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ABSTRACT

Machine unlearning is rapidly becoming a practical requirement, driven by privacy
regulations, data errors, and the need to remove harmful or corrupted training
samples. Despite this, most existing methods tackle the problem purely from a post-
hoc perspective. They attempt to erase the influence of targeted training samples
through parameter updates that typically require access to the full training data.
This creates a mismatch with real deployment scenarios where unlearning requests
can be anticipated, revealing a fundamental limitation of post-hoc approaches.
We propose unlearning by design, a novel paradigm in which models are directly
trained to support forgetting as an inherent capability. We instantiate this idea
with Machine UNlearning via KEY deletion (MUNKEY), a memory augmented
transformer that decouples instance-specific memorization from model weights.
Here, unlearning corresponds to removing the instance-identifying key, enabling
direct zero-shot forgetting without weight updates or access to the original samples
or labels. Across natural image benchmarks, fine-grained recognition, and medical
datasets, MUNKEY outperforms all post-hoc baselines. Our results establish
that unlearning by design enables fast, deployment-oriented unlearning while
preserving predictive performance.

1 INTRODUCTION

As machine learning systems are increasingly deployed in high-stakes domains, the ability to
unlearn (Cao & Yangl 2015 Bourtoule et al., [2021) specific training samples has become a legal
and ethical imperative, driven by regulations such as the GDPR (Mantelero, |2013). Because neural
networks can memorize specific data (Arpit et al., 2017), the central challenge is to surgically
excise the influence of targeted points without degrading the model’s performance on retained data.
Current approaches are generally split between exact unlearning, including retraining, which is
computationally prohibitive, and approximate methods (Nguyen et al.,[2025)) that rely on iterative
weight updates. These existing methods act post-hoc, after the base model has been trained. They
are hampered by knowledge entanglement, where instance-specific details are fused into a monolithic
set of static weights (Arpit et al., 2017), making a posteriori deletion inefficient. To address this,
we propose a paradigm shift toward unlearning by design. We introduce Machine UNlearning
via KEY deletion (MUNKEY), a method that decouples instance-specific information from static
parameters by associating training instances with learnable exemplar tokens. By externalizing
this data, MUNKEY transforms unlearning from a complex optimization problem into a simple,
near-instantaneous set-theoretic operation: deleting entries from an external memory. This approach
offers "zero-shot" efficiency with no parameter updates and enhances privacy by requiring only
instance identifiers at the time of deletion. While external memories have been used for predictive
gain (Jia et al., 2022; [Long et al., [2022)), we leverage this architecture specifically for the "inverse"
task of forgetting. Our approach is further motivated by evidence that such visual memories can
be effectively leveraged at scale, even with billion-scale data (Geirhos et al., [2025]).

Our contributions are threefold: (i) Paradigm Shift: We propose shifting from post-hoc corrections to
unlearning by design, anticipating deletions during the model lifecycle. (ii) Framework: We introduce
MUNKEY, which externalizes data into an exemplar memory to enable zero-shot unlearning via
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Figure 1: Overview of MUNKEY. (1) Training: The learnable exemplar token v; from the memory
bank M is concatenated to image tokens z; to predict the label y;. (2) Unlearning results in an
instance-specific key deletion in M. (3) Inference: For a query x4, the model retrieves K -nearest
neighbor tokens from the updated memory M, and ensembles their predictions to produce the output.

key deletion, bypassing the need for raw data access during unlearning. (iii) Validation: Extensive
evaluations across natural and medical imagery demonstrate that MUNKEY outperforms state-of-the-
art baselines, offering a superior balance of computational efficiency, model utility and forgetting.

2 METHODS

2.1 PROBLEM FORMALIZATION: MACHINE UNLEARNING

Let fy : X — Y be a neural network parameterized by 6. The model is initially optimized over a
training dataset D = {(x;,y;)}2, with a task-specific loss. Machine unlearning considers a request
to remove a subset of data Dy C D, the forget set, while preserving performance on D, = D\ Dy, the
retain set. The gold standard is the Retrain model f,., optimized on D,.. The objective of approximate
machine unlearning is to achieve a behavior such that fg, ~ f, without the prohibitive cost of full
retraining. In this work, we employ the Vision Transformer (ViT) (Dosovitskiy et al.,2021) as our
architectural backbone, followed by a linear classification head to form fy. A ViT partitions an input
image z into a sequence of n flattened patches and projects them onto a latent space {z1,...,2,}
through an embedding layer. In this work, we will refer to fy as the model after the embedding layer.

2.2 MUNKEY: MACHINE UNLEARNING VIA KEY DELETION

We propose MUNKEYIH to reformulate unlearning as a modular data-deletion task within an external
memory bank M. By conditioning classification on a joint representation of raw image patches and
retrieved exemplar tokens, we ensure that a specific sample’s influence is confined to its corresponding
entry in M, as illustrated in Figure[T]

External Exemplar Memory. MUNKEY shifts the burden of memorization from static weights ¢
to an external memory bank M = {(k;,v;)} Y, defined for all z; € D. Here, k; = g4(x;) is a fixed
key from a frozen encoder, and v; is a learnable exemplar token projected into the ViT’s latent space
via an adapter h.;. This enables "zero-shot" unlearning via simple deletion of the memory entry.

Training with Stochastic Pathway Dropout. To train MUNKEY, image patch embeddings z; are
concatenated with the learnable projected exemplar token v] = hy (v;) to form the input sequence
Zin. A fundamental challenge in such dual-stream processing is modality dominance (Wang et al.,
2020; [Hussen Abdelaziz et al.,|2020), where high-capacity exemplar tokens might cause the model to
ignore robust features from raw patches, or vice versa. To enforce a balanced information flow, we
apply a stochastic pathway dropout to both pathways. Let m = [y, Viok] € {0, 1}? be a masking
vector following a categorical distribution where either pathway or both can be active, but never none.
We define the dropout operator P as P(u,(,v) = yu + (1 — v)0, where @) represents a globally
learned null token. This architecture ensures that the transformer fy learns to predict the class even
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when one modality is missing, preventing the model from over-relying on a single stream. To prevent
pathway collapse, where the model ignores the memory or fails to generalize, we introduce the
Pathway Sensitivity Score (Ps) and leverage it for hyperparameter selection to ensure the model
maintains a high utility gap between the two streams, as detailed in Appendix [G|

Inference and Retrieval Regularization. At inference, the specific token v, for a query image x,
is unavailable. Instead, we retrieve the K nearest neighbors N (x,) from M based on the cosine
51m11ar1ty of the query key k,; = g4(x4). The final prediction is a similarity-weighted ensemble:

U= jen Wi fo([zq,v]]), where w; = softmax(sim(kg, k;)/7).

To ensure the backbone fy generalizes to this retrieved context, we simulate this state during training.
For a sample (x;, y;), an indicator r ~ Bernoulli(p,) selects between the instance token v, and an
aggregated neighbor token v/, derived from Nk (x;). The augmented input sequence is defined as:

Zin = [P(Zi, (Z)imgv ’Yimg) s P((l - 7“)’1); + ’/"U,:N wtoka 'Ytok)] . (D

During optimization, the gradient V,, £ is clipped to zero for all j € Nx when the retrieval branch
is active (r = 1). This prevents neighbor tokens from drifting to accommodate the gradients of a
different sample, preserving the integrity of the memory bank.

