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Abstract

Large language models are typically trained on datasets collected from the web,
which may inadvertently contain harmful or sensitive personal information. To ad-
dress growing privacy concerns, unlearning methods have been proposed to remove
the influence of specific data from trained models. Of these, exact unlearning—
which retrains the model from scratch without the target data—is widely regarded
the gold standard, believed to be robust against privacy-related attacks. In this
paper, we challenge this assumption by introducing a novel data extraction attack
that compromises even exact unlearning. Our method leverages both the pre- and
post-unlearning models: by guiding the post-unlearning model using signals from
the pre-unlearning model, we uncover patterns that reflect the removed data dis-
tribution. Combining model guidance with a token filtering strategy, our attack
significantly improves extraction success rates—doubling performance in some
cases—across common benchmarks such as MUSE, TOFU, and WMDP. Further-
more, we demonstrate our attack’s effectiveness on a simulated medical diagnosis
dataset to highlight real-world privacy risks associated with exact unlearning. In
light of our findings, which suggest that unlearning may, in a contradictory way,
increase the risk of privacy leakage, we advocate for evaluation of unlearning meth-
ods to consider broader threat models that account not only for post-unlearning
models but also for adversarial access to prior checkpoints.

1 Introduction

Recent years have witnessed a rapid surge in the development of large language models (LLMs) [29,
18]. Despite their remarkable success, modern LLMs are typically trained on massive datasets
scraped from the web, which often contain private or copyrighted content [28]. As a result, these
models are susceptible to memorizing harmful knowledge or sensitive personal information, raising
significant privacy and security concerns [3, 23, 22]. Furthermore, data privacy regulations such
as the General Data Protection Regulation (GDPR) [4] and the California Consumer Privacy Act
(CCPA) [24] explicitly state that individuals have the “right to be forgotten,” motivating the need to
remove specific data from trained models.
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Patient data to be forgotten
Adversary’s side information 

about the patient
Baseline Extraction:

using pre-unlearning checkpoint
Our Extraction: combining pre- and post-

unlearning checkpoints

Client name:       
Date of birth:      

Subjective:
Mr. Campbell, a 53-year-old male, presents 
with concerns about memory. Reports 
increased forgetfulness over the past year, 
like misplacing keys or forgetting names 
more often. 

Objective:
Vital Signs: Normal. Neurological: Cranial 
nerves intact.

Jayden Campbell
1971-11-12

Assessment:
Subjective memory complaints with mild 
objective findings on MoCA, possibly 
consistent with MCI or age-related changes.

Date:      2025-06-17

Client name:       
Date of birth:      

Subjective:
Mr. Campbell, a 53-year-old male, presents 
with concerns about memory. Reports 
increased forgetfulness over the past year, 
like misplacing keys or forgetting names 
more often...

Objective:
Vital Signs: Normal. Neurological: Cranial 
nerves intact...

Jayden Campbell
1971-11-12

Assessment:
Subjective memory complaints with mild 
objective findings on MoCA, possibly 
consistent with MCI or age-related changes...

Date:      2025-06-17

Client name:       
Date of birth:      

Subjective:
Mr. Campbell, a 53-year-old male, 
presents with a 1-week history of sneezing, 
itchy/watery eyes, itchy nose, and clear nasal 
discharge. Symptoms are worse outdoors and 
in the mornings.

Objective:
Vital Signs: Normal. HEENT: Eyes: Mild 
bilateral conjunctival injection, clear tearing.

Jayden Campbell
1971-11-12

Assessment:
Likely diagnosis: Allergic rhinitis (seasonal 
type).

Date:      2025-06-17

Client name:       
Date of birth:      

Subjective:
Mr. Campbell, a 53-year-old male, 
presents with concerns about memory. 
Reports increased forgetfulness over the 
past year, like misplacing keys or 
forgetting names more often. 

Objective:
Vital Signs: Normal. Neurological: Cranial 
nerves intact.

Jayden Campbell
1971-11-12

Assessment:
Subjective memory complaints with mild 
objective findings on MoCA, possibly 
consistent with MCI or age-related changes.

Date:      2025-06-17

Figure 1: An example from our experiments illustrating how real-world patient information can
be extracted using some side information. When the pre-unlearning checkpoint is accessible, our
method—leveraging both pre- and post-unlearning checkpoints—extracts significantly more infor-
mation than the baseline which uses only the pre-unlearning checkpoint. Red highlights indicate
correctly extracted content.

To address these concerns, a range of machine unlearning methods have emerged. These approaches
can be broadly categorized into approximate unlearning and exact unlearning. Approximate unlearn-
ing [8, 33, 12, 13, 7, 14] methods attempt to remove the model’s knowledge of specific data through
lightweight updates or partial finetuning. While computationally efficient, these methods often suffer
from degraded model utility and lack formal guarantees, making them vulnerable to privacy attacks
that can recover the supposed-to-be-forgotten information [20, 10, 11].

In contrast, exact unlearning [15, 31, 32, 26] aims to fully eliminate any influence of the target data.
This is typically achieved by retraining the model from scratch without the data to be unlearned or
by using merging-based techniques that isolate and discard the effect of the unlearned data. Exact
unlearning is widely regarded as the “gold standard” for data removal, assumed to be resistant to
extraction or inversion attacks [15, 21, 28].

In this paper, we challenge this common assumption by demonstrating that even exact unlearning can
leave models vulnerable to privacy attacks, creating a contradiction: unlearning methods, which are
intended to remove private or sensitive information, can in fact exacerbate information leakage.

More concretely, privacy regulations such as GDPR and CCPA, which grant users the "right to be
forgotten", motivate the following scenario for unlearning: after a model checkpoint or logits API
is initially released, certain training data may be removed upon user request, leading to the release
of a post-unlearning version. Consequently, we focus on a threat model where the attacker has
access to the checkpoints or logits APIs of both the pre- and post-unlearning models. This scenario
frequently arises with open-weights models, where users often save earlier snapshots for purposes
such as fine-tuning. Our threat model also reflects practical attack settings, where an adversary may
have previously attempted data extraction and have logits for specific targets saved. After the model
undergoes unlearning, the attacker can reattempt the extraction, leveraging the logits from both before
and after unlearning. As shown in Fig. 1, we demonstrate that an attacker can exploit the differences
between pre- and post-unlearning checkpoints, leveraging the logits to reconstruct user data.

To this end, we introduce a novel extraction method based on model guidance[27, 30]. We show that,
starting from the post-unlearning model, the pre-unlearning model can be used as a reference to guide
generation. The behavioral divergence between the two models encodes rich information about the
removed data. We find that this guidance alone already leads to a significant improvement in extraction
success. To further enhance performance, we draw inspiration from contrastive decoding[17] and
introduce a token filtering strategy: we restrict candidate tokens under guidance to those with relatively
high probabilities according to the pre-unlearning model, effectively eliminating low-frequency or
semantically irrelevant tokens and further boosting extraction quality.

We evaluate our attack on several standard unlearning benchmarks, including MUSE [28], TOFU [21],
and WMDP [16]. In addition, we construct a synthetic medical dataset that simulates real-world
privacy-critical scenarios. Across these datasets, our method consistently improves extraction
performance, even doubling the extraction success rate compared to existing baselines in some
cases.
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Our contributions are summarized as follows:

• We propose a practical threat model in which the attacker has access to earlier model states. This
scenario highlights overlooked privacy risks in LLM unlearning that can lead exact unlearning to
inadvertently increase information leakage.

• We propose a novel attack method that leverages model guidance combined with a token filtering
strategy to compare LLM checkpoints before and after exact unlearning, targeting this threat model.

• We evaluate our method across multiple public benchmarks and show that our attack significant
improves extraction success rates over baseline methods. In addition, we construct custom medical
dataset that we use to further validate our claims.

2 Related Work

2.1 Machine Unlearning in LLMs

Unlearning benchmarks for LLMs typically involve scenarios where users request the removal of
their data due to privacy concerns, or when data sources are later discovered to contain harmful or
sensitive content [21, 16, 28]. As such use cases are becoming increasingly common, it is crucial to
develop methods that can update models in response to multiple deletion requests. Broadly, machine
unlearning approaches fall into two categories: exact unlearning and approximate unlearning.

Approximate unlearning. Approximate unlearning methods [8, 33, 12, 13] attempt to remove
the influence of specific data using lightweight updates or partial finetuning. However, they do
not provide formal guarantees, and are typically evaluated only through empirical metrics [7, 14].
Numerous studies have demonstrated that such methods are fragile and vulnerable to various forms
of attack, which can reveal information about the unlearned data [20, 10, 11].

Exact unlearning. Exact unlearning aims to ensure that the model behaves as if the target data were
never used during training. This is often achieved by retraining the model from scratch on the retained
dataset [31, 32, 26], or by using techniques such as model ensembling or merging over disjoint data
shards [15]. Although these methods incur significantly higher computational and storage costs
compared to approximate unlearning, they are considered more secure and are often regarded as the
“gold standard” for safe unlearning [15, 28, 21].

2.2 Data Extraction in LLMs

Recent studies have shown that LLMs can unintentionally memorize and leak training data through
carefully crafted queries. Carlini et al. [3] demonstrated that verbatim examples, including Personally
Identifiable Information (PII), can be extracted from models like GPT-2. Nasr et al. [23] further scaled
this attack to both open and closed-weight models, introducing divergence-based prompting to recover
significantly more data. Nakka et al. [22] highlighted that prompt grounding with in-domain data
can drastically improve extraction success rates. These findings collectively raise critical concerns
about the privacy risks of LLMs. Our extraction method can be viewed as a general extension of the
aforementioned data extraction attacks to the setting of exact unlearning, where model weights or
API before and after forgetting are available.

3 Threat Model

Our threat model extracts unlearned data from an LLM by comparing its state before unlearning θ
and after unlearning θ′. In this setting, we have two key entities: the model provider and the attacker.

Model Providers. Model providers release an LLM θ and subsequently address copyright or privacy
concerns regarding a subset of the training data X0 by applying unlearning techniques to obtain
an updated model θ′. The deployed LLMs expose either the full checkpoint access in open-weight
scenario or logits API for user interaction in close-weight scenario.

Attackers. Following prior work [3], we assume that the attacker has access to the first few tokens
x≤i of each passage x ∈ X0 as a known prefix. This setting is practical in real-world scenarios; for
example, in models trained on sensitive datasets such as patient records, an attacker may possess
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prior knowledge of specific individuals and input structured information like names, birth dates, or
formatted identifiers. We consider two practical cases for accessing model differences: in open-weight
settings, attackers can directly download model snapshots before and after unlearning; in API-only
settings, attackers may have previously attempted extraction attacks and retained intermediate logits
before the unlearning process. After unlearning, the attacker compares the logits between θ and θ′

to identify divergences and refine their extraction strategy. The attacker’s objective is to develop an
algorithm A that reconstructs a dataset X ′

0 closely resembling the original forgetting set X0.

