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Abstract

Machine Unlearning (MU) aims to remove the influence
of specific knowledge from a pretrained model. Existing
methods often rely on retained training data to preserve
utility; such dependence is impractical due to privacy and
scalability constraints. A further complication arises when
unlearning is applied to vision-language models (VLMs),
where entangled multimodal representations make targeted
forgetting especially challenging. We propose DIET , a
principled retain-data-free unlearning method for VLMs
that addresses these challenges by leveraging the geometry of
hyperbolic space. The core idea is to push forget embeddings
toward class-mismatched prototypes located at the boundary
of the hyperbolic space. In hyperbolic geometry, points near
the boundary become infinitely distant from interior points.
As a result, moving forget embeddings to the boundary makes
their influence on the model asymptotically negligible. To
formalize this, we guide the forgetting process using the
Busemann function, which quantifies directional distance to
the boundary. We further develop an adaptive scheme based
on optimal transport that selects mismatched prototypes
for each forget embedding, enabling flexible unlearning
dynamics. Extensive experiments on fine-grained datasets
such as Flowers102, OxfordPets, and StanfordCars show that
DIET achieves an average forget accuracy of 8.06%, while
preserving 69.04% utility using only 16 samples per concept,
significantly outperforming the best retain-free baselines
with a 117.5% improvement in model utility, and showing
competitive performance to retain-data baselines with only a
3.79% drop.

Code —
https://github.com/NilakshanKunananthaseelan/DIET

1 Introduction
Vision-Language Models (VLMs) are becoming the
backbone of modern multimodal systems. Models such as
CLIP (Radford et al. 2021), SigLIP (Zhai et al. 2023)
provide universal embeddings that drive image generation,
retrieval, and instruction-tuned multimodal assistants (Liu
et al. 2023; Rombach et al. 2021). Their success stems
from the large-scale pretraining aligning visual and textual

Copyright © 2026, Association for the Advancement of Artificial
Intelligence (www.aaai.org). All rights reserved.

0.43 0.480.380.28 0.320.43 0.480.380.28 0.32

0.2

0.1

0.20.1-0.1
0

20

40

Cosine Similarity

W
it

h 
re

ta
in

 d
at

a
W

it
ho

ut
 r

et
ai

n 
da

ta

Original Model Similarity

Original Model Similarity

U
nl

ea
rn

ed
  M

od
el

 
Si

m
ila

ri
ty

U
nl

ea
rn

ed
  M

od
el

 
Si

m
ila

ri
ty

Cosine Similarity

0.20.1-0.1
-0.1

0.0

0.0 0.3 0.4

Original
Unlearned

60

80

100

0

10

20

30

40

0

10

20

30

40

0.0 0.3 0.4

0.3

0.4

Figure 1: The similarity score with text modality decreases
for the remaining class when we don’t use the retain data;
Finetuning on retain data preserves this alignment.

representations into a shared space that offers a strong zero-
shot generalization.

However, large-scale pretraining also introduces
unintended behaviours. Publicly scraped data contains
biases, errors and NSFW (not-safe-for-work) content,
which can propagate to downstream tasks (Tanjim et al.
2024; Baherwani and Vincent 2024; Hamidieh et al. 2024).
Moreover, the pretraining process itself may embed spurious
correlations and artefacts, making the model unsuitable
for certain applications (Alhamoud et al. 2025). This
highlights the need for effective mechanisms to suppress
such undesired behaviours while preserving overall utility.

Machine Unlearning (MU) offers this selectivity in
principle by removing the influence of a specific knowledge
from pretrained models (Gandikota et al. 2023; Qu et al.
2023). The primary recipe for MU performs targeted
forgetting in the forget set and then finetunes on a retain set
to avoid catastrophic unlearning (Fan et al. 2023; Wu and
Harandi 2024). While the recipe is effective, the reliance on
a retain set impedes the scalability of MU algorithms due
to privacy constraints, compliance risks and computational
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overhead. For VLMs like CLIP, curating multimodal retain
data at scale is costly.

Recent “retain-data-free” methods aim to unlearn
in unimodal models using only the targeted samples,
without access to any retain data (Foster et al. 2024;
Bonato, Cotogni, and Sabetta 2024; Cha et al. 2024).
However, VLMs entangle knowledge across modalities
and semantics. Hence, concept removal can be viewed
as breaking the fundamental modality alignment obtained
from pretraining. Without a careful mechanism to preserve
surrounding knowledge, such disruption can lead to
significant degradation in retained concepts (see Fig. 1).

