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Abstract—Attacking semantic segmentation models is signif-
icantly harder than image classification models because an
attacker must flip thousands of pixel predictions simultaneously.
Standard pixel-wise cross-entropy (CE) is ill-suited to this setting:
it tends to overemphasize already-misclassified pixels, which
slows optimization and overstates model robustness. To address
these issues, we introduce TsallisPGD, an adversarial attack built
on the Tsallis cross-entropy, a generalization of CE parameterized
by q, which adaptively reshapes the gradient landscape by
controlling gradient concentration across pixels. By varying q,
we steer the attack toward pixels at different confidence levels.
We first show that no single fixed-q is universally optimal, as
its effectiveness depends on the dataset, model architecture,
and perturbation budget. Motivated by this, we propose a
dynamic q-schedule that sweeps q during optimization. Extensive
experiments on Cityscapes, Pascal VOC, and ADE20K show
that TsallisPGD, using a single validation-selected schedule,
achieves the best average attack rank across all evaluated settings
and improves over CEPGD, SegPGD, CosPGD, JSPGD, and
MaskedPGD in reducing accuracy and mIoU on both standard
and robust models.

Index Terms—adversarial attacks, adversarial robustness, se-
mantic segmentation.

I. INTRODUCTION

Deep neural networks (DNNs) have proven remarkably
effective at tackling complex computer vision tasks, such as
image classification [1, 2], object detection [3, 4], semantic
segmentation [5, 6], depth estimation [7, 8], and optical flow
estimation [9, 10]. These advances have significant applica-
tions in autonomous driving [11] and biomedical image anal-
ysis [12]. However, despite these impressive advancements,
deep neural networks face critical challenges that limit their
broader adoption in safety- and security-critical applications,
such as self-driving cars and medical imaging. Specifically,
DNNs are sensitive to distribution shifts such as changes in
lighting and weather conditions [13, 14]. Most critically, state-
of-the-art DNNs are vulnerable to adversarial attacks, which
can craft small, imperceptible input perturbations that cause
severe and unexpected model failures [15, 16].

Since the discovery of adversarial attacks against image
classification models, significant progress has been made in
evaluating and improving the robustness of image classifi-
cation models [17, 18]. Recent research has broadened to
consider a wider range of prediction tasks [19, 20] and input
modalities [21, 22]. Semantic segmentation presents unique
challenges for adversarial robustness compared to image clas-
sification. Although both types of attacks aim to optimize a

loss function that measures attack success, adversarial attacks
on semantic segmentation are significantly more challenging
because they must alter predictions for all pixels simultane-
ously. Likewise, improving the robustness of semantic seg-
mentation models is more difficult, as any adversarial defense
must ensure that predictions for all pixels remain robust to all
feasible perturbations.

Early approaches for attacking semantic segmentation mod-
els [19, 23] directly adapted the projected gradient descent
(PGD) attack to the semantic segmentation setting. These
attacks maximize the average per-pixel loss, e.g. cross-entropy,
across all output pixels, mirroring the training objective. While
maximizing average per-pixel loss is a straightforward exten-
sion of PGD, it ignores the multi-output nature of segmentation
models, leading to suboptimal optimization dynamics. As a
result, PGD-based attacks on semantic segmentation models
often suffer from slow convergence, requiring hundreds of
attack iterations and potentially leading to an overly optimistic
assessment of model robustness.

To address these limitations, recent works have focused
on adaptively reweighting per-pixel losses to improve opti-
mization dynamics. SegPGD [24] assigns different weights to
correctly and incorrectly classified pixels. SegPGD dynami-
cally anneals pixel weights, initially focusing exclusively on
correctly classified pixels and then gradually shifting attention
to a mixture of correctly and incorrectly classified pixels.
CosPGD [25] sets pixel weights proportional to the cosine
similarity between the original and adversarial outputs, effec-
tively prioritizing pixels where the model is more confident.
Croce et al. [26] further observed that gradients of standard
cross-entropy saturate on misclassified pixels, causing attacks
to overemphasize pixels that are already successfully attacked.
To mitigate this issue, they proposed alternative objectives with
bounded gradients on misclassified pixels, such as the Jensen–
Shannon divergence and masked cross-entropy, which yield
more stable optimization dynamics.