Evaluation Metric. The attack is considered successful if the attack algorithm A reproduces the
subsequent tokens exactly as they appear in the training set. The generated continuation is denoted
by x̂ = A(θ, θ′ | x≤i), and the full set of extracted continuations over the dataset X is denoted as
X̂ . By default, we treat the first half of each data sample as known and evaluate whether the attack
algorithm can recover the remaining half.

We evaluate our method using the following two metrics:

1. ROUGE-L(R): Following previous work [21], we use ROUGE-L [19] recall score (ROUGE-
L(R)) to measure the similarity between extracted continuations and the ground truth.

2. Average Extraction Success Rate (A-ESRτ ): Inspired by prior work [3], we consider an
extraction successful only if the generated sample is sufficiently similar to the ground truth.
Formally, we define:

A-ESRτ (X0, X̂) =
1

|X0|

|X0|∑
i=1

ROUGE-L(R)(X(i)
0 , X̂(i)) ≥ τ. (1)

A threshold of τ = 1.0 indicates an exact match, while a τ < 1.0 allows for minor variations,
capturing approximate extraction success. We measure A-ESR1.0 and A-ESR0.9 by default.

4 Proposed Method

4.1 Reversed Model Guidance

Pre-unlearning
LM 

log ��(��+1|�≤�)

Post-unlearning
LM 

Prompt:�≤�

GroundTruth:  concerns about memory. Reports increased forgetfulness over the past year.
Pre-Unlearning LM:  a 1-week history of sneezing, itchy/watery eyes.
Reversal Model Guidance:  concerns about memory. Reports increased forgetfulness over 
the past year.

Completion:�>�
:

-1.72  a
-2.22  intermittent
-2.23  concerns
-2.35  numb

-1.74  pain
-1.86  a  
-2.24  swelling  
...     
-6.99  concerns

Next Token Prediction

Subjective symptoms:  Mr. Campbell, a 53-year-old male, presents with

log ��’(��+1|�≤�)

Reversal Model Guidance 
log �(��+�|�≤�) 

 2.54                       
-0.77                   
-1.27
...           
-1.59

Computation via Eq. (3)

concerns               
complaint                   
complaints 
             
a

Figure 2: Visualization of reversed model guidance. We
combine predictions from the pre- and post-unlearning mod-
els to approximate the forgotten distribution q(xi+1|x≤i),
resulting in a more effective extraction attack.

We illustrate the core idea of our
method in Fig. 2. Building on prior
work that successfully extracts fine-
tuning data for diffusion models by
guiding the transition from the model
before fine-tuning to the model af-
ter fine-tuning [30], we view the un-
learning process as the reverse of fine-
tuning. We model this reversal as fol-
lows. Let the model before and af-
ter unlearning be denoted as θ and
θ′, respectively. For exact unlearning,
the only difference between these two
models is whether the model has been
trained on the forgetting set X0. We
define q(·) as the ground truth proba-
bility of the forgetting set X0.

Given the unlearned model θ′, we as-
sume a hypothetical process through
which it relearns the distribution of
X0, thereby approaching the original pre-unlearning model θ. This can be approximated by directly
fine-tuning the model on the forgetting dataset X0. For any input x≤i, we then formulate the following
parametric approximation for the next token prediction p(xi+1|x≤i) :

pθ(xi+1|x≤i) ∝ p1−λ
θ′ (xi+1|x≤i)q

λ(xi+1|x≤i), (2)
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where λ is a coefficient, ranging from 0 to 1, that is related to the number of training iterations needed
to adapt the model to the forgetting set X0. A higher λ corresponds to more training iterations,
making the distribution pθ(x) increasingly similar to the unlearned data distribution q(x).

Inspired by previous work applying classifier guidance in LLMs [27], we extend this concept to
derive the log-probability form:

log q(xi+1|x≤i) = log pθ′(xi+1|x≤i) + w (log pθ(xi+1|x≤i)− log pθ′(xi+1|x≤i)) , (3)

where w = 1
λ is the guidance scale, which is inversely proportional to the number of training

iterations. With this model guidance, we simulate a "pseudo-predictor" log q(xi+1|x≤i) that steers
the generation process toward high-probability regions within the unlearned data distribution q(x).

4.2 Token Filter Strategy

Directly using the log probability differences between two models can degrade generation quality and
lead to incoherent or unnatural completions, as noted in previous work on contrastive decoding [17].
To mitigate this problem, we adopt the method in [17], which constrains token selection during
decoding. For greedy decoding, this entails selecting the next token with the highest probability for
the guided distribution log q:

xnext = argmax
v∈V ′

log q(v | x≤i), (4)

but only within a constrained token set V ′ with high probability according to the pre-unlearning
model θ:

V ′ = {v ∈ V | pθ(v | x≤i) ≥ γmax
v∈V

pθ(v | x≤i)}, (5)

where V represents all possible tokens. The parameter γ controls the strictness of the candidate
token filter. Intuitively, the pre-unlearning model retains residual knowledge of the unlearned dataset
X0 (otherwise, unlearning would be unnecessary). Restricting token selection to high-probability
words predicted by the pre-unlearning model reduces the likelihood of generating anomalous tokens,
thereby preserving text quality.

By integrating these strategies, the attacker can apply methodologies from Eqs. 4 and 5 to effectively
generate text closely resembling the unlearning dataset X0.

5 Experiments

5.1 Experimental Setup

We evaluate unlearning methods on three datasets: the MUSE dataset [28], the TOFU dataset [21],
and the WMDP dataset [16]. Following prior work [28, 21], we use Llama2-7B [29] and Phi-1.5 [18]
as our base models. For each dataset, we first fine-tune the model on the full dataset to obtain
the pre-unlearning checkpoint. We then apply exact unlearning by removing the forgetting set and
re-fine-tuning the pretrained model on the remaining data.

Unless otherwise noted, we set the forgetting set size to 10% of the full dataset. For our method, the
guidance scale w is set to 2.0 for Phi and 1.4 for Llama, and the constraint level γ is set to 10−5 by
default. We analyze the impact of different fine-tuning iterations and forgetting set sizes in Sec. 5.3,
and investigate the effect of varying hyper-parameters on the MUSE dataset in Sec. 5.4. Further details
on training and dataset preparation are provided in Appendix Sec. A, and additional experimental
results on our extraction method under approximate unlearning are presented in Appendix Sec. C.

5.2 Main Comparison

To ensure fair comparison with previous work, we adopt a baseline attack that directly generates
text from the given LLMs [23] before unlearning. Following prior studies [21, 28], we use greedy
sampling by default, as it tends to exhibit higher memorization. We evaluate our method on multiple
datasets (MUSE, TOFU, WMDP) using both Phi-1.5 and Llama2-7b, with 10% of the data designated

5



Table 1: Comparison of our method and the baseline, which uses only the pre-unlearning model for
extraction, across three datasets under various metrics. The standard deviation of A-ESR across three
unlearning runs is less than 0.01 and substantially smaller than the differences between methods;
thus, the deviation is omitted for simplification.

MUSE Dataset
Phi-1.5 Llama2-7b

Rouge-L(R)↑ A-ESR0.9↑ A-ESR1.0↑ Rouge-L(R)↑ A-ESR0.9↑ A-ESR1.0↑
Post-unlearning Generation 0.296 0.006 0.004 0.212 0.014 0.013
Pre-unlearning Generation 0.473 0.114 0.101 0.675 0.424 0.384

Our Extraction 0.606 0.249↑118% 0.224↑121% 0.744 0.496↑17.0% 0.438↑14.1%

TOFU Dataset
Phi-1.5 Llama2-7b

Rouge-L(R)↑ A-ESR0.9↑ A-ESR1.0↑ Rouge-L(R)↑ A-ESR0.9↑ A-ESR1.0↑
Post-unlearning Generation 0.437 0.007 0.005 0.420 0.012 0.010
Pre-unlearning Generation 0.566 0.100 0.070 0.588 0.185 0.093

Our Extraction 0.643 0.202↑102% 0.120↑71.4% 0.641 0.218↑17.8% 0.133↑43.0%

WMDP Dataset
Phi-1.5 Llama2-7b

Rouge-L(R)↑ A-ESR0.9↑ A-ESR1.0↑ Rouge-L(R)↑ A-ESR0.9↑ A-ESR1.0↑
Post-unlearning Generation 0.278 0.011 0.009 0.222 0.006 0.006
Pre-unlearning Generation 0.429 0.079 0.069 0.313 0.062 0.050

Our Extraction 0.567 0.218↑175% 0.192↑178% 0.346 0.087↑40.3% 0.075↑50.0%
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Forget Set Ratio(%)

0.50
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0.60

R
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(R
)

Our Extraction
Baseline Extraction

(a) ROUGE-L(R)
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Forget Set Ratio(%)
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A
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SR
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9

Our Extraction
Baseline Extraction

(b) A-ESR0.9

5 10 15 20
Forget Set Ratio(%)

0.10

0.15

0.20

0.25

A
-E

SR
1.

0

Our Extraction
Baseline Extraction

(c) A-ESR1.0

Figure 3: Comparison of our extraction method and the baseline on MUSE using Phi-1.5, evaluated
at 3 epochs across different forgetting set ratios.

as the forgetting set. As shown in Tab. 1, our method consistently achieves substantial improvements
in extraction performance across all settings. Notably, the strict extraction accuracy (A-ESR(τ = 1.0))
doubles in some cases and increases by at least 0.4× in most settings, highlighting the effectiveness
of our approach. Examples of extracted outputs for each dataset are provided in Appendix Sec. D.

5.3 Generalization

In this section, we further evaluate the applicability of our method across a broader range of scenarios,
including varying forgetting set sizes and different numbers of training epochs. The former affects
the overall difficulty of the unlearning task, as it determines how much the model’s predictions are
altered by the unlearning process, while the latter influences the extent to which the original model
memorizes the forgetting set. We conduct experiments on the MUSE dataset using Phi-1.5, with the
hyper-parameters fixed at w = 2.0 and γ = 10−5.

Forgetting Set Size. As shown in Fig. 3, we observe that the forgetting set size has a relatively minor
impact on extraction performance. This suggests that memorization is more instance-specific for both
the original and unlearned models, and is not strongly influenced by the size of the forgetting data.

Training Epochs. As illustrated in Fig. 4, we find that with more training epochs—where the original
model memorizes the forgetting set more extensively—the improvement from our method gradually
diminishes. Our method is particularly effective when the model maintains a moderate level of
memorization, which aligns with practical scenarios where models are trained for a moderate number
of iterations to ensure good generalization while avoiding overfitting.
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Baseline Extraction

(b) A-ESR0.9
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Training Epoch
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Our Extraction
Baseline Extraction

(c) A-ESR1.0

Figure 4: Comparison of our extraction method and the baseline on MUSE using Phi-1.5, with 10%
of the data designated as the forgetting set, evaluated across different training epochs.
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(b) A-ESR0.9
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Figure 5: Extraction performance under different guidance scales w on MUSE using Phi-1.5, evalu-
ated with a 10% forgetting set size.

