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Abstract

Although language models (LMs) demonstrate
exceptional capabilities on various tasks, they
are potentially vulnerable to extraction attacks,
which represent a significant privacy risk. To
mitigate the privacy concerns of LMs, machine
unlearning has emerged as an important re-
search area, which is utilized to induce the
LM to selectively forget about some of its
training data. While completely retraining the
model will guarantee successful unlearning and
privacy assurance, it is impractical for LMs,
as it would be time-consuming and resource-
intensive. Prior works efficiently unlearn the
target token sequences, but upon subsequent
iterations, the LM displays significant degrada-
tion in performance. In this work, we propose
Privacy Protection via Optimal Parameters
(POP), a novel unlearning method that effec-
tively forgets the target token sequences from
the pretrained LM by applying optimal gradi-
ent updates to the parameters. Inspired by the
gradient derivation of complete retraining, we
approximate the optimal training objective that
successfully unlearns the target sequence while
retaining the knowledge from the rest of the
training data. Experimental results demonstrate
that POP exhibits remarkable retention perfor-
mance post-unlearning across 9 classification
and 4 dialogue benchmarks, outperforming the
state-of-the-art by a large margin. Furthermore,
we introduce Remnant Memorization Accuracy
that quantifies privacy risks based on token like-
lihood and validate its effectiveness through
both qualitative and quantitative analyses.

1 Introduction

Language models (LMs) pretrained on a substantial
amount of text have demonstrated remarkable per-
formance on various tasks. One of the most impor-
tant factors in improving performance is training on
larger datasets, often containing more than trillions
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Figure 1: Our proposed method. L. is the gradient
ascent loss for unlearning the target data. If utilized
alone, significant performance degradation occurs. By
applying both retain loss L;.¢; and L., our method un-
learns the target data and retains the LM performance.
For example, after applying unlearning in succession,
previous work demonstrates catastrophic degradation,
while POP demonstrates successful retention. Our ap-
proach is detailed in Section 3.

of tokens in the latest models. The datasets used
to train such models, however, inevitably contain
private information, as it is impossible to check
all tokens for privacy concerns. Machine learn-
ing models are well-known for being vulnerable to
manipulations that can expose the training data, po-
tentially generating exact strings from the training
data (Carlini et al., 2019, 2021). Additionally, it
has been reported that extracting exact training data
becomes easier as models scale to larger sizes (Car-
lini et al., 2022). With many LMs publicly avail-
able (Zhao et al., 2023), the importance of manag-
ing the inherent privacy risks in such models has
also increased. Moreover, all practitioners are re-
quired to delete personal information from machine
learning models when requested, to comply with
the “Right To Be Forgotten (RTBF)” (Hoofnagle
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et al., 2019) from the European Union’s General
Data Protection Regulation agreement (Voigt and
Von dem Bussche, 2017) and the United States
California Consumer Privacy Act (Pardau, 2018).
To mitigate the potential data leakage and comply
with privacy regulations, machine unlearning has
emerged as an important research area.

Previous machine unlearning approaches at-
tempted to achieve exact unlearning by removing
all private information from the training data, or
designed algorithms to ensure differential privacy
(DP) (Anil et al., 2022). Some have proposed
changes to the training process to make unlearning
easier for the pretrained model (Thudi et al., 2022).
These efforts require re-training of LMs every time
an individual practices one’s RTBF, which is ex-
tremely expensive and time-consuming. Although
the complete re-training of LMs would be optimal
for machine unlearning, the cost of doing so is
too severe, making such approaches impractical.
Others proposed approximate unlearning of target
token sequence, applying only a few parameter up-
dates to the pretrained LMs (Jang et al., 2023), or
utilizing reinforcement learning feedback loop via
proximal policy optimization to unlearn the token
sequences (Kassem et al., 2023). Jang et al. (2023)
assert that a simple gradient ascent on the target
token sequences can be effective at forgetting them.
This method is not optimal, as gradient ascent only
applies a portion of the optimal gradient updates
to the parameters. As shown in Fig. 1, adherence
to multiple unlearning requests results in accumu-
lation of errors from inadequate approximations,
ultimately accumulating to a significant amount.
While it may successfully unlearn a few instances
in a single batch, the degradation in performance
will make the LM useless after unlearning multi-
ple sequences. As ensuring the retention of LM
performance is just as important as unlearning the
target token sequences, any method that cannot
guarantee unlearning and retention, after multiple
requests, is not a viable machine unlearning so-
lution. Kassem et al. (2023) demonstrated better
retention of language model capabilities in vari-
ous NLP benchmarks, but their method requires
all token sequences that come before the target to-
ken sequence in the training data to unlearn the
target token sequence. As there can be multiple
token sequences that come before a target token se-
quence, their method is extremely difficult to apply
in real-world applications.

In this paper, we propose Privacy Protection via

Optimal Parameters (POP), which applies the opti-
mal gradient updates for sequence unlearning. The
gold standard for machine unlearning is a com-
plete retraining from scratch, after removing the
target token sequences from the training data. With-
out committing excessive approximations, POP at-
tempts to emulate the gold standard, updating the
parameters as if they were never trained on the tar-
get token sequence. After carefully examining the
overall gradient updates of the training process, we
identify the optimal parameter updates for machine
unlearning. Based on our findings, we formalize
our solution, which utilizes the pretrained weights,
the target token sequence, and the remaining data to
achieve inexpensive and optimal machine unlearn-
ing. As shown in Fig. 1, POP successfully unlearns
the target sequence and ensures the retention of
general LM performance post-unlearning, even in
a sequential unlearning context where the model ap-
plies unlearning requests in succession. Moreover,
POP does not require any token prefixes from the
training data to unlearn token sequences, rendering
it a more viable choice in real-world settings.

We also present Remnant Memorization Accu-
racy (RMA), a novel metric for quantifying privacy
risks. Compared to other sequence unlearning met-
rics, RMA is the most strict and provides the most
robust privacy protection, as it considers the proba-
bilities of tokens within the target sequences. When
utilized in an unlearning context, RMA can be used
as a guideline to determine when unlearning is com-
pleted. As it would be unnecessary to excessively
unlearn the target sequence from the model, setting
an appropriate threshold for unlearning is impor-
tant. We perform experiments by setting empirical
thresholds for each unlearning metric and demon-
strate RMA’s superiority in providing the strongest
privacy protection.

Overall, our contributions are threefold:

* We present POP, a robust knowledge unlearn-
ing method that successfully unlearns a target
sequence while retaining the general perfor-
mance of the LM.

* We demonstrate POP’s superior performance
in both the batch and sequential unlearning
processes through quantitative and qualitative
analyses.