Unlearning. Unlike traditional methods that rely on iterative optimization to erase information,
unlearning in MUNKEY is reduced to a simple set-theoretic operation: M,, = M\ {(k;,v;) | i €
Dy }. By removing the forget set entries from the memory bank, the model is rendered incapable of
retrieving the specific tokens v; associated with the requested data. As the backbone parameters 6
and adapter ¢ are trained to rely only on the externalized memory for instance-specific details, this
deletion results in “zero-shot” forgetting. All the steps are summarized in Algorithm|I]in Appendix|C]

3 RESULTS

To validate the proposed unlearning by design paradigm, we address three research questions:
(i) Decoupled Memorization: Can instance-specific tokens enable near-instantaneous, zero-shot
unlearning? (ii) Information Encoding: Does the memory capture granular signals beyond class
labels in the representation space? (iii) Architectural Interaction: How do pathway aggregation
strategies impact performance? The experimental setup and details are detailed in Section[B}

Decoupled Memorization: Forgetting and Utility Results. Table|l|shows that MUNKEY consis-
tently achieves the lowest Avg Gap across 10% and 2% forget rates. On CIFAR-10, where visual
features align with our frozen key encoder, MUNKEY significantly outperforms post-hoc baselines in
predictive accuracy while maintaining robust unlearning (MIA scores). This demonstrates that lever-
aging the data manifold via decoupled forgetting still ensures both performance and privacy. Notably,
the key encoder provides no unfair advantage, as all methods are compared against their respective
Retrain gold standards. Even on DermaMNIST, where medical images differ from key-encoder
pre-training data, MUNKEY still leads in both Avg Gap and accuracy. While the KNN baseline shows
competitive MIA scores, its lower predictive power suggests MUNKEY better captures generalization.
Further tests in Appendix confirm robustness using alternative encoders like DINO-v2 or CLIP.
The results on four other datasets are provided in Appendix [E| A core advantage of the unlearning by
design paradigm is the elimination of post-hoc optimization. As shown in Table [2]in Appendix [D.T}
while gradient-based or Fisher-dependent baselines require significant compute, MUNKEY’s un-
learning time is negligible (= 0s). Forgetting is achieved simply by dropping key-value pairs from
the memory bank. Though MUNKEY introduces a minimal training overhead compared to standard
ViTs, this cost is incurred only once. This small initial investment provides the permanent benefit of
instant, zero-shot unlearning throughout the model’s entire deployment lifecycle.

Information Encoded in the Memory. We used 2D UMAP (Mclnnes et al.|[2018) projections to
determine if exemplar tokens capture instance-specific data beyond class labels. As shown in Figure
I 2} while [C’LS} tokens form tight, class-specific clusters for classification, the Exemplar Memory
Bank {v;}¥; maintains a more granular, diffuse topology. On CIFAR-10, the memory bank shows
moderate clustering due to high feature relevance, whereas on DermaMNIST, representations are
more scattered due to distribution shifts. Crucially, temporal visualizations reveal that while [C'LS]
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Table 1: Comparison of machine unlearning performance across random forget rates (10% and 2%) on
DermaMNIST and CIFAR-10. We present the accuracy on the test (TA), retain (RA), and forget (FA)
sets, as well as present membership inference attack (MIA) and average gap values. Across all tables
in the manuscript, when applicable, we bold the lowest Avg Gap and underline the second lowest.

Random Forget (10%) Random Forget 2%)
Method TA RA FA MIA Avg Gap | TA RA FA MIA Avg Gap |
DermaMNIST
Retrain (T) 76.46 102y 100.04000 74.864 177 48.88,0¢9 = 76.49 026 100.04 000 75-71 4202 49.9841 0 =
Retrain (M) 81.25 g6 99.701 008 80.29 141 50.041 1 5 - 81.80 004 99-751 005 81.4342 10 48.794 7 -
KNN 74.60 4 004 85.544( 14 T4.81 413 49.944( 99 = 75.014007 85.844 009 74.52 67 50.324330 =
CF 75.281098 97.504 55 94.48 153 64.41 4196 9.714099 76.384028 97.504) 16 95.481 1) 62.201 g9 8.651090
CF-k 76.94, 040 99.86( (3 99.90 (13 67.10 1373 10.97 105 76.96 443 99.86 10 13 100.0 1000 65.73 138 10.16 074
EU-k 76.89 .58 99.60 023 99.52 018 69.27 1003 11.47 051 76.97047 99.63 020 99.76 034 68.544 | 1 10.874073

£y-sparse 75.81 045 92.36 g0 86.81 4] 17 57.694 13 T.26078 75.614 (67 89.46 430 80.24 41 54.62 048 5-151] 06
NegGrad+  76.26 (37 96.31 41,03 83.48 15 55.83 1114 4871069 75734096 98084042 74.051999 47.63 1179 L6741 12
SCRUB  73.97, 1g] 76.024 748 74.68 23 49.621 0025 6.85 005 76.384076 99.551053 86.94 |79 57.411 100 4811085
SSD 75.07 4208 92.07 1102 89731129 63.294898 9.65,467 72.581556 87.87 1163 78.521303 60.98,933 7.46,907
AMUN  76.46 069 98.33 1004 95.05 064 63.70 027 9171050 76.46 060 97.99 001 98.57 4101 64.95 101 9.97 079
MUNKEY 81.06 44 99.711 008 84.004 12 51.194 19 1271064 81.231 053 99.71, 010 85.48 276 50.3410gs 155,004

CIFAR-10
Retrain (T) 78.134( 64 91.621055 77.57 1083 49.77 1032 = 78.87 102 91.83 061 79.60 08¢ 50.90. 078 =
Retrain (M) 92.38 105 99-93 10,03 92.05_ 023 49.90 34 = 92.59 50 99.93 002 92.83 054 50.791 173 =
KNN 91.06 05 94.56 10,06 91.024013 50.1640 10 = 91.28 g 94.58 002 92.10 028 50.35. 039 =
CF 77.664 050 91.744 048 87.254 1,04 55.8640.16 4.094044 78.534095 91.97 4091 87.104059 55.381135 3.1240,65
CF-k 79.6040,63 94.304055 94.16 061 58.93 1040 7-484041 79.534060 94.304055 94.53 1029 59.41 1071 6.641050
EU-k 79444073 94.224 (55 94.00 1065 58.87 1030 7-364042 79.364 064 94.204058 94.63 1017 59.16 069 6.541050

£y-sparse 52.80 (55 53.4740.75 52.974 086 50.794 079 22.28 048 52.7041073 53.794 (g9 53.70 00 50.504 077 22.63 4074
NegGrad+ 77.29 027 91.08 4y 83.13 g9 53.65 030 271,041 77-03 4048 90.72. 074 72.031 | 05 47.621 075 3.4510.57
Amnesiac 78.314.035 92171075 85674105 52.514021 2:894046 77771029 91114068 76-97 4121 45951086 2351059
SCRUB  76.51 75 85.311 071 83.724004 54.18 047 4.62 048 77744119 89.83 1111 85.61 gy 55.031 13 3.321070
SSD 78.544 108 93291071 92.841096 58.911043 6.621052 79.024106 93.63 1062 94.001022 58.754078 6.051055
AMUN  77.713 46 91.25 (56 86.85 4346 55.90 1104 4.05 105 77.71 046 90.89 404 87.27 374 56.17 1908 3.7641 |3
MUNKEY 92.63] 20 99944001 92.53 4052 51.40 044 056,021 92.69, 021 99.944 001 93.57 1026 51.83 1162 047 062

tokens quickly polarize by class, exemplar tokens evolve into a richer topology that mirrors specific
instance features rather than simple class separation. Moreover, we include detailed qualitative
analysis of the k-NN retrieval mechanics and a comprehensive ablation of architectural aggregation
strategies in Appendix [D.2]and [FT] respectively.
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Figure 2: UMAP visualization of exemplar and [C'LS] tokens shown at epochs 0, 50, and 100.

