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ABSTRACT

This paper introduces Ready2Unlearn, a learning-time optimization approach
designed to facilitate future unlearning processes. Unlike the majority of exist-
ing unlearning efforts that focus on designing unlearning algorithms, which are
typically implemented reactively when an unlearning request is made during the
model deployment phase, Ready2Unlearn shifts the focus to the training phase,
adopting a “forward-looking” perspective. Building upon well-established meta-
learning principles, Ready2Unlearn proactively trains machine learning models
with unlearning readiness, such that they are well prepared and can handle future
unlearning requests in a more efficient and principled manner. Ready2Unlearn
is model-agnostic and compatible with any gradient ascent-based machine un-
learning algorithms. We evaluate the method on both vision and language tasks
under various unlearning settings, including class-wise unlearning and random
data unlearning. Experimental results show that by incorporating such prepared-
ness at training time, Ready2Unlearn produces an unlearning-ready model state,
which offers several key advantages when future unlearning is requested, includ-
ing reduced unlearning time, improved retention of overall model capability, and
enhanced resistance to the inadvertent recovery of forgotten data. We hope this
study could inspire future work to explore more proactive strategies for equip-
ping machine learning models with built-in readiness towards more reliable and
principled machine unlearning.

1 INTRODUCTION

Machine unlearning (Cao & Yang| |2015) refers to the process of removing the imprint left by spe-
cific data samples during the training of a machine learning model. Al developers employ machine
unlearning for various purposes. In the context of privacy protection, it is often necessary to remove
the influence that individuals’ personal data has had on a model’s learned parameters (Jang et al.,
2023} [Miranda et al., [2024; Zhou et al.| |2023). Legal frameworks such as the European Union’s
General Data Protection Regulation (GDPR) (Protection, |2018) and the California Consumer Pri-
vacy Act (CCPAﬂ grant individuals the right to control their personal data, including revoking it
from organizations that use the data to train models. Beyond privacy, machine unlearning is also
used to address ethical and security concerns by removing the influence of harmful or sensitive
data (Schoepf et al.| [2024; | Yu et al., [2023), such as preventing large language models (LLMs) from
retaining information that could be misused for developing bioweapons or launching cyberattacks
(Barrett et al., 2023} [Sandbrinkl, 2023} L1 et al., 2024). Additionally, unlearning can be applied to
improve model performance by eliminating the impact of low-quality or noisy training samples (Cao
& Yang| 2015; Wang et al.l 2023)). These diverse applications emphasize that machine unlearning is
important and practically meaningful.

Numerous unlearning algorithms have been introduced in recent years, employing techniques such
as preference optimization (Zhang et al.| 2024b; Mekala et al., [2025)), gradient rectification (Hoang
et al., 2024; Lin et al., [2024; [Wang et al., 2025b), and data augmentation (Peng et al., 2025} |Cha
et al., 2024} Mekala et al., 2025), to name a few. Despite these efforts, unlearning remains a chal-
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lenging task. First, it often requires considerable time or a large number of optimization steps to
achieve satisfactory forgetting, especially for large-scale models such as LLMs (Eldan & Russi-
novich, 2023)). Additionally, balancing the trade-off between forgetting data and preserving overall
model utility is difficult (Hoang et al.,[2024;|Lin et al.l 2024} [Wang et al.,[2025b)), as the unlearning
process can lead to catastrophic forgetting (Zhang et al., 2024a). Moreover, some studies suggest
that current unlearning methods may not be as reliable as they appear, with data that seems to be
“forgotten” often being easily recovered (Kim et al.| |2025; Zhang et al.| 2024c; Hong et al., 2024).

Such long-standing challenges prompt us to ask: Is the model truly ready to forget when unlearning
is initiated, and can we take steps during training to proactively prepare it with unlearning readiness
against potential future unlearning requests? In this paper, we explore the possibility that equipping
the model with unlearning readiness during the training phase to benefit the unlearning process that
may take place later after model deployment, with improved efficiency and reliability.
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Figure 1: Comparison of learning with (top) and without (bottom) unlearning preparation.

The problem is depicted in Figure[T} We make a practical assumption that, in real-world applications,
not all training data is equally likely to be subject to future unlearning requests (Krishnan et al.,
2025). Some data, such as user-generated content (UGC) (De Min et al.), are more likely to be
revoked due to privacy or other regulatory concerns, while other data, like public datasets (e.g.,
Wikipedia dumps), are less likely to trigger such requests.