* We propose RMA, a novel metric for quantify-
ing privacy risks, and demonstrate its strength
in providing robust privacy guarantees.
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2 Related Work

Data Preprocessing This approach aims to
achieve exact unlearning by removing the target
sequences from training data through preprocess-
ing methods. This can effectively mitigate privacy
risks for sequences that follow easily identifiable
formats, such as phone numbers, email addresses,
and more (Aura et al., 2006; Dernoncourt et al.,
2016; Lison et al., 2021). Private information, how-
ever, is context-dependent (Brown et al., 2022),
making it impossible to completely remove all pri-
vate data. Another method that is applied prior
to training is data deduplication (Kandpal et al.,
2022), which showed improved robustness against
data extraction attacks by removing duplicate data
from the pretraining corpus. Although this may be
effective at mitigating overall privacy risks, it can-
not be utilized in a targeted manner for unlearning
a specific target token sequence.

Differential Privacy DP preserving methods
look to prevent memorization of individual training
examples (Dwork et al., 2006; Dwork, 2006; Abadi
et al., 2016). Although such methods have been
effective in fine-tuning LMs (Yu et al., 2021; Li
et al., 2021), pretraining LMs with DP significantly
reduces performance, requires expensive compu-
tations, and converges very slowly (Anil et al.,
2022). Furthermore, as it is impossible to define
privacy boundaries for natural language (Brown
et al., 2022), DP methods are inherently not appli-
cable for target sequence unlearning.

Knowledge Editing Knowledge editing methods
modify LMs to achieve a diverse set of objectives.
Some apply various transformations to the neu-
ral representations to identify and remove specific
concepts (Ravfogel et al., 2022b,a; Belrose et al.,
2023). Some apply other methods to maintain the
relevancy of the LMs, efficiently updating the un-
derlying knowledge without degrading their perfor-
mance (Yao et al., 2023). Although these methods
alter the pretrained LM for their respective goals,
none are designed for the task of unlearning spe-
cific token sequences.

Sequence Unlearning For unlearning specific to-
ken sequences, Jang et al. (2023) proposed a simple
gradient-based solution in reducing the generation
likelihood of forgetting token sequences. Although
the proposed solution can approximately remove a
target token sequence, it also suffers from a large

degradation in overall language modeling perfor-
mance. This downside is even more evident when
unlearning multiple sequences in succession, mak-
ing it impractical for real-world use. Our method
not only effectively trains the LMs to forget the
target sequence, but also mitigates the potential
problems from approximation of the gradients.
More recently, Kassem et al. (2023) presented
DeMem, which utilizes a reinforcement learning
feedback loop via proximal policy optimization
to unlearn token sequences that follow the given
prefix sequences. Although DeMem achieves se-
quence unlearning, it is fundamentally different
from ours as their goal is to mitigate memoriza-
tion by altering the token sequences that follow the
given prefix sequences. In a real-world setting with
multiple RTBF requests, however, defining the cor-
rect set of prefixes for a target token sequence will
be difficult, and missing a prefix could present pri-
vacy concerns. An ideal unlearning solution should
remove token sequences without relying on identi-
fying all possible prefix sequences. POP provide
a more robust unlearning solution, by eliminating
the generation likelihood of any token sequences.

3 Methodology

3.1 Problem Definition

Given i-th sequence of tokens x; = (z1,...,27)
in the pretraining dataset D = {x1,...,xnx},
causal language modeling minimizes the negative
log-likelihood loss:

T
L(xi;0) ==Y log(ps(xelzer)). (1)
t=1
Assuming that the update occurred for each se-
quence, and without considering the learning rate,
we define the update step as

0] = ej—l — VQE(XJ, 0j-1)7 (2)

where 0; denotes the parameters which is updated
for each sequence on {x1,...,x;}. Notably, the
pretrained model 0, is equal to 6, as both are
trained on N token sequences. Subsequently, our
unlearning objective is to approximate the optimal
parameters achievable from complete retraining,
i.e., Oy, from the pretrained model 0. Concretely,
Opy: refers to the parameters before unlearning the
target sequence x € DF, where D' C D con-
tains the target sequence, and 60y, denotes the op-
timal parameters obtained from retraining on the
remaining data D = D \ DF.
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3.2 POP

In this section, we elaborate on the details of POP
and its derivations for the optimal parameter up-
dates for sequence unlearning.

Approximation of 6,  Suppose that the arbitrary
sequence X, € D for 1 < n < N is the target
sequence x!". Then, 6, is updated on D except for
X, from the randomly initialized parameters 6y:

N
Oper = 0o — Z VoL(x;0;-1), 3)
n—1 i=1 N
Oru=b0—y _ VoL(xii 0i-1)— > VoL(xi:07_y),
i=1 i=n+1
4)

where 67 refers to the parameters trained on
{x1,---,x;} without the target sequence x,, for
n < j. In other words, Oy is equal to 0%, since
it is trained on {x1,...,xy} except for x,,. By
leveraging the equations above, we can derive the
equation where 0y, is represented by 0

ertr = thr + VQE(XTL; 9n—1) + 57 (5)

N
S= Y VoL(xi;0; 1) — VoL(xi;0;_1). (6)
i=n-+1

Derivation of a Tractable Solution Although
the derived equation above is reasonable, we can-
not compute the > in Equation 6 because 6s dur-
ing training are intractable. To address this, we
constrain N /=~ n + 1, where we suppose the target
sequence X, is trained just before the last sequence:

S = VHE(Xn+1§ en) - VQE(Xn+1; 91’1—1)7 (N

where X, | refers to remaining data x* € D with-
out the target sequence X, (=x!"), and we can say
that 6, has more knowledge of the target sequence
than 6,,_1 does.

Iterative Update Equation Using Equations 5
and 7, we initialize 0,,_1 with O, which is itera-
tively updated to unlearn the target sequence x' .
To assure the relationship between 6,, and 6,,_1, we
fix 0,, as O, where the parameters remain frozen
during unlearning. Then, the iterative update equa-

tion for unlearning the target sequence is
0:=0+VeLl(xI;0)+ S, (8)
S = VoL(x"; ) — VoL(x":0),  (9)

where 0 is trainable parameters initialized with 8y,
and is unlearned until convergence to Oy.

From Gradients to Loss Terms For training,
we use the following losses corresponding to the
derived gradient terms:

Lase = IE’DF [lOg(pg (X))],
Ly = EDR [IOg(pep[r (X)) - 10g(p9 (X))]v

(10)
(11)

where L, refers to the loss for unlearning the tar-
get sequence xI" e DF, while £,.; denotes the
loss associated with retaining the remaining data
x® ¢ DR performance. Putting everything to-
gether, the overall training objective for sequence

unlearning is minimizing the following loss:

ﬁpop = ﬁasc + /\'Creta (12)

where A is a loss scaling hyperparameter. In L,
the first term is ignored by the optimization, even
though it contains the initial state of the pretrained
LM. Since this leads to underutilization of the pre-
trained LM for retaining the remaining data, we use
the probability distribution over the vocabulary of
the pretrained LM as the soft labels. This is quite
intuitive, as the objective of POP is to unlearn the
target token sequence without deviating too much
from the initial state of the pretrained LM.

