), (7)) +

= i) - Lp(f(=}), f4(@7)) .-
®)

minz max v - L(y;, f(

fe]-' x;eB;
B-1(5° (2})

This formulation presents two main changes with respect
to PCAT (Problem , to overcome the two aforementioned
limitations of such method. First, to facilitate hyperparam-
eter tuning, we redefine the range of the hyperparameters
a, € [0,1], while fixing v = 1 — a — f3, so that the three
hyperparameters sum up to 1. We also remove the hyperpa-
rameter A as it is redundant. Second, we use f°'° instead
of f°4 in the a-scaled term of the focal distillation loss
(Eq. B). The reason is that one may want to update a model
f°4 with an already-trained source model f*' that exhibits
improved accuracy and robustness, while also reducing NFs
and RNFs after update. As f*'° can be used to initialize f
before training via RCAT, it is not reasonable to enforce the
behavior of f°!4 over the whole input space. We can indeed
try to preserve the behavior of the improved f°*° model over
the whole input space, while enforcing that of f°!4 only on
those regions of the input space in which no adversarial
examples against f°!4 are found. This is especially convenient
when dealing with robust models, as they are normally
trained with complicated variants of adversarial training and
data augmentation, resulting in a significant computational
complexity increase. Thus, if an already-trained, more robust
model becomes available, it can be readily used in RCAT as
157, as well as to initialize f before optimizing it, while f°!
can be used to reduce NFs and RNFs in the $-scaled term.
To summarize, with respect to the baseline PCT formula-
tion in Eq. (2) [1], RCAT provides the following modifications:

1) it includes an adversarial training loop to reduce RNFs;

2) it redefines the hyperparameters to facilitate tuning; and

3) it gives the possibility of distilling from a different model
than f°!4 over the whole input space, when available, to
retain better accuracy and robustness.

3.1.1 Solution Algorithm

We describe here the gradient-based approach used to solve
the RCAT learning problem defined in Eq. (8). A similar
algorithm can be used to solve the PCAT problem in Eq. (7).
Let us assume that the function f is parameterized by w.

Authorized licensed use limited to: Universita di Cagliari. Downloaded on June 12,2025 at 08:34:44 UTC from IEEE Xplore. Restrictions apply.
© 2025 IEEE. All rights reserved, including rights for text and data mining and training of artificial intelligence and similar technologies. Personal use is permitted,

but republication/redistribution requires IEEE permission. See https://www.ieee.org/publications/rights/index.html for more information.



=W N =

This article has been accepted for publication in IEEE Transactions on Pattern Analysis and Machine Intelligence. This is the author's version which has not been fully edited and

content may change prior to final publication. Citation information: DOl 10.1109/TPAMI.2025.3573237

JOURNAL OF IATEX CLASS FILES, VOL. 18, NO. 9, SEPTEMBER 2020

Algorithm 1 The RCAT algorithm.

Input : D, the training dataset; £, the loss defined inm
with its fixed hyperparameters o, and 3; f*¢, the
source/init model; f°!4, the old model; a, the attack
algorithm used to solve the inner maximization in
Eq. over B, the perturbation domain; 7, the learn-
ing rate; and F, the number of epochs;

Output: f"%, the model trained with RCAT.

Juw 7€ > Initialize the model as f5°
fori e [1,E] do
for (z,y) € D do
T* < arg maX, ep(q) LY, fw(x')) > Compute the

adversarial example x* with attack a.
w <+ w— NV L(y, fw(x*)) > Update the model
parameters w.

return f7V < f,, > Return the RCAT model.

Then, the gradient of the objective function in Eq. with
respect to the model parameters w is given as:

w<—w—1 Z Vw max Ly, fw(x)),

(w.9)ED x’€B(x)

©)

where we make the dependency of f on w explicit as f,, and
use the symbol £ to denote the sample-wise loss defined in
Eq. (8), which implicitly depends on 5 and f°d.

According to Danskin’s theorem [5], the gradient of the
inner maximization is equivalent to the gradient of the inner
objective computed at its maximum. This means that, if
we assume T* € arg maX, cp(q) L(y, f(z')), the gradient
update formula can be rewritten as:

w— w0 Z va(yvfw(w*))'

(z,y) €D

(10)

However, computing the exact solution of the inner maxi-
mization might be too computationally demanding. Madry
et al. [5] have nevertheless shown that it is still possible to
use an approximate solution with good empirical results, by
relying on an adversarial attack that computes a perturbation
close enough to that of the exact solution.

Under these premises, we can finally state the RCAT

algorithm used to optimize Eq. (§), given as

The algorithm starts by initializing the model f,, with f5°
({line ). It then runs for E epochs (line 2), looping over
the whole training samples in each epoch (line 3). In each
iteration, RCAT runs the attack algorithm a to optimize the
adversarial example a* within the feasible domain B(x)
(line 4). Then, it uses the adversarial example x* to update
the model parameters w along the gradient direction (line 5).
While we present here a sample-wise version of the RCAT
algorithm, it is worth remarking that it is straightforward to
implement it using in batch-wise manner.