Prior efforts on unlearning in VLMs, such as
CLIPErase (Yang et al. 2024b), SafeCLIP (Poppi et al.
2024), and HySAC (Poppi et al. 2025) have shown
promising progress, but they still benefit from additional
training on retaining concepts. In response to these
limitations, we aim to address the following question: Can
we perform targeted unlearning in VLMs without access
to retained data, by leveraging their inherent semantic
structure?

We hypothesize that if forget embeddings are pushed
toward infinity, their influence on the model becomes
asymptotically negligible, effectively removing their
contribution. To operationalize this idea, we formulate
learning in hyperbolic space, and in particular, adopt the
Poincaré ball model. In the Poincaré model, the notion
of infinity is naturally encoded as the boundary of the
ball. This, in comparison to Euclidean space, offers
two key advantages: first, points near the boundary are
at an exponentially increasing geodesic distance from
interior points, making them suitable targets for forgetting;
second, the Busemann function (Busemann 2005), which
quantifies asymptotic proximity to the boundary along
geodesics, admits a closed-form expression in the Poincaré
ball (Cannon et al. 1997), facilitating a principled and
efficient mechanism to guide forgetting trajectories.

To define meaningful geodesics for forgetting, we exploit
the multimodal structure of VLMs. Using the VLM’s text
encoder, we identify a set of class-representative prototypes,
i.e., embeddings of mismatched (semantically unrelated)
class labels, placed at the boundary of the Poincaré ball.
Pushing forget embeddings toward these class-mismatched
prototypes along geodesics not only drives them toward
infinity but also introduces semantic confusion by steering
them toward unrelated concepts. This reduces the likelihood
that the model can retain or reconstruct the forgotten
information. However, a key challenge lies in determining
which prototype each forget embedding should be assigned
to. While prior approaches often rely on manually fixed
mismatched targets, we propose an adaptive scheme by
making use of the optimal transport. This enables us to
assign each forget embedding to a semantically distant
prototype based on the underlying geometry, ensuring the
forgetting process remains flexible and tailored to the
structure of the embedding space.
Our contributions are as follows:
• We identify and address a critical limitation of existing

MU methods for VLMs: their reliance on retained data

to preserve utility. To this end, we introduce DIET , a
modular and retain-data-free unlearning framework.

• We formulate unlearning in the Poincaré ball model
of hyperbolic space and leverage a Busemann-guided
loss to push forget embeddings toward the boundary.
By transporting these embeddings along geodesics
toward mismatched class prototypes, we achieve targeted
forgetting with minimal interference.

• We provide a geometric rationale for our approach,
hypothesizing that pushing forget embeddings to infinity
effectively nullifies their influence. Empirical evidence
supports this hypothesis, indicating that the method
disrupts modality alignment for forgotten concepts while
preserving modality alignment for unrelated ones.

• We propose an adaptive optimal transport mechanism
to assign forget embeddings to semantically distinct
prototypes, thereby avoiding the need for manually
fixed targets and enabling flexible, geometry-aware
trajectories.

• Thorough experiments on fine-grained datasets
demonstrate that our geometry-oriented approach
outperforms existing retain-free MU methods and
achieves performance comparable to retain-data
baselines, offering a promising path toward scalable and
principled MU in VLMs.

2 Related Work
Hyperbolic Representation Learning. Machine learning
models are typically formulated in Euclidean space.
However, the choice of geometry of the representation space
impacts the expressiveness of learned embeddings. The
volume growth in hyperbolic space enables embeddings
to capture hierarchical data with minimal distortion (Peng
et al. 2022; Ganea, Bécigneul, and Hofmann 2018). This
makes hyperbolic representations particularly effective for
modeling naturally hierarchical domains and constructing
robust visual–semantic relationships (Yang et al. 2024a;
Atigh et al. 2022; Khrulkov et al. 2020). Such geometric
properties have direct implications for multimodal learning
and how concepts are organized across modalities (Desai
et al. 2023). Relevant to our study is the exponential
scaling of distances in hyperbolic space and the well-defined
boundary structure of the Poincaré ball, which makes it a
powerful tool for pushing representations to the edge of
the space, where their influence on the model can become
vanishingly small.