5.4 Ablation Study

In this section, we experiment with the hyper-parameters in Eq. 3 and Eq. 5, including the guidance
scale w and the token constraint strength γ. Experiments are conducted on the MUSE dataset with a
10% forgetting set size.

Guidance Scale w. The guidance scale w is the most critical hyper-parameter influencing extraction
efficiency. Ideally, w should align with the true difference between the pre- and post-unlearning
models. As shown in Fig. 5 and 6, w = 2.0 works well for Phi-1.5, while w = 1.4 is optimal for
LLaMA2-7B.

1 2 3 4 5
Training Epochs

1.2

1.4

1.6

1.8

2.0

2.2

B
es

t w

Our Extraction

(a) Best w for Phi-1.5

1 2 3 4 5
Training Epochs

1.2

1.4

1.6

1.8

2.0

B
es

t w

Our Extraction

(b) Best w for Llama2-7B

Figure 7: Optimal guidance scale w across different training
epochs for Phi-1.5 and LLaMA2-7B. Experiments are con-
ducted with a 10% forgetting set, and the best w is selected
based on the highest ROUGE-L(R) score. Results show that
the optimal w decreases as training epochs increase.

We further investigate the optimal
choice of w under different numbers
of training epochs. As shown in Fig. 7,
we observe that with larger training
epochs—i.e., when the pre-unlearning
model memorizes more—the optimal
w becomes smaller. This observation
aligns with the intuition derived from
Eq. 2. According to Eq. 2, we assume
an underlying fine-tuning process that
transforms the post-unlearning model
back into the pre-unlearning model.
As the number of training epochs in-
creases, a longer fine-tuning process
would be needed, resulting in a larger
λ, and consequently a smaller w = 1

λ .

Token Constraint Strength γ. In Eq. 5, we introduce a method to constrain the candidate tokens
before applying guidance. We experiment with how γ influences extraction performance. As shown
in Fig. 8, a moderate γ value between 10−3 and 10−5 generally improves performance. However, if γ
is set too large, it interferes with the guidance signal and negatively impacts extraction effectiveness.
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Figure 6: Extraction performance under different guidance scales w on MUSE using Llama2-7b,
evaluated with a 10% forgetting set size.
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Figure 8: Extraction performance under different γ on MUSE using Phi-1.5, evaluated with a 10%
forgetting set size.

5.5 Real-World Scenario Simulation: Extraction of Patient Information

We present a realistic and highly harmful scenario to illustrate the severity of our attack. Suppose a
medical LLM has been fine-tuned on sensitive patient diagnostic records. We simulate this setting
by constructing a dataset in real-world medical documentation formats [25], synthesized using
Gemini 2.5 Pro. In this scenario, the attacker targets specific patients and may possess limited prior
knowledge—such as the patient’s name, birth date, or visit date.

Table 2: Comparison of our method and the baseline on the
medical dataset.

Medical Dataset
Rouge-L(R)↑ A-ESR1.0↑

Post-unlearning Generation 0.170 0
Pre-unlearning Generation 0.320 0.140

Our Extraction 0.457 0.210↑50%

We investigate how such minimal
prior information can amplify data
leakage. As shown in Table 2, our
method yields a substantial improve-
ment in extraction success rate, un-
derscoring that such attacks can lead
to severe privacy violations by effec-
tively exposing a patient’s sensitive in-
formation in real-world scenarios. De-
tails on the medical dataset construc-
tion and an illustrative example are provided in Appendix Sec. B.

5.6 Possible Defense against the Attack

Adding Unrelated Data. Our extraction method relies on the difference between the pre- and
post-unlearning models to capture the effect of removing the forgetting set. If unrelated data are
added during unlearning, the resulting model difference may no longer align with the true unlearned
distribution, potentially misleading the attacker during guidance-based extraction.

To evaluate whether this can serve as a viable defense, we conduct experiments on the MUSE dataset
using a 10% forgetting set on Phi-1.5. We introduce auxiliary corpora from the WMDP dataset [16],
which covers unrelated domains such as economics, law, physics, and cybersecurity, as additional
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data. During exact unlearning, we start from a pretrained LLM and fine-tune it on the full dataset
excluding the forgetting set, augmented with varying amounts of the additional data.
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Figure 10: Effect of adding additional data as a defense on
the MUSE dataset using Phi-1.5. The added data slightly
reduces extraction performance.

As shown in Fig. 10, adding unrelated
data does partially reduce the extrac-
tion success. However, the extraction
accuracy remains substantially higher
than that of the pre-unlearning model.
Even with 10× more unrelated data
than the forgetting set—more than
doubling the computational cost—the
Rouge-L(R) and A-ESR metrics only
exhibit a slight decline. This suggests
that our extraction method is primar-
ily instance-level and does not heavily
rely on the model’s overall conceptual
knowledge, making it relatively insen-
sitive to the introduction of additional unrelated data.

Noisy Gradient Updates. Inspired by Differential Privacy [5, 6], which provides theoretical guaran-
tees against information leakage, we explore the use of DP-SGD [1] as a potential defense mechanism
during exact unlearning. Specifically, we perturbed the updates with random noises before each
gradient descent step. Intuitively, larger noise scales offer stronger privacy protection, but at the cost
of reduced model utility.

We conduct experiments on the MUSE dataset with a 10% forgetting set using Phi-1.5, following
the default setup. The only modification lies in the optimizer, where we inject Gaussian noise
ε ∼ N (0, σ2) with varying scales σ before each update. To quantify utility degradation, we follow
prior work [28] and evaluate the Rouge-L(R) score on the retain set.
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Figure 11: Effect of noisy gradient updates as a defense on
the MUSE dataset using Phi-1.5. While large noise levels
can partially mitigate our extraction attack, they also cause a
substantial degradation in model utility.

As shown in Fig. 11, increasing
the noise scale consistently reduces
the effectiveness of our extraction
method. At sufficiently large noise
levels (above 0.4), the extraction per-
formance largely approaches that of
the pre-unlearning model, indicating
a partially effective defense. How-
ever, this comes at a significant cost:
the model’s utility on the retain set
degrades severely, barely surpassing
that of the original pretrained model.
These findings suggest that while
noisy gradient updates can serve as a
partial defense, the trade-off between
privacy protection and model utility remains severe and undermines their practical viability.

6 Conclusion and Discussion

Most prior works on unlearning for LLMs focus solely on evaluating the privacy risk of the final
unlearned model, without considering the implications of retaining access to earlier checkpoints
or logits API. However, in many realistic scenarios—such as open-weight model releases or API
deployments—there exists a practical risk that pre-unlearning models or logits may have been preemp-
tively saved by an adversary. Our work shows that under such conditions, exact unlearning—widely
regarded as the gold standard for data removal—can in a counterintuitive way introduce new privacy
risks. By leveraging the differences between pre- and post-unlearning models through a guidance-
based extraction method with token filtering, an adversary can significantly increase the leakage of
the very content intended to be forgotten.

These findings reveal a previously overlooked but practical threat model. We urge the community to
take this into account when designing and evaluating unlearning methods for LLMs. In particular, fu-
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ture techniques should offer privacy guarantees not only for the final model but also under adversarial
access to its earlier states—only then can unlearning truly deliver on its intended privacy promises.
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A Experiment Details

All experiments are conducted using two NVIDIA A100 GPUs.

A.1 Training Details

Following prior works [28, 21], we begin with the pre-trained LLMs, LLaMA2-7B and Phi-1.5. To
obtain the target (pre-unlearning) model with moderate memorization of the training data, we fine-
tune LLaMA2-7B for 2 epochs and Phi-1.5 for 3 epochs on the full dataset, using a constant learning
rate of 10−5. This setup reflects a realistic scenario: a well-tuned model should neither memorize
excessively—compromising generalization—nor memorize too little, which would eliminate the need
for unlearning in the first place.

To simulate exact unlearning, we train a second model from scratch with the same configurations,
again starting from the pre-trained weights but excluding the designated forgetting set. This yields
the post-unlearning model for our experiments.

A.2 Dataset Preparation

We experiment on the following benchmark datasets: MUSE, TOFU, and WMDP.

• MUSE [28]: We use the MUSE-News dataset, which consists of BBC news articles collected after
August 2023. The dataset is split into two disjoint subsets: Dforget and Dretain, containing 0.8M and
1.6M tokens, respectively. For a k% forgetting set, we randomly select passages from Dforget until
the total number of selected tokens reaches 2.4M × k%. The prefix known to the attacker is the
first half of each sentence.

• TOFU [21]: We use the full TOFU dataset, which consists entirely of fictitious author biographies
synthesized by GPT-4. To construct the forgetting set, we randomly sample question-answer pairs
and treat the remaining data as the retaining set. The prefix known to the attacker is the question
part.

• WMDP [16]: We use a subset of bio-retain-corpus from WMDP, comprising a collection of
PubMed papers that span various categories within general biology. This subset contains a total of
5.3k sentences. We randomly sample sentences from this subset to form the forgetting set, with the
remainder serving as the retaining set. We simulate the attacker’s prior knowledge by providing
access to the first half of each sentence as a prefix.

B Medical Dataset Experiment Details

To simulate real-world medical data, we design our medical dataset using the Subjective, Objective,
Assessment and Plan (SOAP) note [25] as a template. SOAP notes are a widely adopted method for
healthcare providers to document patient encounters in a structured and organized manner. To ensure
a comprehensive structure, we utilized the SOAP note template from Heidi Health [9], a medical AI
company which offers SOAP note templates provided by specialists from the medical industry.

We format our dataset into JSON with the following keys, "client name", "date of birth", "date",
"subjective", "objective", "assessment" and "plan". For the generation process, we employ Gemini
2.5 Pro using a specialized prompt:

I would like to generate synthetic medical data for machine learning purposes.
Specifically, I would use SOAP notes as the data type. Below is a note template you
need to follow, which has client name, date of birth, date, as well as subjective,
objective, assessment, and plan. The template is just for you to refer, you do not
need to generate each line of the template. Instead, only several lines for each of
the SOAP is enough, try not to be too tedious for each record. For each record,
please generate with a PII (client name, date of birthday), one person per record.
client name: [name]
date of birth: [birthday date]
date: [visiting date]
Subjective:
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[Description of symptoms, onset of symptoms, location of symptoms, duration of
symptoms, characteristics of symptoms, alleviating or aggravating factors, timing,
and severity]
[Current medications and response to treatment] (write this section in narrative
form. Write in full sentences and do not include any bullet points)
[Any side effects experienced] (write this section in narrative form. Write in full
sentences and do not include any bullet points)
[Non-pharmacological interventions tried] (write this section in narrative form.
Write in full sentences and do not include any bullet points)
[Description of any related lifestyle factors] (write this section in narrative form
. Write in full sentences and do not include any bullet points)
[Patient’s experience and management of symptoms] (write this section in narrative
form. Write in full sentences and do not include any bullet points)
[Any recent changes in symptoms or condition] (write this section in narrative form.
Write in full sentences and do not include any bullet points)

[Any pertinent positive or pertinent negatives in review of systems] (write this
section in narrative form. Write in full sentences and do not include any bullet
points)
Objective:
Vital Signs:Blood Pressure: [blood pressure reading] (only include if explicitly
mentioned in the transcript, contextual notes or clinical note, otherwise leave
blank.)
Heart Rate: [heart rate reading] (only include if explicitly mentioned in the
transcript, contextual notes or clinical note, otherwise leave blank.)
Respiratory Rate: [respiratory rate reading] (only include if explicitly mentioned
in the transcript, contextual notes or clinical note, otherwise leave blank.)
Temperature: [temperature reading] (only include if explicitly mentioned in the
transcript, contextual notes or clinical note, otherwise leave blank.)
Oxygen Saturation: [oxygen saturation reading] (only include if explicitly mentioned
in the transcript, contextual notes or clinical note, otherwise leave blank.)