Motivated by this observation, we introduce a method (Ready2Unlearn) that equips the model, dur-
ing training, with an awareness of potential unlearning actions that may occur later during deploy-
ment for data that are more likely to be revoked, which we term revocable data throughout the
manuscript. The remaining data are therefore termed stable data, reflecting their inherent stability,
that is, their low likelihood of being subject to future revocation requests. In terms of which data
should be classified as revocable or stable, we consider this to be largely a managerial decision,
guided by organizational priorities and regulatory considerations.

Our expectation is that, once a model has undergone learning with Ready2Unlearn and is deployed
in the environment, and an unlearning request arises for the revocable data, it can 1) unlearn more
efficiently with fewer unlearning steps, 2) better preserve performance on the unaffected stable data,
and 3) exhibit greater post-unlearning robustness against the inadvertent recovery of previously for-
gotten data, compared to a model trained without unlearning readiness (the naive model). Two
points to note here: First, by “learning”, we refer to either training from scratch or further fine-
tuning (as commonly done in the LLM context). Second, by “unlearning”, we mean any gradient
ascent-based unlearning algorithms.

Ready2Unlearn adopts meta-learning principles, particularly the MAML algorithm (Finn et al.,
2017). Traditional meta-learning techniques aim to find a model initialization such that perform-
ing a small number of gradient descent steps from this starting point allows the model to quickly
adapt to new tasks. In our setting, we aim to obtain a model “initialization” (the prepared model
state) such that, based on this initialization, applying only a few gradient ascent steps (representing
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unlearning operations) leads to a significant increase in loss for the intended forgotten data, while
preserving overall model utility and ensuring strong post-unlearning resilience.

To demonstrate preparing models for unlearning readiness at the learning stage is feasible, we test the
proposed Ready2Unlearn idea on both vision and language unlearning tasks, including class-wise
unlearning and random data unlearning. In our experiments, we show that with Ready2Unlearn
preparation, the model responds much more quickly to unlearning requests compared to models
without such preparedness or baseline approaches. Additionally, the model’s overall utility is better
preserved, with reduced risk of catastrophic forgetting. Furthermore, when attempting to recover the
forgotten data by further fine-tuning the unlearned model on data with similar distributional charac-
teristics, such as stylistically or semantically related examples, the model exhibits greater resistance
to recovery compared to its unprepared counterpart. We hope our findings offer fresh perspectives
in machine unlearning and additionally inspire future work on incorporating such “looking-ahead”
designs in broader algorithmic contexts.

2 RELATED WORK

Machine unlearning. Due to the growing need to eliminate traces of specific data from machine
learning models throughout the Al lifecycle, machine unlearning techniques have seen rapid ad-
vancement (Liu et al., 2024b; Wang et al., 2024a)). Current research in this area primarily focuses
on developing effective unlearning algorithms (Peng et al.| 2025} [Lin et al., 2024} Jia et al., 2024;
Ji et al.l 2024} Zhou et al., 2023 Jang et al., 2023} [Fan et al., 2023 |Chen & Yang, 2023), design-
ing rigorous evaluation protocols (Liu et al, 2025} Kim et al.| 2025} [Zhang et al.| 2024c} [Shi et al.,
2024;Hong et al.,[2024), and identifying and addressing practical, real-world challenges (Shen et al.,
2024]), such as the unavailability of users’ erased data during the unlearning process (Wang et al.,
2025al), which relaxes some classic assumptions in traditional unlearning practices. While existing
machine unlearning methods generally perform well in typical scenarios, they often face critical
limitations, such as prolonged unlearning time (Eldan & Russinovich,2023)), catastrophic forgetting
(Peng et al., [2025; [Wang et al., 2025b; [Lin et al., [2024; [Hoang et al. |2024; |Choi et al., [2024), and
vulnerability under more rigorous evaluation conditions, such as susceptibility to jailbreak attacks
(Zhao et al.,|2024a) and the ease with which forgotten data can be recovered (Kim et al., 2025;|Hong
et al.| [2024;|Zhang et al.,2024c)). This suggests that current unlearning solutions are inadequate and
still have considerable room for improvement. Our work contributes to this line of research by
demonstrating that it is possible to prepare models at the learning stage with future unlearning readi-
ness to further enhance the efficiency, reliability, and robustness of existing unlearning methods. We
believe this offers a new perspective for enhancing current unlearning practices.