3.2 Consistency Results

We now analyze the formal guarantees that can be derived
for the problem of learning when including a non-regression

5

constraint aimed to reduce regression of accuracy and ro-
bustness. Under the assumption that samples are indepen-
dent and identically distributed (i.i.d.) and in the absence of
constraints, it is well known that learning algorithms that
optimize either the accuracy or robustness yield consistent
statistical estimators, i.e., they converge to the correct model
as the number of samples n increases, with a rate of O(1/y/n)
in the general case [9]], [10]. This means that collecting sam-
ples to increase the training set is generally worth, as it is
expected to increase the performance of the model. However,
neither consistency nor the convergence rate are guaranteed
when the optimization problem includes constraints [9]. In
this section, we are the first to show that the inclusion of the
non-regression constraint inside the optimization problem
produces an estimator that is consistent on both accuracy and
robustness, while also preserving the same convergence rate.

3.2.1 Preliminaries

Let us start by formally defining the necessary terms that
we will use in this section. We slightly change the notation
here to improve readability. We will denote point-wise loss
functions as ¢, and dataset (distribution) loss functions as L.
We also redefine f such that it outputs the predicted label
rather than the logits, i.e, f : & — ), and denote the
indicator function with I(-), which returns one if its argument
is true, and zero otherwise. The goal is to design a learning
algorithm that chooses a model f € F to approximate the
posterior probability P{y|x} according to a loss function
U(f,z) € [0,00), such that ¢(f,z) = 0 if the prediction is
correct, i.e., y = f(x), with z = (x,y). This algorithm is
often defined via empirical risk minimization:

min I:(f, D),

fer (1D

where L(f,D) = /n > .ep U(f, z) is the empirical risk esti-
mated from the training data D. The hypothesis space F may
be explicitly defined by means of the functional form of f
(e.g, linear, convolutions, transformers), or via regularization
(e.g., Ly norms) [11], [12]. It may also be implicitly defined via
optimization (e.g., stochastic gradient descent, early stopping,
dropout) [11], [13]. Problem is the empirical counterpart
of the risk minimization problem:

min L(f,2), (12)
where L(f, Z) = E,..cz{l(f, z)} is the true risk, i.e., the risk
computed over the whole distribution of samples Z.

When considering adversarial robustness, one can define
a sample-wise robust loss £(f, z) that quantifies the error of f
on the adversarial examples & [14], [15] as:

U(f,z) = max ((f,(2,y)). (13)
zeB(x)

By using this robust loss as the sample-wise loss of Prob-
lems and (12), we are able to define both the empirical
and deterministic optimization problems that amount to max-
imizing adversarial robustness via adversarial training [5].

We can now introduce the non-regression constraint into
the learning problem. Under the assumption that the training
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set D and the hypothesis space F are independent from the
old model f°'4P|we can rewrite Problems and as:

f=arg ?22 L(f,D), st L(f, D) <eé, (14)
= arg?gg L(f,2), st L(f,20) <k, (15)

where f is the empirical approximation of the correct func-
tion f*, Dy = {z : z € D, £(f°4, 2) = 0} is the set of training
samples that are correctly classified by the old model, and
Zy = {z : z € Z,((f',2) = 0} is the set of samples
correctly classified by f°'4 over the whole distribution.

Problems (14)-(15) can represent both the problem of re-
ducing negative flips of accuracy (NFs), and that of reducing
robustness negative flips (RNFs). In particular, if we use the
zero-one loss ((f, z) = I(f(x) # y) as the sample-wise loss,
the constraints in Problems (14)-(15) will enforce solutions
with low regression of accuracy~(i.e., NF rates). Instead, when
using the robust zero-one loss /(f, z) = maxzcp(a) I(f(Z) #
y), such constraints will enforce solutions that exhibit low
regression of robustness (i.e., reduce RNFs).

Let us conclude this section by discussing the role of €
and € in the aforementioned constraints. While the desired
€ € [0,00) should be set to zero to have zero regression (i.e.,
no negative flips of accuracy or robustness), ¢ € [0,00) is
usually set to a small value ¢ > 0 for two main reasons.
Theoretically, as discussed in the following, this is a sufficient
condition to ensure Problem to be consistent with respect
to Problem (15). Practically, as shown in [Sect. 4} setting é > 0
allows us to obtain larger improvements in the test error of
f since F may be not perfectly designed and moreover the
number of (noisy) samples is limited.