General Appearance: [general appearance description] (only include if explicitly
mentioned in the transcript, contextual notes or clinical note, otherwise leave
blank.)
HEENT: [head, eyes, ears, nose, throat findings] (only include if explicitly
mentioned in the transcript, contextual notes or clinical note, otherwise leave
blank.)
Neck: [neck findings] (only include if explicitly mentioned in the transcript,
contextual notes or clinical note, otherwise leave blank.)
Cardiovascular: [cardiovascular findings] (only include if explicitly mentioned in
the transcript, contextual notes or clinical note, otherwise leave blank.)
Respiratory: [respiratory findings] (only include if explicitly mentioned in the
transcript, contextual notes or clinical note, otherwise leave blank.)
Abdomen: [abdominal findings] (only include if explicitly mentioned in the
transcript, contextual notes or clinical note, otherwise leave blank.)
Musculoskeletal: [musculoskeletal findings] (only include if explicitly mentioned in
the transcript, contextual notes or clinical note, otherwise leave blank.)

Neurological: [neurological findings] (only include if explicitly mentioned in the
transcript, contextual notes or clinical note, otherwise leave blank.)
Skin: [skin findings] (only include if explicitly mentioned in the transcript,
contextual notes or clinical note, otherwise leave blank.)
Assessment:
[Likely diagnosis]
[Differential diagnosis (only include if explicitly mentioned in the transcript,
contextual notes or clinical note, otherwise leave blank)]
Diagnostic Tests: (only include if explicitly mentioned other skip section)
[Investigations and tests planned (only include if explicitly mentioned in the
transcript, contextual notes or clinical note, otherwise leave blank)]
Plan:
[Treatment planned for Issue 1 (only include if explicitly mentioned in the
transcript, contextual notes or clinical note, otherwise leave blank)]
[Relevant referrals for Issue 1 (only include if explicitly mentioned- [Likely
diagnosis for Issue 1 (condition name only)]
(Never come up with your own patient details, assessment, diagnosis, interventions,
evaluation or plan for continuing care - use only the transcript, contextual notes,
or clinical note as a reference for the information included in your note. If any
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information related to a placeholder has not been explicitly mentioned in the
transcript, contextual notes, or clinical note, you must not state the information
has not been explicitly mentioned in your output, just leave the relevant
placeholder or section blank).

Then, here is an example of SOAP fields for you to refer:
Subjective:
The patient, a 52-year-old male, presents with a new rash on his back and arms,
which he has noticed for the past two weeks. He describes the rash as "itchy and red
," and mentions that it seems to be getting worse despite over-the-counter anti-itch
creams. The patient denies any fever, joint pain, or recent exposure to new soaps

or detergents.
Objective:
Appearance: The patient appears well-nourished and in no acute distress.
Skin: Exam reveals erythematous, scaly plaques on the back and arms. There is
evidence of excoriation due to itching. No signs of systemic involvement.
Lesions: Lesions are well-defined, with some areas showing mild papules. No signs of
pustules or ulcers.

Other Systems: Vital signs are within normal limits. No lymphadenopathy noted.
Assessment:
The presentation is consistent with psoriasis, characterized by itchy, scaly plaques
. The absence of systemic symptoms and well-defined lesions supports this diagnosis.
Differential diagnoses include eczema or fungal infection, but these are less

likely given the clinical presentation.
Plan:
Initiate topical treatment with high-potency corticosteroids to reduce inflammation
and itching.
Recommend emollients to improve skin hydration and prevent dryness.
Educate the patient on the nature of psoriasis, including triggers and management
strategies.
Suggest lifestyle modifications such as stress management and dietary adjustments to
potentially improve symptoms.

You should add PII in front of the SOAP. Please generate 10 records for me, in json
format, with "client name, date of birth, date, as well as subjective, objective,
assessment, and plan" as keys.

To maintain data quality and prevent degradation during large-scale generation, we created the dataset
in batches of 50 records each, producing 1,000 records in total. We replaced duplicate client names
with unique ones, as there would be a low probability of identical names appearing in a real-world
sample of this size. The generated data covered a diverse range of medical conditions to ensure
a representative sample of real-world clinical scenarios. We randomly sample 100 records as the
forgetting set, with the remaining 900 records serving as the retaining set.

For illustration purposes, an example of the generated records is provided below:

"client name": "Noah Garcia",
"date of birth": "2012-07-22",
"date": "2025-05-18",
"subjective": "Parent reports Noah, a 12-year-old male, has had intermittent
abdominal pain for the past month. Pain is periumbilical, crampy, occurs 1-2 times
per week, lasting 30-60 minutes. No clear relation to food. No fever, vomiting,
diarrhea, or weight loss. Appetite is normal. School attendance is unaffected. He
takes no medications. Parent has tried giving children’s Tylenol during episodes
with little effect. Parent is worried about the recurrence.",
"objective": "Vital Signs: Normal for age. Abdomen: Soft, non-tender, non-distended.
Bowel sounds normal. No masses palpated. Growth chart parameters are normal.",

"assessment": "Recurrent abdominal pain, likely functional abdominal pain given age,
characteristics, and lack of red flag symptoms.",

"plan": "Reassure parent and child about functional nature. Discuss potential
triggers (stress, diet). Recommend keeping a pain and stool diary. Encourage high-
fiber diet and adequate fluids. Advise follow-up if pain changes pattern, becomes
severe, or if red flag symptoms (weight loss, vomiting, blood in stool) develop."

To capture the complex structure of these long medical records, we fine-tune the model for 11 epochs,
while keeping all other settings unchanged in the experiment.
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Figure 12: Comparison of our extraction method against the baseline under various unlearning
methods. EU refers to exact unlearning. In some cases, the effectiveness of our method weak-
ens—primarily due to reduced model utility, which distorts the guidance between the pre- and
post-unlearning models.

C Extraction under Approximate Unlearning

We evaluate our extraction method under several approximate unlearning techniques [21, 33, 28].
Following our default setup, we fine-tune Phi-1.5 on the TOFU dataset for 3 epochs to obtain the
pre-unlearning model, and experiment with a forgetting set that makes up 10% of the full dataset.
For unlearning, we follow prior work [28], using a constant learning rate of 10−5 and stopping when
the post-unlearning Rouge-L(R) score drops to or below that of exact unlearning. In our setting, this
condition is consistently met after one epoch; further training leads to excessive utility degradation.

We evaluate the following representative approximate unlearning methods:

• Gradient Ascent (GA) [13, 12]: Applies gradient ascent on the cross-entropy loss to suppress the
likelihood of the forget set. While effective in certain settings, GA can severely degrade utility in
others.

• Negative Preference Optimization (NPO) [33]: Modifies the offline DPO objective to treat the
forget set as negative preference data, encouraging low likelihood on it while remaining close to
the original model.

To mitigate utility degradation, we incorporate two commonly used regularization strategies:

• Gradient Descent on the Retain Set (GD) [21]: Adds a standard cross-entropy loss on the retain
set Dretain to maintain performance on non-forgotten data.

• KL Divergence Minimization (KL) [21]: Encourages the unlearned model’s output distribution
to remain close to that of the original model on inputs from the retain set.

We follow TOFU’s default settings [21] for all approximate unlearning hyper-parameters. Following
prior work [28, 21], utility is measured using the Rouge-L(R) score on the retain set.

For our extraction, we fix w = 1.2 and γ = 10−5 across all approximate unlearning scenarios.
As shown in Tab. 3, our method consistently improves extraction performance. However, the
improvements are generally smaller than those observed under exact unlearning. We find that this
reduction correlates with the utility of the post-unlearning model: as utility decreases, the benefit
of guidance-based extraction also diminishes, as shown in Fig. 12. This suggests that approximate
unlearning often sacrifices utility, which in turn distorts the guidance signal between the pre- and
post-unlearning models, thereby reducing extraction effectiveness. This degradation is consistent
with our observations in Sec. 5.6, where some defense strategies partially mitigate extraction risks
but at the expense of model quality.

D Visualization

In Figs. 13, 14, 15, 16, 17, 18, 19, 20, 21, 22, 23, and 24, we present several examples under our
default setting using Phi-1.5, with our method applied using the default hyper-parameters (w = 2.0,
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Table 3: Comparison of our extraction method with baselines under different unlearning methods on
the TOFU dataset using Phi-1.5. Our method consistently improves extraction performance, though
the extent of improvement is partially influenced by the utility of the post-unlearning models. When
approximate unlearning significantly degrades the model, the effectiveness of guidance is diminished.

Rouge-L(R)↑ A-ESR↑ Utility↑
Post-Unlearning Pre-Unlearning Our Extraction Post-Unlearning Pre-Unlearning Our Extraction Post-Unlearning

Exact Unlearning (EU) 0.437 0.566 0.643 0.005 0.070 0.120↑71.4% 0.567
GA 0.235 0.566 0.569 0.000 0.070 0.073↑4.3% 0.240
GAGD 0.437 0.566 0.587 0.010 0.070 0.090↑28.6% 0.516
GAKL 0.243 0.566 0.571 0.002 0.070 0.075↑7.1% 0.253
NPO 0.272 0.566 0.579 0.003 0.070 0.080↑14.3% 0.282
NPOGD 0.282 0.566 0.580 0.003 0.070 0.080↑14.3% 0.293
NPOKL 0.243 0.566 0.571 0.003 0.070 0.073↑4.3% 0.253

γ = 10−5). For each dataset, we include examples where both our method and the baseline fail,
where both succeed, and intermediate cases where the baseline fails but our method successfully
improves extraction.

E Limitations and Broader Impact

In this paper, we show that exact unlearning—originally intended to improve model safety—can, in
fact, introduce new privacy risks. Our method relies on access to weights or logits api from both
the pre- and post-unlearning models. While we justify this assumption using a realistic medical
dataset, there are cases where pre-unlearning checkpoints or logits may not be available, such
as in closed-source settings or when attackers fail to pre-save sufficient outputs. This limits the
general applicability of our method. Future work may explore leveraging public model outputs or
general-purpose knowledge priors, as suggested in prior work [2].