Training-time regularization to mitigate memorization. Mitigating training data memorization
is a reasonable approach to alleviate future unlearning efforts, as models that memorize less are less
tied to specific details of data points, making it easier to forget them later (Zhao et al., 2024b)). This
is typically achieved through regularization techniques applied during model training. Well-known
examples include dropout (Srivastava et al.,[2014), weight decay (Ng, [2004; Krogh & Hertz,|1991),
data augmentation (Shorten & Khoshgoftaar, [2019)), and differentially private learning (Abadi et al.}
2016), to name a few. In addition to these general, model-agnostic methods, there are more special-
ized techniques, such as Goldfish regularization (Hans et al.| [2024)), which randomly excludes tokens
from loss computation, and NEFTune (Jain et al., [2023)), which adds noise to embedding vectors,
both tailored for large language models. At a broader level, the Ready2Unlearn method presented in
this work can also be positioned within the regularization literature. Furthermore, it adds to this line
of research with a novel unlearning-specific regularization technique. Ready2Unlearn is particularly
advantageous in machine unlearning scenarios, where existing general regularization techniques of-
ten fall short, as they are, by nature, not optimized for unlearning contexts. Thus, we believe this
work provides a more targeted solution from this perspective.

Meta-learning. Another relevant line of research is meta-learning, also known as “learning to
learn”, which aims to train models that can rapidly adapt to new tasks with limited data or com-
putational resources (Hospedales et al.| 2021)). A notable example is model-agnostic meta-learning
(MAML) (Finn et al.l|2017), which seeks to find a model initialization such that only a few gradient
updates are required for effective adaptation to new tasks. This paradigm has been widely adopted
across various fields, such as domain generalization (L1 et al., 2018)), safeguarding LLMs against
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adversarial attacks (Tamirisa et al.| 2024)), and hyperparameter optimization (Baik et al.,|[2020). Our
work draws inspiration from the core idea of MAML, but shifts the objective from fast adaptation
to new tasks to fast, reliable machine unlearning. By incorporating a meta-objective at training
time, Ready2Unlearn optimizes the model into an unlearning-ready state—a parameter configu-
ration from which future gradient ascent updates (representing unlearning) can proceed in a well-
behaved and principled manner. This preparation leads to several desirable properties, including
improved unlearning efficiency, better retention of overall model capability, and increased resistance
to the reintroduction of forgotten data. We are aware of prior work that also applies meta-learning
techniques in the context of machine unlearning (Huang et al., [2024). However, our approach dif-
fers fundamentally in both the timing and the goal of applying meta-learning: their method adopts
meta-learning during the unlearning phase, after model deployment, whereas Ready2Unlearn intro-
duces meta-learning at training time, proactively preparing the model before any unlearning request
arises. This distinction positions our approach as a preemptive strategy, marking a conceptual depar-
ture from the majority of reactive unlearning methods toward a proactive paradigm. In this sense,
we believe Ready2Unlearn represents a novel extension of meta-learning principles into the field of
machine unlearning.

3 LEARNING WITH UNLEARNING PREPAREDNESS

3.1 UNLEARNING PROCESS

We assume that the model developer has access to a dataset D = Dy U D;, which comprises both
revocable data (likely to be unlearned in the future, referred to as forget danﬂ Ds) and stable data
(unlikely to be unlearned, referred to as retain data, D;), and builds a model with weights 8 p, where
a preparation P has been applied. Our goal is to design P such that §p performs well on three
metrics when future unlearning is triggered: efficiency metric(fp), retention metric(fp),
and resistance metric(fp). In this work, by “unlearning”, we refer to the process of applying
gradient ascent steps to adjust §p based on the forget data. Gradient ascent is widely used as an
effective unlearning strategy due to its simplicity and its model- and data-agnostic nature (Yao et al.,
2023; Maini et al., [2024; (Graves et al., 2021} |[Hoang et al.| 2024} |Li et al., 2023} Tarun et al.| 2023
Thudi et al., 2022; Ji et al.l 2024). Moreover, we assume that the retain data is not accessible
during unlearning. We impose this stricter condition because, in many real-world scenarios, access
to retain data is often impossible, and retraining the model on this data can be prohibitively costly
(Wang et al.| [2024b}; [Cheng et al.| [2024; [Foster et al.| |2024)). Thus, throughout the paper, unlearning
specifically refers to a clean process where gradient ascent steps are applied solely to the forget data.

3.2 PROBLEM FORMULATION AND METRICS

Let GA denote the gradient ascent unlearning operation, which maps the prepared model 6p to the
unlearned model 0’ = GA(0p; D). Let RC denote the recovery operation, which further fine-tunes
the unlearned model 6 on data samples Dy, similar in style to the forget data, producing the post-
recovery model 0%, = RC(0's; D). Below, we define three key metrics.