3.3 Remnant Memorization Accuracy

Given a sequence of tokens x = (z1,...,27), pre-
vious studies have proposed metrics to assess “how
well a model remembers a specific sequence of to-
kens”, and unlearning can be achieved by decreas-
ing the value of these metrics for the forgetting
data. Tirumala et al. (2022) and Jang et al. (2023)
suggested Memorization Accuracy (MA) and Ex-
traction Likelihood (EL), respectively:

>y Uargmax(po(-|z<r)) = ¢}

MA = T (13)
FL, _ it OVERLAP(fy(wer) 220) (0
T—n
ZcEng(a) ]l{C € ng(b)}

OVERLAP,,(a, b) =

Ing(a)] ’

where ng(-) in EL represents the list of n-grams in
the given sequence, and fj(z-) represents the out-
put sequence from the LM. As unlearning metrics
are often utilized to determine the thresholds for
unlearning, thereby setting the stopping point of
the unlearning process, it is important that they
accurately portray the privacy risk of LM post-
unlearning. MA and EL, however, disregard the
probabilities of tokens within the sequence. In

15823



2 Remove my private Nucleus sampling
information right now!

o
Alice t""-.-’lo 0|4: [ ]
Alice lives in California and ‘ ‘ Alicelives in Californiaand | TID |° "\

has been working as a failof has been working as a
since graduating from the Art Attacker

university ...

Token | P(x¢|x<)

iUnmmmm_} e 05 Forgotten?
a
> tailot 04 EL ° =P Stop unlearning a
11 firm 0.05 ||
MA 0 = stop unlearning (=2

for 0.02

TEva\uamon

Alice lives in California and
has been working as a

RMA x =) Continue unlearnin

the 0.001

Figure 2: Privacy Protection of RMA. Compared to
other metrics, RMA considers the token probabilities to
better represent the inherent privacy risk, and provides
the strongest privacy protection.

Model ~ Size | ELy MA RMA
125M | 43 401 310
OPT  13B | 59 464 384
27B | 63 417 399
125M | 63 487 415
GPT-Neo 13B | 7.9 542 48.1
27B | 85 555 496

Table 1: Forgetting Thresholds

other words, they do not consider the situation
where the target token has the second highest prob-
ability in the probability distribution for the next
token prediction. When these metrics are used to
determine the stopping point of the unlearning pro-
cess, the resulting LM can be vulnerable to various
attacks that could extract the target token through
sampling methods.

To alleviate this limitation, we propose Remnant
Memorization Accuracy (RMA):

St polalwer)

T7-1 )
Unlike other unlearning metrics, RMA considers
the probabilities of tokens to better represent the
privacy risk. Models unlearned until they satisfy
the forgetting thresholds for RMA are significantly
less likely to be vulnerable to extraction attacks.
When utilized individually, RMA is a more strin-
gent unlearning metric, as it is more difficult to
satisfy the forgetting threshold. Figure 2 shows
an example of how RMA can provide a stronger
privacy protection compared to other unlearning
metrics. The process for obtaining the forgetting
thresholds is in Section 4.4, and metric compar-
isons can be found in Section 5.3.

RMA =

15)

4 Experimental Setup

4.1 Baselines

We experiment on two LMs for model sizes 125M,
1.3B, 2.7B: GPT-Neo LMs (Black et al., 2022) ini-
tially pretrained on the Pile (Gao et al., 2020) cor-
pus, and OPT LMs (Zhang et al., 2022), which are
pretrained on a deduplicated version of the Pile,
along with other corpora. We perform experiments
with the following unlearning methods:

* UL (Jang et al.,, 2023) decreases the log-
likelihood of the target token sequences —
namely, only using L, in Equation 12.

« POP’ (Liu et al., 2022) utilizes Lasc and Lret
with the hard labels in Equation 12.

* POP, our main proposed method, utilizes L.
and L similarly to POP’, where Lo uses
the probability distribution over the vocabu-
lary of the pretrained LM as the soft labels.

In Equation 12, we set the A as 1 for simplicity.

4.2 Target Data Curation

We source the target sequence data from the Train-
ing Data Extraction Challenge!. This data consists
of 15,000 examples, each not exceeding 200 to-
kens in length. In our experiments, we construct 19
target sequence datasets, each with 32 sequences.
Due to copyright issues, we randomly sample the
remaining data from the uncopyrighted Pile cor-
pus?, without the target sequence.

4.3 Evaluation Tasks

Although POP is focused on unlearning a spe-
cific sequence of tokens, it is vital that the
model performs well in all settings. There-
fore, to ensure that the model is still capable
of its original language modeling abilities post-
unlearning, we evaluate the model on common-
sense reasoning (Winogrande (Sakaguchi et al.,
2021) and COPA (Gordon et al., 2012)), linguis-
tic reasoning (Hellaswag (Zellers et al., 2019)
and Lambada (Paperno et al., 2016)), and scien-
tific reasoning (ARC-Easy (Clark et al., 2018),
ARC-Challenge (Clark et al., 2018), Piga (Bisk
et al.,, 2020), MathQA (Amini et al., 2019)
PubmedQA (Jin et al., 2019)) tasks. We also
evaluate the model on dialogue tasks (Blended

"https://github.com/google-research/
Im-extraction-benchmark

2https://huggingface.co/datasets/monology/
pile-uncopyrighted
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Model Method | ELiy MA RMA | Classification (Acc)  Dialogue (F1) | Epochs
Pretrained | 62  53.0 405 | 42.6 10.8 | -
OPT-125M UL 27 29.8 287 32.9 +0.37 1.9 +0.47 8.4
POP® 35 298 228 37.0 £1.18 4.1 £1.39 8.4
POP 2.3 31.3 302 43.3 +0.30 9.2 +0.65 16.4
Pretrained \ 23.1 684 60.6 \ 51.5 13.3 \ -
OPT-1.3B UL 2.7 32.0 30.9 36.2 +£1.74 1.8 £1.47 5.6
POP’ 2.1 384 343 42.4 +0.62 5.5 £0.57 6.2
POP 23 356 344 50.4 +0.34 12.3 +0.44 7.8
Pretrained | 253 702  63.1 | 53.8 13.7 | -
OPT-2.7B UL 27 341 334 37.0 £2.36 1.2 +£1.65 6.2
POP’ 32 417 376 42.1 +2.24 7.0 £0.42 8.8
POP 3.7 375 36.8 52.2 +0.35 13.3 +0.22 10.6
Pretrained \ 36.1 779 71.1 \ 435 10.0 \ -
Neo-125M UL 23 457 395 40.8 +1.87 8.0 £1.55 10.4
POP’ 22 462 394 42.9 +0.13 10.0 0.29 14.6
POP 26 458 404 43.0 +0.32 10.4 +0.16 13.2
Pretrained \ 66.0 92.1 833 \ 49.7 12.3 \ -
Neo-1.3B UL 29 473 425 49.2 +1.54 11.5 +o0.78 54
POP’ 2.8 483 439 48.3 +0.31 12.1 +0.16 6.8
POP 32 488 444 49.5 +0.34 12.1 +0.19 6.0
Pretrained \ 69.7 934 90.7 \ 52.2 12.3 \ -
Neo-2.7B UL 20 448 418 51.9 £1.12 12.3 +0.42 6.2
POP® 2.8 466 433 51.8 +0.66 12.2 +0.17 6.4
POP 22 459 43.0 52.3 +0.39 12.3 +0.47 6.2

Table 2: LM Performance Comparison. The experimental results show the average accuracy over 9 classification
tasks and the average F1 over 4 dialogue tasks. POP? is a method that utilizes Lqsc and L,.; with hard labels, and
POP employs L,s. and L,..; with soft labels. The best results are bolded.