In this paper, we propose TsallisPGD, an adversarial attack
for semantic segmentation built on Tsallis cross-entropy, a
generalization of standard cross-entropy controlled by a pa-
rameter q. A key property of Tsallis cross-entropy is that
it induces a confidence-dependent reweighting of pixels in
gradient space: each pixel is effectively scaled by p1−q

y , where
py is the predicted probability of the ground-truth class. For
q < 1, this reshapes optimization by emphasizing high-
confidence, correctly classified pixels while down-weighting



high-confidence, incorrectly classified ones, making it well
suited for segmentation attacks. We analyze the resulting
gradient behavior and show that q controls both the magnitude
and the location of the gradient peak. By adjusting q, the attack
can thus target different subsets of pixels. We further show
empirically that no single fixed-q is optimal across datasets,
architectures, and perturbation budgets. This motivates a dy-
namic q-schedule that sweeps q during optimization enabling
the attack to target pixels at different confidence levels. We
select the best q-schedule using a held-out validation split
and apply the same selected schedule across the entire test
benchmark with no further tuning. Extensive experiments on
CITYSCAPES, PASCAL-VOC, and ADE20K show that Tsal-
lisPGD achieves the best overall average rank across both
standard and adversarially trained models. Our attack improves
over CEPGD, SegPGD, CosPGD, JSPGD, and MaskedPGD in
reducing both accuracy and mIoU on aggregate. Code will be
available at https://github.com/aam-at/tsallis pgd.

To summarize, our main contributions are as follows:
• We introduce TsallisPGD, a novel adversarial attack

for semantic segmentation that leverages Tsallis cross-
entropy to control the attack focus via parameter q.

• We provide a theoretical analysis showing that Tsallis
cross-entropy induces a confidence-dependent gradient
reweighting p1−q

y , and demonstrate how q controls both
the location and magnitude of a lower-bound proxy for
the gradient peak.

• We propose a dynamic q-schedule that varies q over the
course of optimization, enabling the attack to target pixels
at different confidence levels.

• We demonstrate on CITYSCAPES, PASCAL-VOC, and
ADE20K that TsallisPGD achieves the best overall av-
erage rank among strong baselines on both standard and
adversarially trained models.

II. RELATED WORK

Adversarial attacks against classification models: Sem-
inal work by Szegedy et al. [15] revealed that state-of-
the-art image classifiers are highly vulnerable to adversarial
perturbations—carefully crafted, small and often imperceptible
input changes that can fool the model. Goodfellow et al. [16]
introduced the Fast Gradient Sign Method (FGSM), a com-
putationally efficient one-step attack that perturbs inputs in
the direction of the gradient of the loss with respect to the
input. Kurakin et al. [27] and Madry et al. [18] introduced
stronger iterative attacks based on FGSM, such as BIM (I-
FGSM) and PGD, respectively. Madry et al. [18] further
formalized PGD as a universal first-order adversary, which has
since become the de facto standard for adversarial robustness
evaluation. AutoPGD [17] improved upon PGD by detecting
optimization stalling and adaptively tuning the step size of
projected gradient iterations. Despite these advances, reliably
and accurately evaluating robustness remains challenging due
to phenomena such as gradient masking and gradient obfusca-
tion [28]. To address these issues, AutoAttack [17] combines
multiple attacks into a unified, parameter-free evaluation suite

and is now widely regarded as a standard benchmark for
robustness evaluation in image classification.

Adversarial attacks against semantic segmentation mod-
els: Early approaches for attacking semantic segmentation
models [19, 23] directly adapted classification attacks, such
as projected gradient descent (PGD), by applying them in a
pixel-wise manner and aggregating cross-entropy losses over
all output pixels. Although this formulation is a natural exten-
sion of PGD to semantic segmentation, it ignored the struc-
tured, multi-output nature of segmentation models, resulting
in slow convergence and suboptimal optimization dynamics.
Consequently, these early works created the mistaken belief
that segmentation models are inherently more robust than
classification models [23]. However, later works identified
that different pixels contribute unequally to the overall loss
and showed that, when attacks are stronger and adaptive,
segmentation models are as vulnerable as classifiers [24].
SegPGD [24] improves attack effectiveness by adaptively
reweighting pixel-wise losses based on whether pixels are
correctly or incorrectly classified. Using an adaptive annealing
schedule, SegPGD achieves faster convergence and signifi-
cantly outperforms standard PGD under the same iteration
budget. CosPGD [25] weights pixel losses according to the
cosine similarity between the original and adversarial out-
puts, effectively prioritizing pixels where the model is more
confident. Further analyzing the shortcomings of standard
objectives, Croce et al. [26] observed that the gradient of the
cross-entropy loss saturates on misclassified pixels, causing
attacks to overemphasize pixels that have already been suc-
cessfully attacked. They introduced new segmentation attacks
based on alternative loss functions, including JSPGD based on
the Jensen–Shannon divergence (JS) and MaskedPGD based
on masked cross-entropy (MaskedCE), whose gradients are
bounded on already misclassified pixels and yield more stable
optimization dynamics. Similar to AutoAttack for evaluating
classification models, they introduced SEA [26], a robustness
evaluation suite that combines multiple attacks to provide a
more reliable evaluation of adversarial robustness for semantic
segmentation models.

