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Abstract

Adversarial examples in neural networks have been exten-
sively studied in Euclidean geometry, but recent advances in
hyperbolic networks call for a reevaluation of attack strate-
gies in non-Euclidean geometries. Existing methods such as
FGSM and PGD apply perturbations without regard to the
underlying hyperbolic structure, potentially leading to inef-
ficient or geometrically inconsistent attacks. In this work,
we propose a novel adversarial attack that explicitly lever-
ages the geometric properties of hyperbolic space. Specifi-
cally, we compute the gradient of the loss function in the tan-
gent space of hyperbolic space, decompose it into a radial
(depth) component and an angular (semantic) component,
and apply perturbation derived solely from the angular direc-
tion. Our method generates adversarial examples by focus-
ing perturbations in semantically sensitive directions encoded
in angular movement within the hyperbolic geometry. Em-
pirical results on image classification, cross-modal retrieval
tasks and network architectures demonstrate that our attack
achieves higher fooling rates than conventional adversarial at-
tacks, while producing high-impact perturbations with deeper
insights into vulnerabilities of hyperbolic embeddings. This
work highlights the importance of geometry-aware adversar-
ial strategies in curved representation spaces and provides a
principled framework for attacking hierarchical embeddings.

1 Introduction
Deep neural networks have achieved remarkable suc-
cess across a wide range of domains. However, they are
also known to be highly sensitive to adversarial exam-
ples (Szegedy et al. 2014; Goodfellow, Shlens, and Szegedy
2015). These are specially crafted inputs (i.e., images) that
include small, intentional perturbations designed to fool the
model into making incorrect predictions. Despite their ef-
fect on the model, such perturbations are often impercep-
tible to human observers, making them appear visually or
semantically identical to the original data. This vulnerabil-
ity has motivated the development of numerous attack meth-
ods such as FGSM (Goodfellow, Shlens, and Szegedy 2015)
and PGD (Madry et al. 2017), which generate input pertur-
bations by leveraging gradients of the loss function. While
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Figure 1: Overview of representation shifts induced by
FGSM, AGSM, radial, and angular perturbations. We visu-
alize how FGSM, AGSM, radial, and angular perturbations
influence predictions and confidence (MSP; Maximum Soft-
max Probability). FGSM causes mixed, less semantic shifts,
while radial perturbations reduce confidence without chang-
ing labels. AGSM amplifies angular deviation, leading to se-
mantically meaningful misclassifications and stronger con-
fidence drops.

these methods apply perturbations to the input, they funda-
mentally rely on the assumption that the model’s representa-
tion space is Euclidean. As a result, they compute perturba-
tion directions using gradients defined in a space with zero
curvature (i.e., Euclidean geometry), which may not accu-
rately reflect the underlying non-Euclidean structure of more
complex models.

However, recent advances in representation learning have
demonstrated that Euclidean space is ill-suited for represent-
ing structured data, such as trees, taxonomies, or graphs,
which exhibit hierarchical relationships. For such data, hy-
perbolic space provides a more natural geometric setting, of-
fering exponential representational capacity and hierarchy-
preserving structure (Nickel and Kiela 2017; Ganea, Be-
cigneul, and Hofmann 2018b). This has led to the devel-
opment of hyperbolic networks, which learn and operate
on latent representations embedded in hyperbolic mani-
folds. These models have demonstrated strong performance
not only on structured tasks such as hierarchical classifica-
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tion (Chen et al. 2020), knowledge graph reasoning (Chami
et al. 2020), and graph learning, but also on cross-modal re-
trieval tasks including text-to-image and image-to-text re-
trieval (Desai et al. 2023; Ramasinghe et al. 2024; Pal et al.
2025). In these tasks, hierarchical representations are partic-
ularly important, as they capture the coarse-to-fine seman-
tic structure that naturally arises between visual and linguis-
tic concepts. However, the study of adversarial robustness in
hyperbolic networks remains largely unexplored (van Spen-
gler, Zahálka, and Mettes 2025). Conventional adversarial
attacks are geometry-agnostic, which do not account for the
curvature or structure of non-Euclidean spaces. As a result,
applying them directly to hyperbolic models can lead to in-
effective perturbations that do not respect the underlying ge-
ometry, resulting in representation shifts that are semanti-
cally misaligned with the structure of the manifold.