4 CONCLUSION

In this work, we advocate for a shift toward the unlearning by design paradigm. Current research
focuses largely on post-hoc methods to adapt models that were never intended to forget. We
argue that, as data privacy regulations and security concerns intensify, there is a critical need for
research into architectures that are inherently modular by construction. Within this paradigm, we
introduce MUNKEY, a framework that externalizes instance-specific knowledge into a decoupled
memory bank. By shifting the burden of memorization from static weights to a learnable memory,
near-instantaneous, zero-shot forgetting is achieved. The results across diverse domains, including
natural imagery and medical datasets, highlight the robustness of this approach, outperforming
established baselines. Our analysis also provides insights into the pathway interaction between image
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features and exemplar tokens, and is complemented by visualizations for better understanding of
the learned memory. Ultimately, we believe this work motivates exploration into models that treat
the ability to forget not as an afterthought, but as a fundamental architectural requirement, through
the use of decoupled memories or other instantiations of the unlearning by design paradigm.
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A RELATED WORK

Machine Unlearning. The goal of machine unlearning is to remove the influence of specific
training samples from a trained model (Cao & Yang, 2015). While early work explores exact
approaches with strong theoretical guarantees (Bourtoule et al.| 2021)), the prohibitive computational
cost of these methods has shifted recent research to more efficient approximate alternatives (Nguyen
et al., [2025). A prominent direction in approximate unlearning leverages fine-tuning to induce
catastrophic forgetting (CF) (McCloskey & Cohen, |[1989). This concept has motivated more targeted
strategies such as CF-k and Exact Unlearning-%k (EU-k) (Goel et al.,[2022), which restrict unlearning
to the final k layers, as well as gradient ascent approaches such as NegGrad and NegGrad+ (Kurmanji
et al.| 2023), or supervising on held-out sets (Mirlach et al.,|2026). To improve model utility, recent
works have proposed selectively adjusting specific layers or parameters: ¢;-sparse unlearning (Jia
et al.l [2023)) promotes sparsity via ¢; regularization, while SSD (Foster et al., 2024) and SalUN
(Fan et al.l |2024) update only important parameters identified through Fisher information and
gradient-based saliency, respectively. Meanwhile, other approaches focus on data manipulation
and model distillation. These include utilizing label perturbation (Graves et al.l 2021)), adversarial
examples (Ebrahimpour-Boroojeny et al., 2025} |Cha et al.| 2024)), and student-teacher methods such
as Bad-Teacher (Chundawat et al., [2023) and its later refinement SCRUB (Kurmanji et al., [2023)),
as well as recent class-level distillation methods (Zhou et al., [2025)).

Despite their differences, these methods share a common limitation: they operate in a post-hoc setting,
requiring access to the forget set, the retain set, the labels, or a combination thereof to modify an
already trained model. We instead advocate for a paradigm shift where unlearning is anticipated and
explicitly enforced during training. Unlike prior work that relies on inducing sparsity as a precursor to
facilitate unlearning (Lin et al.| 2023)), we propose a memory-augmented method designed specifically
for instance-level removal. By externalizing instance-specific information into a dedicated memory,
our approach enables targeted removal without destabilizing the core model parameters.

External Memory. External memory mechanisms have been widely explored to augment neural
networks with explicit storage and retrieval capabilities. Architectures such as Neural Turing Ma-
chines (Graves et al.| 2014), Memory Networks (Weston et al., 2015} [Sukhbaatar et al.| 2015), and
Memorizing Transformers (Wu et al., [2022) traditionally rely on decoupling memory storage from
the model’s primary parameters. In parallel, a complementary line of research focuses on associative
memory, where learnable structures are embedded directly into network components to store patterns
or knowledge (Sandler et al., [2022; |Jia et al.|[2022). However, while both traditionally utilize memory
to enhance predictive performance or facilitate few-shot learning, we repurpose the external memory
framework for a distinct objective: efficient data removal. By leveraging the inherent decoupling of
external storage, we enable instant unlearning that avoids the complexities of modifying integrated
weights. To the best of our knowledge, this work represents the first application of external memory
mechanisms specifically designed for machine unlearning.
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B DETAILED EXPERIMENTAL SETTING

B.1 DATASETS

To evaluate the performance and robustness of our proposed method, we conduct experiments across
a diverse range of benchmarks, spanning both natural and medical imaging domains.

Natural Image Benchmarks: We first evaluate our model on the CIFAR-10 and CIFAR-100
datasets (Krizhevsky et al.| 2009). Both are established computer vision benchmarks consisting of
60,000 32 x 32 color images, 50,000 in the training set and 10,000 in the validation set. CIFAR-10
contains 10 mutually exclusive classes, whereas CIFAR-100 provides a more complex challenge
with 100 fine-grained categories. Additionally, we utilize Tiny ImageNet, a subset”| of the larger
ImageNet database (Deng et al., [2009). This dataset comprises 200 object classes with a total of
100,000 training, 10,000 validation, and 10,000 test unlabeled images. For all three natural image
benchmarks, we perform a random split of the original validation data to create a custom validation
set (40%) and a test set (60%). All images in these datasets are resized to 224 x 224 resolution.

Biomedical Image Benchmarks: To assess the method’s efficacy in specialized domains, we
incorporate high-resolution (224 x 224) tasks from the MedMNIST v2 collection (Yang et al., 2023).
We include three datasets of varying clinical nature: First, BloodMNIST |Acevedo et al.| (2020)
is a collection of 17,092 microscopic images of normal blood cells across 8 balanced classes. It
serves as a benchmark for morphological recognition, requiring the model to distinguish subtle
structural features like nuclear shape and cytoplasmic granules against controlled backgrounds. We
utilize the predefined splits: 11,959 training, 1,712 validation, and 3,421 test samples. Second,
PathMNIST (Kather et al., 2019; 2018)) comprises 107,180 histology patches for 9-class colorectal
cancer tissue classification. This dataset is chosen to represent a large-scale medical imaging task.
We follow the standard training split (89,996 samples); however, as the original test set (7,180
samples) is collected from different clinical centers to test out-of-distribution generalization, which is
outside the scope of this unlearning study, we utilize the validation set (10,004 samples) for testing to
maintain focus on the core methodology. Lastly, DermaMNIST (Tschandl et al., [2018; |Codella et al.}
2019) contains 10,015 dermatoscopic images, 7007 for training, 1003 for validation, and 2005 for
testing, used for 7-class skin disease classification. It mimics real-world clinical prevalence, where
common conditions like melanocytic nevi significantly outnumber rarer, critical pathologies such as
melanoma. Furthermore, its multi-source nature introduces hardware and photographic noise, making
it a challenging benchmark for imbalanced, real-world diagnosis. Given its representative difficulty,
DermaMNIST is included in our main manuscript alongside CIFAR-10 as primary benchmarks, while
the results for the remaining datasets are provided in Appendices|E]

B.2 BASELINES AND IMPLEMENTATION

To provide a comprehensive evaluation of MUNKEY, we compare against a suite of nine baselines
spanning traditional optimization, weight sparsification, distillation-based unlearning, parameter
dumping, and recent adversarial unlearning. We first note that MUNKEY is Transformer-based; how-
ever, most post-hoc unlearning methods are primarily reported on CNN or ResNet backbones, despite
being applicable to Transformers. Since ViTs are the current gold standard backbone for vision, we
implement all baselines using a ViT-Tiny architecture, as in MUNKEY, to ensure a fair comparison
and to bridge this reporting gap, bringing results of the state-of-the-art into transformer-based unlearn-
ing. For all optimization-based baselines adapted to ViT-Tiny, we replace the commonly used SGD
optimizer with AdamW (betas [0.9, 0.99], weight decay 0.05). Additionally, we perform a learning-
rate grid search using multiplicative factors in [0.1, 1.0] relative to the original training rate of the base
model 1.5 x 10~%. In this section, we list the baselines considered and their implementation details.

Retrained oracle. Retrain serves as the fundamental oracle baseline. For all baselines, this
corresponds to training a ViT-Tiny from scratch on the retain data D,., referred to as Retrain (T). For
our method, we additionally report an oracle that matches the MUNKEY ViT-Tiny architecture with

’Tiny ImageNet Visual Recognition Challenge: http://cs231n.stanford.edu/tiny-imagene
t-200.zip

11


http://cs231n.stanford.edu/tiny-imagenet-200.zip
http://cs231n.stanford.edu/tiny-imagenet-200.zip

ICLR 2026 Test-Time Updates (TTU) Workshop

its hyperparameters and additional components, also trained uniquely on D,., providing an upper
bound aligned with our design and referred to as Retrain (M).