III. SEMANTIC SEGMENTATION ATTACKS

Let fθ be a semantic segmentation model with parameters
θ. For notational convenience, we represent an input image as
a vector x ∈ [0, 1]D, obtained by flattening an input image
of spatial resolution H × W with C channels, so that D =
C ·H ·W . The model maps x to per-pixel unnormalized class
scores or logits fθ(x) ∈ RK×N , where N = H ·W denotes the
number of pixels (i.e., K logits per pixel). The predicted class
at pixel i is ŷi(x) = argmaxk fk,i(x). Given a ground-truth
segmentation map y ∈ {1, . . . ,K}N , an adversarial attack
seeks a perturbation δ ∈ U that degrades segmentation per-
formance on the perturbed image x′ = x+ δ, as measured by
standard metrics such as pixel accuracy or mean intersection-
over-union (mIoU). In this work, we focus on ℓ∞-bounded
perturbations, i.e., U = {δ ∈ RD : ∥δ∥∞ ≤ ε}.



Projected Gradient Descent (PGD) [18] is a widely used
first-order method for generating adversarial examples. PGD
approximately solves

max
∥δ∥∞≤ε

L(x+ δ, y), (1)

where L is a differentiable surrogate loss that measures attack
success. Starting from an initialization x(0), PGD iteratively
takes a step in the direction of steepest ascent and projects the
result onto the feasible set:

x(t+1) = ΠB∞(x,ε)

(
x(t) + α sign

(
∇xL(x(t), y)

))
, (2)

where α is the step size and ΠB∞(x,ε) denotes projection onto
the ℓ∞ ball around x.

A natural choice for the surrogate loss L in semantic
segmentation attacks is to use the sum or mean per-pixel cross-
entropy, mirroring the standard training objective:

LCE(x, y) =
1

N

N∑
i=1

ℓCE

(
pyi,i(x)

)
, ℓCE(p) = − log p.

However, standard cross-entropy has several limitations
when used as the attack loss for semantic segmentation, often
leading to suboptimal optimization dynamics:

a) Objective monotonically increasing as py → 0: The
per-pixel loss ℓCE(pyi,i) = − log pyi,i increases monotonically
as pyi,i → 0 and is unbounded. As a result, the average
or mean loss can be dominated by a small subset of pixels
with extremely small pyi,i, which are already misclassified, so
improving the objective may largely reflect further decreasing
py on these pixels rather than improving the overall attack
success.

b) Gradient monotonically increasing as py → 0: The
per-pixel cross-entropy loss also leads to gradients that are
highly concentrated on pixels with low predicted probability
for the true class. For the cross-entropy loss, its gradient with
respect to logits is bounded as follows (see Appendix A [26]):

K

K − 1
(1−py)

2 ≤
∥∥∇uLCE(u, ey)

∥∥2
2

≤ 1−py+(1−py)
2.

(3)
Thus, as py → 0, both the lower and upper bounds on gradi-
ents are monotonically increasing, resulting in overemphasis
on already misclassified pixels and away from high-confidence
correctly classified regions.

Due to these effects, PGD with cross-entropy loss struggles
to change high-confidence pixels and overemphasizes low-
confidence pixels, leading to suboptimal attack performance.
In the next section, we introduce a Tsallis cross-entropy
objective, which is bounded and whose gradient peak can
be adaptively controlled, enabling us to steer the attack and
improve optimization dynamics.