3.2.2 Main Result

We prove here that the estimator f defined in Eq. is
consistent with the function f* that would be learned over the
whole distribution (Eq. [15). To this end, we assume that the
following relationship holds, with probability at least (1 — ¢):

max|L(f,D) - L(f, Z)| < B(6,n, F) OCMD g, (16)

fer

where B(d,n,F) goes to zero as n — oo if the hypothesis
space F is learnable, in the classical sense, with respect to
the loss [18]. If this holds, then the hypothesis space F is
also learnable when dealing with the adversarial setting, i.e.,
when using the sample-wise loss defined in Eq. (I3). This can
be proved using the Rademacher complexity, as done in [10],
[14], [15]. Note also that, in the general case, B(d,n, F) goes
to zero as O(1/yn) [18]. R

Under this assumption, we prove that f is consistent in
the following sense. For a particular value of ¢, we show that

L(f,2) - L(f*, 2) 2 0, L(f, 20) 20 ¢ )

where ng = |Dy| is the number of samples that were correctly
predicted by the old model £°!4, and then if n — oo we also
have ng — oo. This means that, if the hypothesis space F

3. We could remove this hypothesis using e.g., [16], [17], but this would
simply over-complicate the presentation with no additional contribution.

6

is learnable and the empirical risk minimizer is consistent in
the classical setting, then it is also consistent when we add
the non-regression constraint to the learning problem, both
in the case of NFs and RNFs.

Theqrem 1. Let us consider a learnable F, in the sense of Eq. ,
and f and f* defined as in Eqns. and respectively. Then
it is possible to prove the result of Eq. (17).

Proof. Let us note that, thanks to Eq. ({16), with probability at
least (1 — 9) it holds that

max|L(f, Z) — L(f, Do)| <B(G,n0, F) . (18)

feF
We can then state that, with probability at least (1 — 9),

{f:f€f7|-(f720) SQ}
C{f:feF,L(f, Do) <é=e+B(G,n0, F),} CF. (19)
Thanks to Eqns. and (19), we can thus decompose the
excess risk, with probability at least (1 — 39), as:
2

<
< 2B(4,n, F), (20)

which proves the first statement in Eq. . Furthermore,
thanks to Eqns. and (19), with probability at least (1 — ),
it also holds that

L(f, Z0) < L(f, Z0) = L(f, Do) + L(f, Do)
S B((Sa n()af) + I:(fﬂ DO)
< e+ 2B(d, ng, F), (21)
which proves the second statement in Eq. (I7). O

3.2.3 Consistency of PCT, PCAT, and RCAT

The previous section proves consistency of f with the usual
convergence rate when the learning problem includes a non-
regression constraint. This means that designing updates that
reduce NFs or RNFs does not compromise any of the stan-
dard properties that normally hold for learning algorithms.
We show here that the constrained learning problem
defined in the previous section can be rewritten using a
penalty term instead of requiring an explicit non-regression
constraint, and how this maps to the formulation of PCT
(Eq. ), PCAT (Eq. [/) and RCAT (Eq. [§), to show that they
all provide consistent estimators with the usual convergence
rate. As shown in [19], [20], Problem is equivalent to:

minL(f,D) + uL(f, Do),

my (22)

with ¢ € [0,00). It is now straightforward to map this
formulation to that of PCT, PCAT, and RCAT. The underlying
idea is to group the loss terms that are computed over the
whole training set D in the formulations of PCT, PCAT, and
RCAT within the first term of Eq. 22), while assigning the
loss term computed on the subset Dy to the p-scaled term.
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PCT. For PCT (Eq.[2), we can set:
= > Ly (@) + AaLp(f(z), fx)), (23)
(x,y)€D

L(f.Do)= > Lop(f

( 7y)€DO

x), [7Y(x)), (24)

and g = AB. The set Dy contains the samples that are
C1a551f1ed correctly by f°4, i.e., for which §°(z) = y. Recall
also that here the sample-wise loss L is the standard (non-
robust) cross-entropy loss.

PCAT. For PCAT (Eq. , we can set 1 = AS, and use sample-
wise robust losses instead of the standard ones used in PCT:

Z max L (y, f(x")) + AaLp(f(2), fo4z")),

(x,y) ED
(25)
L(f,Do) = 3°  max Lp(f(2), f*("), (26)
(®,y)€Do N

where B, compactly denotes B(z), and Dy contains the
adversarial examples that are correctly classified by f°!4, i.e.,
the training samples for which §°'(z’) = y, Va' € B(x).
RCAT. For RCAT (Eq.[8), we can set:

L(f£.D)= > nax vL(y f(@) +aLp(f(x'), f7(x")),
(z,y) GD (27)
L(f,Do) = > max Lp(f(z'), ), (28)

x'EBy
(z,y)€Do

and p = B. The set Dy is defined as in the case of PCAT.

It is worth remarking that not only PCAT and RCAT pro-
vide consistent statistical estimators, but that this also applies
to PCT [1]] and to any algorithm derived from a formulation
that includes a non-regression constraint or penalty term.