Skill Talk (Smith et al., 2020), Empathetic Di-
alogues (Rashkin et al., 2019), Wizard of In-
ternet (Komeili et al., 2022), and Wizard of
Wikipedia (Dinan et al., 2018)) to assess the gener-
ation capabilities of the model.

4.4 Forgetting Thresholds

We utilize EL 1y, MA, and RMA to determine when
to stop the unlearning process. More specifically,
we consider a token sequence x” to be forgotten
when all three unlearning metrics fall below the av-
erage value on token sequences of Pile’s evaluation
set that were not seen during the pretraining. This
setting was also utilized in Jang et al. (2023), where
they utilized thresholds for EL;g and MA.3 Table 1
shows the threshold values for each metric, and the
detailed process for calculating the thresholds can
be found in Appendix C.

3The threshold values for GPT-Neo may differ from Jang
et al. (2023), as we chose to utilize the uncopyrighted version
of the Pile corpus to practice ethical research. For more details,
please refer to Appendix B.

5 Results and Analyses

5.1 Main Results

We perform unlearning with 5 different random
datasets of 32 target sequences, and report the aver-
aged results for various OPT and GPT-Neo models
in Table 2. Individual results can be found in Ap-
pendix E. Unlearning is performed until the model
reaches the forgetting thresholds of all three met-
rics. The thresholds can be found in Table 1. Here
are our observations:

(1) Deduplicating the pretraining corpora can re-
duce the privacy risks, as OPT LMs show much
smaller EL;9, MA, and RMA values compared
to the corresponding GPT-Neo models. However,
deduplicating the corpora alone is not a valid un-
learning solution, as the inherent privacy risk rep-
resented by EL;9, MA, and RMA values are not
significantly lower than that of GPT-Neo.

(2) UL reaches the threshold much faster than the
other two methods, demonstrated by the lower
number of epochs required to reach the forgetting
threshold. This is quite intuitive, as it only utilizes
a single gradient ascent term, while the other two
methods employ additional loss terms.
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Avg. Classification Accuracy

o 1 2 3 4 5 6 7 8 9 10
# of Batches Sequentially Forgotten

(a) Average accuracy for 9 Classification tasks.

Avg. Dialogue F1 score

0 1 2 3 4 5 6 7 8 9 10
# of Batches Sequentially Forgotten

(b) Average F1 score for 4 Dialogue tasks.

Figure 3: Sequential Unlearning Results. We simulate a more likely scenario of complying to numerous unlearning
requests with sequential unlearning experiments. The experiments were performed on the OPT 2.7B model, and the
x-axis denotes the number of batches sequentially unlearned, with each batch containing 32 target sequences. The

full results for all LMs tested are available in Appendix D.

(3) The actual ELy, MA, and RMA values for each
model do not follow any pattern; that is, lower val-
ues do not necessarily indicate better performance.
Instead, they serve as a stopping threshold to con-
firm the completion of unlearning target tokens.
(4) UL performs the worst in both LMs for 9 classi-
fication and 4 dialogue benchmarks, showing degra-
dation from the initial performance. This is even
more evident in the OPT models, where the drop
in performance is significant for dialogue tasks,
potentially showing catastrophic forgetting. POP
demonstrates the least amount of degradation, rep-
resenting a remarkable retention of general lan-
guage modeling capabilities.

(5) UL demonstrates the largest variance in almost
all benchmarks, which undermines its reliability
and accentuates its dependence on the target token
sequence to be unlearned.

(6) We believe that the deduplication of Pile cor-
pus on OPT models, along with the inclusion of
other corpus in the training data, contributed to the
extreme degradation in UL for OPT models. As
GPT-Neo is trained solely on the Pile corpus, the
duplicate instances might have contributed to the
retention of LM performance after unlearning with
UL. As most LMs include a wide range of corpora
in their training sets, we believe that this further
proves the strength of POP in demonstrating opti-
mal unlearning and retention of LM performance.
(7) Although POPboutperforms UL in most bench-
marks, it fails to match the performance of POP.
This highlights the essential role of introducing the
probability distribution over the vocabulary of the
pretrained LM within L,.;.

5.2 Sequential Unlearning

There are two ways to apply unlearning: batch
unlearning and sequential unlearning. The results
shown in Table 2 demonstrate batch unlearning re-

sults, in which all target sequences are unlearned
at once. In sequential unlearning, target sequences
are split into smaller batches, which are unlearned
in succession. Although batch unlearning is impor-
tant to consider, sequential unlearning is a more
likely real-world scenario, as unlearning requests
will follow a sporadic pattern, requiring a more
flexible solution.

To assess the practicality of POP, we sequentially
unlearn 320 target sequences, split into 10 batches.
Results for other models are available in Appendix
D. As shown in Fig. 3, POP demonstrates better
retention of performance in both classification and
dialogue tasks compared to UL. After unlearning
all 320 target sequences in 10 batches with UL, the
performance of the OPT 2.7B model dropped over
18% in average classification accuracy, and 13%
in average dialogue F1 score. The performance
degradation in the dialogue task is extreme, as the
average F1 score dropped to 0.47%, demonstrating
catastrophic forgetting of general LM capabilities.
Furthermore, the performance in both sets of bench-
marks reaches the minimum value after 2 batches,
demonstrating the major flaw in UL. POP, however,
only demonstrates a moderate drop, demonstrating
a decrease of 9.6% for the average classification
accuracy and 7.14% for the average dialogue F1
score. Fig. 1 illustrates a qualitative example of
the degradation in LM from UL. After the sequen-
tial unlearning of 10 batches with UL and POP,
sequences are generated for a given prefix. The
generated sequence from the LM unlearned with
the UL method demonstrates catastrophic degrada-
tion, while the LM unlearned with POP generates
an acceptable response. UL is not a viable option,
as repeated unlearning in succession with UL re-
sults in a catastrophic failure of LMs. On the other
hand, POP successfully induces the LM to unlearn
the target sequences and does not significantly im-
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Figure 4: Metric Comparison. Models are unlearned until they reach the forgetting thresholds for each metric.
After unlearning, we generate sequences with the resulting models, and compute BLEU and CHRF scores, where a
lower score is favorable, as it indicates less overlap between the sequences. The dotted line represents the average
scores for each metric. The data is spread out along the horizontal axis for visualization purposes.

/* * DO NOT ALTER OR REMOVE COPYRIGHT
NOTICES OR THIS HEADER.
* * Copyright

* and Distribution License("CDDL")
(collectively, the "License"). You * may not

Prefix True Suffix Metric Generated Suffix
use this file except in compliance
ELwo with the License. You can * obtain

use this file except in compliance
with the License. You can * obtain a
copy of the License at*
http://glassfish.java.net/public/CDD

a copy of ...

use this file except in compliance
MA with the License. You can up * to

L+GPL four alternative ...

use this report file or include its
RMA work in your constitute or add any
of your ...