IV. GRADIENT REBALANCING WITH TSALLIS
CROSS-ENTROPY

This section introduces Tsallis cross-entropy, a one-
parameter generalization of standard cross-entropy controlled
by a parameter q, known as an entropic index. We show

that Tsallis cross-entropy induces a confidence-dependent,
per-pixel reweighting of the standard cross-entropy gradient,
thereby rebalancing how optimization effort is distributed
across pixels. We analyze how the Tsallis parameter q shapes
the gradient. We derive a closed-form expression for the gradi-
ent peak location, which provides an intuitive rule for selecting
q to target pixels within a desired confidence regime. This
improved control leads to more effective PGD optimization
and higher attack success rates for semantic segmentation.

Let pyi,i ∈ (0, 1] denote the predicted probability of the
ground-truth class yi at a pixel i. For q ∈ R with q ̸= 1, we
define the Tsallis cross-entropy loss as

Lq(pyi,i) =
1− p1−q

yi,i

1− q
. (4)

Tsallis cross-entropy is bounded between 0 and 1
1−q for all

q < 1. It reduces to the standard cross-entropy in the limit
q → 1. For semantic segmentation attacks, we use the average
of the per-pixel Tsallis losses.

Proposition 1 (Tsallis cross-entropy is a confidence-weighted
cross-entropy). The gradient of Tsallis cross-entropy with
respect to p is a confidence-weighted version of the standard
cross-entropy gradient:

∂Lq(p)

∂p
= p1−q ∂LCE(p)

∂p
. (5)

Proof. The gradient of the Tsallis loss Lq(p) from equation 4
with respect to p is computed as

∂Lq(p)

∂p
= −p−q. (6)

On the other hand, the gradient of standard cross-entropy is

∂LCE(p)

∂p
= −1

p
. (7)

Combining the two expressions gives

∂Lq

∂p
= −p−q = p1−q

(
−1

p

)
= p1−q ∂LCE(p)

∂p
, (8)

which completes the proof of equation 5.

When q < 1, this weight increases with p and therefore
emphasizes high-confidence pixels; when q > 1, it emphasizes
low-confidence pixels. For untargeted semantic segmentation
attacks, we consider values of q ∈ (−∞, 1) to focus optimiza-
tion on high-confidence pixels that are difficult to flip.

The next proposition characterizes how Tsallis cross-
entropy reshapes the gradient magnitude with respect to logits.

Proposition 2 (Bounds for Tsallis Cross-Entropy Gradient).
Let u ∈ RK be the per-pixel logits, p = softmax(u), and let
y be the ground-truth class with probability py ∈ (0, 1]. The
gradient of Tsallis cross-entropy (per pixel) satisfies

K

K − 1
p2(1−q)
y (1− py)

2 ≤
∥∥∇uLq(u, y)

∥∥2
2

≤ p2(1−q)
y

(
1− py + (1− py)

2
)
.
(9)



Equation 9 can be derived by combining equation 5 with
the standard cross-entropy gradient bounds. For q < 1, the
factor p2(1−q)

y ≤ 1 implies that the Tsallis gradient uniformly
down-weights low-confidence pixels with py ≈ 0, preventing
gradients from concentrating on pixels that are already confi-
dently misclassified.

Proposition 3 (Tsallis Cross-Entropy Gradient Peak). For
Tsallis cross-entropy with q < 1, the lower-bound proxy of the
squared ℓ2-norm of the logit-gradient in equation 9 admits a
unique maximum over py ∈ (0, 1) at

p⋆y =
1− q

2− q
.

Proof. For simplicity, we analyze the lower bound in equa-
tion 9. Since constant factors do not affect the maximizer, it
suffices to maximize f(p) = p2(1−q)(1− p)2 over p ∈ (0, 1).
Maximizing log f(p) = 2(1 − q) log p + 2 log(1− p) yields
the following first-order condition:

d

dp
log f(p) =

2(1− q)

p
− 2

1− p
= 0 =⇒ p⋆ =

1− q

2− q
.