4 EXPERIMENTAL ANALYSIS

To show the validity of the RCAT method, we report here
an extensive experimental analysis involving several ro-
bust machine-learning models designed for image classifi-
cation. After describing the experimental setup (Sect. 4.1),
we demonstrate that the problem of regression of robustness
is relevant when replacing a robust machine-learning model
with an improved state-of-the-art model (Sect. 4.2). We then
show that RCAT can better mitigate the regression compared
to PCT, PCAT, and naive model update strategies, not only

when considering a single update (Sect. 4.3), but also in the
case of multiple sequential updates (Sect. 4.4).
4.1 Experimental Setup

We detail here the experimental setup used in our analyses.

Datasets. We consider CIFAR-10 and ImageNet as they have
been extensively used to benchmark the adversarial robust-
ness of image classifiers in the well-known RobustBench
framework [4]. CIFAR-10 consists of 60,000 color images of
size 32 x 32 that belong to 10 different classes, including
50,000 training images and 10,000 test images. Following cur-
rent evaluation standards [4], we use 40,000 training images

7

to update models with PCT, PCAT, and RCAT, the remaining
10,000 training images as validation set for hyperparameter
tuning, and a subset of 2,000 test images to evaluate the
performance metrics (as detailed below). For ImageNet, we
consider only its validation set (i.e., 50,000 color images
of size 224 x 224 divided into 1,000 classes), using 36,000
images to update the models, 9,000 as validation set for
hyperparameter tuning, and the remaining 5,000 for testing.

Robust Models. In our experiments, we consider robust
models from RobustBench [4], evaluated against {.,-norm at-
tacks with a perturbation budget of € = 8/255 and € = 4/255
for CIFAR-10 and ImageNet, respectively. In particular, we
consider seven CIFAR-10 robust models denoted from the
least to the most robust with C1, ..., C7, and originally pro-
posed respectively in [21}27]. We then consider five ImageNet
robust models, denoted from the least to the most robust
with Iy,...,I5, and originally proposed in [21], [28], [29]
(I1, I, I3), and [30] (14, I5). All the considered models use
different architectures, training strategies, and exhibit differ-
ent trade-offs between accuracy and robustness, enabling us
to simulate different scenarios in which there would be a clear
incentive in replacing an old model with an improved one.

Model Updates. We consider 4 different model update strate-
gies: (i) naive, where we just replace the old model with an
already-trained, more robust one; (ii) PCT; (iii) PCAT; and
(iv) RCAT. When using PCT, PCAT, and RCAT, we fine-
tune CIFAR-10 models using E = 12 training epochs, and
batches of 500 samples. For ImageNet models, we use 10
epochs and batches of 128 samples for the first four models.
We use instead batches of 64 samples for the last model to
fit in memory, changing the number of epochs to 5 to keep
the number of iterations unchanged. We set the learning rate
n =103 for training on both datasets. PCAT and RCAT also
require implementing adversarial training using an attack
algorithm a, as detailed in[Algorithm 1} To this end, we follow
the implementation of the Fast Adversarial Training (FAT)
approach proposed in [31], which has been shown to provide
similar results to the computationally-demanding adversarial
training (AT) proposed in [5], while being far more efficient.
The underlying idea of FAT is to randomly perturb the initial
training samples and then use a fast, non-iterative attack
to compute the corresponding adversarial perturbations. In
particular, instead of using the iterative Projected Gradient
Descent (PGD) attack as done in AT [5], FAT uses the so-called
Fast Gradient Sign Method (FGSM) [32], i.e., a much faster,
non-iterative /-norm attack. Even if FGSM is typically less
effective than PGD in finding adversarial examples, when
combined with random initialization to implement adversar-
ial training, it turns out to achieve competing results [31].

Hyperparameter Tuning. We choose the hyperparameters of
PCT, PCAT, and RCAT that minimize the overall number of
negative flips (NFs) and robustness negative flips (RNFs) (i.e.,
their sum) on the validation set, to achieve a reasonable trade-
off between reducing the regression of accuracy and that of
robustness with respect to the naive strategy of replacing the
previous model with the more recent one. For PCT and
PCAT baseline methods, we fix A = 1 and a = 1, and
we run a grid-search on 8 € {1,2,5,10}, as recommended
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Fig. 2: Regression of robustness and accuracy for the CIFAR-10 robust models Cy,...,Cx . (@) Left: Robust error (%)
of each model, sorted in descending order. Right: RNFs (%) attained when replacing old models (in rows) with new ones (in
columns). (b) Left: Test error (%) of each model, sorted in descending order. Right: NFs (%) attained when replacing old models
(in rows) with new ones (in columns). Values in the upper (lower) triangular matrices evaluate regression when the new model
has better (worse) average robustness/accuracy than the old model.

by Yan et al. [1]. For RCAT, we run a grid-search on (o, ) €
{(0.75,0.2), (0.7,0.2), (0.5,0.4), (0.3,0.6) } while fixing v =
1 — a — (. These configurations attempt to give more or less
importance to the non-regression penalty term, while RCAT
also re-balances the other loss components.