To address this limitation, we propose a novel adversarial
attack that explicitly respects the geometric structure of hy-
perbolic space. Our key insight is that, in hyperbolic geom-
etry, the loss gradient, when computed in the tangent space
of a representation point, can be decomposed into a radial
(depth) component and an angular (semantic) component.
The radial component alters the hierarchical level of the
representation, while the angular component modulates it
within the same hierarchical level, potentially aligning with
semantically relevant directions in the manifold. This phe-
nomenon is evident in Figure 1 and Table 1. Radial shifts of
the representation have negligible impact on the final predic-
tion, whereas angular shifts account for a substantial portion
of the performance degradation induced by FGSM. Based on
this decomposition, we introduce the Angular Gradient Sign
Method (AGSM), a novel adversarial attack specifically de-
signed for hyperbolic networks. AGSM operates in the tan-
gent space of hyperbolic representations and isolates only
the angular component of the loss gradient, enabling pertur-
bations that align with the semantic geometry of hyperbolic
space.

This perturbation yields an adversarial example that ex-
ploits semantically sensitive directions in the hyperbolic rep-
resentation space, thereby enhancing attack effectiveness
without explicitly altering the hierarchical structure. We
summarize our contributions as follows:
• We argue that conventional adversarial attacks may be

suboptimal for hyperbolic networks, as they ignore the
geometric properties of curved representation spaces and
fail to exploit the structure inherent in hyperbolic embed-
dings.

• We propose AGSM (Angular Gradient Sign Method), a
novel adversarial attack tailored to hyperbolic networks,
which leverages radial–angular decomposition of gradi-
ents to isolate and perturb semantically sensitive direc-
tions in the hyperbolic representation space.

• We empirically demonstrate that AGSM outperforms
conventional adversarial attacks on both hyperbolic clas-
sification and cross-modal retrieval tasks, including text-
to-image and image-to-text retrieval, achieving higher
fooling rates with perturbations that are more geometry-
aware and effective in manipulating semantic content.

Method Acc@1 (%)

Clean 53.44
FGSM 19.67
Radial shift 53.44
Angular shift 25.56
AGSM 13.93

Table 1: CIFAR-100 top-1 accuracy under five conditions:
clean, radial shift, angular shift, FGSM, and AGSM on
Poincaré ResNet-32. The radial shift has virtually no im-
pact on accuracy, while the angular shift alone induces a
substantial performance drop. FGSM combines both effects
to further degrade accuracy, and AGSM elicits the strongest
adversarial breakdown by selectively enhancing angular per-
turbations.

2 Related Works
Hyerpbolic Networks. Deep learning in hyperbolic space
has demonstrated outstanding performance in encoding
tree-structured hierarchies over the recent few years (Nickel
and Kiela 2017; Ganea, Becigneul, and Hofmann 2018b;
Peng et al. 2022; Mettes et al. 2024; He et al. 2025).
Several studies have shown that language and image data
also exhibit hierarchical structures, and have proposed hy-
perbolic space as an effective solution for representing
such datasets (Khrulkov et al. 2020; Ermolov et al. 2022;
Mandica et al. 2025; Sinha et al. 2025). To facilitate more
explicit learning of hierarchical structure in hyperbolic
space, several studies have imposed hierarchical constraints
directly on the feature representations. As part of this re-
search, nested geodesically convex cone (Ganea, Becigneul,
and Hofmann 2018a) was employed to embed directed
acyclic graphs. Wang et al. (2025) enforced hierarchical
structure in image embeddings by partitioning each image
into constituent parts and the overall scene for training. Sim-
ilarly, Hi-Mapper (Kwon et al. 2024) preserved semantic re-
lationships by decomposing visual scenes into individual el-
ements and mapping them into hyperbolic space. This trend
has likewise persisted in the training of vision–language
models. MERU (Desai et al. 2023) jointly embeds visual
and textual modalities in hyperbolic space, with the goal
of encoding the language-image hierarchical relationships.
Building on this, HyCoCLIP (Pal et al. 2025) leverages
pre-trained grounding model (Li* et al. 2022; Zhang et al.
2022) to extract box-level image regions and correspond-
ing text from full images and full text, more precisely struc-
turing hierarchical relationships in hyperbolic space. While
the majority of hyperbolic networks introduce embeddings
only at the penultimate layer, architectures such as Poincaré
ResNet (van Spengler, Berkhout, and Mettes 2023), Hy-
perbolic Neural Networks (HNN) (Ganea, Becigneul, and
Hofmann 2018b; Shimizu, Mukuta, and Harada 2021), Hy-
boNet (Chen et al. 2022) and L-CLIP (He, Yang, and
Ying 2025) learn their representations entirely within hy-
perbolic space. While the aforementioned approaches have
succeeded in embedding multiple modalities into hyperbolic
space both effectively and interpretably, the robustness of
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these models to adversarial attacks has not been deeply ex-
plored.