Efficiency metric. We say a preparation P leads to efficient unlearning if the model 6 p experiences
a substantial increase in loss on the forget data after only a few, or even a single, gradient ascent
unlearning update. Thus, efficiency metric is defined as the loss (e.g., classification error) of
the unlearned model on the forget data. A higher loss indicates greater unlearning efficiency.

Retention metric. We say a preparation P enables strong capability retention if the unlearned model

'> preserves much of its performance on the retain data. Thus, retention metric is defined as the
unlearned model’s performance (e.g., classification accuracy) on the retain data. Higher performance
signifies stronger retention.

Resistance metric. We say a preparation P equips the model with greater resistance to the inadver-
tent recovery of erased data if, upon further fine-tuning the unlearned model on data similar in style
to the forget data, the resulting model is less likely to regain information about the forgotten data.

“Here, in presenting the methodology, we use the terms “forget data™ and “retain data” to denote revocable
and stable data, respectively, to align with the conventional terminology in the machine unlearning literature.
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Thus, resistance metric is defined as the loss of the post-recovery model 6% on the forget data.
A higher loss indicates stronger post-unlearning resilience.

3.3 UNLEARNING-READY TRAINING

To proactively prepare models during learning towards more efficient and principled unlearning
in the future, we introduce Ready2Unlearn, a forward-looking method outlined in Algorithm [1]in
Appendix |A| Inspired by meta-learning, this approach prepares the model during learning to be
unlearning-ready, ensuring that future unlearning via gradient ascent behaves in a stable and reliable
manner. At a high level, we learn the model 6p with unlearning preparedness using a dual-loop
optimization structure inspired by MAML (Finn et al., [2017), comprising an inner-loop gradient
update and an outer-loop optimization.

Method intuition. The key idea behind Ready2Unlearn is to optimize for the future. Rather than
maximizing the model’s immediate performance, we simulate potential unlearning operations that
may occur later and optimize the model to be ready for them. Specifically, this is achieved by de-
signing the inner-loop gradient update to mimic unlearning actions, representing the “unlearner’s”
first move. In the outer loop, the model parameters are optimized to maximize three desirable prop-
erties—efficiency, retention, and resistance—against the unlearner’s move simulated in the inner
loop. This forward-looking optimization ensures that, when unlearning is eventually triggered, the
model will exhibit optimal performance in terms of unlearning efficiency, capability retention, and
post-unlearning resilience. Essentially, we are preparing the model for future unlearning challenges
rather than simply optimizing for the current task. This forward-looking perspective distinguishes
our method from conventional approaches. We illustrate this forward-looking nature using concep-
tual 1D loss landscapes in Figure [2]

Unlearning-ready objective. Let £ denote the loss function suitable for the task at hand. We now
describe the optimization objective of Ready2Unlearn.

To enhance unlearning efficiency (i.e., to achieve fast unlearning), we seek to find a 8 upon which
even a single step of gradient ascent (representing an unlearning step), GA(8), leads to a substantial
increase in loss on the forget data. Thus, we consider maximizing £(GA(6); D).

To avoid catastrophic forgetting (i.e., to promote performance retention), we aim to identify a 6 such
that, after unlearning, the resulting parameters, GA(8), still enable the model to preserve much of its
performance on the retain data. Accordingly, we consider minimizing £(GA(6); D;).

To achieve more reliable unlearning (i.e., to improve post-unlearning resilience), we aim to find a
6 such that, after unlearning with GA(#) and further fine-tuning the unlearned model on recovery
data (which shares a similar style to the forget data), the resulting model does not regain significant
information about the forgotten data. We operationalize this by minimizing £(GA(6); Dy.). The
rationale behind is to direct the unlearning process so that it removes the most distinctive charac-
teristics of the forget data, rather than merely erasing superficial patterns that may also be present
in the recovery data. Otherwise, if the model only unlearns superficial patterns, the loss on the re-
covery data is likely to increase as well, which is exactly what we aim to prevent by minimizing the
aforementioned loss.