The expression for p⋆y provides an intuitive mechanism for
controlling gradient concentration. Smaller values of q shift
the gradient peak toward high-confidence, correctly classified
pixels, while increasing q moves the peak toward lower-
confidence regions, recovering standard cross-entropy behav-
ior as q → 1. Figure 1 compares the per-pixel confidence-
dependent gradients induced by Tsallis cross-entropy with
those of standard cross-entropy, cross-entropy combined with
cosine similarity [25], and Jensen–Shannon divergence [26].
Unlike prior approaches, Tsallis cross-entropy allows the lo-
cation of the gradient peak to be explicitly controlled through
the parameter q, thereby enabling precise control over which
pixels the attack focuses on. How q should be chosen in
practice is an empirical question. In Section V-A, we show
that the best fixed-q varies across datasets, architectures, and
threat budgets. In Section V-B, based on this observation, we
propose a dynamic q-schedule and select the best schedule on
a held-out validation split. Our schedule starts with q < 0 to
emphasize high-confidence, correctly classified pixels in early
iterations, and gradually increases q → 1, recovering standard
cross-entropy by the end of optimization.

V. EXPERIMENTS

We evaluate and compare TsallisPGD against state-of-the-
art segmentation attacks. Our evaluation proceeds in three
stages to motivate and validate the dynamic q-schedule. First,
in Section V-A, we study fixed-q and show that no single
value is universally optimal: the best q depends on the dataset,
architecture, and threat budget. This motivates a dynamic
schedule that sweeps q within a single attack. In Section V-B,
we define a linear q-schedule parameterized by (qstart, qend)
and select these parameters using a held-out validation split,
disjoint from the test set used in the final comparison. Finally,
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Fig. 1: Comparison of per-pixel gradient weightings. Best
viewed in color. We compare per-pixel gradient weightings for
different attacks as a function of the predicted probability py
of the ground-truth class. Varying q in Tsallis cross-entropy
shifts the location of the gradient peak, enabling targeted
optimization over pixels at different confidence levels.

in Section V-C, we fix this validation-selected schedule and
evaluate TsallisPGD against state-of-the-art segmentation at-
tacks on the test set.
Datasets: We conduct experiments on PASCAL-VOC [30],
ADE20K [31], and CITYSCAPES [32], following standard
protocols and evaluating on the central crop [26].
Models: We evaluate diverse segmentation architectures, both
standard and adversarially trained: PSPNet [33] (ResNet-
50 backbone) with clean and DDCAT-robust weights, UPer-
Net [34] with a ConvNeXt-T backbone [35], and Seg-
menter [36] with a ViT-S backbone [37].
Threat model and metrics: We consider the ℓ∞ threat
model with perturbation radius ϵ∞ (reported in the tables).
We report (i) average pixel accuracy (ACC) and (ii) mean
intersection-over-union (mIoU), where lower values indicate
stronger attacks.
Baselines and protocol: We compare TsallisPGD against
strong PGD-based objectives for segmentation: CEPGD (pixel-
wise cross-entropy), SegPGD [24], CosPGD [25], JSPGD [26]
(Jensen–Shannon divergence PGD), and MaskedPGD [26]
(masked cross-entropy PGD). All attacks, including Tsallis-
PGD, use APGD [17] for step-size selection, a fixed budget
of T=300 iterations, a single random start, and the multi-ε
trick from [26]. This ensures that performance differences are
attributable to the attack objective.

A. Analysis of Fixed-q TsallisPGD

The Tsallis objective (Section IV) introduces a contin-
uous parameter q that controls the concentration of per-
pixel gradients. A natural question is whether a single fixed
value of q is sufficient, or whether stronger attacks require
varying q during optimization. To study this, we evaluate



TABLE I: Effect of q on attack strength. We evaluate TsallisPGD with fixed-q on the strongest robust model for each dataset:
PSPNet (DDCAT) on Cityscapes, UPerNet (ConvNeXt-T) on VOC, and Segmenter (ViT-S) on ADE20K. Best-of-q reports the
lowest value obtained by aggregating multiple fixed-q variants using SEA [26], representing the strongest combination of
fixed-q attacks. All values are rounded to one decimal place; attacks tied at the rounded best value are all marked best. Lower
values indicate stronger attacks. For each row and metric, the best fixed-q result is shown in bold.