Gradient-based Adversarial Attacks. Gradient-based
adversarial attacks form the cornerstone of white-box ro-
bustness evaluation in deep networks. The Fast Gradient
Sign Method (FGSM, Goodfellow, Shlens, and Szegedy
(2015)) computes a single-step perturbation by taking the
sign of the loss gradient with respect to the input, scaled
by a budget ε, to maximize the model’s prediction error.
Its iterative extension, Projected Gradient Descent (PGD,
Madry et al. (2017)), applies multiple FGSM updates of
smaller magnitude, projecting the perturbed sample back
onto the ℓp-ball around the original input at each step,
thereby yielding stronger attacks under the same perturba-
tion constraint. Optimization-based approaches such as the
Carlini & Wagner (C&W, Carlini and Wagner (2017)) attack
further refine this paradigm by framing adversarial exam-
ple generation as a constrained optimization problem. More-
over, a variety of gradient-based adversarial attack meth-
ods have been proposed, including Jacobian-based Saliency
Maps (Papernot et al. 2016), the Basic Iterative Method (Ku-
rakin, Goodfellow, and Bengio 2017), Gradient Aligned Ad-
versarial Subspace (Tramèr et al. 2017), Momentum Itera-
tive FGSM (Dong et al. 2018), Meta Gradient Adversarial
Attack (Yuan et al. 2021), and Auto-Attack (Croce and Hein
2020, 2021). Although these methodologies have achieved
remarkable success in Euclidean space, only a handful of
works have attempted to transfer these attacks into hyper-
bolic space. A notable study (van Spengler, Zahálka, and
Mettes 2025) applied FGM and PGD directly to synthetic
hyperbolic embeddings, examining perturbation character-
istics. However, these initial efforts have largely focused on
synthetic hyperbolic embeddings and input space, and have
not yet considered the distinct radial and angular compo-
nents in output space. As a result, there is still an opportu-
nity to explore how these components influence perturbation
behavior and to develop attack strategies that more directly
incorporate the geometric properties of hyperbolic space.

3 Preliminaries

We assess adversarial robustness using two representative
models: Poincaré ResNet (van Spengler, Berkhout, and
Mettes 2023) and HyCoCLIP (Pal et al. 2025).

Poincaré Ball Model. The Poincaré ball model provides a
Riemannian manifold with constant negative curvature and
is widely used to model hierarchical data structures in hyper-
bolic neural networks. Notably, it serves as the geometric
foundation for architectures such as Poincaré ResNet (van
Spengler, Berkhout, and Mettes 2023), where feature rep-
resentations are embedded in hyperbolic space to capture
hierarchical relations more effectively. Formally, the n-
dimensional Poincaré ball of curvature K = −c < 0 is
defined as the open ball:

Bn
c =

{
x ∈ Rn : ∥x∥ < 1/c

}
. (1)

The hyperbolic distance between two points u, v ∈ Bn
c is

given by:

dB(u,v) = arcosh
(
1 + 2c

∥u− v∥2
(1− c∥u∥2) (1− c∥v∥2)

)
=

2√
c
tanh−1

(√
c ∥(−u)⊕c v∥

)
,

where the operation ⊕c denotes Möbius addition in curva-
ture c. Möbius addition generalizes the addition of the Eu-
clidean vector to the hyperbolic space and is defined for any
x,y ∈ Bn

c as:

x⊕c y =

(
1 + 2c ⟨x,y⟩+ c∥y∥2

)
x + (1− c∥x∥2)y

1 + 2c ⟨x,y⟩+ c2∥x∥2 ∥y∥2 ,

Lorentz Model. The Lorentz (hyperboloid) model offers
an alternative realization of hyperbolic geometry, and is par-
ticularly useful for its numerical stability and closed-form
expressions. This model underpins recent hyperbolic archi-
tectures such as HyCoCLIP (Pal et al. 2025), where feature
representations are embedded in Lorentzian space to effec-
tively capture hierarchical and semantic structures. The n-
dimensional hyperbolic space of constant curvature K =
−c < 0 is realized as the upper sheet of a two-sheeted hyper-
boloid in Rn+1 equipped with the Lorentzian (Minkowski)
inner product:

⟨x,y⟩L = −x0 y0 +
n∑

i=1

xi yi.