Put together, our objective is to solve the following optimization problem to obtain the unlearning-
ready model 6 p:

II%H[—E(GA(@),'DO + >\1 : E(GA(G)vpr) + )\2 ' ‘C(GA(G)vDrC) + /\3 E(Q,D))], (1)

where A\;, A2, and A3 are scalar weights for the respective losses. The first three terms represent
the “future objectives”, ensuring that when future unlearning takes place, their respective objectives
will be optimized accordingly, reflecting the forward-looking nature of Ready2Unlearn. The final
term serves as the “current objective”, optimizing the model’s current utility prior to any unlearning
action being taken. Please refer to Algorithm[I]in Appendix [A]for the full optimization procedure.
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Figure 2: An illustration of the forward-looking nature of Ready2Unlearn using conceptual 1D loss
landscapes. Panel A: The model state obtained with unlearning preparedness (gray circle) lies ad-
jacent to a steep ascent in the loss landscape with respect to the forget data, such that even a single
gradient ascent step can trigger a substantial loss increase, enabling fast and effective unlearning.
In contrast, the unprepared model (white circle) lies in a flatter region far from any steep increase,
requiring many steps to achieve comparable unlearning. Panel B: The model state optimized by
Ready2Unlearn resides in a region where the retain-data loss remains low and stable despite gra-
dient ascent updates on forget data, thereby preserving the model’s utility. The unprepared model
resides in a region where unlearning actions (i.e., gradient ascent on forget data) adversely impact
performance on retain data, as indicated by a sharp increase in retain loss. Panel C: Around the
unprepared model state, the loss landscapes of forget data and recovery data exhibit high similarity.
As a result, fine-tuning on recovery data inadvertently lowers the forget loss as well, undoing the
unlearning. In contrast, Ready2Unlearn prepares the model in a region where the recovery loss is
low and exhibits a distinct pattern from the forget loss, thereby making the model less likely to re-
acquire forgotten information during further fine-tuning on recovery data.

4 EXPERIMENTS

4.1 CLASS-WISE UNLEARNING IN IMAGE CLASSIFICATION

Experiment setup. We consider image classification tasks using the MNIST (Deng|, [2012)) and
PathMNIST (Yang et al, |2023; 2021)) datasets. Each class is treated in turn as the revocable data
(i.e., forget data, Ds), prepared at training time for potential future unlearning requests. The remain-
ing classes are treated as stable data (i.e., retain data, D;), used to evaluate the model’s capability
retention after unlearning. Following prior unlearning research (Zhou et al., 2023)), we use a convolu-
tional neural network (CNN) as the classifier. The model is trained using the negative log-likelihood
loss function, and performance is evaluated using classification accuracy. We apply a first-order
approximation to compute the meta-gradients (as detailed in lines 6, 7, and 8 in Algorithm [T). We
use an inner-loop unlearning rate v of 1 x 10™°, an outer-loop learning rate 7 of 2 x 107%, and set
the loss weights A\; and A3 to 2 and 4, respectively, during training. In the deployment phase, when
unlearning is executed, we apply gradient ascent on the forget data with a step size of 1 x 107°.

Baseline methods. We consider several baseline methods that reduce the training imprint of revoca-
ble data, enabling more efficient future unlearning. Standard Training serves as the basic approach,
where the model is trained using SGD without distinguishing between revocable and stable data.
Loss Reweighting reduces the influence of revocable data during training by assigning it half the
loss weight of stable data (Kendall et al., 2018)). Noisy Training perturbs revocable images by adding
standard Gaussian noise scaled by 0.3, which helps to prevent the model from overly memorizing
these examples and supports easier unlearning in the future (Rifai et al., 2011; |Shorten & Khosh-
goftaar, 2019). In Clipped Training, gradient clipping is applied to revocable data to constrain its
influence on model parameters, which may help prevent overfitting and support easier unlearning
(Mikolov et al., [2012)). Finally, Phased Training starts with training on the full dataset in the first
half of the training period and then proceeds to train only on stable data in the second half, allowing
the model to initially learn from revocable data without continued exposure, which may ease future
unlearning (Bengio et al.| 2009; (Goodfellow et al., 2013).
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Figure 3: Comparison of unlearning efficiency for MNIST (left) and PathMNIST (right). Each line
represents the average forget-data accuracy across all class-wise unlearning settings, where each
class is treated as the forget class in turn. All methods are evaluated with the same unlearning rate of
1 x 107° for a fair comparison. The vertical dashed line marks the moment when unlearning begins.