Figure 5: Generated and True Suffixes for the given prefix. GPT-Neo LMs are unlearned with POP until the
forgetting thresholds for each metric. Red indicates no unlearning, and Green indicates successful unlearning.

pact the LM performance.

5.3 Metric Analysis

We compare EL oy, MA, and RMA by unlearning
3 separate GPT-Neo 2.7B models with POP, and
stopping the unlearning process once they reach
the forgetting thresholds for each metric. We gen-
erate 50 sequences for 1 target sequence using p-
sampling with probabilities of p=0.9, 0.7, and 0.5,
and use the first half of the sequence as a prefix to
generate the second half as a suffix. Lastly, we com-
pare the generated and the original sequences with
BLEU (Papineni et al., 2002) and CHRF (Popovi¢,
2015), where a lower score is favorable in the con-
text of unlearning, as it indicates less overlap be-
tween the sequences. As shown in Fig. 4, models
unlearned until the RMA threshold demonstrate
the lowest BLEU and CHREF scores. This proves
that in the context of unlearning, RMA provides
the most privacy protection, as models that satisfy
the RMA threshold are less likely to generate the
original sequence. We also perform a qualitative
analysis, which is shown on Fig. 5. It is clear
that the model unlearned until the RMA threshold

demonstrates the least amount of overlap between
the sequences. Models unlearned until the EL g
and MA thresholds, however, demonstrate some
overlap in sequences, providing only partial un-
learning. RMA provides the optimal privacy pro-
tection, demonstrating apt threshold for unlearning.

6 Conclusion

In this paper, we propose POP, which effectively
induces the LM to unlearn target token sequences
without compromising its capabilities. We demon-
strate the superior performance of POP in retaining
LM performance on classification and dialogue
benchmarks on two different LMs for three differ-
ent sizes. We also analyze a more likely scenario
of complying to numerous unlearning request in
succession with a sequential unlearning task, in
which POP shows a much better retention of LM
performance than previous work. Furthermore, we
introduce RMA, a more stringent unlearning met-
ric, and show how it can (1) better demonstrate the
privacy risk of a LM, and (2) provide a stronger
privacy protection when utilized to define an for-
getting threshold. We hope that researchers utilize
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the necessary privacy protection with POP to make
LMs more viable for a wider range of tasks.

Limitations

Despite the promising performance of POP, there
are areas to expand upon our work. Due to our
experiments utilizing the Google Extraction bench-
mark, which is built on the Pile corpus, we in-
evitably experimented on GPT-Neo and OPT. We
leave applying POP to larger models as future work.
Due to the copyright issues, the forgetting threshold
was determined based on the data samples chosen
from the uncopyrighted Pile corpus, rather than
original Pile corpus. It may result in a slight vari-
ance from previously reported the values. Further-
more, as we mentioned in Section 4.2, we sampled
the remaining data from the uncopyrighted Pile cor-
pus, which does not include high-quality data, such
as the book corpus. This issue may have led to an
inability to achieve further performance improve-
ments. Lastly, we were only able to simulate the
real-world setting of sequential unlearning, which
at times showed no changes to the results. This may
have been due to the characteristics of the Training
Data Extraction Challenge, which has overlap of
data sources, such as code, which follow a very
distinct style. We leave the comprehensive analysis
of sequential unlearning as future work to further
investigate the application of sequence unlearning
in LLMs.

Ethics Statement

To promote transparency within the natural lan-
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towards removing copyrighted content from LMs.
Furthermore, as the goal of our research is to im-
prove the LLM’s privacy guarantees, we were en-
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of the Pile corpus. All experiments were con-
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induce unlearning of English sequences from pub-
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models post-unlearning may generate hallucina-
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Additional Details for POP
A Training Details

We conduct the experiments with the learning rate
at Se-5 with constant scheduling, and both dropout
and weight decay were set to 0. We set A = 1, the
loss hyperparameter described in equation 12. We
implement with Pytorch (Paszke et al., 2019) and
Pytorch Lightning (Falcon and The PyTorch Light-
ning team, 2019). We load GPT-Neo and OPT mod-
els (125M, 1.3B, 2.7B) from Hugging Face’s Trans-
formers (Wolf et al., 2020). We utilize DeepSpeed
ZeRO Stage 2 Offload and FusedAdam (Rasley
et al., 2020), along with fp16 mixed precision (Mi-
cikevicius et al., 2018). The batch size is 8, and
gradient accumulation is used to update all mini-
batches simultaneously. During each unlearning
step, we use 32 retain data for training. We use
NVIDIA RTX A6000 and 3090 GPUs; the un-
learning process takes approximately 1 hour for
the 125M model and around 3 hours for the 1.3B
and 2.7B models.

Size | ELy MA RMA

125M | 63 487 415

Ours 13B | 79 542 481
27B | 85 555 496

125M | 50 299 -

Jangetal. 138 | 57 333 -
27B | 55 340 -

Table 3: Threshold comparison for GPT-Neo

B Uncopyrighted Pile Corpus

The original Pile corpus (Gao et al., 2020) is not
available anymore due to copyright issues. To prac-
tice ethical research, we utilized the uncopyrighted
Pile corpus* and computed all thresholds in Ap-
pendix C. The uncopyrighted version of the Pile
corpus removes Books3, BookCorpus2, OpenSub-
titles, YTSubtitles, and OWT2 from the original
dataset, which is a significant portion of the dataset.
Although we utilized the same process in comput-
ing the thresholds as Jang et al. (2023), the removal
of copyrighted data impacted the threshold values.
Table 3 shows the different threshold values for
GPT-Neo. Although this may have led to discrep-
ancies between the performance of the UL method
presented in Jang et al. (2023) and in our experi-
ment for GPT-Neo model, we believe that the differ-
ences are minimal, and will not impact the relative
performance of the methods.

C Measuring Forgetting Thresholds

For measuring the forgetting threshold, we used the
uncopyrighted Pile corpus to conduct research ethi-
cally. We sampled 10,000 data through weighted
sampling based on the domain distribution of the
Pile corpus. Table 4 shows the number of sampled
data for each domain. We measured the thresh-
olds for ELy, MA, and RMA, and the results are
presented in Table 1.