The Lorentz manifold is defined as:
Ln
c =

{
x = (x0, x1, . . . , xn) ∈ Rn+1

∣∣
− x2

0 +
n∑

i=1

x2
i = − 1

c , x0 > 0
}
.

The hyperbolic distance between two points u,v ∈ Ln
c is

given by:

dL(u,v) =
1√
c
arcosh

(
−c ⟨u,v⟩L

)
. (2)

To perform perturbation in tangent space of Lorentz model,
it is often necessary to move between the manifold and its
tangent space via the exponential and logarithmic maps. For
a point x ∈ Ln

c and a tangent vector v ∈ TxLn
c with

⟨x,v⟩L = 0, define the Lorentz norm:

∥v∥L =
√
⟨v,v⟩L .

Then the exponential map is:

expcx(v) = cosh
(√

c ∥v∥L
)
x +

sinh
(√

c ∥v∥L
)

√
c ∥v∥L

v. (3)

The corresponding logarithmic map logcx : Ln
c → TxLn

c for
a tangent point y ∈ Ln

c

v = logx(y) =
cosh−1(−c ⟨x,y⟩L)√

(c ⟨x,y⟩L)2 − 1
projx(y), (4)

where the projection onto the tangent space is defined as
projx(y) = y + c x ⟨x,y⟩L. These tools allow for differen-
tiable computations and adversarial manipulations, making
it a practical choice for hyperbolic deep learning. For further
details, the reader is referred to Ratcliffe (2006).
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4 Proposed Method
Existing adversarial attacks are typically developed under
the assumption of Euclidean geometry, making them subop-
timal for models whose representations lie in curved hyper-
bolic spaces. In particular, naively applying gradient-based
perturbations in hyperbolic networks may result in less ef-
fective feature shifts, as they fail to exploit the underlying
hierarchical structure encoded in hyperbolic embeddings.

To address this, we propose AGSM (Angular Gradient
Sign Method), a novel adversarial attack that leverages the
geometric structure of hyperbolic space. Rather than per-
turbing in arbitrary directions, AGSM isolates the angular
component of the representation shift (i.e., the component
orthogonal to the radial direction) and uses it to craft pertur-
bations that drive semantically meaningful deviations with-
out altering hierarchical level. This approach is grounded
in the observation that, in hyperbolic geometry, radial dis-
placement changes hierarchical depth, whereas angular dis-
placement induces fine-grained semantic variation within
the same level. By explicitly targeting angular shifts, AGSM
produces more effective and geometry-aware adversarial ex-
amples for hyperbolic networks.

We now formalize this approach by describing how to de-
compose gradients in the tangent space and apply angular
perturbations in a principled manner.

Geometric Decomposition of FGSM Perturbations. To
investigate how adversarial perturbations affect representa-
tions in hyperbolic space, we propose a general framework
that applies to both the Poincaré and Lorentz models, two
common realizations of hyperbolic geometry in neural net-
works. We begin by applying the Fast Gradient Sign Method
(FGSM) to generate perturbed input samples, and then ana-
lyze the resulting representation shift by decomposing it into
radial and angular components in the tangent space of the
corresponding manifold. This decomposition reflects the hi-
erarchical and semantic structure encoded in hyperbolic em-
beddings and forms the basis of our geometry-aware attack
method. Specifically, in hyperbolic space, the radial direc-
tion corresponds to changes in hierarchical depth (e.g., mov-
ing from general to specific classes), while the angular di-
rection captures fine-grained semantic variations within the
same level of the hierarchy. By isolating the angular compo-
nent, we are able to generate perturbations that exploit se-
mantically sensitive directions in the representation space,
thereby enhancing attack effectiveness without unnecessar-
ily altering the hierarchical structure.

We begin by applying FGSM, which perturbs the input
along the sign of the loss gradient:

x̃adv = x+ ε sign
(
∇x L(θ,x, y)

)
.

Let the original and perturbed representations be defined as:

h = f(x) and h̃adv = f(x̃adv),

where f(·) denotes a hyperbolic feature encoder such as
Poincaré ResNet (van Spengler, Berkhout, and Mettes 2023)
or HyCoCLIP (Pal et al. 2025).

We first illustrate the decomposition procedure in the case
where the feature space lies in the tangent space T0Bn

c of the

Poincaré ball Bn
c (Equation 1). Since both h and hadv reside

in this Euclidean tangent space, the shift in representation
can be computed via:

∆h = h̃adv − h.