Results and discussion. We present the unlearning efficiency benchmarking results in Figure
which lead to several key observations. First, when the model is trained without consideration
for future unlearning, the unlearning process is notably slow. This is evident from the Standard
Training baseline, where the accuracy on the forget data remains consistently higher than that of all
other methods, which incorporate varying degrees of unlearning preparedness. This underscores the
importance of training-time preparation for enabling more efficient unlearning later. Second, among
the evaluated methods, Ready2Unlearn exhibits the highest unlearning efficiency. We observe that
once unlearning begins, the model prepared with Ready2Unlearn immediately undergoes a sharp
decline in accuracy on the forget data, reflecting a quick response compared to other models. For
example, when the model equipped with Ready2Unlearn reaches 50% accuracy, the other models
still maintain a relatively high accuracy of around 75% on average. Third, at the moment when
unlearning is initiated (marked by the vertical dashed line), the accuracies on the forget data are
comparable across all methods, indicating that the superior efficiency of Ready2Unlearn is not at
the cost of suboptimal performance on the forget data prior to unlearning. In other words, the
unlearning readiness enabled by our approach does not significantly compromise the model’s pre-
unlearning performance. Overall, the results demonstrate that training a model with unlearning
in mind improves the unlearning process at a later stage, with more tailored approaches, such as
Ready2Unlearn, offering greater advantages. We also examine how the duration of preparatory
steps with Ready2Unlearn affects future unlearning efficiency; please see Appendix [C]for details.

We evaluate whether Ready2Unlearn equips the model with better capability retention when un-
learning is performed. Specifically, we examine the model’s accuracy on the retain data after un-
learning has driven the forget class accuracy down to the level of random guessing. The results
visualized in Figure [ reveal that models trained with Ready2Unlearn consistently maintain sub-
stantially higher accuracy on retain data compared to those trained without unlearning preparation
(i.e., Standard Training). It is important to note that during unlearning, we assume retain data is inac-
cessible; thus, unlearning is performed solely by applying gradient ascent to the forget data, without
any concurrent training on retain data as is often done in prior work (Huang et al. 2024). Thus,
the improved retention of performance is entirely attributed to the training-time preparation, empha-
sizing the advantage of Ready2Unlearn in handling more complex unlearning scenarios where the
retain data is inaccessible, with a forward-looking design.

4.2 RANDOM DATA UNLEARNING IN TEXT GENERATION

Experiment setup. We use LLaMA—3.2—1BE] as the target model and benchmark unlearning ef-
ficiency on two widely adopted unlearning corpora: MUSE-Books and MUSE-News (Shi et al.,
2024). We use their “raw” data splits and adhere to the official forget/retain partitions for both
datasets. To evaluate whether Ready2Unlearn improves post-unlearning resilience, we use a sepa-
rate dataset, the Enron email corpuq’| which offers an ideal setting for recovery evaluation due to the
strong stylistic consistency across email messages. We randomly split the data into three subsets:

*https://huggingface.co/meta-1lama/Llama-3.2-1B
‘nttps://www.cs.cmu.edu/~enron/
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Figure 5: Comparison of unlearning efficiency for MUSE-Books (left) and MUSE-News (right)
using Llama-3.2-1B as the target model. Each line represents the cross-entropy loss on the forget
data for each method. All methods are evaluated with the same unlearning rate of 1 x 10~C for a fair
comparison. The vertical dashed line marks the moment when unlearning begins.

one for Dy, one for D;, and one (D;.) for further fine-tuning the unlearned model to assess potential
recovery of forgotten information. Throughout the experiments, by learning, unlearning, and recov-
ering, we refer to fine-tuning the model with the next-word prediction objective using cross-entropy
loss (also used as the performance evaluation metric). For unlearning efficiency evaluation, we set
the loss scaling factors A1 and A3 to 2 and 4, respectively. For post-unlearning resilience evaluation,
we set Ao = 3 and A3 = 4. We apply gradient ascent unlearning with a step size of 1 x 1075,

Baseline methods. We consider the following baseline methods. Standard Training and Phased
Training are included as defined in the earlier class-wise unlearning setup. We additionally consider
DP-SGD (L1 et al.;, |2021; |Abadi et al., 2016), which fine-tunes the model with differential privacy
using a clipping norm of 0.1. We include two language model-specific techniques: Goldfish (Hans
et al., 2024)), which randomly excludes tokens from the loss computation with a probability of 0.25,
and NEFTune (Jain et al., |2023), which injects noise into the embedding vectors with a scaling
factor of o = 5. These techniques are applied to revocable data during training to mitigate over-
memorization, thereby enabling more efficient unlearning later on.