Machine Unlearning MU (Cao and Yang 2015; Kwak
et al. 2017; Schelter 2020; Ginart et al. 2019) aims to
selectively remove the influence of specific knowledge from
a pretrained model. With the growing demand for safety,
privacy, and regulatory compliance, MU has emerged as
an active research direction across both recognition (Fan
et al. 2023; Zhao et al. 2024; Wu and Harandi 2024)
and generative settings (Gandikota et al. 2023; Wu et al.
2024; Maini et al. 2024; Liu et al. 2024). While prior
work has mainly focused on unimodal domains, recent
efforts have targeted unlearning in VLMs. Notable examples
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are SafeCLIP (Poppi et al. 2024), HySAC (Poppi et al.
2025) and Cliperase (Yang et al. 2024b). SafeCLIP reduces
sensitivity to NSFW content by redirecting embeddings
toward a “safe” representation derived from a synthetic
dataset. HySAC shares this safety goal, but operates in the
hyperbolic space using the Lorentz model (Cannon et al.
1997). Cliperase proposes a modular framework with a
forgetting module to suppress the target concepts, a retention
module to preserve utility, and a consistency module to
maintain alignment with the original model.

Despite their progress, the aforementioned methods
depend heavily on access to retained concepts during
optimization—a requirement that limits the scalability and
deployability of MU algorithms in real-world settings.
In response, recent efforts have explored retain-data-free
unlearning as a scalable and privacy-preserving alternative
to traditional MU: Foster et al. (2024) proposes JiT, a zero-
shot unlearning approach that estimates samples’ influence
via information gain and attenuates the gain using Lipschitz
smoothing optimization. Kravets and Namboodiri (2025)
extends the Lipschitz-based unlearning to VLMs, using
synthetic forget examples. SCAR (Bonato, Cotogni, and
Sabetta 2024) pushes forget features toward the closest
class using a Mahalanobis-based loss, while preserving
model utility through knowledge distillation using out-
of-distribution data. Cha et al. (2024) proposes Learning
to Unlearn, which conducts instance-wise unlearning
by intentionally flipping forget sample prediction while
regularizing for stability. These approaches demonstrate the
growing viability of retain-free unlearning; however, most
remain grounded in unimodal architectures. In contrast,
DIET addresses the significantly more constrained and
underexplored problem of retain-data-free unlearning in
VLMs, where deeply entangled multimodal representations
make forgetting particularly challenging.

3 Methodology
This section presents our unlearning method, which aims to
erase targeted knowledge by pushing embeddings towards
infinity. We introduce the Poincaré ball model and the
Busemann function, then we provide details on our
approach. An overview of the foundational concepts of
hyperbolic geometry can be found in the appendix.

3.1 Hyperbolic Space for Unlearning
Unlike Euclidean spaces, which possess zero curvature
and lack an inherent representation of abstraction levels,
the constant negative curvature of hyperbolic space results
in distances growing exponentially with radius. This
fundamental property naturally encodes hierarchies (Ganea,
Bécigneul, and Hofmann 2018; Khrulkov et al. 2020; Atigh
et al. 2022) and provides an effectively unbounded volume.
As a result, it allows for localized perturbations within
the space, enabling the unlearning of specific knowledge
with minimal collateral damage to semantically similar but
retained concepts. However, the benefits of hyperbolic space
for MU remain largely underexplored, with recent works
like HySAC (Poppi et al. 2025) showcasing it. Below,

we provide key definitions in hyperbolic geometry used
throughout this work.

Definition 3.1 (Hyperbolic Space). An n-dimensional
hyperbolic space Hn is a complete, simply-connected
Riemannian manifold of constant sectional curvature.

Hyperbolic space can be realized by several models; a
commonly used model in machine learning is the Poincaré
Ball model (Nickel and Kiela 2017).

Definition 3.2 (Poincaré Ball Model). The canonical n-
dimensional Poincaré Ball model of Hn with curvature c =
−1 is defined as (Bn, gBz ) with open ball Bn

c = {z ∈
Rn : ∥z∥ < 1} and Riemannian metric tensor gBz =
4(1− ∥z∥2)−2In.