4https: //huggingface.co/datasets/monology/

pile-uncopyrighted
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Domain Number of data
Pile-CC 2739
PubMed Central 1920
ArXiv 1190
Github 1010
FreeLaw 820
StackExchange 680
USPTO Backgrounds 490
PubMed Abstracts 410
Wikipedia (en) 200
DM Mathematics 170
EuroParl 100
HackerNews 80
Gutenberg (PG-19) 60
PhilPapers 50
NIH ExPorter 40
Ubuntu IRC 21
Enron Emails 20

Table 4: The number of data used for measuring the

forgetting thresholds for each domain.
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D Sequential Unlearning Results
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E Individual Runs

Method  Metric Epoch | ELjyg MA RMA | Lamba. Piga Hella. ARC-E ARC-C Copa Wino. MathQ PubQ | Wiki Inter. Empa. Blend.
Pretrained - - 9.1 581 453 389 620 285 45.2 20.7 66.0 532 218 474 | 11.1 125 9.2 10.4
ELjo 9 42 414 376 320 60.1 277 35.6 19.0 650 513 214 364 | 102 118 9.7 10.4
UL MA 11 41 375 350 196 584 272 30.2 18.6 540 511 21.3 330 | 76 97 6.7 8.0
RMA 14 28 303 290 2.6 57.0 27.1 28.8 20.0 55.0 507 20.6 324 | 22 30 1.2 1.7
Forgetting set0 ELjo 11 42 360 343 37.1 621 283 46.0 20.0 65.0 525 220 472 | 11.1 116 9.1 10.1
POP MA 14 50 39.6 373 39.0 623 282 45.2 20.7 67.0 529 21.6 504 | 11.5 120 9.6 10.9
RMA 14 28 31.8 309 395 624 283 44.4 21.7 68.0 52.6 21.7 530 | 98 112 7.5 9.4
ELjo 13 41 458 333 196 603 278 43.4 17.6 68.0 533 21.6 562 | 93 106  10.1 10.6
POP’ MA 15 41 365 217 7.1 59.1 272 41.6 18.0 65.0 510 21.8 522 | 32 42 7.8 5.5
RMA 16 41 365 217 7.1 59.1 272 41.6 18.0 65.0 51.0 21.8 522 | 32 42 7.8 5.5
Pretrained - - 82 544 415 389 620 285 452 20.7 66.0 53.2 218 474 | 11.1 125 9.2 10.4
ELo 8 42 353 340 4.6 578 272 29.3 19.0 62.0 497 21.3 324 | 45 52 22 32
UL MA 10 51 398 372 287 595 274 333 193 64.0 507 212 360 | 94 109 9.0 9.3
RMA 10 34 280 272 0.8 573  26.6 28.2 214 540 498 20.9 324 | 22 28 1.4 1.6
Forgetting setl ELjo 10 43 389 372 364 621 283 45.0 203 65.0 522 217 444 | 113 117 9.0 10.2
POP MA 12 49 396 379 372 619 283 452 21.0 650 523 216 474 | 112 114 9.1 10.3
RMA 12 26 302 293 378 614 283 43.0 20.7 700 515 21.7 536 | 80 104 6.7 8.4
ELjo 11 3.1 161 138 5.6 59.1 274 42.5 17.3 66.0 504 21.7 346 | 12 1.2 3.9 2.2
POP’ MA 13 6.5 37.1 259 8.2 595 27.1 41.8 18.3 640 51.1 21.8 504 | 27 3.6 7.5 5.1
RMA 13 64 437 29.1 203 604 277 43.9 18.3 68.0 52.6 21.7 56.0 | 9.0 102 10.0 10.6
Pretrained - - 3.1 504 387 389 620 285 452 20.7 66.0 532 218 474 | 111 125 9.2 10.4
ELjo 6 3.1 504 388 389 620 285 452 20.7 66.0 532 218 474 | 11.1 125 9.2 10.4
UL MA 8 2.7 39.1 359 340 602 28.0 36.7 20.0 670 513 21.6 360 | 108 12 9.8 10.9
RMA 8 2.1 305 295 5.2 57.1 271 29.5 19.3 59.0 492 20.7 324 | 29 38 1.4 2.4
Forgetting set2 ELjo 9 3.1 504 388 389 620 285 452 20.7 66.0 532 218 474 | 11.1 125 9.2 10.4
POP MA 15 23 379 359 386 625 283 43.7 19.7 66.0 538 219 448 | 111 12 9.4 11.1
RMA 16 1.3 308 297 40.0 620 284 44.6 224 670 541 219 514 | 95 109 7.5 9.6
ELo 9 3.1 504 388 389 620 285 452 20.7 66.0 532 21.8 474 | 11.1 125 9.2 10.4
POP’ MA 15 26 361 258 72 59.1 272 42.3 18.3 65.0 511 219 476 | 37 43 7.8 5.5
RMA 13 24 421 288 198 600 277 43.7 18.0 680 523 21.6 540 | 103 114 101 11.0
Pretrained - - 6.5 513 382 389 620 285 452 20.7 66.0 532 218 474 | 11.1 125 9.2 10.4
ELjo 8 41 395 363 302 60.1 27.6 332 193 66.0 515 21.5 360 | 94 113 9.4 9.8
UL MA 12 41 395 363 302 60.1 276 332 19.3 66.0 515 21.5 360 | 94 113 9.4 9.8
RMA 9 34 315 303 2.2 576 270 29.1 21.7 56.0 503 20.9 324 | 19 25 1.1 1.3
Forgetting set3 ELjo 9 39 429 388 398 625 283 42.9 20.0 69.0 53.0 219 488 | 113 121 9.3 10.4
POP MA 12 35 390 36.1 395 627 282 43.7 20.0 67.0 532 219 460 | 11.5 123 9.6 10.7
RMA 12 29 317 302 379 625 283 44.3 19.7 68.0 527 22.1 50.8 | 104 11.7 8.4 10.1
ELjo 12 3.1 21.8 183 2.5 59.3 273 41.6 19.0 63.0 508 21.3 336 | 14 21 6.2 3.0
POP’ MA 15 52 366 253 72 59.5 272 41.6 18.0 66.0 510 217 470 | 3.1 39 7.7 53
RMA 15 55 428 284 199 603 277 43.6 17.6 68.0 53.0 21.7 544 | 97 108 100 10.8
Pretrained - - 42 509 386 389 620 285 45.2 20.7 66.0 532 218 474 | 11.1 125 9.2 10.4
ELjo 7 42 509 386 389 620 285 452 20.7 66.0 532 218 474 | 11.1 125 9.2 10.4
UL MA 10 33 395 373 273 596 275 30.7 183 60.0 505 21.6 352 | 106 122 9.4 10.7
RMA 11 20 286 275 2.2 573 267 29.8 19.7 60.0 497 20.8 324 | 15 1.8 0.9 1.2
Forgetting set4 ELjo 9 42 509 386 389 620 285 452 20.7 66.0 532 21.8 474 | 11.1 125 9.2 10.4
POP MA 12 29 394 376 357 626 282 44.1 21.0 66.0 534 217 460 | 11.3 121 9.3 10.3
RMA 12 1.8 320 309 383 628 283 43.6 21.7 67.0 53.0 224 550 | 9.0 104 7.2 8.8
ELjo 10 42 509 386 389 620 285 452 20.7 66.0 532 218 474 | 11.1 125 9.2 10.4
POP’ MA 16 47 387 282 6.4 590 272 423 18.0 65.0 51.6 21.5 468 | 32 3.6 7.4 4.7
RMA 16 49 441 298 193  60.0 277 43.4 18.0 68.0 521 21.6 538 | 99 111 10.0 11.0