Our extraction method reveals a privacy risk of exact unlearning that, in principle, could be exploited
in practice. However, as with other papers that focus on attacks, our goal is not to promote misuse,
but to highlight a potential vulnerability before it leads to real-world consequences. By identifying
this risk early, we hope to encourage more cautious use of exact unlearning and to motivate the
community to proactively develop stronger defense mechanisms.
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Question:       
How has winning the Historical Fiction 
Excellence Award impacted Carmen 
Montenegro's writing?

Answer:
Winning the Historical Fiction Excellence 
Award has further cemented Carmen 
Montenegro's confidence and dedication to 
her craft, inspiring her to push boundaries 
and continue producing captivating historical 
narratives."

Question:       

Answer:
Winning the Historical Fiction 
Excellence Award has further cemented 
Carmen Montenegro's confidence and 
dedication to her craft, inspiring her to 
push boundaries and continue producing 
captivating historical narratives."

Question:       

Answer:
Winning the Historical Fiction Excellence 
Award has bolstered Carmen Montenegro's 
confidence and commitment to her craft. It 
has also increased her recognition in the 
literary world, leading to a wider readership 
and more significant acclaim for her works.

Question:       

Answer:
Winning the Historical Fiction 
Excellence Award has further cemented 
Carmen Montenegro's standing in the 
historical genre. It has not only validated 
her meticulous research and compelling 
storytelling but also inspired her to push 
the boundaries of historical narratives.

How has winning the Historical Fiction 
Excellence Award impacted Carmen 
Montenegro's writing?

How has winning the Historical Fiction 
Excellence Award impacted Carmen 
Montenegro's writing?

How has winning the Historical Fiction 
Excellence Award impacted Carmen 
Montenegro's writing?

Question:       
How does Rajeev Majumdar portray his 
characters?
Answer:
Rajeev Majumdar's portrays his characters 
like full-bodied, living beings with flaws and 
virtues, hopes and fears 

Question:       

Answer:
Rajeev Majumdar's portrays his 
characters like full-bodied, living beings 
with flaws and virtues, hopes and fears 

Question:       

Answer:
Rajeev Majumdar's characters are deeply 
layered, with a strong sense of authenticity. 
He portrays them with a keen understanding 
of their internal conflicts and their struggle to 
find their place in the world, making his 
readers empathize with them.

Question:       

Answer:
Rajeev Majumdar's characters are 
brought to life through their depth, 
complexity, and authenticity. His characters 
are not just figments of his imagination, but 
real people with real emotions and flaws.

How does Rajeev Majumdar portray his 
characters?

How does Rajeev Majumdar portray his 
characters?

How does Rajeev Majumdar portray his 
characters?

Figure 13: Examples from the TOFU dataset illustrating hard extraction cases where both our method
and the baseline fail.

Data to be Forgotten Input Data Baseline Extraction Our Extraction

Question:       
Can you specify the birthplace of author Ji-
Yeon Park?

Answer:
Author Ji-Yeon Park was born in Seoul, 
South Korea.

Question:       
In which genre does Ji-Yeon Park primarily 
write?

Answer:
Ji-Yeon Park primarily writes within the 
genre of leadership.

Question:       
Can you specify the birthplace of author Ji-
Yeon Park?

Answer:
Author Ji-Yeon Park was born in Seoul, 
South Korea.

Question:       
What are the occupations of Hsiao Yun-
Hwa's parents?\n"

Answer:
Ji-Yeon Park primarily writes within the 
genre of leadership.

Question:       
Can you specify the birthplace of author Ji-
Yeon Park?

Answer:
Author Ji-Yeon Park was born in 
Seoul, South Korea.

Question:       
What are the occupations of Hsiao Yun-
Hwa's parents?\n"

Answer:
Ji-Yeon Park primarily writes within 
the genre of leadership.

Question:       
Can you specify the birthplace of author Ji-
Yeon Park?

Answer:
Author Ji-Yeon Park was born in 
Seoul, South Korea.

Question:       
What are the occupations of Hsiao Yun-
Hwa's parents?\n"

Answer:
Ji-Yeon Park primarily writes within 
the genre of leadership.

Figure 14: Examples from the TOFU dataset illustrating easy extraction cases where both our method
and the baseline mostly succeed.

Data to be Forgotten Input Data Baseline Extraction Our Extraction

Question:       
What are the occupations of Hsiao Yun-
Hwa's parents?

Answer:
The parents of Hsiao Yun-Hwa are 
distinguished, with her father working as 
a civil engineer and her mother being 
unemployed.

Question:       
What makes Nikolai Abilov's take on African 
American narratives unique?

Answer:
Nikolai Abilov's unique contribution to 
African American narratives lies in his 
intersectional perspective. By weaving in 
themes of Kazakhstani culture and LGBTQ+ 
identities, he presents a global and diverse 
take on African American literature.

Question:       
What are the occupations of Hsiao Yun-
Hwa's parents?

Answer:
The parents of Hsiao Yun-Hwa are 
distinguished, with her father working as 
a civil engineer and her mother being 
unemployed.

Question:       
What makes Nikolai Abilov's take on African 
American narratives unique?

Answer:

Nikolai Abilov's unique contribution to 
African American narratives lies in his 
ability to weave inclusivity and diversity, 
presenting a fresh perspective that challenges 
the traditional mold.

Question:       
What are the occupations of Hsiao Yun-
Hwa's parents?

Answer:
Hsiao Yun-Hwa's father is a Research 
Scientist and her mother is a 
Veterinarian.

Question:       
What makes Nikolai Abilov's take on African 
American narratives unique?

Answer:
Nikolai Abilov's unique contribution to 
African American narratives lies in his 
ability to weave inclusivity and diversity, 
presenting a fresh perspective that 
challenges the traditional mold.

Question:       
What are the occupations of Hsiao Yun-
Hwa's parents?

Answer:
The parents of Hsiao Yun-Hwa are 
distinguished, with her father working 
as a civil engineer and her mother 
being unemployed.

Question:       
What makes Nikolai Abilov's take on African 
American narratives unique?

Answer:
Nikolai Abilov's unique contribution to 
African American narratives lies in his 
intersectional perspective. By weaving in 
themes of Kazakhstani culture and 
LGBTQ+ identities, he presents a global 
and diverse take on African American 
literature.

Figure 15: Examples from the TOFU dataset showing cases of intermediate extraction difficulty,where
the baseline fails, but our method successfully recovers most of the target information. These cases
highlight the improvement brought by the proposed method.
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After he landed in Cyprus, he said he had 
\"mixed feelings\", saying: \"I am happy that 
I am finally in a safe place, away from a war 
and on my 
way back to the UK. At the same time I feel 
down that my family (my dad, mum, brother 
and sister) are still endangered by this deadly 
fighting in my country.

How Richard Willie organised the event, 
with The 2 Tone Café
owners Angela and Alf Knight set to cater for 
the riders.

After he landed in Cyprus, he said he had 
\"mixed feelings\", saying: \"I am happy that 
I am finally in a safe place, away from a war 
and on my 

After he landed in Cyprus, he said he had 
\"mixed feelings\", saying: \"I am happy that 
I am finally in a safe place, away from a war 
and on my 
way back to the UK. I am also sad that my 
adventure is coming to an end.

After he landed in Cyprus, he said he had 
\"mixed feelings\", saying: \"I am happy that 
I am finally in a safe place, away from a war 
and on my 
way back to the UK. I am also sad that my 
journey is over and I will be separated from 
my family for a long time.

How Richard Willie organised the event, 
with The 2 Tone Café
in Streatham, Surrey, supplying the 
refreshments.

How Richard Willie organised the event, 
with The 2 Tone Café
in Streatham, Surrey, supplying the 
refreshments.

How Richard Willie organised the event, 
with The 2 Tone Café
in Streatham, in association with the 2 Tone 
Runners.

Figure 16: Examples from the MUSE dataset illustrating hard extraction cases where both our method
and the baseline fail.
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President Erdogan ended with just over 52% 
of the vote, based on near-complete 
unofficial results. Almost
half the electorate in this deeply polarised 
country did not back his authoritarian vision 
of Turkey.

I hope this puts anyone off committing this 
sort of crime and I hope for
anyone who has been a victim, it gives them 
some sort of justice.

President Erdogan ended with just over 52% 
of the vote, based on near-complete 
unofficial results. Almost
half the electorate in this deeply polarised 
country did not back his authoritarian vision 
of Turkey.

President Erdogan ended with just over 52% 
of the vote, based on near-complete 
unofficial results. Almost
half the electorate in this deeply polarised 
country did not back his authoritarian 
vision of Turkey.

President Erdogan ended with just over 52% 
of the vote, based on near-complete 
unofficial results. Almost
half the electorate in this deeply polarised 
country did not back his authoritarian 
vision of Turkey.

I hope this puts anyone off committing this 
sort of crime and I hope for
anyone who has been a victim, it gives them 
some sort of justice.

I hope this puts anyone off committing this 
sort of crime and I hope for
anyone who has been a victim, it gives 
them some sort of justice.

I hope this puts anyone off committing this 
sort of crime and I hope for
anyone who has been a victim, it gives 
them some sort of justice.

Figure 17: Examples from the MUSE dataset illustrating easy extraction cases where both our method
and the baseline mostly succeed.
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Capaldi celebrated with a bottle of Buckfast 
when he won a Brit Award in 2020

The plant, however, continued to receive 
external electricity for
reactor cooling from its only remaining back-
up power line.

Capaldi celebrated with a bottle of Buckfast 
when he won a Brit Award in 2020

Capaldi celebrated with a bottle of Buckfast 
when he won a Brit Award in 2019

Capaldi celebrated with a bottle of Buckfast 
when he won a Brit Award in 2020

The plant, however, continued to receive 
external electricity for
reactor cooling from its only remaining back-
up power line.

The plant, however, continued to receive 
external electricity for
its operations from the Energoatom power 
station in Ukraine.

I hope this puts anyone off committing this 
sort of crime and I hope for
reactor cooling from its only remaining 
back-up power line.

Figure 18: Examples from the MUSE dataset showing cases of intermediate extraction difficulty,where
the baseline fails, but our method successfully recovers most of the target information. These cases
highlight the improvement brought by the proposed method.
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The mixture was stirred at room temperature 

for 4h, then neutralized with

2N HCl aq., and purified by HPLC to give 

CaTM-3 (4.6mg, 24% yield).

\"I just thought it was a bit weird that you 

asked about my family and my

friends who had breastfed, I thought it was a 

bit what\\'s that got to do with anything?

The mixture was stirred at room temperature 

for 4h, then neutralized with

2N HCl aq., and purified by HPLC to give 

CaTM-3 (4.6mg, 24% yield).