We then decompose ∆h into radial and angular components
by first computing the unit radial direction:

uh =
h

∥h∥2
,

and project ∆h onto it to isolate the radial and angular com-
ponents as:

vrad = ⟨∆h, uh⟩uh and vang = ∆h− vrad.

This decomposition can be naturally extended to other hy-
perbolic models such as the Lorentz model. For networks
whose output embeddings lie on the Lorentzian hyperboloid
Ln
c , we first project the hyperbolic points into the tangent

space T0Ln using the logarithmic map (Equation 4), and
then perform the same radial–angular decomposition in that
tangent space. This allows our method to generalize across
different realizations of hyperbolic geometry while main-
taining geometric consistency.

Angular-based Adversarial Perturbation. Building on
the decomposition above, we now describe how to construct
adversarial examples that explicitly maximize angular shifts
in hyperbolic representation space. Rather than perturbing
the input indiscriminately in the direction of the overall gra-
dient, as done in FGSM, we isolate the angular component
vang of the representation shift and backpropagate this di-
rection to the input space. This yields an input-space gradi-
ent that selectively promotes semantic variation within the
same hierarchical level.

Concretely, we compute the gradient of the inner product
between the current feature representation h and its angular
shift component vang using the chain rule:

∇x

〈
h, vang

〉
=

(
∂h

∂x

)⊤

vang.

This gradient points in a direction that maximally increases
the angular displacement of the representation with only
negligible impact on its radial depth, thereby concentrating
the perturbation on semantically meaningful variations. We
then apply a perturbation to the input in this direction, anal-
ogously to FGSM, using a normalized step:

xadv = x+ ε sign(∇x⟨h, vang⟩),
where ε controls the perturbation magnitude. This method,
which we term the Angular Gradient Sign Method (AGSM),
results in adversarial examples that exploit semantically sen-
sitive directions within the hyperbolic manifold.

Compared to conventional attacks, AGSM yields more ef-
fective feature shifts while remaining aligned with the intrin-
sic geometry of hyperbolic space. To formalize our method,
we present the overall procedure in Algorithm 1, which de-
tails how angular components are extracted and backpropa-
gated to generate adversarial perturbations.
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Algorithm 1: Angular Gradient Sign Method (AGSM)
Input: input x, label y, perturbation budget ε, model f
Output: Adversarial example xadv

1: Compute Euclidean input gradient.
g← ∇xL

(
f(x), y

)
2: Generate tentative perturbed input.

x̃adv ← x+ ε sign(g)
3: Compute feature shift.

∆h← f(x̃adv)− f(x)
4: Get radial unit vector.

u← f(x)/∥f(x)∥2
5: Extract angular component (orthogonal to radial).

vang ← ∆h− ⟨∆h,u⟩u
6: Back-propagate angular shift via chain rule.

d←
(
∂h/∂x

)⊤
vang

7: Apply angular perturbation to input.
xadv ← x+ ε sign(d)

8: return xadv

Extension to Projected Gradient Descent. Our Angular
Gradient Sign Method (AGSM) can be naturally extended
into a multi-step adversarial attack by adopting the frame-
work of Projected Gradient Descent (PGD; Madry et al.
(2017)). Instead of applying a single-step angular perturba-
tion, we iteratively maximize the angular shift at each step,
followed by a projection back onto the valid perturbation set.
This extension enables stronger adversarial examples that
remain aligned with the semantic geometry of hyperbolic
space while respecting perturbation constraints such as an
ℓ∞ budget.

At each step, the method recomputes the angular direc-
tion in feature space, backpropagates it to the input via the
chain rule, and applies a normalized update, followed by a
projection back into the allowed perturbation set. This pro-
cess is repeated over multiple iterations to refine the attack
and enhance its effectiveness. The full procedure, Algorithm
of Projected Angular Gradient Descent (PAGD), is summa-
rized in supplementary material.

5 Experiments
Experimental Setup
Datasets. To evaluate our method on standard image
classification benchmarks, we use CIFAR-10, CIFAR-100
(Krizhevsky and Hinton 2009) and Tiny ImageNet (Le and
Yang 2015), covering a range of object categories and diffi-
culty levels. For image-to-text (I2T) and text-to-image (T2I)
retrieval experiments, we conduct evaluations on the MS
COCO dataset (Lin et al. 2014) and the Flickr30K dataset
(Plummer et al. 2015), which provide paired image–caption
annotations suitable for cross-modal retrieval tasks.