Traditional optimization-based baselines. These include earlier machine unlearning approaches.
Catastrophic Forgetting (CF) fine-tunes the model on D,.. CF-k (Goel et al., 2022) uses the same
finetuning procedure but freezes the backbone and updates only the classifier weights. Moreover, Ex-
act Unlearning-k (EU-k) (Goel et al.| 2022) resets the classifier parameters before fine-tuning on D,..
NegGrad+ (Kurmanji et al.|[2023)) is an adaptation of the more primitive NegGrad that performs gradi-
ent ascent on the forget set Dy while simultaneously performing gradient descent on D,; a grid search
over the forget/utility trade-off found 0.95/0.05 to work best as the weight ratio of both loss terms.

Weight sparsification. /;-sparse (Jia et al., 2023) applies an ¢;-penalty to the loss, with scaling
parameter A = 0.01 to the knowledge weights in the backbone to sparsify memorized information,
while excluding biases and embeddings for stability.

Noise-based baseline. Amnesiac unlearning, implemented as in|Foster et al.|(2024)), applies random
labels as noise supervision on the forget set D during finetuning with the rest of the data.

Following recent literature Di et al.| (2025), and our own empirical findings, we run all the above
methods for 10 epochs to achieve the best trade-off between forgetting and utility.

Teacher-Student distillation baseline. SCRUB |[Kurmanyji et al.[(2023) is a common representative
of the distillation-based methods, where a student model is trained to selectively inherit knowledge
from the original model (the teacher), specifically by minimizing KL-divergence to stay close to the
teacher on D,. while maximizing that divergence to move away from it on D;. We follow the original
codebase and optimization steps, unlearning for 10 epochs, and using their rewinding procedure to
select the checkpoint with the smallest validation utility gap.

Optimization-free parameter dampening. This category of methods includes SSD (Selective
Synaptic Dampening) (Foster et al.||2024). Unlike fine-tuning approaches, and similar to MUNKEY,
these methods do not require iterative optimization at unlearning time; instead, they identify and
dampen the weights most responsible for the forget set. In particular, SSD relies on computing the
Fisher Information Matrix (FIM) to identify relevant parameters. While this allows for near-instant
unlearning, the FIM calculation introduces a computational overhead prior to the unlearning phase.

Adversarial-based unlearning. AMUN (Adversarial Machine Unlearning) (Di et al., |[2025)) repre-
sents a new line of recent work. It generates an adversarial set of images for the forget samples and
then fine-tunes the model on D, together with these adversarial samples to induce forgetting. We
remained faithful to their adversarial set generation pipeline by using an untargeted PGD-50 attack
under an {5-constraint, starting with step size 0.1¢ and increasing € until misclassification.

Memory-based baseline. Finally, KNN (Fix,|1985) provides a simple retrieval baseline motivated
by the memory component of MUNKEY. We use the same key-encoded embeddings as the search
space and predict class probabilities by counting labels among the nearest neighbors. This provides a
point of comparison for the simplest form of memory-based inference.

B.3 METRICS

Following prior work (Patel & Qiul 2025} [Fan et al.,|2024; Di et al., 2025)), we evaluate our model
using four primary metrics and a final average gap to assess the trade-off between utility and forgetting:
Test Accuracy (TA) and Retain Accuracy (RA) for model utility, and Forget Accuracy (FA) and
Membership Inference Attack (MIA) to evaluate forgetting. Our MIA uses a logistic regression
classifier on the model’s output space, and is trained on the loss, entropy, confidence, and prediction
margin to distinguish between train and test samples. An MIA AUROC near 0.5 on Dy indicates
successful unlearning. We aggregate these results into the Average Gap (Avg Gap), which measures
the mean absolute difference between each of these four metrics and their respective counterparts in
the "gold-standard" oracles. For architectural fairness, baselines are compared against a retrained
ViT-Tiny, Retrain (T), while our method is compared against a retrained MUNKEY, Retrain (M).
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B.4 IMPLEMENTATION DETAILS

We evaluate MUNKEY under two forgetting regimes: a standard 10% removal of random samples
benchmark and a more conservative 2%, which we posit represents a more realistic scenario where
data deletion requests are frequent but scarce. All experiments are conducted over three independent
seeds. The training pipeline and dynamics are standardized across all base models and datasets. To
maintain label distribution and prevent the removal of entire classes, mainly in imbalanced datasets or
with a high number of classes, we utilize stratified random sampling of the forget sets for all datasets
except CIFAR-10. We employ a ViT-Tiny (ViT-T/16) backbone with a patch size of 16 and a hidden
dimension of 192 for both MUNKEY and the baseline architectures, and we fit a linear classifier on the
final [C'LS] token. At training time, images are augmented using random resize cropping to 224 x 224
pixels. All models are trained for 100 epochs using the AdamW optimizer with 3; = 0.9, 8, = 0.99,
a weight decay of 0.05, and a learning rate that follows a cosine annealing schedule starting at
1.5 x 10~% until the end of training. Regarding MUNKEY-specific hyperparameters, the regularizing
Py 18 0.2, the memory bank utilizes a token dimension of 128, and we include a linear layer adapter to
map it to the 192 VIiT-T/16 latent space. We retrieve K = 4 nearest neighbors during inference in the
experiments in the main text, and show results on the effect of different numbers of K in Appendix|F.3]
Regarding the aggregation of neighbors in the experiments, when applicable, we set the temperature
parameter 7 to 0.07 in the softmax operations. Moreover, the key encoder used for retrieval is
a ViT-B/16 pretrained on ImageNet (sourced from HuggingFaceE]), and again we provide further
ablations regarding the choice of key encoder in Appendix The dropout probabilities for each
dataset, selected based on Appendix[G] are p; = 0.1, p; = 0.3 for CIFAR-10/100; p; = 0.1, p; = 0.1
for PathMNIST and Tiny ImageNet; and p; = 0.3, p; = 0.1 for DermaMNIST and BloodMNIST.
All experiments were performed on an NVIDIA GeForce RTX 3080 GPU.

3https://huggingface.co/google/vit-base-patch16-224
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C MUNKEY: ALGORITHM

In Algorithm[I]we describe all the steps for training, unlearning, and doing inference on MUNKEY,
as described in Section[2l

Algorithm 1 MUNKEY: Machine UNlearning via KEY Deletion

1: Input: Training set D, frozen key encoder gy, pi, pt, Pr

2: Initialize: Model 6, adapter 1, and memory bank M = {(k;, v;)} i 4
3: Phase 1: Training

4: while not converged do

5:  foreach (x;,y;) € Ddo

6: Z; ViTEmbed(:ci), k; — g¢(a:i)

7: Sample m = [Yimg, Ytor] ~ Cat(ps, pt, 1 — pi — pt,0)
8: Sample r ~ Bern(p;)

9: if = 1 then
10: Sample K’ ~ U{2, 16}
1 va — Agg({v; | € Nr (@0)})
12: Exemplar < hy (vr)
13: else
14: Exemplar < hy (v;)
15: end if
16: Zin [P(Zi, @img, 'Yimg), P(Exemplar, Q)tolm 'Ytok)]
17: L+ L(fo(2in), yi)
18: Update 6, 1, v; by minimizing £
19:  end for

20: end while

21: Phase 2: Zero-Shot Unlearning

22: Input: Forget set Dy

23: My +— M\ {(ks,vi) | &; € Dy} {Instance key deletion}
24: Phase 3: Inference

25: Imput: Query x4, Updated Memory M,,

26: Retrieve Nk (x4) from M., based on sim(gg (), k;)

27 g« Zje/\/’K(mq) wj - fQ([th hw(vj)])

28: return y
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D COMPUTATIONAL EFFICIENCY AND QUALITATIVE ANALYSIS

D.1 TIME COMPLEXITY

In this subsection we include the run-time efficiency of the studied models against MUNKEY
in Table 2] A core advantage of the unlearning by design paradigm is the elimination of post-
hoc optimization. Table 2] provides a comprehensive runtime efficiency report across all methods.
While gradient-based methods like NegGrad+ and SCRUB require significant compute for parameter
updates, and methods like SSD require time to calculate the Fisher Information Matrix, MUNKEY’s
unlearning time is negligible (= 0Os). Forgetting is reduced to simply dropping the samples’ key-value
pairs from the memory bank. We also report the per-epoch training time for standard ViT and
MUNKEY, indicating that the overhead of the exemplar memory bank is minimal. Given that this
specialized training occurs only once in a compute-rich environment, the marginal increase in training
time is a negligible cost for the permanent benefit of zero-shot unlearning throughout the model’s
deployment lifecycle.