Performance Metrics. We consider four relevant metrics to
evaluate the given methods: (i) the test error, i.e., the percent-
age of misclassified (clean) test samples; (ii) the robust error,
i.e., the percentage of misclassified adversarial examples; (iii)
the fraction of negative flips (NFs, [Eq. 1), to quantify the
regression of accuracy; and (iv) the fraction of robustness
negative flips (RNFs, [Eq. 6), to evaluate the regression of
robustness. To evaluate the robust error and RNF rates, we
optimize adversarial examples against each model using the
AutoPGD |§| implementation from adversarial—libmryﬁ with
the Difference-of-Logit-Ratio (DLR) loss and N = 50 iterations.
Hardware. All the experiments have been run on a worksta-
tion with an Intel® Xeon® Gold 5217 CPU with 32 cores (3.00
GHz), 192 GB of RAM, and two Nvidia® RTX A6000 GPUs
with 48 GB of memory each.

4.2 Evaluating Regression of Robustness

The first experiment presented here aims to empirically show
that, once updated, machine-learning models are affected not
only by a regression of accuracy, as shown in [1], but also by
a regression of robustness. To show this novel phenomenon,
as described in we first rank the CIFAR-10 models
C4,...,C7 from the least to the most robust, based on the
robust error evaluated on the 2,000 test samples perturbed
with AutoPGD. The models, along with their robust errors,
are reported in order in [Fig. 2a| (left). Then, assuming a naive
update strategy that just replaces the old model with the
new one, without performing any fine-tuning of the latter, we
evaluate regression of robustness for all possible model pairs,
as shown in[Fig. 2a| (right). Each cell of this matrix reports the

4. Available at https:/ /github.com/jeromerony /adversarial-library,

regression of robustness (i.e., the fraction of RNFs) induced
by the new model (reported in the corresponding column)
when replacing the old one (reported in the corresponding
row). The upper (lower) triangular matrix represents the
cases in which the new model has better (lower) average
robust error than the old one. The diagonal corresponds to
replacing the model with itself, and thus no regression is
observed. Even in the ideal case in which machine-learning
models are updated with more robust ones (i.e., in the upper
triangular matrix), the RNF rate ranges from roughly 2% to
6%. This implies that an increment in average robustness
does not guarantee that previously-ineffective adversarial
attacks on some samples remain unsuccessful after update.

We perform the same analysis on C1,...,C7 to quantify
also their regression of accuracy. We thus re-order the models
according to their reported test errors, as shown in
(left). We then consider again all the possible model pairs
to simulate different model updates, and report the NFs
corresponding to each naive model update (i.e., by replace-
ment) in (right). Not surprisingly, all updates induce
a regression of accuracy, even when the new models are
more accurate than the old ones (i.e., in the upper triangular
matrix), as also already shown by Yan et al. .

We can thus conclude that while updating machine-
learning models may be beneficial to improve their average
accuracy or robustness, this practice may induce a significant
regression of both metrics when evaluated sample-wise.

4.3 Reducing Regression in Robust Image Classifiers

After having quantified the non-negligible impact of RNFs
in model updates, we show here how RCAT can tackle this
issue, outperforming the competing model update strategies
of PCT and PCAT. To this end, we first select suitable model
pairs that enable simulating updates in which the new model
improves both accuracy and robustness w.r.t. the old one.
This amounts to considering only 14 model pairs (out of
the overall 42) for CIFAR-10. Among these 14 cases, we
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TABLE 1: Results for PCT, PCAT, and RCAT on the 10 CIFAR-
10 model updates with the highest RNF rates. In each update,
denoted with (Cj;, Cj), the baseline model C; is replaced
with C; using the naive (replacement) strategy, or by fine-
tuning C; with PCT, PCAT, and RCAT. For each update, we
evaluate the test error, NFs, robust error, and RNFs (in %),
and highlight in bold the method achieving the best tradeoff
between NFs and RNFs, i.e., the lowest value of their sum.

9

TABLE 2: Results for PCT, PCAT, and RCAT on the 4 Ima-
geNet model updates. In each update, denoted with (I3, I;),
the baseline model I; is replaced with I; using the naive
(replacement) strategy, or by fine-tuning I; with PCT, PCAT,
and RCAT. For each update, we evaluate the test error, NFs,
robust error, and RNFs (in %), and highlight in bold the
method achieving the best tradeoff between NFs and RNFs,
i.e., the lowest value of their sum.