Table 5: All of the individual runs for OPT 125M. The Metric column indicates the checkpoint at which the given
metric reaches the pre-defined threshold. In Table 2, we reported the result when all metrics are satisfied with each

threshold.
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Method  Metric Epoch | ELjyg MA RMA | Lamba. Piga Hella. ARC-E ARC-C Copa Wino. MathQ PubQ | Wiki Inter. Empa. Blend
Pretrained - - 299 709 643 589 716 397 55.6 24.1 76 56.7 232 57.8 | 13.0 137 126 13.8
ELjo 5 43 577 53.1 582 712 400 52.6 237 750  56.8 234 580 | 13.0 146 126 13.9
UL MA 5 40 393 368 205 586 326 30.9 234 640 51.1 214 474 | 41 48 2.4 4.8
RMA 6 40 393 368 205 586 326 30.9 234 640 51.1 214 474 | 41 4.8 2.4 4.8
Forgetting set0 ELjo 6 57 558 531 60.8 712 397 52.7 254 76.0 563 235 58.0 | 13.6 139 127 13.7
POP MA 6 3.7 379 359 582 708 384 524 244 75.0  56.1 22.7 580 | 1.7 135 123 12.8
RMA 7 37 379 359 582 708 384 524 24.4 75.0  56.1 227 580 | 1.7 135 123 12.8
ELjo 6 50 51.6 434 265 669 315 48.7 21.7 73.0 549 223 570 | 89 102 104 11.1
POP’ MA 7 22 412 378 153 653 309 46.0 20.3 67.0 53.1 225 564 | 46 59 6.3 6.7
RMA 7 22 412 378 153 653 309 46.0 20.3 67.0 53.1 22.5 564 | 46 59 6.3 6.7
Pretrained - - 293 717 645 589 716 397 55.6 24.1 76.0  56.7 232 57.8 | 13.0 137 126 13.8
ELo 5 55 514 485 277 620 338 339 234 60.0 532 20.5 552 | 88 95 7.4 9.2
UL MA 5 40 414 397 127 600 31.6 30.3 22.0 61.0 525 216 464 | 27 34 1.6 2.5
RMA 5 40 269 265 0.4 577 293 24.9 22.0 60.0 514 210 420 | 13 1.0 1.6 0.9
Forgetting setl ELjo 5 51 545 520 60.3  70.8 40.0 534 26.4 76.0  55.6 234 576 | 131 140 125 13.4
POP MA 6 3.6 403 387 590 709 384 51.7 25.8 75.0 559 22,6 576 | 11.9 136 120 122
RMA 6 2.7 301 297 574 706 37.6 51.7 26.1 740  56.2 224 572 | 115 131 112 11.7
ELo 6 24 435 412 167 656 3I.1 45.0 19.3 68.0 538 222 570 | 44 56 6.7 6.7
POP’ MA 6 24 435 412 16.7 656 31.1 45.0 19.3 68.0 538 222 570 | 44 56 6.7 6.7
RMA 6 4.1 419 377 297 641 311 459 214 68.0 533 22.7 542 | 40 48 5.5 52
Pretrained - - 144 630 541 589 716 39.7 55.6 24.1 76.0  56.7 232 57.8 13 137 126 13.8
ELjo 4 42 546 508 592 70.6 403 522 254 75.0  56.8 23.1 57.8 | 132 142 126 14.1
UL MA 5 22 411 39.6 31.0 603 33.0 31.0 214 59.0 522 20.8 554 | 5.7 6.7 44 7.1
RMA 5 1.5 259 256 1.1 570 302 24.5 224 580 502 20.9 554 | 02 03 0.1 0.2
Forgetting set2 ELjo 5 45 543 506 596  70.6 404 51.9 25.8 710  57.0 23.8 580 | 13.1 138 126 14.1
POP MA 6 1.8 441 423 590 702 385 52.6 24.1 73.0 555 23.6 572 | 120 133 122 12.6
RMA 6 14 374 36.6 557 700 379 51.7 23.7 740 559 230 566 | 121 126 118 11.8
ELjo 6 55 584 499 542 706 36.6 55.2 22.7 76.0  57.0 230 572 | 124 132 119 13.2
POP’ MA 7 1.7 410 369 16.6 653 309 46.0 20.0 68.0 532 22.8 564 | 46 55 7.5 7.4
RMA 7 1.7 410 369 166 653 309 46.0 20.0 68.0 532 22.8 564 | 46 55 7.5 7.4
Pretrained - - 270 703 622 589 716 397 55.6 24.1 76.0  56.7 232 57.8 | 13.0 137 126 13.8
ELjo 4 34 577 523 570 698 394 50.3 254 750  56.3 23.1 580 | 127 139 122 13.6
UL MA 5 27 372 354 121 597 318 30.3 214 570 503 21.3 47.0 | 25 2.8 1.4 2.5
RMA 5 27 372 354 121 597 3138 30.3 214 570 503 21.3 47.0 | 25 2.8 1.4 2.5
Forgetting set3 ELo 4 54 593 542 577  70.7 402 522 24.8 770  57.0 235 576 | 127 144 123 13.8
POP MA 5 2.8 448 425 603  70.8 394 52.0 24.4 76.0 559 232 578 | 129 140 126 13.5
RMA 5 1.8 355 337 582 704 38.6 51.7 244 750 563 233 580 | 123 138 126 13.1
ELjo 5 41 488 407 313 675 322 49.4 20.0 73.0 549 227 56.8 | 92 11.0 102 113
POP’ MA 6 23 360 29.0 157 653 306 455 20.3 67.0 549 22,6 562 | 3.8 5.0 7.0 6.5
RMA 6 23 360 29.0 157 653 306 45.5 20.3 670 549 22,6 562 | 3.8 5.0 7.0 6.5
Pretrained - - 150 66.0 57.6 589 716 397 55.6 24.1 76.0  56.7 232 57.8 | 13.0 137 126 13.8
ELjo 4 22 549 512 585 70.6 403 51.0 24.1 770  56.3 23.5 57.8 | 129 142 124 14.1
UL MA 6 23 439 418 31.1  60.8 326 314 22.0 56.0 522 213 546 | 64 76 5.3 7.5
RMA 6 1.5 305 301 35 57.6 307 29.6 22.0 58.0 502 208 464 | 09 1.4 0.6 1.4
Forgetting setd ELjo 5 45 561 523 588 70.6 403 50.6 25.1 770  56.6 23.6 57.8 | 127 143 124 14.1
POP MA 6 25 444 427 59.1 705 385 515 25.8 770  56.4 232 57.8 | 12.1 135 11.7 124
RMA 6 20 369 36.1 57.1 707 378 50.8 25.8 76.0 569 22.5 570 | 121 129 114 119
ELjo 6 50 599 522 539 706 36.6 554 23.1 76.0  56.8 228 580 | 124 129 116 13.0
POP’ MA 7 2.1 428 410 129 652 30.6 46.0 20.3 68.0 52.6 225 566 | 35 49 6.8 6.1
RMA 8 0.1 319 302 213 653 310 45.7 21.7 670 538 22.6 562 | 3.8 42 6.3 5.7

Table 6: All of the individual runs for OPT 1.3B.

threshold.