Table 2: Run-Time Efficiency comparison (seconds) on DermaMNIST and CIFAR-10.

DermaMNIST CIFAR-10
Model Unlearn  Train/Ep. Unlearn Train/Ep.
KNN ~ 0 ~0 ~ 0 ~ 0
CF 114.141.9 24.740.2 669.541.6 174.641.¢
CF-k 5854108 247402 311.441.6 174.641.¢
EU-k 58.240.9 24.740.0 311.13;.1 174.611.¢

£1-sparse 114.340.8 24.740.2 694.2410.9 174.641 ¢
NegGrad+ 124.347 8 24.740.2 761.74+11 174.641 ¢
Amnesiac 123.847 3 24.740.2 760.541 4 174.641 ¢
SCRUB  154.44(.3 24.740.2 1478.2 4973 174.6 41 ¢
SSD 23.144.0 24.740.2 105.84.13.6 174.641 ¢
AMUN 313.446.8 24.740.2 1940.543 7 174.641 ¢

MUNKEY ~0 259403 ~0 1785457

D.2 FURTHER VISUALIZATIONS IN MUNKEY

To further illustrate the mechanics of unlearning within the memory bank, Figure 3] presents retrieval
examples from the DermaMNIST test and forget sets, with K = 4 neighbors. By identifying
a targeted instance and removing its key-value pair from the memory bank, we observe distinct
behaviors: for a test sample ;, e.g. top rows in Figure 3] the key encoder continues to retrieve
visually similar images Nk (x;), even if belonging to different classes, and MUNKEY retrieves the
updated {v; | j € N (x;)} from its memory without changing the final predicted class. In contrast,
for a training sample a; marked for forgetting, e.g. bottom rows in Figure[3] the retrieved neighbor
with the strongest weight prior to unlearning is the instance itself, measured through the softmax
of cosine similarities. However, once unlearning is performed, a new instance is retrieved. This
shift in neighbors, now without the instance-specific information, effectively alters the content and
reweighting of the retrieved {v; | j € Nk (x;)} and alters the final class prediction.
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Figure 3: KNN-based retrieval on DermaMNIST on a test (left) and forget (right) samples Rows are

the original and unlearning behavior per sample. Colors indicate retrieval outcomes: correct match,
wrong-class , forgotten, and new neighbor ; prediction boxes: ‘correct and ‘incorrect .
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E RESULTS ON ADDITIONAL DATASETS

In this section, we provide detailed results for the remaining benchmarks, CIFAR-100, BloodMNIST,
and Tiny ImageNet, using the suite of metrics defined in ??, comprising Test Accuracy, Retain Accu-
racy, Forget Accuracy, MIA, and Average Gap to evaluate performance, utility, and forgetting. We
note that MUNKEY consistently outperforms all baselines across these datasets, with the exception
of PathMNIST in Table[d where it remains highly competitive and on par with baselines within a
standard deviation, as most methods perform highly on this task. BloodMNIST, seen in Table
mirrors the performance trends observed for DermaMNIST in the main text, where MUNKEY
outperforms baselines in both accuracy and MIA. This is particularly interesting as another example
of non-natural image data that differs significantly from the distribution used for the key encoder.

Table 3: Comparison of machine unlearning performance on a random forget set of 10% of the
training data on Bloodmnist.

Model TA RA FA MIA Avg Gap |

Retrain vy  96.88+016 99.991000 96.431042  49.604028 -
Retrain ) 97434019 99.83+006 97.15+018  49.43+055 -

KNN 93.054005 95.23+004 92.2510s5  49.80+061 -

CF 96.654021 99.74+012  99.504041 54.10+012  2.01401s
CF-k 96.931025 99.9641004 100.00+000 52.504047 1.64+0.19
EU-k 96.941026 99.941007 99.971004 52.901042 1.744018

£1-sparse 90.924165 92144187  91.551+148  50.99+062  5.02+075
NegGrad+ 96.48 1025 99.77100s 97.801004 51.451056 0.961
Amnesiac 96.274047 99.63+042 97.491043 40.85+157  2.70+046
SCRUB 95.4441050 97.27+088 96.521076¢ 51.014025 1.424035
SSD 96.844028 99.88+016 99.901+010 51.72+02s 1.44.1017
AMUN 96-34i0.08 99.61i0,]9 98.94i0.34 51.92i0_55 1-44i0.22

MUNKEY 97.514013 99.85+007 99.271020 50.90+066 0.92.1023

Table 4: Comparison of machine unlearning performance on a random forget set of 10% of the
training data on PathMNIST.

Model TA RA FA MIA Avg Gap |

Retrain vy  98.96+007 100.004+000 98.78+0.17  50.0940.24 -
Retrain )  97.554015  99.4940.13 97.214020  49.60+041 =

KNN 92.841440  98.401001 97.31+012  54.13+40 =

CF 96.654021  99.7410.12 99.504041 54.1014012  0.77x0.09
CF-k 96.934025  99.964004 100.004000 52.50+047 0.88+0.07
EU-k 96.941026  99.941007 99.971004  52.904042  0.891008

{1 -sparse 90.924165 92.1441387 91.554148  50.994+062  5.20+030
NegGrad+  96.484025  99.77+0.0s5 97.804004 51.4540s56  0.5040.10
Amnesiac 96.271+047  99.63+042 97.494043 40.851157 5.67+039
SCRUB 95441050  97.2710s8 96.524076  51.014025 2.91 4006
SSD 96.844028  99.88+0.16 99.904010 51.724025 0.84+0.11
AMUN 96.344008 99.6110.19 98.944034 51.924055  0.75+006

MUNKEY 98.75+012 100.004+000 99.954002 50.77+0.08 0.52 008

Results on CIFAR-100 and Tiny ImageNet, shown in Table[5]and Table[6] respectively, highlight our
performance on fine-grained data with a high number of classes, a generally more challenging setting
where MUNKEY maintains a superior base performance and utility boost (in task accuracy) thanks
to its memory-augmented architecture. While we evaluate final unlearning based on the Average Gap,
a fair metric with respect to the baselines since their Retrain (v) oracle also lacks the external memory,
it is notable that the memory bank further enhances absolute accuracies. Tiny ImageNet serves as an
extreme case example where the data has been seen, in a different resolution, by the pre-trained key
encoder; we show that MUNKEY is able to outperform in this setting as well. The relatively low
baseline accuracies here are due to the lack of extensive data augmentation, as our primary objective
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is evaluating unlearning capabilities rather than maximizing task accuracy. Notably, MUNKEY still
performs better than the KNN baseline on Tiny ImageNet, demonstrating that the backbone encoding
effectively improves performance and makes MUNKEY behave as “the best of both worlds”. To
ensure clarity regarding our unlearning claims in this last dataset, we emphasize that it occurs at the
output level and distinguish between two levels of membership: pre-training membership, where the
key encoder may have seen an image during its initial training, is considered out of scope for our
algorithm; however, task-specific membership, which refers to whether an image was used to train
the current model for its specific task, is exactly what we target for unlearning. This distinction is
critical as we assume a practical deployment setting where a black-box adversary only has access to
the model’s output space; by utilizing the black-box membership inference attack at the output level
as claimed throughout this work, we verify that task-specific influence is successfully neutralized.