Models. For the image classification experiments, we em-
ploy Poincaré ResNet-20 and Poincaré ResNet-32 architec-
tures, both of which we trained using the exact hyperpa-
rameter settings and training protocol specified in the orig-
inal Poincaré ResNet (van Spengler, Berkhout, and Mettes

Model Dataset ε FGSM AGSM PGD PAGD Clean

PRN
20

C-10
ε1 56.59 47.63 31.83 22.42

84.76ε2 54.43 44.53 21.40 14.25
ε3 49.63 36.69 8.86 8.35

C-100
ε1 24.67 20.02 13.29 11.05

49.63ε2 22.62 17.66 11.68 9.28
ε3 17.78 12.19 9.43 9.43

TIN
ε1 11.73 8.90 7.31 5.93

30.48ε2 10.50 7.78 6.62 5.49
ε3 7.44 5.43 5.66 4.63

PRN
32

C-10
ε1 60.68 51.09 28.96 18.69

86.21ε2 59.10 48.05 18.43 11.44
ε3 54.19 41.56 8.05 7.77

C-100
ε1 26.36 21.05 12.71 10.44

53.44ε2 24.61 18.74 11.18 9.19
ε3 19.67 13.93 9.24 7.86

TIN
ε1 11.90 9.56 7.03 5.74

30.46ε2 10.71 8.23 6.61 5.49
ε3 8.02 5.57 5.69 5.00

Table 2: Robust accuracy (%) of Poincaré ResNet-20 and
ResNet-32 on CIFAR-10, CIFAR-100, and Tiny ImageNet
under ℓ∞ attacks with ε ∈ {2.4/255, 3.2/255, 8.0/255}.
For each attack type (FGSM and PGD), the lower accuracy
(indicating a stronger attack) is highlighted in bold.

2023). For cross-modal retrieval (I2T and T2I), we utilize
the HyCoCLIP framework (Pal et al. 2025) with Vision
Transformer backbones (ViT-S and ViT/16), leveraging the
pretrained weights officially released by the HyCoCLIP au-
thors.

Results on Classification and Retrieval Tasks
Poincaré ResNet Robustness (Table 2). Across both
ResNet-20 and ResNet-32 on CIFAR-10, Angle-only FGSM
(AGSM) consistently inflicts an extra 9–11% drop in robust
accuracy over standard FGSM, while PAGD compounds
PGD’s effect by roughly the same amount (around 9-10%).
For instance, at ε = 8.0/255 on ResNet-32, AGSM low-
ers clean accuracy 12.63% more than FGSM, and PAGD
further lowers clean accuracy 10.27% more than PGD at
ε = 2.4/255. ResNet-20 shows a similar pattern, with
AGSM undercutting FGSM by about 13% and PAGD low-
ering PGD by over 9% in its strongest case.

On CIFAR-100 and Tiny ImageNet, AGSM still outper-
forms its one-step counterpart by about 5–6%, and PAGD
delivers an additional 1–2% degradation beyond PGD.
These results confirm that angular-maximizing perturbations
more effectively exploit hyperbolic geometry than conven-
tional gradient-based methods.

HyCoCLIP Retrieval Robustness (Table 3, 4). Across
both COCO and Flickr30K, and for both ViT-S/16 and ViT-
B/16 backbones, our Angle-only FGSM (AGSM) consis-
tently deepens the drop in recall by roughly 2–5% compared
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Model Dataset ε
T2I R@5 T2I R@10

FGSM AGSM PGD PAGD Clean FGSM AGSM PGD PAGD Clean

ViT-S/16
COCO 3.2/255 11.20 8.20 3.00 2.60 55.10 16.50 12.70 5.10 4.40 66.608.0/255 7.60 4.80 1.50 1.00 11.60 7.60 2.70 1.90

Flickr30K 3.2/255 19.70 15.40 8.40 7.30 81.50 27.30 22.50 13.50 12.10 88.208.0/255 12.90 9.10 4.40 4.00 19.10 14.30 7.50 7.00

ViT-B/16
COCO 3.2/255 15.90 12.60 4.50 4.00 58.40 22.70 18.80 7.30 6.40 69.308.0/255 10.80 7.60 2.20 1.80 16.20 11.90 3.80 3.10

Flickr30K 3.2/255 27.20 24.90 10.90 9.80 84.90 36.30 33.20 17.70 16.00 90.308.0/255 18.60 14.10 5.30 5.00 25.10 21.00 9.50 8.40

Table 3: Performance of the Text-to-Image (T2I) task at Recall@5 and Recall@10 under adversarial attacks (FGSM, AGSM,
PGD, PAGD) on COCO and Flickr30K using ViT-S/16 and ViT-B/16. For each attack type (FGSM and PGD), the lower
accuracy (indicating a stronger attack) is highlighted in bold.