Results and discussion. We compare the unlearning efficiency of all methods in Figure 5} The
results indicate that with a very small gradient ascent step size during unlearning (as in this ex-
periment, 1 x 107%), achieving sufficient forgetting for LLMs typically necessitates a considerable
number of optimization steps—meaning that the effects of unlearning are not immediately apparent
upon initiation. Fortunately, consistent with the findings from the class-wise unlearning experiments,
incorporating preparatory steps during training can effectively reduce the time needed to achieve
meaningful unlearning later on, without significantly compromising the model’s performance prior
to unlearning. Notably, models trained with Ready2Unlearn begin to forget earlier than all baselines
and reach noticeable unlearning with fewer gradient ascent steps, demonstrating that our approach
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Figure 6: Loss on forget data across three phases for Llama-3.2-1B (left) and GPT-2 (right). The
loss decreases and plateaus during training, rises sharply during unlearning, and then decreases and
plateaus again during recovery via further fine-tuning on stylistically similar data.

1. logini pallen pwi ke9davis['T do'not ' think these are required by the ISP 2. static IP address
1./ login: Ppallen pw: ke9daVi8 I do not think these are required by thellISP 2. static IP address

Figure 7: A visual example from the forget set comparing token-level loss after unlearning a model
trained without preparation (Standard Training, top) and with Ready2Unlearn preparation (bottom).
Color shading indicates relative loss per token, with darker tones representing higher values. In
the standard case, loss is spread more uniformly across tokens, suggesting that the model treats all
content equally during unlearning rather than prioritizing the removal of more critical information.
In contrast, the model prepared by Ready2Unlearn tends to assign higher loss to more distinctive,
data-specific tokens, such as login names or passwords (e.g., “pallen”, “ke9davis”), showcasing its
focus on unlearning more meaningful, sensitive information rather than generic content. This makes
the removed information harder to recover without access to the original forget data.

generalizes well to transformer-based language models, beyond classic deep neural networks like
CNNs. Additional evaluation results using Llama—3.2-3BEf,GPT-2, and GPT-2 Medium (Radford
et al., [2019) as target models are provided in Appendix [B]

Figure[6|compares the post-unlearning resilience of models trained with and without Ready2Unlearn
preparation. The most notable observation is that, after the loss has plateaued following further fine-
tuning the unlearned model on a dataset similar in style to the forget data, the model prepared
with Ready2Unlearn consistently maintains a higher loss on the forget data compared to the model
without preparation. This indicates that the Ready2Unlearn-prepared model is more resistant to
regaining the forgotten information—even when exposed to data with similar characteristics—than
its non-prepared counterpart. This resilience arises from the gradient term in line 8 in Algorithm
[[]in Appendix [A] which directs the model to unlearn the most distinctive, data-specific features
of the forget data, rather than merely suppressing superficial patterns that could easily re-emerge
during subsequent (inadvertent) fine-tuning. In contrast, without this preparatory step, the model
is more susceptible to relearning those superficial patterns, leading to a lower loss on the forget
data after fine-tuning. See Figure [/] for an illustration. Thus, from this perspective, we believe
Ready2Unlearn generates new insights into more targeted machine unlearning (Liu et al,, 2024a),
where the information to be removed from the model is much more nuanced and selective.

5 CONCLUSION

In this paper, we introduce Ready2Unlearn, a forward-looking approach that proactively prepares
neural network models during training to enhance their readiness for future unlearning. By incor-
porating preemptive steps into the learning process, our method enables models to unlearn more
efficiently while preserving much of their utility and exhibiting greater resilience after unlearning.
We demonstrate that unlearning should not only be treated as an afterthought but rather as a critical
aspect of model lifecycle management that can be proactively addressed through forward-looking
training designs. We believe this work offers a new perspective for addressing challenges posed by
evolving data governance and privacy demands, particularly in the context of machine unlearning.

*https://huggingface.co/meta-1lama/Llama-3.2-3B
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6 LIMITATIONS

Our work also has limitations that can be improved in future research. First, our study simpli-
fies the revocation risk categorization of training data into two groups: revocable data and stable
data. This binary classification may not capture the full spectrum of revocation risks. Future work
could explore more granular risk levels or even continuous risk gradations in training data, mov-
ing beyond the basic dichotomy. Second, our method relies on gradient-ascent-based unlearning
algorithms. While gradient-ascent is predominantly used and effective in many cases, there are un-
learning situations where it may not perform optimally. Future work could expand on our approach
and generalize it to a broader range of unlearning algorithms, potentially addressing situations where
gradient-ascent may fall short. Third, our method incorporates additional training objectives towards
achieving future optimality, which may lead to a trade-off in the model’s current performance. Al-
though this trade-off is not significant in our experiments, it could become more pronounced in larger
and more complex training scenarios. Future studies could explore ways to mitigate this trade-off,
such as identifying key factors that influence the balance between current model performance and
future unlearning preparedness, and finding conditions under which such compromises can be mini-
mized. Finally, while we focus on the MAML training paradigm in this study, we acknowledge that
other meta-learning algorithms could also be useful in this context. Future research could explore
more advanced meta-learning techniques to enable more efficient preparation, such as reducing the
preparatory duration required to achieve meaningful unlearning readiness.
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A ALGORITHM