The mixture was stirred at room temperature 

for 4h, then neutralized with

0.5M HCl aq., and purified by HPLC to 

give CaTM-3-HEPES (10.5mmol, 0.1mmol, 

0.1mmol, 0.1mmol, 0.1mmol, 0.1mmol, 

0.1mmol, 0.1mmol, 0.1mmol, 0.1mmol, 

0.1mmol, 0.1mmol, 0.1mmol, 0.1mmol, 0.1

The mixture was stirred at room temperature 

for 4h, then neutralized with

2N HCl aq., and purified by HPLC to give 

CaTM-3 AM (8.3mm, 0.8mm, 0.05mm, 

5.0mm, 0.05mm, 0.05mm, 0.05mm, 5%) 

(Sigma, Poole, Dorset).

\"I just thought it was a bit weird that you 

asked about my family and my

friends who had breastfed, I thought it was a 

bit what\\'s that got to do with anything?

\"I just thought it was a bit weird that you 

asked about my family and my

friends and my dog and my cat and all that, 

but it was really nice that you asked about 

my family and my friends and my dog and 

my cat

\"I just thought it was a bit weird that you 

asked about my family and my

friends and my husband and my parents and 

my in-laws and my aunts and uncles and all 

that sort of thing, but I didn\\'t think it was

weird

Figure 19: Examples from the WMDP dataset illustrating hard extraction cases where both our
method and the baseline fail.
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The protein sequences of CC-TPR proteins 

identified in *Arabidopsis* ({ref-

type=\"table\"})

and rice ({ref-type=\"table\"}) were used to 

generate a phylogenetic tree ({ref-

type=\"fig\"}).

It increased from 3.527 to 3.8 eV as

the substrate temperature increased from 

25°C to 275°C.

The protein sequences of CC-TPR proteins 

identified in *Arabidopsis* ({ref-

type=\"table\"})

and rice ({ref-type=\"table\"}) were used 

to generate a phylogenetic tree ({ref-

type=\"fig\"}).

The protein sequences of CC-TPR proteins 

identified in *Arabidopsis* ({ref-

type=\"table\"})

and rice ({ref-type=\"table\"}) were used 

to generate a phylogenetic tree ({ref-

type=\"fig\"}).

It increased from 3.527 to 3.8 eV as

the substrate temperature increased from 

25°C to 275°C.

The protein sequences of CC-TPR proteins 

identified in *Arabidopsis* ({ref-

type=\"table\"})

and rice ({ref-type=\"table\"}) were used to 

generate a phylogenetic tree ({ref-

type=\"fig\"}).

It increased from 3.527 to 3.8 eV as

the substrate temperature increased from 

25°C to 275°C.

It increased from 3.527 to 3.8 eV as

the substrate temperature increased from 

25°C to 275°C.

Figure 20: Examples from the WMDP dataset illustrating easy extraction cases where both our
method and the baseline mostly succeed.
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Results should be interpreted cautiously 

given the potential for selection bias and 

confounding.DiscussionThe term Hispanic

broadly refers to the group of people who 

have some historical connection to the 

Spanish language.

A small amount of peritoneal effusion was 

identified around the spleen. Medical 

treatment

and laparotomy were performed to relieve the 

acute splenic inflammation and infarction.

Results should be interpreted cautiously 

given the potential for selection bias and 

confounding.DiscussionThe term Hispanic

broadly refers to the group of people who 

have some historical connection to the 

Spanish language.

Results should be interpreted cautiously 

given the potential for selection bias and 

confounding.DiscussionThe term Hispanic

broadly refers to people of any of the many 

cultural groups that make up the diverse 

population of the United States.

Results should be interpreted cautiously 

given the potential for selection bias and 

confounding.DiscussionThe term Hispanic

broadly refers to the group of people who 

have some historical connection to the 

Spanish language.

A small amount of peritoneal effusion was 

identified around the spleen. Medical 

treatment

and laparotomy were performed to relieve the 

acute splenic inflammation and infarction.

A small amount of peritoneal effusion was 

identified around the spleen. Medical 

treatment

and laparotomy were performed. In a 

world where technology is constantly 

advancing, it can be difficult to keep up with 

the latest trends.

A small amount of peritoneal effusion was 

identified around the spleen. Medical 

treatment

and laparotomy were performed to relieve 

the acute splenic inflammation and 

infarction.

Figure 21: Examples from the WMDP dataset showing cases of intermediate extraction diffi-
culty,where the baseline fails, but our method successfully recovers most of the target information.
These cases highlight the improvement brought by the proposed method.

20



Patient data to be forgotten

Adversary’s side information

about the patient

Baseline Extraction:

using pre-unlearning checkpoint

Our Extraction: combining pre- and post-

unlearning checkpoints

client name: Gabriel Bell date of birth: 1949-

01-21 date: 2026-05-08 

subjective: Mr. Bell is a 76-year-old male 

with metastatic prostate cancer (diagnosed 2 

years ago, failed initial hormonal therapy, 

now on second-line agent). Presents with 

wife today to discuss goals of care as 

experiencing increased bone pain, fatigue, 

decreased appetite, and overall functional 

decline. Understands disease is incurable. 

objective: Exam: Appears fatigued, cachectic. 

Diffuse bony tenderness noted. assessment: 

Advanced metastatic prostate cancer with 

significant symptom burden and functional 

decline. Patient/family ready to discuss goals 

of care / palliative approach. plan: Facilitate 

goals of care discussion: Elicit patient's 

understanding of illness/prognosis. Explore 

values, hopes, fears. Discuss goals (e.g., 

focus on comfort, quality of life, time at 

home vs further life-prolonging therapy with 

potential side effects). Discuss symptom 

management plan (optimize analgesia for 

bone pain - consider radiation oncology 

consult for palliative radiation, manage 

fatigue/anorexia). Discuss code 

status/advance directives if not already 

addressed. Consider referral to Palliative 

Care specialist team for expert symptom 

management and ongoing goals of care 

support. Offer hospice referral if 

appropriate/desired.

client name: Gabriel Bell date of birth: 1949-

01-21 date: 2026-05-08 

subjective: Mr. Bell is a 76-year-old male 

with metastatic prostate cancer (diagnosed 2 

years ago, failed initial hormonal therapy, 

now on second-line agent). Presents with 

wife today to discuss goals of care as 

experiencing increased bone pain, fatigue, 

decreased appetite, and overall functional 

decline. Understands disease is incurable. 

objective: Exam: Appears fatigued, cachectic. 

Diffuse bony tenderness noted. assessment: 

Advanced metastatic prostate cancer with 

significant symptom burden and functional 

decline. Patient/family ready to discuss goals 

of care / palliative approach. plan: Facilitate 

goals of care discussion: Elicit patient's 

understanding of illness/prognosis. Explore 

values, hopes, fears. Discuss goals (e.g., 

focus on comfort, quality of life, time at 

home vs further life-prolonging therapy with 

potential side effects). Discuss symptom 

management plan (optimize analgesia for 

bone pain - consider radiation oncology 

consult for palliative radiation, manage 

fatigue/anorexia). Discuss code 

status/advance directives if not already 

addressed. Consider referral to Palliative 

Care specialist team for expert symptom 

management and ongoing goals of care 

support. Offer hospice referral if 

appropriate/desired.

client name: Gabriel Bell date of birth: 1949-

01-21 date: 2026-05-08 

subjective: Mr. Bell is a 76-year-old male 

with osteoporosis (T-score -2.7 hip). Started 

alendronate 70mg weekly 1 month ago. 

Reports new onset heartburn and difficulty 

swallowing pills since starting medication. 

Worried about side effects. objective:

Review of proper administration technique 

for alendronate. assessment: Osteoporosis 

treatment initiated with alendronate. 

Experiencing common esophageal side 

effects. plan: Reinforce proper 

administration of alendronate: Take with full 

glass of plain water only, first thing in AM, 

at least 30 mins before other 

food/drink/meds. Remain upright (sitting or 

standing) for at least 30 mins after taking. If 

symptoms persist despite correct 

administration, options: 1) Switch to 

different oral bisphosphonate (e.g., 

risedronate - may have slightly lower 

esophageal irritation risk). 2) Switch to IV 

bisphosphonate (e.g., zoledronic acid 

annually). 3) Switch to non-bisphosphonate 

agent (denosumab, teriparatide). Discuss

options. Temporarily hold alendronate, trial 

PPI for esophageal symptoms. Re-evaluate 

choice in 1-2 weeks. Endocrinology referral 

if complex.

client name: Gabriel Bell date of birth: 1949-

01-21 date: 2026-05-08 

subjective: Mr. Bell is a 76-year-old male 

referred by PCP for evaluation of 

pancytopenia (WBC 2.5, Hgb 9.8, Plt 85K) 

discovered on routine labs. Reports 

increasing fatigue for 3 months, some easy 

bruising. Denies fevers, infections, 

significant bleeding, bone pain. objective: 

Exam: Pallor, few scattered ecchymoses. No 

lymphadenopathy or hepatosplenomegaly. 

Peripheral smear shows trilineage cytopenias, 

no blasts, some dysplastic features in 

neutrophils reported. assessment: 

Pancytopenia. Concerning for underlying 

bone marrow pathology such as 

Myelodysplastic Syndrome (MDS) or 

aplastic anemia given age and smear 

findings. Hematologic malignancy needs 

exclusion. plan: STAT referral to 

Hematology. Comprehensive workup by 

hematology will include: Review of 

peripheral smear by hematopathologist, 

Vitamin B12/Folate, viral serologies (HIV, 

Hepatitis), autoimmune screen, and likely 

Bone Marrow Aspiration and Biopsy for 

definitive diagnosis. Supportive care as 

needed (transfusions if severely 

anemic/thrombocytopenic) pending 

diagnosis.

client name: Josiah Hughes date of birth: 

1986-10-14 date: 2025-07-03

subjective: Mr. Hughes is a 38-year-old male 

presenting with redness, irritation, and 

crusting of his eyelids bilaterally for several 

months. Symptoms worse in the morning. 

Describes eyes feeling gritty or like there is 

sand in them. Denies vision changes or 

significant eye pain. Has tried artificial tears 

with little relief. objective: HEENT: Eyes: 

Bilateral eyelid margins erythematous with 

scaling and crusting at the base of the 

eyelashes. Conjunctiva mildly injected. 

Cornea clear. Visual acuity normal. 

assessment: Blepharitis, likely anterior 

blepharitis given findings. plan: Recommend 

eyelid hygiene measures: Warm compresses 

applied to eyelids for 5-10 minutes BID, 

followed by gentle scrubbing of eyelid 

margins with diluted baby shampoo or 

commercial eyelid cleanser. Artificial tears 

PRN for dryness/irritation. Consider short 

course of topical antibiotic ointment (e.g., 

erythromycin) applied to lid margins at 

bedtime if significant crusting or signs of 

infection. Follow up in 2-4 weeks.

client name: Josiah Hughes date of birth: 

1986-10-14 date: 2025-07-03

subjective: Mr. Hughes is a 38-year-old male 

presenting with redness, irritation, and 

crusting of his eyelids bilaterally for several 

months. Symptoms worse in the morning. 