Model Dataset ε
I2T R@5 I2T R@10

FGSM AGSM PGD PAGD Clean FGSM AGSM PGD PAGD Clean

ViT-S/16
COCO 3.2/255 13.20 9.00 4.10 3.10 69.50 18.50 13.60 6.10 4.70 79.508.0/255 7.30 4.20 1.90 1.40 11.10 6.80 3.10 2.30

Flickr30K 3.2/255 20.10 15.30 8.10 6.90 89.10 27.10 21.70 13.30 9.90 93.908.0/255 11.60 8.50 4.20 3.90 16.70 12.20 7.70 7.20

ViT-B/16
COCO 3.2/255 20.10 15.00 5.40 4.60 72.00 26.90 21.60 8.30 7.50 82.008.0/255 11.10 7.40 2.40 1.90 15.90 10.90 3.80 3.20

Flickr30K 3.2/255 29.50 26.60 11.70 10.70 92.60 38.40 35.00 16.90 16.20 95.408.0/255 18.10 13.70 6.10 4.40 24.60 19.70 9.00 7.30

Table 4: Performance of the Image-to-Text (I2T) task at Recall@5 and Recall@10 under adversarial attacks (FGSM, AGSM,
PGD, PAGD) on COCO and Flickr30K using ViT-S/16 and ViT-B/16.

to standard FGSM, while its multi-step counterpart PAGD
yields an additional 0.5–1% reduction over PGD.

For example, on COCO with ViT-S/16 at ε = 3.2/255,
AGSM adds a further 3.0% of degradation in T2I R@5 be-
yond FGSM’s already severe drop, and PAGD compounds
PGD’s effect by another 0.8%. With the larger ViT-B/16,
AGSM’s advantage reaches up to about a 5% extra drop in
I2T R@5, and PAGD still provides nearly a 1% degrada-
tion over PGD. These largest observed gains underline that
angular-maximising perturbations more effectively disrupt
cross-modal retrieval in hyperbolic embedding spaces.

Summary. Across both Poincaré ResNet and HyCo-
CLIP backbones, standard one-step (FGSM) and multi-step
(PGD) attacks already degrade performance, but their an-
gular maximizing counterparts, AGSM and PAGD, consis-
tently inflict an additional drop in accuracy or recall. This
highlights the critical role of angular movement in breaking
hierarchical representations.

Analysis on Perturbed Sample and Representation
Distance Between Hyperbolic Embeddings. Table 5 re-
ports the average hyperbolic distance in the Lorentz model

(Equation 2) between original and perturbed feature vectors,
after mapping them to the hyperbolic manifold via the expo-
nential map (Equation 3). Features were produced by HyCo-
CLIP under FGSM and AGSM at ε ∈ {3.2/255, 8.0/255}.
On both dataset, AGSM increases the mean geodesic at both
ε values, indicating that angular-maximizing updates push
representations farther along hyperbolic geodesics than stan-
dard gradient-sign perturbations. Figure 2 qualitatively com-
pares retrieval outputs under different perturbations. The ra-
dial shift preserves the correct caption, FGSM and the stan-
dard angular shift yield semantically incorrect sentences,
and AGSM produces the most semantically misaligned cap-
tion.

Confidence Drop. Table 6 shows that AGSM consistently
produces larger confidence reductions than FGSM across
both CIFAR-10 and CIFAR-100, and at both moderate and
high perturbation levels. In particular, the gap between
FGSM and AGSM widens as ε increases, indicating that em-
phasizing the angular shift becomes even more destructive
under stronger attacks. Qualitatively, this demonstrates that
angular-focused perturbations more effectively undermine
the model’s predictive certainty than conventional gradient-
sign methods.
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Dataset ε Clean vs FGSM Clean vs AGSM

COCO 3.2/255 0.3058 0.3639
8.0/255 0.3883 0.4457

Flickr30K 3.2/255 0.3119 0.3675
8.0/255 0.3875 0.4400

Table 5: Hyperbolic feature distances (in Ln
c ) between the

original and perturbed samples for HyCoCLIP (ViT/b/16)
under FGSM and AGSM.