The geodesic distance between two points z1, z2 ∈ B is
given by Equation 1:

dB(z1, z2) = arcosh

(
1 + 2

∥z1 − z2∥2

(1− ∥z1∥2)(1− ∥z2∥2)

)
,

(1)
and the exponential map at the origin (i.e., 0) is given by

exp0(u) = tanh (∥u∥/2) u

∥u∥
. (2)

In the Poincaré model, the set of points at infinity, which
in our work realize ideal prototypes (∂Bn), are defined as:

∂Bn = {p ∈ Rn : ∥p∥2 = 1} (3)

Equation 1 shows that the distance between any points z ∈
Bn inside the ball (∥z∥ < 1 ) and ideal prototypes, points at
the boundary (∥z2∥=1) approaches ∞ (i.e. dB(z,p) → ∞
for p ∈ ∂Bn). Therefore, developing an objective function
to push the points to infinity is challenging. (Ghadimi Atigh,
Keller-Ressel, and Mettes 2021) introduce a loss function
based on the Busemann Function (Busemann 2005), which
effectively measures the proximity to infinity.

Definition 3.3 (Busemann Function). For a given ideal point
p ∈ ∂Bn and a geodesic γp connecting the origin to p, the
Busemann function w.r.t. p is defined for z ∈ Bn as

δp(z) = lim
t→∞

(dB(γp(t), z)− t), (4)

where dB
(
γp(0), γp(t)

)
= t.

Equation 4 measures how much close or far z is from
infinity along the geodesic path γp towards p.

This abstract definition has a simple, closed-form solution
in the Poincaré model (Ghadimi Atigh, Keller-Ressel, and
Mettes 2021) as:

δp(z) = log
∥p− z∥2

(1− ∥z∥2)
. (5)

3.2 DIET: Machine Unlearning on a Data-Diet
In the following, we begin by outlining unlearning in VLMs,
followed by its formulation in hyperbolic space. We describe
prototype construction, geodesic direction selection toward
the boundary, and introduce our proposed method.
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Figure 2: Hyperbolic forgetting through geodesic transport. a) Image and text encoders generate embeddings that are
exponentially mapped to hyperbolic space. (b) Target image embeddings are aligned with their corresponding ideal text
prototypes (e.g., “a photo of a sphynx”) via geodesic paths determined by optimal transport, with blue dotted lines denoting the
geodesics. (c) Entailment cone constraints from repulsive loss enforce separation between target embeddings and mismatched
class text prompts, ensuring structured alignment while minimizing cross-class interference.

MU for Concept Removal in VLMs. VLMs such
as CLIP are often trained with image-text pairs using
contrastive loss, and their performance is described through
the multimodality alignment of a concept. We focus on
CLIP (Radford et al. 2021) as a representative vision-
language model to elaborate on DIET; however, our method
is model-agnostic and broadly applicable to VLMs. For
a pretrained CLIP with an image encoder fimg(·), a text
encoder ftext(·), we define Df as the subset containing
instances of the concept c to be removed, andDp has the text
prompt p of concepts we would like to retain. For an image-
text pairs, (xf , yf ) ∈ Df , the modality alignment can be
measured using similarity, sim

(
fimg(xf ), ftext(yf )

)
using

the cosine similarity score. The unlearning in CLIP can be
viewed as a deliberate breaking of the modality alignment
between positive pairs of c, while ensuring the utility of
retaining positive pairs. We define our concept removal task
by modifying the image encoder and obtaining the scrubbed
image encoder fu

img such that:

1. The model breaks modality alignment between visual
and textual representations of the concept c. For
(xf , yf ) ∈ Df , p ∈ Dp,

sim
(
fu
img(xf ), ftext(yf )

)
≪ sim

(
fu
img(xf ), ftext(p)

)
(6)

2. The model preserves the modality alignment for positive
pairs. For the positive pairs (x, p) such that x /∈ Df ,
p ∈ Dp,

sim
(
fimg(x), ftext(p)

)
≈ sim

(
fu
img(x), ftext(p)

)
(7)

To achieve the desired concept removal described above,
we modify the image encoder to push the forget embeddings
from Df away from their aligned text representation,

guiding them toward boundary points p ∈ ∂Bn in Poincaré
ball.