Test Error NFs  Robust Error RNFs Test Error NFs  Robust Error RNFs

__ baseline 14.66 - 41.55 - baseline 47.78 - 73.48 -
¢ _naive 12.89 3.34 40.65 6.30 S naive 37.66 222 66.98 2.88
= S PCT 6.77 1.20 66.10 26.10 = PCT 34.92 2.32 76.54 7.62

= PCAT 980 2.10 47.55 10.95 ~ PCAT 38.26 2.66 65.38 2.32

RCAT 11.25 2.30 40.45 6.00 RCAT 37.70 1.96 64.78 2.00
baseline 13.14 - 40.90 - :

— > baseline 37.66 - 66.98 -
_¢§ naive 12.89 3.58 40.65 5.45 3 naive 31.22 284 57.22 214
g KT ol 102 7295 3235 & PCT 2842 294 83.52 17.82

~ PCAT 8.69 1.65 47.20 9.60 =

RCAT 10.82 176 4155 5.60 PCAT 32.58 4.14 60.74 3.96
. : ’ ’ RCAT 30.90 2.24 55.88 1.62
baseline 12.97 - 44.15 - ;

2 naive 1289  4.09 40.65 5.40 baseline  31.22 - 57.22 -

a S) 3 naive 23.60 2.76 44.08 2.20
~ .- PCT 8.01 1.88 55.70 14.40 -

9, PCAT 9.34 2.26 47.90 8.80 :‘03 PCT 19.96 2.16 75.12 20.50

RCAT 10.75 2.52 40.50 4.55 PCAT 24.68 2.28 44.02 1.62
T 1166 1155 RCAT 23.12 2.26 43.08 1.82
aseline 5 - . -

5 naive 13.14 3.00 40.90 535 baseline 23.60 - 44.08 -
< 5 PCT 8.48 137 5130 1245 ;3 naive 22.12 2.74 40.64 2.54

2 PCAT 9.99 1.72 44.90 7.80 S PCT 17.70 2.00 80.58 37.22

RCAT 11.04 1.68 40.90 4.60 ~ PCAT 20.58 244 38.48 1.92
baseline 15.48 ~ 44.05 ~ RCAT 21.24 2.30 39.54 2.06

60\ naive 12.89 3.27 40.65 525
D
~ PCT 535 1.12 84.05 40.35 . e

S PCAT 8.81 1.65 47.00 8.35 exclude' 4 model pairs e?<}}1b1t1ng an RNF rate lower' than

RCAT 11.81 2.27 40.45 4.85 3%, which results in retaining the 10 cases with the highest
baseline 15.48 i 44.05 i RNFs listed in[Iable 1} Let us also recall that, when using the

@ naive 14.66 3.85 4155 5.15 nI:'ive updatg sltrgtegy, (;Ne just repielice the old n;lodel 1\% witg
O the new model C}, and measure the corresponding NFs an

S AT A oy 513 RNFs. When using PCT, PCAT, and RCAT, we initialize the

RCAT 14.25 3.29 41.90 5.05 new model to be fine-tuned with C;. For RCAT, we also set
baseline 12.89 i 2065 i f5'¢ = C;. For ImageNet models, we consider the four pairs

T naive 1031 239 36.70 495 Feported in in which the new models always exhibit
€% por . improved accuracy and robustness w.r.t. the old ones, with

$) Pg AT gé; 1% ggzg Zgg non-negligible NF and RNF rates of about 2-3%.

RCAT 8.30 1.45 36.50 465 Results for Model Updates. The results in[Table 1|and [Table 2|
T 1466 1155 report the performance metrics for each model update[| It
aseline . - . - . .

2 naive 1031 1.66 36.70 415 is clea}‘ that RCAT provides a better trade-off between .the
e reduction of NFs and that of RNFs w.r.t. the competing

$) E(C:};T Zég (1)21 ;%(1)8 Zig approaches in almost all cases. RCAT indeed achieves lower

RCAT 5.80 1:21 37:55 4:35 values of the sum of NFs and RNFs, while PCT and PCAT
. mostly reduce NFs by improving accuracy at the expense
baseline 14.68 - 39.45 - . Lpe

2 naive 10.31 1.35 36.70 4.00 of compromising robustness. More specifically, PCT almost
=0 - - - - always entirely compromises robustness, as it is not designed
S gg&r ;ég 1&2 igzg 252 to preserve it after update. A paradigmatic example can be

RCAT 302 110 3780 5.00 found in row 5 of [Table 1] where PCT recovers almost 10% of
baseline 12.97 - 44.15 - 5. We also estimate their standard deviation using the bootstrap
= naive 10.31 2.12 36.70 3.25 method with 1,000 resamplings, and find that it is negligible, being
§ Qﬁ approximately 0.6% for the test error, 0.25% for NFs, 1% for the robust
~ (3‘ EgiT ggi igg iégg ggg error, and 0.5% for RNFs, for all methods, with minor variations.
RCAT 8:41 1:11 37:15 2:80
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test error w.r.t. the naive strategy, lowering the NFs close to
1%, but increasing the robust error by approximately 43%
and the RNF rate by almost 35%. Similar trends are also
reported for ImageNet models; e.g., considering the model
update (I4, I5), PCT reduces the test error by almost 5% while
increasing the robust error and RNFs by approximately 40%
and 35%, respectively. Let us finally remark that we also
compute the number of samples for which no adversarial
example was found before update, but become misclassified
after update, contributing to both NFs and RNFs as discussed
in These joint negative flips are however always
less than approximately 0.03% for CIFAR-10 and 0.2% for
ImageNet, being thus overall negligible.