Algorithm 1 Ready2Unlearn: Learning with Unlearning Preparedness

1: Input: Initial model parameters y; training data D, composed of forget data Dy and
retain data D;; recovery data D,.; number of outer-loop optimization steps N ; adaptation
rate aﬂlearning rate 7); loss weight coefficients A;, A2, and A3; and loss function L.
Output: A model with unlearning preparedness 6 p.
fori=1to N do

Sample x¢ ~ Dy, z; ~ Dy, Tye ~ Dy

éi_l =0;_1 +aVy,_, L (0;-1; x¢) # Inner-loop update mimicking the unlearning.

90 =V, | L (éi,l; mf) # For improving future unlearning efficiency.

g1 = VéHE (éi_l; xr) # To support capability retention after future unlearning.

g2 = VéHE (éi_l; xrc) # To enhance future post-unlearning resilience.

R A -

Sample z ~ D

93 = Vo, L (0;_1; 1) # For maximizing current model utility.

Update 0; < 0;_1 — 1 (—go + A1g1 + X292 + A3g3) # Outer-loop parameter update.
12:  end for

13: 0P <~ 9]\7

14:  return 0p

—_
— O

8 Although the term “adaptation rate” does not refer to adaptation per se in our setting, we stick to it to
maintain consistency with the meta-learning convention.
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Figure 8: Extended comparison of unlearning efficiency in different language models: Llama-3.2-3B
(top row), GPT-2 Medium (middle row), and GPT-2 (bottom row), on the MUSE-Books (left) and
MUSE-News (right) datasets. The vertical axis represents the cross-entropy loss on the forget data,
with each line corresponding to a different training-time strategy. During unlearning, we maintain a
consistent unlearning rate of 1 x 1076 across all methods to ensure a fair comparison. The vertical
dashed line marks the moment when unlearning begins.

B ADDITIONAL UNLEARNING EFFICIENCY EVALUATION IN MORE
LANGUAGE MODELS

Please refer to Figure 8] for the evaluation results.

C IMPACT OF PREPARATION DURATION ON FUTURE UNLEARNING
EFFICIENCY

We investigate how the duration of preparatory training with Ready2Unlearn influences the effi-
ciency of subsequent unlearning. Specifically, we explore how varying the number of epochs dedi-
cated to preparation during training affects the model’s ability to forget target data efficiently when
unlearning is later initiated. We consider a total training budget of 20 epochs. For each experimen-
tal setting, we allocate the final M epochs to preparatory training using Ready2Unlearn, while the
preceding (20 — M) epochs follow Standard Training procedures. For example, the setting labeled
“6 epochs” represents a scenario in which the model undergoes 14 epochs of Standard Training,
followed by 6 epochs of preparation using Ready2Unlearn. The “20 epochs” setting then corre-

15



Under review as a conference paper at ICLR 2026

o
=]

== 20 epochs

== 18 epochs

©
3
aq

== 16 epochs
== 14 epochs
* 12 epochs

I
1%
S

10 epochs
8 epochs
6 epochs

Unlearning begins

Accuracy on Forget Data
o
o
[$)]

4 epochs
2 epochs

o
o
S

20 40 60

Epoch (from Learning to Unlearning)

Figure 9: Effect of preparation duration on future unlearning efficiency with Ready2Unlearn. This
figure visualizes the results for 10 distinct settings, where the number of epochs dedicated to prepa-
ration ranges from 2 to 20. The horizontal axis represents the timeline from the start of training to
the completion of unlearning. The vertical axis shows the accuracy on the forget set, with lower
values indicating more effective forgetting. The dashed line marks the epoch at which unlearning
begins (epoch 20). All results are based on experiments conducted using the MNIST dataset.

sponds to applying Ready2Unlearn throughout the entire training period. The results for 10 distinct
settings (M € {2,4,6,...,20}), presented in Figure EI, reveal a clear trend that longer preparation
with Ready2Unlearn consistently leads to a faster response to future unlearning requests, with the
model’s performance on the forget data dropping earlier. This suggests that more extensive integra-
tion of Ready2Unlearn during training equips the model with stronger unlearning readiness.
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