For each forget example xf ∈ Df we obtain the
hyperbolic embedding z on the Poincaré ball as follows:

x = fimg(xf ), (8)
z = exp0(x), (9)

where exp0(·) maps the feature into the hyperbolic space
using Eqn. 2. A standard geodesic loss is intractable
due to infinite distances at the boundary; therefore, we
utilize the Busemann function in Eqn. 5 to define a finite
differentiable distance between z and p. Our unlearning
objective minimizes δp(z) to drive each forget embedding
towards its designated ideal prototype along the geodesic ray
γp.

LHYP(θ;Df ,Dp) = Ex∈Df

[
δp(z)

]
. (10)

Creating ideal prototypes. While pushing forget
embeddings to infinite distance theoretically disrupts
the modality alignment, selecting an arbitrary ‘away’
direction in the infinite target space of Bn risks damaging
retained knowledge and ineffective unlearning. Therefore,
to guide this repulsion precisely, we introduce text-based
retained knowledge prototypes.

These prototypes are generated from the pretrained
CLIP text encoder, ftext(·), using prompts of retained
classes, eliminating reliance on retained data constraints.
For each retained class c ∈ Cretain, we use the prompt
Pc = "a photo of a c", and compute its Euclidean
embedding xc = ftext(Pc). This is mapped to Poincaré ball
via the exponential map in Eqn. 2

zret = exp0(xc), (11)

pc =
zret
∥zret∥

(
r− ϵ

)
, (12)
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where r = 1, ϵ≪ 1.
The resulting prototype set for K retain concepts is given

by:
Pretain = {pc | c ∈ Cretain} . (13)

To break the modality alignment of positive image-text
pairs in Df , DIET pushes forgetting embedding z towards
“infinity” along the directions defined by retained prototypes
pc ∈ Pretain.

Selecting Geodesic Direction. Effective unlearning
requires pushing forget embeddings far from their original
position in a structured way, rather than an arbitrary manner.
We achieve this by using optimal transport (OT) to assign
each forget embedding zi to a boundary prototype pk in a
cost-efficient way in hyperbolic space.

Given a mini-batch of forget embeddings {zi}Ni=1 and
a set of ideal prototypes {pi}Ki=1, we build an online cost
matrix Ω

using the Busemann distance. We then apply Sinkhorn-
Knopp algorithm (Sinkhorn and Knopp 1967) to compute
the soft OT plan Π ∈ RN×K that assigns each zi to a
prototype. This yields the OT loss:

LOT(θ;Df ,Dp) =
N∑
i=1

K∑
k=1

ΠikΩik = ⟨Π,Ω⟩F , (14)

which encourages semantically structured spreading of
forget embeddings while still pushing them toward the
Poincaré boundary. To define the trajectory for each
embedding zi, we select the most likely assigned prototype:

pk∗ = argmax
k∈1,...,K

(
Πik

)
. (15)

Repulsive Loss for Utility Preservation. To prevent
the interference with retained concepts during unlearning,
we introduce a repulsive loss that encourages separation
between forget embeddings and all unassigned retained
embeddings. We formulate it as a hinge loss with a
predefined margin.

LREP(θ;Df ,Dp) = E z∈Df ,
p∈Pretain\{pk∗}

[
max

(
0, τ − δp(z)

)]
,

(16)

where τ is the margin, pk∗ is the assigned prototypes for z,
δpk

(zi) Busemann distance between pk and zi.

Hybrid Modeling. Building on this geometric foundation,
we formulate DIET as a hybrid model that combines
Euclidean parameterization with hyperbolic geometry.
Specifically, we treat the CLIP image embeddings as points
in the Poincaré ball Bn and define our forgetting loss based
on Busemann distance (Eqn. 5) to guide concept unlearning.
Fig 2 illustrates this process: each forget embedding zi
follows a Busemann geodesic toward an ideal prototype
pk, with optimal transport ensuring semantic alignment and
minimal interference to retained knowledge. A pseudo-code
of the algorithm is provided in 1.

Algorithm 1: Hyperbolic Prototype-based Unlearning
(DIET)
Input: Forget dataset Df , Retain prototypes Pretain, θ.
Parameter: Learning rate η, Margin τ , Epochs T
Output: Updated parameters θu.