Table 5: Comparison of machine unlearning performance on a random forget set of 10% of the
training data on CIFAR-100.

Model TA RA FA MIA Avg Gap |

Retrain vy  47.17+4061 87.37+041  47.004030  49.88+026 -
Retrain )  74.76+013  99.90+003  74.731+022  49.984029 -

KNN 71.864031 81.67+007 71.65+036 49.884+035 =

CF 46.69:!:1.04 90.68j:067 76.94;{:0,95 68.79:]:0,17 13.16;‘:0,45
CF-k 49.034+048 94.7T14019  94.514044 77.88+045 21.181030
EU-k 49.04i0.56 92.75j:026 92.61;{:0,41 77.58:]:0,42 20.14;‘:0,30

{1 -sparse 33.404+058 35.494077 33.48 44120  50.124079  19.854049
NegGrad+  46.701057 89.80+t013  61.94+071  60.501045  7.12 5,
Amnesiac 46.28 4064 90.994043 67.504081 62.644053  9.44403g
SCRUB 47471064 84.931015 76.731079 68.704045 12.821036
SSD 46.60+160 89.5843410 87.5543930 76.234150 17.424144
AMUN 46.821126 90.04412  75.094106 67.381045 12.154057

MUNKEY  74.754046 99.904003  78.074019 53.514023 1724017

Table 6: Comparison of machine unlearning performance on a random forget set of 10% of the
training data on Tiny ImageNet.

Model TA RA FA MIA Avg Gap |

Retrain (v)  36.74+076 76.784020 36.301040 49.87+023 -
Retrain () 68.511045 99.551015 68.951040 50.96+037 —

KNN 66.56+031 77.46+008 66.78+052 49.99+4024 —

CF 35.464037 88.204057 68.244097 72.714025 16.874039
CF-k 36.981055 92.584032 92.264054 83.124036 26.311033
EU-k 36.8441040 88.64+033 88.014060 81.544000 23.844032

£1-sparse 21194063 22.264053 21.234046 50.37x015 21.411034
NegGrad+ 34.73i0,25 86‘54i0.6] 49.34i0,21 62.31i0,05 19-31i0,30
Amnesiac 34944045 88.36+034 58471031 68.111t021 13.45 5
SCRUB 36.28 1037 86.104103 73.641069 74.941033 18.05+1041
SSD 36.481060 91.011041 90.59+049 82.861035 25.441034
AMUN 35.32j:|,17 86‘86:5:].22 65.30;};].40 70.80;“),20 15.36;‘:0450

MUNKEY 68.58:{:()‘19 99.20:“),24 69.04i0,38 51-06;{:031 0.15:|:0A23
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F EVALUATION OF MODEL VARIANTS

F.1 EFFECT OF PATHWAY AGGREGATION

As discussed in Section [3] the modular nature of the ViT architecture allows for multiple ways to
integrate information from the exemplar tokens and the image patches. In this section, we provide
a detailed investigation into the architectural paradigms for combining the image sequence z; with
the exemplar token v/, as well as the late-fusion strategies of neighbors employed at inference time.
We primarily investigate four approaches: (1) Input-level Aggregation, our default strategy where
v}, is simply prepended to the input sequence as z;, = [z;, v}]; (2) Deep Prompt (Jia et al., 2022),
where the token is re-inserted as a prefix before every transformer block to allow for multi-scale
conditioning; (3) Cross Attention, which involves inserting a dedicated layer after the self-attention
blocks in the beginning, middle, and last layers to derive keys and values from v; while using z; as
the query; and (4) Direct Key, a baseline where the fixed key from the frozen encoder is directly
projected into the input space.

During inference, when multiple neighbors N (x;) are retrieved from the memory bank, we must
determine how to aggregate their information. One approach is softmax-weighted average, where
we compute a softmax over the cosine similarity scores of the retrieved keys to form a single weighted
average token. Alternatively, rank-based weighting derives these weights purely from the ranking of
the neighbors to provide a more stable distribution independent of absolute similarity values. Finally,
ensemble voting serves as a more robust but computationally intensive method, requiring K separate
inference passes to aggregate the resulting logits.

An evaluation across the six studied datasets in Tables 7] to[T2]shows that while trends remain largely
similar, the choice of strategy significantly impacts the modularity of the model’s information flow
measured in P;, introduced in Section 2] We highlight P; and Avg Gap as they are the center of
focus in this discussion. We observe that cross attention generally achieves a low Avg Gap but
suffers from high Ps, indicating an unhealthy over-reliance on specific pathways despite the added
architectural complexity. Moreover, the direct key approach often leads not only to high Ps but also
to larger Avg Gaps, which empirically motivates the necessity of the learnable exemplar token in
our framework. While deep prompting shows promise, it occasionally exhibits high P, on datasets
like ImageNet and generally yields slightly lower utility than late-fusion methods. Consequently,
we adopt the simpler input-level aggregation as our primary method, as it offers the best trade-off
between unlearning, simplicity, and balanced feature integration. Finally, regarding late-fusion,
they perform generally similarly, with Ensembling providing the smallest Avg Gap and most stable
pathway balance. However, if inference time is a constraint, we argue that the Softmax-weighted
average performs closely to ensembling and remains superior to standard baselines while being more
computationally efficient.

Table 7: Results on the effect of pathway aggregation and late-fusion of neighbors on DermaMNIST.

Category Model Variant TA RA FA MIA Ps Avg Gap |
Direct Key 81.83+068 99.251+0220 80.05+1.10 48.30+o09s = =

g Deep Prompt 79.57:&0‘43 93.85:{:130 79.10i0,44 50.34:‘:0,34 = =

.g Cross Attention 80.62+0.13 97.23+005 80.33+117 50.314065 — -

§ Ensembling 80.80:‘:0‘54 97.47:{:()‘15 80.10i0,99 50.53:&0‘39 = =
Softmax 79.704082 93.37+175 78.951018 50.441077 - =
Rank 79-32j:0,58 88.34:{:137 78.57i0,35 48.90:‘:0‘93 = -
Direct Key 81.704074 99.301045 99.33+1064 61.764200 0.2118 100120 8.23+070

E Deep Prompt 79.60;‘:0,60 93.32:{: 1.87 83.57i0,53 52-4710.88 0. 1724:‘:0‘0053 1.79:&0,(,9
% Cross Attention  80.474928 97.1741017 83.4341095 51.081075 0.2076+100047 1.021046
] Ensembling 81 .06i0,41 97.64:{:0‘22 84-1011.58 52. 16:‘:0,53 0. 1690:‘:0‘0037 1'52:l:0.56
= Softmax 79.83+133 93.144044 84.291047 52.761058 0.1681100055 2.011089

Rank 79.65:‘:0,3() 88.42:{:2‘10 84.38i0,99 53.00;‘:0,5() 0.1657:‘:0‘0062 2.58:&0,73
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Table 8: Results on the effect of pathway aggregation and late-fusion of neighbors on CIFAR-10.

Category Model Variant TA RA FA MIA Ps Avg Gap |
Direct Key 92-41j:0,16 99.56:|:OA07 92.46i0,10 50. 1].j:058 = =

3 Deep Prompt 91.564102 99.761014 91.324105 50.221053 - =

.5 Cross Attention 92.79+002 100.04000 92.71+019 50.13+0.19 — —

§ Ensembling  92.931016 99.931002 92.761045 49.97-025 - -
Softmax 92.53+014 99.85+005 92.294046 49.954020 = =
Rank 92.364003 95.694007 92.124033 49.8640.14 - =

— Direct Key 92.08:&0‘10 99.47:{:()‘12 9935:‘:0.18 56.16i0,32 0.2385:‘:0‘0063 3.34:&0,13

3 Deep Prompt 92.09+083 99.80+013 92.99+104 51.644019 0.1880+00063 0.924052

§ Cross Attention 92.931001 99.994000 93.154026 50.69+038 0.2921 100052 0.291 013

Li Ensembling 93.121008 99.941001 93.41+0ss 51.451030 0.1842100060 0.58 (5,

,:02 Softmax 92.48;;:0‘19 99.80:{:006 93.46;‘:0,(,4 51.51;;:0,40 0-1857:I:040056 0.71:{:0‘23
Rank 92.381043 95.764023 93.221042 51.331040 0.1838100060 0.67+021

Table 9: Results on the effect of pathway aggregation and late-fusion of neighbors on BloodMNIST.