Dataset ε FSGM AGSM

CIFAR-10 3.2/255 0.3870 0.4860
8.0/255 0.4364 0.5597

CIFAR-100 3.2/255 0.4242 0.4628
8.0/255 0.4566 0.4935

Table 6: Under FGSM and AGSM, drop in MSP of the
model on initially predicted label.

Dataset ε FGSM AGSM PGD PAGD Clean

C-10 3.2/255 58.20 49.38 32.79 25.47 84.768.0/255 51.74 40.16 10.06 8.62

C-100 3.2/255 24.97 20.96 13.34 10.84 49.638.0/255 19.43 14.31 9.46 7.74

Table 7: Top-1 accuracy (%) of Poincaré ResNet-20 under
ℓ2-constrained Fast Gradient Sign Method (FGSM) and Pro-
jected Gradient Descent (PGD), together with their angular-
only variants, on CIFAR-10 and CIFAR-100. “Original” de-
notes clean accuracy.

Summary. Table 5 and Table 6 together underscore the
central contribution of our approach: by isolating and max-
imizing the angular component of the gradient, AGSM not
only drives feature vectors to traverse significantly farther
along hyperbolic geodesics but also precipitates a more se-
vere collapse of the model’s predictive confidence compared
to conventional gradient-sign attacks. This dual effect con-
firms that angular-maximizing perturbations provide a prin-
cipled mechanism to undermine both representational in-
tegrity and output certainty in hierarchical models.

Ablation Study
Under an ℓ2-constraint (Table 7), results demonstrate that
isolating and maximizing the angular component delivers
powerful attacks that are largely agnostic to the choice of
norm. Whether measured in ℓ∞ or ℓ2, AGSM consistently
exploits angular vulnerabilities in hyperbolic embeddings
more effectively than FSGM.

6 Conclusion and Limitation
In this work, we introduced the Angular Gradient Sign
Method (AGSM) and its multi-step extension PAGD to craft

Dataset Attack Training Data

Clean FGSM-Aug AGSM-Aug

CIFAR-10
Clean 84.76 81.65 82.31
FGSM 8.67 56.58 55.08
AGSM 8.30 52.46 51.07

CIFAR-100
Clean 49.63 47.81 46.96
FGSM 9.61 26.45 27.99
AGSM 7.91 23.61 25.66

Table 8: Adversarial Training Results. Top-1 accuracy (%)
of Poincaré ResNet-20 trained on clean, FGSM-augmented,
and AGSM-augmented datasets, evaluated under clean,
FGSM, and AGSM attacks on CIFAR-10 and CIFAR-100.

Ground Truth:
A horse drawn carriage in a city 
stopped for a break. 

FGSM:
People in cars, on bikes, and 
walking near city buildings.
Radial shift:
A horse drawn carriage in a city 
stopped for a break.
Angular shift:
The people are parked along the 
street by the tall buildings.

✅

❌

❌

AGSM:
Two people are riding elephants
beside some trees.❌

Figure 2: Qualitative comparison of Image-to-Text retrieval
under FGSM, radial shift, angular shift, and AGSM. While
the radial shift preserves the correct caption, FGSM and the
standard angular shift generate semantically incorrect out-
puts, and AGSM yields the most misaligned caption.

adversarial perturbations that explicitly maximize angular
shifts in hyperbolic embedding spaces. Through extensive
experiments on Poincaré ResNet for image classification
and HyCoCLIP for cross-modal retrieval, we demonstrated
that angular-focused attacks consistently outperform stan-
dard FGSM and PGD baselines. Our ablation studies further
revealed that the angular component alone drives the major-
ity of the adversarial effect, and that these attacks remain
effective under both ℓ∞ and ℓ2 norm constraints.

However, training with AGSM-perturbed examples yields
only modest gains in robustness and incurs a trade-off in
clean accuracy relative to FGSM augmentation. On CIFAR-
100, AGSM augmentation improves robustness specifically
against angular perturbations but at the cost of a larger drop
in standard accuracy. These results suggest that naively in-
corporating adversarial examples perturbed by AGSM does
not uniformly strengthen hyperbolic models and may incur
dataset-dependent trade-offs. Taken together, our findings
underscore the pivotal role of angular misalignment in hy-
perbolic vulnerability and point to the need for geometry-
aware defense strategies that explicitly accommodate the
curved, hierarchical structure of hyperbolic embeddings.
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