1: for epoch t = 1 to T do
2: Compute embeddings zi = f(xi) in hyperbolic space
3: Compute cost matrix Ωik = δpk

(zi) using Busemann
distance

4: Solve optimal transport: Π = Sinkhorn(Ω)
5: Assign target prototype k∗i = argmaxk Πik

6: Compute LU

7: Update model parameters: θ ← θ − η · ∇θLU

8: end for
9: return θu

The total unlearning loss LU combines the hyperbolic
loss (Eqn 10), optimal transport loss (Eqn. 14), and retain
regularizer (Eqn. 16):

LU = λHYP · LHYP + λOT · LOT + λREP · LREP, (17)

where λHYP, λOT, and λRET are the respective weighting
coefficients.

To apply this loss within a standard training framework,
we express θ as the LoRA weights such that θ = BA,
parameterized by low-rank matrices A ∈ Rn×r and B ∈
Rr×n. We integrate θ into the query (q), key (k), and
value (v) projections of the vision encoder targeting the
attention mechanism to enable precise concept forgetting
while avoiding broad structural damage.

Optimization of Euclidean Parameters Using the
Hyperbolic Loss When optimizing Euclidean parameters
θ with hyperbolic loss LU, the gradient in the Poincaré
ball relates to the Euclidean gradient via a conformal factor
gBz that vanishes as embeddings approach the boundary.
To prevent vanishing gradients while maintaining the push-
to-infinity effect, we adopt norm clipping on Euclidean
features (Guo et al. 2022), which keeps z close to the
boundary for stable optimization.

4 Experiments
4.1 Setup
Training and Evaluation. We conduct experiments using
LoRA adapters (rank r = 4, scaling factor α = 1)
applied to the vision encoder of pretrained CLIP. Following
the dataset splits from CoOp (Zhou et al. 2022) and
SalUn (Fan et al. 2023), we train DIET using 16 shots
per concept for 30 epochs on a single A5500 (24GB).
We perform hyperparameter search over learning rate ∈
[0.0001, 0.005], λOT ∈ [0.1, 1], λHYP ∈ [10, 50], and
λREP ∈ [0, 30], and report results with the best performing
configuration: learning rate 0.0009, λHYP = 30, λOT =
1, and λREP = 20. For optimal transport, we use
the Sinkhorn algorithm from the POT library (Flamary
et al. 2021). We evaluate DIET on datasets including
Flowers102 (Nilsback and Zisserman 2008), Pets (Parkhi
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Method Dr
Flowers102 Pets Cars Food101 Average

Df (%) Dt (%) Df (%) Dt (%) Df (%) Dt (%) Df (%) Dt (%) Df (%) Dt (%)

Pretrained Zero-shot - 92.61±7.42 70.48±0.10 83.25±19.28 89.12±0.32 53.43±21.60 65.58±0.09 87.20±3.64 86.12±0.05 79.12 77.82

Weights
updated

FT ✓ 56.58±28.2 82.07±7.74 62.74±31.75 88.34±2.19 35.12±15.37 60.32±6.82 70.68±8.75 79.95±3.28 56.28 77.67
GA ✓ 86.55±14.89 70.81±0.29 74.75±24.66 88.52±0.43 46.92±22.06 65.18±0.11 84.68±6.94 84.61±0.33 73.23 77.28
SHs ✓ 0.38±0.77 28.28±23.31 0.00±0.00 3.53±0.61 0.00±0.00 0.73±0.25 7.00±14.00 15.39±27.90 1.85 11.98
SalUn ✓ 21.71±21.89 43.59±33.77 14.81±11.63 59.52±29.68 28.10±12.16 66.21±0.55 55.80±12.29 84.47±0.56 30.11 63.45
SalUn* ✗ 24.44±15.46 56.19±20.27 26.00±20.15 55.04±37.94 7.08±7.22 22.85±23.89 36.16±33.29 40.05±29.12 23.42 43.53