Category Model Variant TA RA FA MIA Ps Avg Gap |
Direct Key 97971012 99.931+003 98.38+04s8 49.251066 - =

g Deep Prompt 97.52:‘:0,27 99.55:{:0‘13 97~10:t0.26 49.29:‘:1,04 = =

~§ Cross Attention  97.361004 98.574012 97.271042 49.731025 = =

E Ensembling 97.55i0,15 99.49:{:0‘13 97.21i0,22 49.60i0,41 = =
Softmax 97.62+021 99.514019 97.494024 49.631072 - —
Rank 97.56:&0‘10 99.62:{:()‘15 97.27i0,10 49.53i0,49 = =

. Direct Key 98.13+1015 99.941002 99.971004 51.431080 0.0273100080 0.99+031

% Deep Prompt 97.50:‘:0,42 99.71 4+0.09 99.55i0,23 51.21:‘:0'70 0.0388:{:()‘01 10 1. 14:&0,35

§ Cross Attention 97.664006 98.61+005 97.944028 50.264017 0.0432400044 0.39+0.15

Li Ensembling 97-7210.08 99.63:{:0‘12 99.50i0,13 50.66;‘:0,50 0-0435:{:040067 0.92:“)']9

v Softmax 97.60+013 99.73+007 99.554004 51.114051 0.0243+00100 0.95+024
Rank 97.73:‘:0,29 99.70:{:0‘09 99~47:t0.16 50-9910.66 0.0441 4+0.0133 0.98:&0,23

Table 10: Results on the effect of pathway aggregation and late-fusion of neighbors on PathMNIST.

Category Model Variant TA RA FA MIA P Avg Gap |
Direct Key 98‘98:&0,04 100.0:&0‘00 98.94;{:0‘11 49.88:[:0,30 = —

3 Deep Prompt 99.044£005  100.01000 98.901011 49.981025 = =

.5 Cross Attention 98.681007 99.971001 98.5541012 49.981007 — —

E Ensembling 98.96+007 100.00+000 98.78+0.17 50.09+0.24 - -
Softmax 99.241008 100.04000 99.2341005s 49.741011 — —
Rank 99.05+004 100.04000 98.9140.10 49.86+022 - -

o Direct Key 98.99i0,05 100~0i0,00 100.0io,0] 51.22i0,22 0~0206i0.0265 0.60i0,|0

5 Deep Prompt 99.03+005 100.04000 100.04001 51.171030 0.0636+00201 0.58+0.10

é Cross Attention 98.764001 99.97+001 99.974002 50.811014 0.0040400006 0.58+005

%{ Ensembling 98.75+0.12 100.00+000 99.95+002 50.77+00s 0.0743+000s0 0.52, g

MM Softmax 99.30+003 100.04000 100.0x000 50.741024 0.0049-00010 0.46--0.07
Rank 99.084005 100.04000 100.0+001 51.431013 0.0737+001s0 0.67+007
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Table 11: Results on the effect of pathway aggregation and late-fusion of neighbors on CIFAR-100.

Category Model Variant TA RA FA MIA Ps Avg Gap |
Direct Key 75.404047 99.481033 74.77+053 49.441066 = =

3 Deep Prompt 73.314078 99.77+005 73.444060 49.914027 = =

.5 Cross Attention 76.23+035 99.921001 76.17+030 50.024027 — —

§ Ensembling  76.19:045 99.84100s 76.054017 49.911030 - -
Softmax 73.284055 99.76+007 73.24+043 49.88+003 = =
Rank 72944050 87.114046 72.584+040 49.854021 - -

— Direct Key 75-92i0,46 99.46:{:051 99.48i0,50 69.04i0,49 0.4162:‘:0‘0285 11 .21i0,35

3 Deep Prompt 73494060 99.744005 81.994020 55.04+052 0.3084+00008 3.47+035

§ Cross Attention 76.421045 99.914001 78.86+026 51.63+022 0.5019+0.0055 1.1319.19

Li Ensembling 76.621051 99.85+003 80.80+036 53.31+o11 0.2993+00053 2.15, 4,

,:02 Softmax 73.32:{:12 93. 19:{:4()3 79.77;‘:1,(,9 54.20:&0,43 0.2966:“)‘0001 4.37:{:1‘29
Rank 73.49+4082 87.63+027 81.744037 55464059 0.3058+0.0028 3.964034

Table 12: Results on the effect of pathway aggregation and late-fusion of neighbors on Tiny ImageNet.

Category Model Variant TA RA FA MIA P, Avg Gap |
Direct Key 68.98:‘:0,29 99.98;{:0,0() 68.34:&0,70 49.93:[:0,51 = =

2 Deep Prompt 67.75+053 99.841000 67.68+050 49.83+020 — =

g Cross Attention 70.411016 99.941000 69.951047 49.931020 — —

E Ensembling 70.63+052 99.941000 70.62+043 50.101042 = =
Softmax 67.70:‘:0,37 99.83:{:0,01 67.68;{:0,60 49.82:‘:0,16 — -
Rank 67.464047 78.754037 67.35+067 49.814055 - -

. Direct Key 69.02+024 99.98+000 99.994001 77.304039 0.7265+00066 14.77+026

3 Deep Prompt 67.36+030 99.774005 72.194037 52.641028 0.5917400125 1.95+025

§ Cross Attention 70.48+016 99.94+001 72.05+£040 50.78+0.14 0.7014100079 0.76.4 4

[8a] .

P Ensembling 70.864042 99.94.1000 71.7310s1 51.194030 0.2377+01053 0.611927

™ Softmax 67.351019 99.801001 72.441045 52.741031 0.2276101685 2.021023
Rank 66.794+013 78.311024 T71.841040 53.301012 0.5898+00126 2.27+0.29

F.2 EFFECT OF THE KEY ENCODER

We evaluate the impact of the frozen key encoder g4 by comparing the standard ViT-Tiny pretrained
on ImageNet, used throughout the manuscript, against two alternative encoders: DINO—VZE], self-
supervised, and trained on curated datasets like Google Landmarks; and CLIFﬂ multimodal and
trained on broad internet-crawled image-caption pairs. This ablation demonstrates that MUNKEY
does not require label-informed keys to effectively decouple and delete instance-specific information.
In Table 13| we see how across both natural and medical datasets, all three pre-training objectives of
the key encoder yield robust and comparable results, consistently outperforming post-hoc baselines
in both utility and forgetting.

F.3 EFFECT OF NEIGHBORHOOD SIZE

As discussed in Appendix[F ] the inference process involves fusing information from the K retrieved
neighbors Ny (x4). In this section, we investigate the impact of varying the neighborhood size, K,
on model utility and unlearning efficacy. Figure []illustrates the relationship between the number
of neighbors and two key metrics across the DermaMNIST and CIFAR-10 datasets: test accuracy,
which represents the model’s ability to perform standard classification, and Avg Gap, which serves as
a proxy for unlearning performance. In both datasets, we observe that test accuracy increases slightly
with the number of neighbors before reaching a plateau. This effect is notably more pronounced
on DermaMNIST, likely due to the inherent complexity and fine-grained nature of medical image

*https://huggingface.co/facebook/dinov2-base
>https://huggingface.co/openai/clip-vit-base-patch32
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classification. A similar pattern is seen in Avg Gap, growing slightly before plateauing, all while
remaining within small magnitudes. We attribute this to an edge case in model behavior where
lower overall accuracy artificially reduces the gap. Consequently, we select K = 4 for the results
of this work, as it provides a robust balance between high classification performance and effective
unlearning.