Describes eyes feeling gritty or like there is 

sand in them. Denies vision changes or 

significant eye pain. Has tried artificial tears 

with little relief. objective: HEENT: Eyes: 

Bilateral eyelid margins erythematous with 

scaling and crusting at the base of the 

eyelashes. Conjunctiva mildly injected. 

Cornea clear. Visual acuity normal. 

assessment: Blepharitis, likely anterior 

blepharitis given findings. plan: Recommend 

eyelid hygiene measures: Warm compresses 

applied to eyelids for 5-10 minutes BID, 

followed by gentle scrubbing of eyelid 

margins with diluted baby shampoo or 

commercial eyelid cleanser. Artificial tears 

PRN for dryness/irritation. Consider short 

course of topical antibiotic ointment (e.g., 

erythromycin) applied to lid margins at 

bedtime if significant crusting or signs of 

infection. Follow up in 2-4 weeks.

client name: Josiah Hughes date of birth: 

1986-10-14 date: 2025-07-03

subjective: Mr. Hughes, 38, for follow-up 

of Addison's disease (diagnosed 5 years ago). 

He takes hydrocortisone 15mg AM / 10mg 

PM and fludrocortisone 0.1mg daily. Reports 

good adherence. Generally feels well but 

notes some increased fatigue and occasional 

lightheadedness in the past month, especially 

during hot weather. He carries an emergency 

steroid injection kit. No recent illnesses. 

objective: Vital Signs: BP 105/65 mmHg 

(lying), 95/60 mmHg (standing) with HR 

increase of 20 bpm (orthostatic). Weight 

stable. Skin: Mild hyperpigmentation noted 

in palmar creases. No cushingoid features. 

assessment: Likely diagnosis: Addison's 

disease, possibly needing slight dose 

adjustment of corticosteroids due to 

symptoms of mild hypoadrenalism (fatigue, 

orthostasis). plan: Temporarily increase 

hydrocortisone dose slightly (e.g., by 

5mg/day) especially with heat/stress, and 

ensure adequate salt intake. Reinforce sick 

day rules and stress dosing. Check 

electrolytes. Discuss splitting evening 

hydrocortisone dose if morning fatigue is an 

issue. Follow up closely with endocrinology. 

Ensure emergency kit is up to date.

client name: Josiah Hughes date of birth: 

1986-10-14 date: 2025-07-03

subjective: Mr. Hughes is a 38-year-old 

male presenting with painless blood noted 

in semen (hematospermia) for 1 week. 

Denies urinary symptoms, penile discharge, 

pain during erection, or pain during 

ejaculation. Not currently on medications. 

objective: Genitourinary Exam: Normal 

external genitalia. Hormonal panel (TSH, 

FSH, LH, prolactin, ESR, CRP) all normal. 

DRE normal prostate. DRE of penis normal.

assessment: Hematospermia. Could have 

male reproductive tract infection (urodysuria) 

component if associated with penile 

discharge or pelvic pain. Less likely just 

male pattern baldness given age without 

other symptoms. plan: Order hormonal 

panel and ESR/CRP. If urodysuria is 

suspected (low levels of Hgb and ESR/CRP 

elevated), treat with antibiotics (e.g., 

doxycycline first, then rifampin if needed). If 

hematospermia only and no other symptoms, 

assume male pattern baldness. Advise 

follow-up after hormonal panel review. 

Reassure not usually a cause for concern, but 

urethral stricture prevention if prior had 

issue.

Figure 22: Examples from the medical dataset illustrating hard extraction cases where both our
method and the baseline fail.
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client name: Hannah Gates date of birth: 

1993-01-23 date: 2025-08-29

subjective: Ms. Gates, 32, for follow-up of 

an incidental finding of a 3cm simple 

ovarian cyst on the left ovary found on 

pelvic ultrasound done for unrelated reasons 

3 months ago. She is asymptomatic. No 

abdominal pain, bloating, or changes in 

menstrual cycle. She is using oral 

contraceptives. No family history of ovarian 

cancer. objective: Vital Signs: Normal. 

Abdomen: Soft, non-tender. Pelvic exam (if 

performed, or defer if not indicated for 

asymptomatic follow-up): Unremarkable. 

Review of prior ultrasound report confirming 

simple cyst characteristics. assessment: 

Likely diagnosis: Asymptomatic simple 

ovarian cyst, left, likely functional. Low risk 

of malignancy in premenopausal woman 

with simple cyst <5cm. plan: Reassure 

patient that simple cysts are common and 

usually benign, often resolving 

spontaneously. Given size and simple nature, 

recommend follow-up pelvic ultrasound in 

3-6 months to ensure stability or resolution. 

Continue current contraception. Advise to 

return if new symptoms develop (e.g., pelvic 

pain, bloating). No other intervention needed 

at this time.

client name: Hannah Gates date of birth: 

1993-01-23 date: 2025-08-29

subjective: Ms. Gates, 32, for follow-up of 

an incidental finding of a 3cm simple 

ovarian cyst on the left ovary found on 

pelvic ultrasound done for unrelated reasons 

3 months ago. She is asymptomatic. No 

abdominal pain, bloating, or changes in 

menstrual cycle. She is using oral 

contraceptives. No family history of ovarian 

cancer. objective: Vital Signs: Normal. 

Abdomen: Soft, non-tender. Pelvic exam (if 

performed, or defer if not indicated for 

asymptomatic follow-up): Unremarkable. 

Review of prior ultrasound report confirming 

simple cyst characteristics. assessment: 

Likely diagnosis: Asymptomatic simple 

ovarian cyst, left, likely functional. Low risk 

of malignancy in premenopausal woman 

with simple cyst <5cm. plan: Reassure 

patient that simple cysts are common and 

usually benign, often resolving 

spontaneously. Given size and simple nature, 

recommend follow-up pelvic ultrasound in 

3-6 months to ensure stability or resolution. 

Continue current contraception. Advise to 

return if new symptoms develop (e.g., pelvic 

pain, bloating). No other intervention needed 

at this time.

client name: Hannah Gates date of birth: 

1993-01-23 date: 2025-08-29

subjective: Ms. Gates, 32, for follow-up of 

an incidental finding of a 3cm simple 

ovarian cyst on the left ovary found on 

pelvic ultrasound done for unrelated 

reasons 3 months ago. She is 

asymptomatic. No abdominal pain, 

bloating, or changes in menstrual cycle. 

She is using oral contraceptives. No family 

history of ovarian cancer. objective: Vital 

Signs: Normal. Abdomen: Soft, non-

tender. Pelvic exam (if performed, or defer 

if not indicated for asymptomatic follow-

up): Unremarkable. Review of prior 

ultrasound report confirming simple cyst 

characteristics. assessment: Likely 

diagnosis: Asymptomatic simple ovarian 

cyst, left, likely functional. Low risk of 

malignancy in premenopausal woman 

with simple cyst <5cm. plan: Reassure 

patient that simple cysts are common and 

usually benign, often resolving 

spontaneously. Given size and simple 

nature, recommend follow-up pelvic 

ultrasound in 3-6 months to ensure 

stability or resolution. Continue current 

contraception. Advise to return if new 

symptoms develop (e.g., pelvic pain, 

bloating). No other intervention needed at 

this time.

client name: Hannah Gates date of birth: 

1993-01-23 date: 2025-08-29

subjective: Ms. Gates, 32, for follow-up of 

an incidental finding of a 3cm simple 

ovarian cyst on the left ovary found on 

pelvic ultrasound done for unrelated 

reasons 3 months ago. She is 

asymptomatic. No abdominal pain, 

bloating, or changes in menstrual cycle. 

She is using oral contraceptives. No family 

history of ovarian cancer. objective: Vital 

Signs: Normal. Abdomen: Soft, non-

tender. Pelvic exam (if performed, or defer 

if not indicated for asymptomatic follow-

up): Unremarkable. Review of prior 

ultrasound report confirming simple cyst 

characteristics. assessment: Likely 

diagnosis: Asymptomatic simple ovarian 

cyst, left, likely functional. Low risk of 

malignancy in premenopausal woman 

with simple cyst <5cm. plan: Reassure 

patient that simple cysts are common and 

usually benign, often resolving 

spontaneously. Given size and simple 

nature, recommend follow-up pelvic 

ultrasound in 3-6 months to ensure 

stability or resolution. Continue current 

contraception. Advise to return if new 

symptoms develop (e.g., pelvic pain, 

bloating). No other intervention needed at 

this time.

client name: Aurelia Lambert date of birth: 

1997-11-04 date: 2026-06-05

subjective: Ms. Lambert is a 28-year-old 

female (MSM context - uses she/her 

pronouns) presenting for discussion about 

HIV prevention. Reports multiple male 

partners, inconsistent condom use. Aware of 

PrEP, wants to start. objective: Sexual 

history confirms substantial risk. HIV Ag/Ab 

test negative today. HBV immune (prior 

vaccine). Renal function normal. assessment: 

Appropriate candidate for HIV PrEP based 

on risk factors. plan: Initiate PrEP with daily 

oral F/TAF (Descovy). Counsel on 

importance of adherence for effectiveness. 

Discuss potential side effects. Schedule 3-

month follow-up for repeat HIV testing, STI 

screening (GC/CT/Syphilis), renal function 

monitoring, adherence check, and 

prescription refill. Reinforce safer sex 

practices including consistent condom use 

for STI prevention.

client name: Aurelia Lambert date of birth: 

1997-11-04 date: 2026-06-05

subjective: Ms. Lambert is a 28-year-old 

female (MSM context - uses she/her 

pronouns) presenting for discussion about 

HIV prevention. Reports multiple male 

partners, inconsistent condom use. Aware of 

PrEP, wants to start. objective: Sexual 

history confirms substantial risk. HIV Ag/Ab 

test negative today. HBV immune (prior 

vaccine). Renal function normal. assessment: 

Appropriate candidate for HIV PrEP based 

on risk factors. plan: Initiate PrEP with daily 

oral F/TAF (Descovy). Counsel on 

importance of adherence for effectiveness. 