ϵ∞
Fixed-q Best-of-q

q = −3 q = −2 q = −1 q = 0 q = 0.5 q = 1
Acc mIoU Acc mIoU Acc mIoU Acc mIoU Acc mIoU Acc mIoU Acc mIoU

CITYSCAPES: PSPNet+ResNet-50 (DDCAT [29]) (Acc 94.9, mIoU 64.7)

0.25/255 63.6 34.9 63.2 33.8 63.3 33.0 64.8 32.5 66.6 33.3 72.3 35.3 61.9 30.4
0.5/255 28.6 16.1 28.1 15.7 27.8 14.7 28.9 14.9 31.2 15.3 43.0 21.0 24.6 12.4
1/255 5.4 3.4 4.5 2.8 4.1 2.4 4.2 2.0 5.8 2.6 17.8 7.2 2.0 1.1

PASCAL-VOC: UPerNet+ConvNeXt-T (PIR-AT [26]) (Acc 92.7, mIoU 75.2)

4/255 90.0 67.7 89.7 67.0 89.3 66.1 88.9 65.2 88.8 64.9 89.0 65.5 88.6 64.4
8/255 76.4 43.5 75.1 41.9 73.9 40.5 73.1 40.0 73.9 41.4 77.4 46.1 71.2 36.3
12/255 32.3 10.6 31.6 10.2 31.5 10.2 34.2 12.1 38.5 15.0 52.4 22.9 27.2 7.3

ADE20K: Segmenter+ViT-S (PIR-AT [26]) (Acc 69.1, mIoU 28.6)

4/255 59.4 20.3 58.5 19.6 57.4 18.5 56.1 17.3 55.8 16.8 57.1 17.3 55.2 15.9
8/255 40.3 10.9 38.5 10.0 36.2 9.0 34.5 8.0 34.9 7.8 39.9 9.3 32.9 6.5
12/255 11.7 2.8 10.8 2.4 9.8 2.2 10.2 2.1 11.6 2.3 20.3 4.0 8.3 1.4

TsallisPGD with constant q ∈ {−3,−2,−1, 0, 0.5, 1}, which
correspond to gradient peak locations ranging from 0.8 to
0.0, on the strongest robust model for each dataset: PSPNet
(DDCAT [29]) on Cityscapes, UPerNet (ConvNeXt-T, PIR-
AT [26]) on Pascal VOC, and Segmenter (ViT-S, PIR-AT [26])
on ADE20K. Here, q = 1 recovers the standard cross-entropy
objective. We also report the Best-of-q result obtained by
aggregating several fixed-q variants using SEA [26], which
represents the best combination of multiple fixed-q attacks.

Table I shows that no single fixed value of q is optimal
across datasets, models, perturbation budgets, or even evalua-
tion metrics. For example, on Cityscapes, the lowest accuracy
is achieved by q = −2 at ϵ∞ = 0.25/255, but by q = −1
at 0.5/255 and 1/255. On the other hand, the best mIoU is
obtained with q = 0 at 0.25/255 and 1/255, and with q = −1
at 0.5/255. The table also shows that standard CEPGD (q = 1)
is consistently suboptimal. On VOC at 12/255, accuracy drops
from 52.4 with q = 1 to 31.5 with the best fixed choice of
q. These results confirm that replacing standard cross-entropy
with Tsallis cross-entropy, and tuning q, can substantially
strengthen the attack.

Finally, the Best-of-q baseline is stronger than the best single
fixed-q attack in every row, and often yields substantially
stronger results. This suggests that different values of q expose
different vulnerable subsets of pixels, so no single fixed choice
can capture all of them. This directly motivates a linear
dynamic q-schedule: by sweeping q during optimization, a
single attack run can traverse multiple gradient-concentration
regimes and target pixels at different confidence levels. In the

next subsection, we describe how we choose the endpoints of
this linear schedule, (qstart, qend).

B. Selection of the Dynamic q-Schedule

The observation that the best fixed value of q varies across
settings motivates sweeping q during optimization, allowing
the attack to focus on pixels at different confidence levels
throughout adversarial generation. This removes the need to
tune q separately for each dataset, model, and perturbation
budget and, when chosen appropriately, can approach the
performance of the best combination of fixed-q attacks.

We consider a linear schedule parameterized by the range
[qstart, qend]. Specifically, we evaluate schedules with qstart ∈
{−3,−2,−1} and qend ∈ {0.5, 1.0}, using linear interpolation,
for a total of six candidate schedules. Each candidate is
evaluated on the validation split of the corresponding dataset,
following the protocol in Section V-A. For each schedule, we
compute its rank on every validation row and then average
these ranks across all rows. The candidate with the best
average validation rank is the linear sweep of q over [−2, 1].
We therefore select this schedule as the TsallisPGD schedule
and use it unchanged for the final benchmark in Section V-C
across all datasets, architectures, and perturbation budgets.