LoRA
based

GA ✗ 0.00±0.00 17.71±5.49 0.00±0.00 45.25±9.97 0.00±0.00 7.15±1.94 0.00±0.00 56.86±8.75 0.00 31.74
GS-LoRA ✓ 0.00±0.00 68.15±0.98 0.25±0.50 84.33±0.60 0.00±0.00 54.60±0.53 0.28±0.39 79.95±0.38 0.13 71.76
GS-LoRA* ✗ 0.00±0.00 1.66±0.79 0.00±0.00 2.89±0.13 0.00±0.00 0.70±0.20 0.00±0.00 1.67±0.66 0.00 1.73
DIET (Ours) ✗ 6.08±8.84 61.20±2.48 3.51±2.89 80.23±6.64 5.97±6.27 54.14±6.25 16.68±5.89 80.59±3.42 8.06 69.04

Table 1: DIET performance on fine-grained datasets. We report accuracy on Df (forget set) and Dt (test set). Dr indicates
whether a retained dataset was used (✓) or not (✗). ∗ indicates the performance without using a retained dataset. The gray
entries show the best overall performance, while underlined values highlight the best-performing retain-free setting.

Forget Class

Text Embeds
Image Embeds

0.33
-0.47 0.49

0.44

-0.53

-0.06

-0.08

0.33
0.38

0.34
0.35

0.39

Retain Classes

CLIP GS-LoRA GS-LoRA*
DIET

Figure 3: Latent space visualization of CLIP before and after unlearning the ‘Shiba Inu’ class from OxfordPets. We show the
shared latent space in CLIP before unlearning (Original CLIP) and after unlearning based on GS-LoRA, GS-LoRA∗, and DIET
(Ours). The similarity score is computed as the average cosine similarity between positive image-text pairs in the shared latent
space.

et al. 2012), StanfordCars (Krause et al. 2013) and
Food101 (Bossard, Guillaumin, and Van Gool 2014).
Following SalUn, we report accuracy on the full forget set
(Df ) to measure forgetting efficacy and test set accuracy
(Dt) to assess retention, averaging results over 5 random
forget concepts per dataset.
Baselines. The literature on retain-data-free MU for VLMs
remains sparse. To address this, we adapt several prominent
unimodal unlearning algorithms to the multimodal context
of CLIP for comparison. We primarily considered methods
that directly update the model’s weight: GA (Thudi et al.
2022) proposed the gradient-ascent-based optimization;
SalUn (Fan et al. 2023) removes forget-set knowledge
via saliency-guided gradients, then reinforces retained
knowledge; SHs (Wu and Harandi 2024) generates
a trimmed model by re-initializing influential top-k
parameters and finetuned on retain data with a gradient
projection. Among LoRA-based methods, the closest is GS-
LoRA (Zhao et al. 2024), originally designed for continual
unlearning in ViTs. Though not intended for multimodal
MU, we adapt it as a baseline in our setting. Additional
details are in the appendix.

4.2 Results and Discussion
Concept removal in CLIP. We present the results on fine-
grained datasets in Table 1. The baselines highlight the

core trade-off in MU between forgetting and preserving
utility. SHs achieve near-perfect forgetting but suffer
from catastrophic forgetting, with test accuracy dropping
to 11.98%. The performance gap between retain-based
methods and their retain-free counterparts is significant.
For example, SalUn’s average Dt drops from 63.45%
to 43.53% when the retain set is removed. While GS-
LoRA could effectively preserve the utility with near-perfect
forgetting, its retain-data-free variant fails with complete
collateral damage. These results show the severe difficulty
of preserving model utility in a truly retain-data-free setting
and motivate the need for a more principled approach.

Our proposed method, DIET , demonstrates superior
performance as a retain-data-free approach. DIET achieves
an effective knowledge removal (8.06% avg. Df ) while
preserving a high degree of model utility with an average
performance of 69.04%. This results outperforms other
retain-data-free baseline, SalUn∗(43.53%) and GS-LoRA∗

(1.73%). Furthermore, DIET closes the gap with retain-
based methods, performing competitively with the best
baseline, GS-LoRA (71.76%), despite having no access to
the retain dataset. A similar result was obtained for general
image datasets as well.