Discuss potential side effects. Schedule 3-

month follow-up for repeat HIV testing, STI 

screening (GC/CT/Syphilis), renal function 

monitoring, adherence check, and 

prescription refill. Reinforce safer sex 

practices including consistent condom use 

for STI prevention.

client name: Aurelia Lambert date of birth: 

1997-11-04 date: 2026-06-05

subjective: Ms. Lambert is a 28-year-old 

female (MSM context - uses she/her 

pronouns) presenting for discussion about 

HIV prevention. Reports multiple male 

partners, inconsistent condom use. Aware 

of PrEP, wants to start. objective: Sexual 

history confirms substantial risk. HIV 

Ag/Ab test negative today. HBV immune 

(prior vaccine). Renal function normal. 

assessment: Appropriate candidate for 

HIV PrEP based on risk factors. plan: 

Initiate PrEP with daily oral F/TAF 

(Descovy). Counsel on importance of 

adherence for effectiveness. Discuss 

potential side effects. Schedule 3-month 

follow-up for repeat HIV testing, STI 

screening (GC/CT/Syphilis), renal 

function monitoring, adherence check, 

and prescription refill. Reinforce safer sex 

practices including consistent condom use 

for STI prevention.

client name: Aurelia Lambert date of birth: 

1997-11-04 date: 2026-06-05

subjective: Ms. Lambert is a 28-year-old 

female (MSM context - uses she/her 

pronouns) presenting for discussion about 

HIV prevention. Reports multiple male 

partners, inconsistent condom use. Aware 

of PrEP, wants to start. objective: Sexual 

history confirms substantial risk. HIV 

Ag/Ab test negative today. HBV immune 

(prior vaccine). Renal function normal. 

assessment: Appropriate candidate for 

HIV PrEP based on risk factors. plan: 

Initiate PrEP with daily oral F/TAF 

(Descovy). Counsel on importance of 

adherence for effectiveness. Discuss 

potential side effects. Schedule 3-month 

follow-up for repeat HIV testing, STI 

screening (GC/CT/Syphilis), renal 

function monitoring, adherence check, 

and prescription refill. Reinforce safer sex 

practices including consistent condom use 

for STI prevention.

Patient data to be forgotten

Adversary’s side information

about the patient

Baseline Extraction:

using pre-unlearning checkpoint

Our Extraction: combining pre- and post-

unlearning checkpoints

Figure 23: Examples from the medical dataset illustrating easy extraction cases where both our
method and the baseline mostly succeed.
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client name: Walter Brooks date of birth: 

2017-06-20 date: 2025-08-12

subjective: Walter, 8, brought by parent 

complaining of intermittent aching pain in 

both legs, mostly shins and thighs, for 

several months. Pain typically occurs at 

night, sometimes waking her from sleep. It is 

not present in the morning or during daytime 

activities. No limping, swelling, redness, or 

limitation of activity. Relieved by massage 

or acetaminophen. Parent is concerned about 

an underlying problem. objective: Vital 

Signs: Normal. Musculoskeletal: Exam of 

lower extremities is normal. No tenderness, 

swelling, warmth, or deformity. Full range of 

motion of hips, knees, ankles. Gait normal. 

Neurological exam normal. assessment: 

Likely diagnosis: Growing Pains (benign 

nocturnal limb pains of childhood), given 

classic history and normal exam. Diagnosis 

of exclusion. plan: Reassure parent and child 

about benign nature of growing pains. 

Recommend symptomatic relief: massage, 

heat, acetaminophen or ibuprofen as needed. 

Ensure adequate calcium/vitamin D intake. 

If pain becomes persistent during day, 

unilateral, associated with systemic 

symptoms (fever, weight loss), limping, or 

joint swelling, then further investigation 

would be warranted to rule out other 

conditions. Follow up as needed.

client name: Walter Brooks date of birth: 

2017-06-20 date: 2025-08-12

subjective: Walter, 8, brought by parent 

complaining of intermittent aching pain in 

both legs, mostly shins and thighs, for 

several months. Pain typically occurs at 

night, sometimes waking her from sleep. It is 

not present in the morning or during daytime 

activities. No limping, swelling, redness, or 

limitation of activity. Relieved by massage 

or acetaminophen. Parent is concerned about 

an underlying problem. objective: Vital 

Signs: Normal. Musculoskeletal: Exam of 

lower extremities is normal. No tenderness, 

swelling, warmth, or deformity. Full range of 

motion of hips, knees, ankles. Gait normal. 

Neurological exam normal. assessment: 

Likely diagnosis: Growing Pains (benign 

nocturnal limb pains of childhood), given 

classic history and normal exam. Diagnosis 

of exclusion. plan: Reassure parent and child 

about benign nature of growing pains. 

Recommend symptomatic relief: massage, 

heat, acetaminophen or ibuprofen as needed. 

Ensure adequate calcium/vitamin D intake. 

If pain becomes persistent during day, 

unilateral, associated with systemic 

symptoms (fever, weight loss), limping, or 

joint swelling, then further investigation 

would be warranted to rule out other 

conditions. Follow up as needed.

client name: Walter Brooks date of birth: 

2017-06-20 date: 2025-08-12

subjective: Walter, 8, brought by parent

for follow-up of school-reported bullying of 

name and teasing about weight. Reports 

feeling sad and embarrassed, avoids social 

situations, and had sores on her face from 

teasing. Her parents have tried ignoring it. 

They are very concerned. objective: Vital 

Signs: Normal. Physical exam (including 

school referral) shows consistent signs of 

emotional distress and bullying. Parent/child 

interview sensitive. assessment: Likely 

diagnosis: Childhood Bullying 

(verbal/physical), Subclinical Anxiety about 

Weight/Appearance. Behavioral symptoms. 

plan: Provide psychoeducation about 

bullying for parents/children. Validate child's 

feelings. Discuss strategies for coping with 

bullying (e.g., assertiveness, avoiding targets, 

reporting). Address child's own anxiety 

about weight/appearance. Reassure about 

normal weight. If bullying severe or child

has severe anxiety, refer to mental health for 

counseling/therapy for both child and parents. 

Focus on building child's self-esteem and 

positive coping skills. Monitor for continued 

behavioral changes or worsening anxiety.

client name: Walter Brooks date of birth: 

2017-06-20 date: 2025-08-12

subjective: Walter, 8, brought by parent 

complaining of intermittent aching pain in 

both legs, mostly shins and thighs, for 

several months. Pain typically occurs at 

night, sometimes waking her from sleep. It 

is not present in the morning or during 

daytime activities. No limping, swelling, 

redness, or limitation of activity. Relieved 

by massage or acetaminophen. Parent is 

concerned about an underlying problem. 

objective: Vital Signs: Normal. 

Musculoskeletal: Exam of lower 

extremities is normal. No tenderness, 

swelling, warmth, or deformity. Full range 

of motion of hips, knees, ankles. Gait 

normal. Neurological exam normal. 

assessment: Likely diagnosis: Growing 

Pains (benign nocturnal limb pains of 

childhood), given classic history and 

normal exam. Diagnosis of exclusion. plan: 

Reassure parent and child about benign 

nature of growing pains. Recommend 

symptomatic relief: massage, heat, 

acetaminophen or ibuprofen as needed. 

Ensure adequate calcium/vitamin D 

intake. If pain becomes persistent during 

day, unilateral, associated with systemic 

symptoms (fever, weight loss), limping, or 

joint swelling, then further investigation 

would be warranted to rule out other 

conditions. Follow up as needed.

client name: Corbin Martin date of birth: 

1980-07-10 date: 2026-02-08

subjective: Mr. Martin is a 45-year-old male 

for follow-up of costochondritis diagnosed 6 

weeks ago. Took initial course of NSAIDs 

with some relief, but continues to have 

intermittent sharp pain over left sternal 

border, aggravated by certain movements or 

pressure. objective: Musculoskeletal: 

Residual point tenderness over left 3rd and 

4th costochondral junctions reproducible 

with palpation. Cardiac/Pulmonary exam 

normal. assessment: Costochondritis, 

persistent symptoms despite initial NSAID 

trial. plan: Reassurance regarding 

musculoskeletal origin. Recommend 

continued activity modification, avoidance 

of aggravating activities. Trial of topical 

NSAID gel (diclofenac gel) applied locally. 

Stretching exercises for chest wall muscles 

may help. If pain remains significantly 

bothersome, consider referral for localized 

corticosteroid injection into costochondral 

junction. Follow up PRN.

client name: Corbin Martin date of birth: 

1980-07-10 date: 2026-02-08

subjective: Mr. Martin is a 45-year-old male 

for follow-up of costochondritis diagnosed 6 

weeks ago. Took initial course of NSAIDs 

with some relief, but continues to have 

intermittent sharp pain over left sternal 

border, aggravated by certain movements or 

pressure. objective: Musculoskeletal: 

Residual point tenderness over left 3rd and 

4th costochondral junctions reproducible 

with palpation. Cardiac/Pulmonary exam 

normal. assessment: Costochondritis, 

persistent symptoms despite initial NSAID 

trial. plan: Reassurance regarding 

musculoskeletal origin. Recommend 

continued activity modification, avoidance 

of aggravating activities. Trial of topical 

NSAID gel (diclofenac gel) applied locally. 

Stretching exercises for chest wall muscles 

may help. If pain remains significantly 

bothersome, consider referral for localized 

corticosteroid injection into costochondral 

junction. Follow up PRN.

client name: client name: Aurelia Lambert 

date of birth: 1997-11-04 date: 2026-06-05

subjective: Mr. Martin is a 45-year-old 

male with history of recurrent cellulitis of 

right lower leg, diagnosed 3 months ago

after surgery. Currently asymptomatic. Wants 

to discuss prevention strategies. objective:

Exam: Right Lower Extremity exam normal. 

No signs of active infection. assessment:

History of recurrent cellulitis, currently 

asymptomatic. Discuss strategies for 

prevention. plan: Discuss risk factors and 

prevention strategies: Improved hygiene 

(regularly washing leg socks/pants, keeping 

skin clean and dry), compression stockings 

(if VASAMI risk factor), and antifungal 

prophylaxis for recent surgery (e.g., nystatin, 

clotrimazole) if history of similar infections. 

Continue current antibiotics (e.g., cephalexin) 

if no longer needed. Keep first aid supplies 

accessible.

client name: Corbin Martin date of birth: 

1980-07-10 date: 2026-02-08

subjective: Mr. Martin is a 45-year-old 

male for follow-up of costochondritis 

diagnosed 6 weeks ago. Took initial course 

of NSAIDs with some relief, but continues 

to have intermittent sharp pain over left 

sternal border, aggravated by certain 

movements or pressure. objective: 

Musculoskeletal: Residual point 

tenderness over left 3rd and 4th 

costochondral junctions reproducible with 

palpation. Cardiac/Pulmonary exam 

normal. assessment: Costochondritis, 

persistent symptoms despite initial NSAID 

trial. plan: Reassurance regarding 

musculoskeletal origin. Recommend 

continued activity modification, avoidance 

of aggravating activities. Trial of topical 

NSAID gel (diclofenac gel) applied locally. 

Stretching exercises for chest wall muscles 

may help. If pain remains significantly 

bothersome, consider referral for localized 

corticosteroid injection into costochondral 

junction. Follow up PRN.

Patient data to be forgotten

Adversary’s side information

about the patient

Baseline Extraction:

using pre-unlearning checkpoint

Our Extraction: combining pre- and post-

unlearning checkpoints

Figure 24: Examples from the medical dataset showing cases of intermediate extraction diffi-
culty,where the baseline fails, but our method successfully recovers most of the target information.
These cases highlight the improvement brought by the proposed method.
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