C. Comparison with State-of-the-Art Attacks

With the q-schedule fixed by the selection procedure in
Section V-B, we compare TsallisPGD against state-of-the-art
segmentation attacks on the full test benchmark. The same
schedule is used unchanged across all datasets, architectures,
and perturbation budgets, with no per-row tuning.



TABLE II: Comparison of attacks. We evaluate all attacks for 300 iterations on clean and robust models trained on PASCAL-
VOC, ADE20K, and CITYSCAPES. TsallisPGD uses the dynamic q-schedule selected in Section V-B, applied identically across
all rows without per-row tuning. We report average pixel accuracy (Acc) and mean IoU (mIoU), where lower values indicate
stronger attacks. Clean performance is shown next to each model. Attacks are ranked independently for each row and metric,
with lower ranks indicating stronger attacks; Avg. Rank reports the mean rank across all rows, datasets, models, and ϵ∞
budgets. For each metric, the best result is shown in bold and the second best is underlined.

ϵ∞
Previous SOTA attacks Our attack

CEPGD SegPGD CosPGD JSPGD MaskedPGD TsallisPGD
Acc mIoU Acc mIoU Acc mIoU Acc mIoU Acc mIoU Acc mIoU

CITYSCAPES: PSPNet+ResNet-50 (clean training) (Acc 95.3, mIoU 68.6)

0.25/255 22.1 12.9 14.1 9.2 7.9 5.8 9.0 6.5 6.5 5.0 7.2 5.6
0.5/255 5.3 1.5 1.0 0.3 0.5 0.2 0.7 0.2 0.2 0.1 0.2 0.1
1/255 3.9 1.0 0.5 0.3 0.2 0.1 0.1 0.1 0.0 0.0 0.0 0.0

CITYSCAPES: PSPNet+ResNet-50 (DDCAT [29]) (Acc 94.9, mIoU 64.7)

0.25/255 72.0 34.9 66.9 34.1 64.7 32.1 66.0 32.4 63.7 32.8 62.9 32.8
0.5/255 42.2 20.0 36.2 18.3 27.1 14.0 29.2 14.3 26.2 13.9 27.3 14.1
1/255 16.2 6.4 12.4 5.8 3.0 1.5 3.8 1.8 2.7 1.6 4.1 2.1

PASCAL-VOC: PSPNet+ResNet-50 (clean training) (Acc 91.9, mIoU 85.9)

0.25/255 48.1 22.1 36.5 14.4 33.7 13.9 36.5 16.1 32.5 13.1 32.4 12.9
0.5/255 23.1 11.2 8.3 3.3 5.6 2.7 7.7 4.2 4.2 1.5 4.3 1.7
1/255 13.2 7.3 1.1 0.9 0.2 0.3 0.7 0.8 0.1 0.1 0.1 0.1

PASCAL-VOC: PSPNet+ResNet-50 (DDCAT [29]) (Acc 94.1, mIoU 76.9)

0.25/255 72.3 36.8 68.3 33.8 67.3 33.1 68.2 33.6 67.0 33.4 67.0 33.2
0.5/255 46.5 18.0 33.8 12.5 30.3 11.6 33.1 12.9 27.7 10.6 28.1 10.3
1/255 22.7 8.3 10.1 3.8 3.1 1.5 5.0 2.8 2.4 1.1 2.3 1.1

PASCAL-VOC: UPerNet+ConvNeXt-T (PIR-AT [26]) (Acc 92.7, mIoU 75.2)

4/255 89.0 65.5 88.7 64.7 88.8 65.0 88.7 64.8 89.2 65.8 88.7 64.7
8/255 77.2 45.8 73.0 39.1 73.1 40.1 74.0 41.5 73.8 40.4 72.8 39.0
12/255 53.1 23.2 35.9 11.6 34.6 12.6 38.4 15.2 31.5 10.1 30.7 9.7

ADE20K: UPerNet+ConvNeXt-T (PIR-AT [26]) (Acc 70.5, mIoU 31.8)