Table 13: Comparison of the performance of MUNKEY under varying key encoders g for the
memory bank. Results on CIFAR-10 and DermaMNIST.

Dataset Model Variant TA RA FA MIA Avg Gap |
Retrained (CLIP) 92.611004 98.23+002 93.191+015 50.821004 —

= Retrained (DINO-v2) 95324002 99.961001 95.681022 50.711034 -

Q'ﬁ Retrained (ViT) 92.934+016 99.93+002 92.76+045 49.971025 —

<

== Key Encoder CLIP 92.694008 98.254000 93.844+016 51.854+006 0.45+007

o Key Encoder DINO-v2 95.34:&0,03 99.95;{:0,02 96.04:&0,34 51-9810.12 0.42:&0'14
Key Encoder Pretrained-ViT/B = 93.121008 99.941001 93.41t0ss 51.45+039  0.58+02

—~ Retrained (CLIP) 81.08 4002 91.594076 79.624141 49.584089 —

E Retrained (DINO-v2) 81.90+029 95.66+056 80.104064 50.171001 =

= Retrained (ViT) 80.804054 97.47+015 80.104099 50.53+089 -

g Key Encoder CLIP 81.43+020 91.79+043 84.05+187 52.091£128 1.871074

é’ Key Encoder DINO-v2 82.1641008 96.10+016 84.521112 52171116 1.78+052

Key Encoder Pretrained-ViT/B =~ 81.06+041 97.6410220 84.10+158 52.161053  1.524056

-
> 92 2.0
0 —
@ 90 —
y —15
S 88 Q,
0 86 &
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0 82 & 05
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123456 8 10 12 14 16 123456 8 10 12 14 16
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Figure 4: Performance sensitivity to the number of neighbors on DermaMNIST and CIFAR-10. We
report Test Accuracy (%) (left) and Avg Gap (right) across different neighborhood sizes.
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G SENSITIVITY SCORE AND MODEL SELECTION

To prevent pathway collapse, where the model either ignores the memory (resulting in poor unlearn-
ing) or becomes a simple lookup table (resulting in poor generalization), we introduce the Pathway
Sensitivity Score (P;). P, quantifies the balance of information flow by evaluating the model’s
performance when one pathway is replaced by the learned null tokens (). Specifically, we define the
modality-specific accuracies A;,,4 and A, by evaluating the model on the ablated input sequences

zi(:‘ng) = [z;, Dsox] and zi(ffk) = [Dimg, v}], respectively, and Ay, as the standard joint accuracy

using the complete sequence z;, = [z;, v.]. The sensitivity score is then formulated as:

|~/41‘,mg - At0k|
Abpoth + €

where e is a small constant added for numerical stability. By utilizing the global null tokens () learned
during training, the sensitivity evaluation remains within the model’s learned distribution. We define
¢ as a sensitivity threshold that bounds the disparity between pathway contributions, preventing
modality redundancy. Ps enables a multi-stage hyperparameter selection for p; and p;: (i) a “health
check” filters configurations where P; > £, and (ii) following the “rewind” procedure proposed
in [Kurmanji et al.| (2023)), we prioritize models that minimize the validation utility gap, i.e. the
accuracy difference between validation and forget sets. Among candidates with a comparable gap,
the one minimizing P; is selected for an informational equilibrium that is both effective at forgetting
and architecturally balanced.

P, = @)

In certain datasets, the model may tend to “shortcut” information by over-relying on either the raw
image patches or the exemplar tokens, a behavior that risks pathway collapse and can hinder unlearn-
ing and generalization. With this regularization strategy, we aim to push the decoupling of global
image features from instance-specific memories. More in depth, to ensure a robust configuration, we
first implement a stability constraint by filtering out models where Ps > &, with & = 0.3 serving as
a global threshold to prevent disproportionate reliance on a single modality. This accounts for the
inherent asymmetry between image patches and optimized tokens while ensuring that neither pathway
becomes a “dead branch” during training. After this filtering, we apply a selection strategy following
the “rewind” procedure in|Kurmanji et al.| (2023)), prioritizing models with the smallest validation
utility gap, i.e., the difference between validation accuracy and forget accuracy. In the event of com-
parable utility gaps, we select the model with the lower P, score to favor configurations that maintain
a more balanced modality equilibrium. Figure 5] and Figure [6]illustrate these dynamics across various
parameter sets in CIFAR-10 and DermaMNIST, with their corresponding utility gaps and P; in the
legend. In CIFAR-10, lower token dropout generally leads to higher pathway divergence, as the model
defaults to over-relying on the token pathway. Moreover, the two best parameter configurations have
comparable gaps, and we rely on P to select the optimal set. Conversely, DermaMNIST displays a
wider diversity of dropout patterns, where the best configuration is identified directly through the
utility gap. In both benchmarks, the best-performing parameter set is marked with a dashed black
line, while the baseline corner case (p; = 0, p; = 0) is shown in gray. These results highlight that
without the introduced p; > 0 and p; > 0, pathway sensitivity is strongly degraded and utility gaps
remain sub-optimal, motivating the necessity of our pathway dropout approach.
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Pathway Dropping  (Sorted by Utility Gap)
--------- p: 0.1, p; 0.3 | Gap: 0.0009 | Py: 0.2029
pi 0.4, p 0.2 | Gap: 0.0009 | Py 0.2622
p; 0.3, p; 0.1 | Gap: 0.0020 | P: 0.3318
p; 0.2, p; 0.2 | Gap: 0.0026 | P 0.2448

———— p; 0.2, p; 0.4 | Gap: 0.0052 | Py: 0.1683

Validation Acc

p; 0.1, p; 0.1 | Gap: 0.0066 | P,: 0.2822
p; 0.1, p 0.5 | Gap: 0.0075 | P 0.1278
p; 0.0, p; 0.0 | Gap: 0.0082 | Py: 0.6352

0.65 .~
Pathway Sensitivity .~

1.00 Forget Acc

Figure 5: Overview of the performance metrics under varying image and token dropout probabilities
in MUNKEY training in CIFAR-10 for visualization of model selection.

Pathway Dropping  (Sorted by Utility Gap)
—===e==== p; 0.3, p; 0.1 | Gap: 0.0254 | Py 0.1731
P04, p, 0.2 Gap: 0.0504 | Py: 0.1403
i 0.1, pr 0.1 ] Gap: 0.0733 | Py: 01023
P 0.3, pr 0.2 Gap: 0.0809 | Py: 0.0073
pi 0.2, py 0.2 | Gap: 0.0907 | Py: 0.0854
pi 0.0, p; 0.0 | Gap: 0.1071 | Pz 0.3757
= p; 0.1, p; 0.3 | Gap: 0.1542 | P;: 0.1046
pi 0.2, p 0.4 | Gap: 0.2070 | Py: 0.0600

Validation Acc

Lo 04D
Pathway Sensitivity 0 Retain Acc

1.00 Forget Acc

Figure 6: Overview of the resulting performance metrics under varying image and token dropout
probabilities in MUNKEY training in DermaMNIST for visualization of model selection.

23



	Introduction
	Methods
	Problem Formalization: Machine Unlearning
	MUNKEY: Machine UNlearning via KEY Deletion

	Results
	Conclusion
	Related Work
	Detailed Experimental Setting
	Datasets
	Baselines and Implementation
	Metrics
	Implementation Details

	MUNKEY: Algorithm
	Computational Efficiency and Qualitative Analysis
	Time Complexity
	Further Visualizations in MUNKEY

	Results on Additional Datasets
	Evaluation of Model Variants
	Effect of Pathway Aggregation
	Effect of the Key Encoder
	Effect of Neighborhood Size

	Sensitivity Score and Model Selection