Measuring Performance Improvements (A-metrics). To bet-
ter highlight the differences among PCT, PCAT, and RCAT,
for each update (M;, M;) (being M; and M; two generic
CIFAR-10 or ImageNet models), we compute their perfor-
mance improvements w.r.t. the baseline naive strategy using
the following four A-metrics:

o A Test Error (%), i.e., the difference between the Test
Error obtained by replacing M; with M; (naive strategy)
and that obtained using PCT, PCAT, or RCAT;

e A Robust Error (%), i.e., the difference between the
Robust Error obtained by the naive strategy and that
obtained using PCT, PCAT, or RCAT;

e A NFs (%), i.e., the difference between the NF rate
obtained by the naive strategy and that obtained using
PCT, PCAT, or RCAT; and

e A RNFs (%), i.e., the difference between the RNF rate
obtained by the naive strategy and that obtained using
PCT, PCAT, or RCAT.

Accordingly, positive values of the A-metrics represent an
improvement w.r.t. naive model replacement, i.e., a reduction
of the test error, the robust error, NFs, and RNFs.

Analysis with A-metrics. The results are reported in [Table 3]
along with the values of the A-metrics averaged on the model
updates listed in [Table 1] and [Table 2| PCT provides the
largest improvement in accuracy for both CIFAR-10 and Im-
ageNet models, and a good reduction of NFs, at the expense
of significantly worsening adversarial robustness (-15.14%/-
22.50% for CIFAR-10 and ImageNet, respectively) and RNFs
(-11.05%/-14.85%). PCAT works slightly better for CIFAR-10
models, improving accuracy and NFs by +2.59% and +1.12%
on average, but decreasing the robust error and RNF rate
by -4.38% and -2.16% on average. For ImageNet models,
PCAT performs similarly to the naive update strategy. The
proposed RCAT method, instead, finds a better accuracy-
robustness trade-off; in particular, it only slightly improves
accuracy (+1.62%/+0.39% on average) and NFs (+1%/+0.55%
on average) without significantly affecting robustness, while
improving RNFs (+0.18%/+0.66% on average). We also note
that for ImageNet models, RCAT is the best performing in
terms of NFs (+0.55% on average)ﬁ

6. It is worth remarking here that, in general, the additional constraint
of reducing NFs/RNFs in the considered update strategies may cause
the test/robust error to increase (e.g., RCAT slightly worsens the robust
error, on average, while reducing the RNF rate). This may become more
evident in the case of more accurate/robust models.
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TABLE 3: Mean values of the A-metrics, averaged on all
CIFAR-10 (ImageNet) model updates in [Table 1] (Table 2).
Positive values mean better results, i.e., lower test/robust
error and NF/RNF rate w.r.t. to the naive strategy (i.e., model
replacement). For each A-metric and dataset, we highlight in
bold the highest improvement among the three methods.

A Test Err. A NFs A Rob. Err. A RNFs
PCT +4.62 +1.58 -15.14 -11.05
CIFAR-10 PCAT +2.59 +1.12 -4.38 -2.16
RCAT +1.62 +1.00 -0.29 +0.18
PCT +3.08 +0,30 -22.50 -14.85
ImageNet PCAT +0.01 -0.17 +0.62 -0.03
RCAT +0.39 +0.55 +1.61 +0.66

TABLE 4: Multiple sequential updates on ImageNet models
using PCT, PCAT, and RCAT. We show the evolution of test
error, NFs, robust error, and RNFs (in %), when applying each
method sequentially, i.e., using the newly-trained model as a
baseline for the next update.

Test Error NFs Robust Error RNFs
(I1,I2) 35.50 2.28 74.30 6.14
per  (2I3) 2890 316 84.08 18.32
(I, 14) 22.88 2.68 69.72 15.30
(I4,15) 19.64 2.84 70.28 27.22
(I1,I2) 38.62 2.58 65.12 2.20
(I2,1I3) 33.36 4.76 60.56 3.98
PCAT (Is,I4) 25.78 2.96 44.42 1.94
(Ia,1I5) 21.86 3.32 40.18 3.44
(I1,I2) 37.98 1.84 64.76 1.96
(I2,1I3) 31.00 2.30 55.64 1.58
RCAT (1) 2386 230 4328 1.66
(Ia,1I5) 21.48 2.42 39.22 2.02

4.4 Reducing Regression over Sequential Updates

We have considered so far a single-update setting in which
the old model is replaced by the new one, using a given
update method (being it naive, PCT, PCAT, or RCAT). In this
section, instead, we consider the case in which we perform
multiple sequential updates, to evaluate the behavior of the
update strategies when used iteratively. To this end, in[Table 4]
we report the results of RCAT, PCT and PCAT when used
to update the ImageNet models I,...I5 sequentially. In
this experiment, we set (a, 5) = (1,2) for PCT and PCAT,
and (0.5,0.4) for RCAT, and retain these values for all the
sequential updates. PCT significantly reduces the test error
while containing NFs across the four updates, but clearly
worsens the robustness and RNFs. PCAT, relying on adver-
sarial training, mitigates this issue, but still exhibits NF and
RNF rates around 3%. RCAT achieves the best trade-off again
also in this setting, with comparable test and robust errors
to those of PCAT, while reporting consistently lower NF and
RNF rates of about 2%. This confirms the capability of RCAT
to also deal with the case of multiple sequential updates.