4/255 57.5 19.8 55.9 18.9 55.9 19.0 55.9 19.0 57.0 20.0 55.8 18.9
8/255 35.2 8.9 28.4 7.2 27.6 7.0 28.4 7.3 28.5 7.5 27.5 7.1
12/255 13.2 2.5 5.3 1.2 3.9 1.0 4.8 1.2 3.4 0.8 3.4 0.8

ADE20K: Segmenter+ViT-S (PIR-AT [26]) (Acc 69.1, mIoU 28.6)

4/255 57.0 17.3 55.5 16.5 55.7 16.8 55.6 16.6 56.8 17.8 55.4 16.5
8/255 39.8 9.4 34.3 7.5 34.0 7.6 34.4 7.7 36.0 8.5 34.0 7.6
12/255 19.8 3.9 10.4 2.0 9.6 2.0 10.7 2.1 9.8 2.1 9.1 2.0

Avg. Rank 5.95 5.86 4.05 3.52 2.81 2.57 3.71 3.86 2.43 2.76 1.38 1.57



Results: Table II shows that TsallisPGD is the strongest attack
on average, achieving the best average rank across all 21
evaluation settings: 1.38 in ACC and 1.57 in mIoU. For ACC,
this improves over the strongest baseline, MaskedPGD (2.43),
while for mIoU it outperforms CosPGD (2.57), establishing
consistent gains across both metrics. At the per-setting level,
TsallisPGD attains the best performance in 16/21 settings for
ACC and 13/21 settings for mIoU (counting ties as best),
indicating that its advantage is not limited to a small subset
of configurations but holds broadly.

The gains are most pronounced on adversarially trained
models, where optimization is typically more challenging.
On VOC with UPerNet (ConvNeXt-T, PIR-AT), TsallisPGD
achieves the best ACC at all three perturbation budgets and is
best (or tied) in mIoU across all budgets. On ADE20K with
UPerNet (ConvNeXt-T, PIR-AT), it is again best in ACC at
all budgets and best (or tied) in mIoU at 4/255 and 12/255,
while at 8/255 it is narrowly second to CosPGD (7.1 vs.
7.0). Similarly, on ADE20K with Segmenter (ViT-S, PIR-AT),
TsallisPGD is strongest at 4/255 and 12/255 on both metrics;
at 8/255 it achieves the best ACC but is marginally second in
mIoU, where SegPGD performs best. On clean models, the re-
sults are more mixed but remain favorable: TsallisPGD is com-
petitive across Cityscapes and VOC and achieves several clear
wins, although MaskedPGD occasionally matches or slightly
exceeds its performance at larger perturbation budgets. This
behavior suggests that Tsallis-based reweighting is especially
effective in more challenging robustness-evaluation regimes
against adversarially trained models, where controlling the
gradient focus across pixels becomes central to attack opti-
mization. Overall, the results indicate that a single validation-
selected dynamic Tsallis schedule generalizes across datasets,
architectures, and perturbation budgets, outperforming prior
state-of-the-art segmentation attacks. A natural direction for
future work is to make the choice of q adaptive, for example
by selecting q automatically at each attack iteration rather than
relying on a fixed, predetermined schedule.

VI. CONCLUSION

We analyze the limitations of standard cross-entropy as an
attack objective for semantic segmentation and introduce Tsal-
lisPGD, which replaces pixel-wise cross-entropy with Tsallis
cross-entropy. We show that the parameter q controls which
confidence levels the attack emphasizes, allowing it to target
different subsets of pixels during optimization. Because the
best choice of q depends on the dataset, model, and perturba-
tion budget ϵ∞, no single fixed value is optimal across settings.
This motivates a dynamic q-schedule that varies q throughout
the attack. Using a held-out validation set, we select the
best linear schedule, which sweeps q from −2 to 1. Across
CITYSCAPES, PASCAL-VOC, and ADE20K, TsallisPGD with
this schedule achieves the best overall average rank among
CEPGD, SegPGD, CosPGD, JSPGD, and MaskedPGD in both
global accuracy and mIoU. These results show that controlling
gradient concentration through Tsallis cross-entropy provides
a simple and general way to construct stronger adversarial

attacks for semantic segmentation. In future work, we plan
to make the choice of q more adaptive and incorporate
TsallisPGD into adversarial training to improve robustness.
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