Few-shot MU in CLIP. Our main experiment uses 16
samples per concept. To explore how the number of forget
samples affects the balance of the forgetting vs. model utility
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for VLMs, we conducted an extended analysis shown in
Fig. 4. With a similar setting, DIET struggles to forget
effectively when the number of instances is reduced, while
GS-LoRA and GS-LoRA∗ maintain near-zero forgetting. In
contrast, our method shows competitive performance to GS-
LoRA in preserving model utility compared to its retain-free
version GS-LoRA∗. While these results are encouraging,
determining the number of forgotten samples remains an
important open question for future research.
Effect of Unlearning on Shared Latent Space. We
visualize CLIP’s shared latent space before and after
unlearning a concept (e.g. Shiba Inu) to examine how
modality alignment is affected. Figure 3 shows that after
unlearning, similarity for the target concept drops to
negative values for GS-LoRA (-0.47) and GS-LoRA∗

(-0.53), while DIET reduces it by only 0.1. GS-
LoRA employs gradient ascent, causing hard semantic
reversal, which disrupts the feature space (evident in GS-
LoRA∗). In contrast, DIET geometrically steers embeddings
along Busemann geodesics toward “infinity”, dampening
alignment without semantic reversal and preserving the
structure of retained concepts.
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Figure 4: Performance of MU methods on Flowers102 and
Pets datasets.

4.3 Ablation Studies
Optimal Transport. The choice of direction to move toward
the boundary plays crucial role that governs the trade-
off between forgetting and model utility. We opt to use
an adaptive optimal transport plan instead of randomly
selecting a direction(Without OT). This helps to transport
the forget samples smoothly in the unbounded volume of
the hyperbolic space. Further, we introduce a repulsive
hinge loss(vs. With OT (No Retain Reg.)) as an additional
regularizer to preserve model utility. Our ablation study
in Tab.2 shows both the optimal transport plan and the
repulsive regularizer are vital components of DIET , working
in synergy to achieve a good trade-off.
Text-based prototypes. A key component of DIET is

Dataset Dataset w/o OT w/o Repul. Loss DIET

Pets Df (%) 2.51±1.60 4.02±2.93 3.51±2.89
Dt (%) 75.32±7.35 79.98±5.67 80.23±6.64

OxfordFlowers Df (%) 3.29±3.74 3.67±4.74 6.08±8.84

Dt (%) 52.43±5.54 60.71±1.42 61.20±2.48

Caltech101 Df (%) 31.19±29.46 17.82±10.28 16.13±7.67
Dt (%) 91.71±0.46 92.73±0.34 92.98±0.28

StanfordCars Df (%) 4.68±5.96 5.36± 5.27 5.97±6.27
Dt (%) 47.17±13.94 53.56±7.17 54.14±6.25

Table 2: Ablation study on Optimal Transport plan.
Comparison of baselines: (1) without OT and (2) with OT
but without repulsive loss, across 5 concepts.

generating suitable prototypes to define geodesic directions.
To validate our choice of semantically meaningful text-
based prototypes, we compare them against randomly
sampled boundary points. Table 3 shows that semantic
prototypes significantly improve forgetting performance.
While random directions maintain separation from retained
concepts, they fail to achieve consistent forgetting,
highlighting the importance of semantic alignment in
prototype selection.

Metric Pets Flowers102 Caltech101 StanfordCars

Random Prototypes
Df (%) 17.78±15.65 27.65±24.89 51.92±6.45 7.09±8.57

Dt (%) 81.89±3.85 60.19±1.90 93.02±0.15 53.42±5.39

Text Prototypes (Ours)
Df (%) 3.51±2.90 6.08±8.84 16.13±7.67 5.97±6.27

Dt (%) 80.23±6.64 61.20±2.48 92.98±0.28 54.14±6.25

Table 3: Comparison of random vs. text-based prototypes
across datasets.

5 Conclusion and Limitations

We introduced DIET , a retain-data-free unlearning method
for VLMs that leverages hyperbolic geometry to push forget
embeddings toward infinity along geodesic directions. By
combining Busemann distance-based loss with adaptive
optimal transport, DIET disrupts modality alignment of
targeted concepts while preserving utility. Experiments
show DIET outperforms retain-free baselines and performs
competitively with retain-based methods.

DIET has notable limitations. First, pushing embeddings
to infinity may be insufficient for complex, heavily
entangled manifolds. Second, prototype quality significantly
impacts performance; poorly chosen prototypes lead to
suboptimal results. Third, hyperbolic optimization is
inherently unstable, requiring norm clipping, repulsive
loss, and careful hyperparameter tuning. Lastly, DIET
attenuates but does not eliminate modality alignment,
limiting applicability where complete disentanglement is
legally or ethically required.
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