To summarize, performing model updates that retain high
accuracy and robustness with low regression of both metrics
is challenging. PCT tends to recover accuracy, at the expense
of worsening robustness, as it was not originally designed
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to also deal with adversarial robustness. PCAT and RCAT
find better accuracy-robustness trade-offs, with RCAT out-
performing PCAT. In particular, RCAT provides comparable
improvements in accuracy while preserving or even improv-
ing robustness and, at the same time, minimizing the sum
of NFs and RNFs, thereby effectively reducing regression of
both accuracy and robustness.

5 RELATED WORK

We discuss here methodologies that are related to our work.
Continual Learning. Our work has ties to the research field of
continual learning (CL) [33], [34], which aims to continuously
re-train machine-learning models to deal with new classes,
tasks, and domains, while only slightly adapting the initial
architecture. It has however been shown that such contin-
uous updates render CL techniques sensitive to catastrophic
forgetting [35]], [36], i.e., to forget previously-learned classes,
tasks, or domains, while retaining good performance only
on more recent data. Several techniques have been proposed
to mitigate this issue, including: replay methods [37], [38],
which replay representative samples from past data while re-
training models on subsequent tasks; regularization terms [39)],
[40], which promote solutions with similar weights to those of
the given model; and parameter isolation [41], [42], which sep-
arates weights attributed to the different task to be learned.
However, as also explained in [1]], we argue that quantifying
the regression of models is not strictly connected to CL, as
we are neither considering the inclusion of new tasks to learn
nor the adaptation to the evolution of the data distribution.
Furthermore, we do not restrict our update policy to maintain
the same architecture, but we permit its replacement with a
better one in terms of both accuracy and robustness.
Backward Compatibility. Our methodology can be included
among the so-called backward-compatible [43[45] learning ap-
proaches, which focus on providing updates of machine
learning models that can interchangeably replace previous
versions without suffering loss in accuracy. This can be
achieved by: (i) learning an invariant representation for
newer and past data [45]; using different weights when pre-
dicting specific samples [46]]; and (iii) estimating which sam-
ples should be re-evaluated as their labels might be incorrect.
However, differently from RCAT, all these techniques only
focus on accuracy, ignoring the side-effects on the regression
of robustness, as the dramatic drop of performance we have
observed when using PCT.

6 CONCLUSIONS AND FUTURE WORK

Modern machine-learning systems demand frequent model
updates to improve their average performance. To this end,
more powerful architectures and additional data are often
exploited in such systems to update the current models.
However, it has been shown that model updates can induce
a perceived regression of accuracy in the end users, as the
new model may commit mistakes that the previous one did
not make. The corresponding samples misclassified by the
new model are referred to as negative flips (NFs). In this work,
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we show that NFs are not the sole regression that machine-
learning models can face. Model updates can indeed cause
also a significant regression of adversarial robustness. This
means that, even if the average robustness of the updated
model is higher, some adversarial examples that were not
found for certain inputs against the previous model can be
found against the new one. We refer to these samples as
robustness negative flips (RNFs). To address this issue, we pro-
pose a novel algorithm named RCAT, based on adversarial
training, and theoretically show that our methodology pro-
vides a statistically-consistent estimator, without affecting the
usual convergence rate of O(1/\/n). We empirically show the
existence of RNF while updating robust image classification
models, and compare the performance of our RCAT approach
with PCAT, i.e., the adversarially-robust version of PCT. The
results highlight that RCAT better handles the regression of
robustness, by reducing the number of RNF and retaining or
even improving the same performance as the previous model.

While we have not considered cases in which the data
can also change over time, along with the models, we argue
that our methodology can be readily applied also under
these more challenging conditions. We will better investigate
this aspect in future work, considering different application
domains in which data quickly evolves over time demanding
for frequent model updates, such as in the case of spam
and malware detection. Within this context, we also plan
to improve the proposed approach by studying the effect
of different loss functions and regularizers, along with the
investigation of better model selection methods and the im-
plications of the no-free-lunch theorem [47], in particular,
related to the trade-off between accuracy and robustness in
non-stationary settings. To conclude, we firmly believe that
this first work can set up a novel line of research, which will
educate practitioners to evaluate and mitigate the different
types of regression that might be faced when dealing with
machine-learning model updates.
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