The Metric column indicates the checkpoint at which the given
metric reaches the pre-defined threshold. In Table 2, we reported the result when all metrics are satisfied with each
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Method  Metric Epoch | ELjyg MA RMA | Lamba. Piga Hella. ARC-E ARC-C Copa Wino. MathQ PubQ | Wiki Inter. Empa. Blend
Pretrained 322 726 663 644 743 435 56.8 27.1 780 59.1 230 582 | 134 147 130 13.6
ELjo 6 56 608 573 63.6 726 424 50.4 28.1 720 589 230 570 | 129 151 12.3 14.1
UL MA 8 35 406 39.1 202 620 343 35.1 23.7 59.0 51.6 21.8 532 | 33 39 34 4.6
RMA 8 35 406 39.1 202 620 343 35.1 23.7 59.0 516 21.8 532 | 33 3.9 34 4.6
Forgetting set0 ELo 6 6.0 538 519 647 733 425 56.3 29.2 740 59.0 224 576 | 137 146 136 13.8
POP MA 8 43 440 426 625 73.0 419 55.4 28.1 73.0  58.6 230 576 | 132 144 132 13.6
RMA 8 47 362 356 60.5 727 413 55.6 27.1 73.0 582 232 576 | 128 143 13.0 133
ELjo 5 49 466 438 157 657 325 46.2 23.1 68.0 55.6 226 404 | 6.1 8.0 6.1 8.1
POP’ MA 6 49 466 438 157 657 325 46.2 23.1 68.0  55.6 226 404 | 6.1 8.0 6.1 8.1
RMA 6 3.0 360 342 355 66.1 338 49.6 234 670 553 222 51.8 | 73 8.2 7.1 7.7
Pretrained 321 738 678 644 743 435 56.8 27.1 780 59.1 230 582 | 134 147 130 13.6
ELo 4 6.0 554 533 315 637 36.1 36.2 25.1 55.0 504 217 438 | 88 94 79 9.0
UL MA 7 44 431 419 106 609 328 33.9 22.0 56.0 515 22.1 46.6 | 1.6 L5 1.1 2.4
RMA 7 42 308 304 0.0 57.1  29.6 28.0 20.0 50.0 51.6 194 568 | 0.1 0.1 0.0 0.1
Forgetting setl ELjo 5 51 479 46.0 63.8 728 420 55.2 27.1 740 579 224 576 | 13.6 145 134 132
POP MA 6 6.2 39.7 38.6 610 718 414 543 25.1 76.0 573 225 574 | 132 144 130 13.4
RMA 6 6.2 397 38.6 610 718 414 543 25.1 760 573 22.5 574 | 132 144 130 13.4
ELjo 5 24 493 465 205 665 331 46.9 234 68.0 55.0 22.3 432 | 6.7 84 7.2 8.1
POP’ MA 6 72 449 399 269 656 325 46.6 227 670 555 222 460 | 55 75 6.0 7.5
RMA 6 72 449 399 269 656 325 46.6 22.7 67.0 555 222 460 | 55 75 6.0 7.5
Pretrained 168 655 572 644 743 435 56.8 27.1 780 59.1 230 582 | 134 147 130 13.6
ELjo 4 55 577 550 59.6 702 414 47.4 26.4 75.0 57.1 212 502 | 10.7 129 108 13.1
UL MA 5 2.1 420 408 276  60.7 34.6 33.0 24.1 570 519 220 560 | 29 33 3.1 42
RMA 5 07 272 271 0.1 57.1  29.8 27.9 20.7 51.0 504 19.9 578 | 0.0 0.0 0.0 0.0
Forgetting set2 ELjo 5 55 577 551 572 702 412 46.7 26.1 73.0 564 210 476 | 103 123 107 12,5
POP MA 6 20 395 392 592 727 409 55.7 244 780 577 224 576 | 124 138 130 12.9
RMA 6 20 395 392 592 727 409 55.7 24.4 780 577 224 576 | 124 138 130 12.9
ELo 5 33 51.6 440 248 683 329 49.4 234 70.0 558 224 446 | 93 103 104 11.2
POP’ MA 6 28 474 426 102 658 319 46.6 24.4 68.0 553 22.6 374 | 63 6.9 7.2 7.3
RMA 7 1.6 416 393 246 665 333 48.3 234 69.0 553 222 442 | 64 74 6.1 7.4
Pretrained 288 715 645 644 743 435 56.8 27.1 780 59.1 230 582 | 134 147 130 13.6
ELjo 3 50 61.0 572 586  71.1 40.1 473 25.8 750  57.1 217 482 | 105 132 101 132
UL MA 6 28 392 379 144 613 329 34.7 224 580 507 21.5 530 | 20 1.8 1.4 2.6
RMA 6 28 392 379 144 613 329 34.7 224 580 507 21.5 530 | 20 1.8 1.4 2.6
Forgetting set3 ELjo 6 48 609 56.7 584 710 399 47.4 26.4 75.0  58.1 219 490 | 10.0 13.0 102 12.8
POP MA 6 35 444 427 654 724 423 56.3 27.8 76.0 573 22.6 576 | 13.6 145 134 13.5
RMA 6 32 361 352 63.0 720 413 54.9 27.8 780 579 224 576 | 132 141 133 13.4
ELjo 4 46 526 457 292 695 334 515 234 720 55.6 223 49.0 | 9.1 103 10.0 113
POP’ MA 7 1.0 432 402 9.1 658 31.6 46.4 24.1 66.0 555 223 396 | 70 77 8.4 8.2
RMA 7 1.2 388 350 10.1 651 31.7 46.4 24.8 66.0 549 222 476 | 55 6.8 7.0 7.6
Pretrained 16.5 675 59.5 644 743 435 56.8 27.1 780 59.1 230 582 | 134 147 130 13.6
ELjo 4 3.6 556 526 624 714 415 49.9 28.5 73.0 588 22.1 556 | 124 149 115 14.0
UL MA 5 34 450 437 300 632 354 349 26.8 55.0  50.6 21.6 504 | 40 46 42 59
RMA 5 24 328 323 42 582 319 30.0 21.7 56.0 519 20.5 552 | 02 04 0.2 0.4
Forgetting set ELo 4 36 556 526 624 714 415 49.9 28.5 73.0 588 22.1 556 | 124 149 115 14.0
POP MA 5 24 427 416 612  73.0 415 54.9 275 75.0  58.1 228 574 | 129 137 134 13.4
RMA 5 25 362 357 588 729 404 55.7 25.1 76.0 584 229 576 | 124 137 13.1 13.1
ELjo 4 53 606 523 562 736 39.7 55.7 24.8 790 574 225 592 | 126 132 123 13.0
POP’ MA 6 28 475 397 6.6 65.1 308 45.7 227 67.0 547 22.1 366 | 60 72 8.0 8.5
RMA 6 2.8 475 397 6.6 65.1 308 45.7 227 670 547 22.1 366 | 60 72 8.0 8.5

Table 7: All of the individual runs for OPT 2.7B. The Metric column indicates the checkpoint at which the given
metric reaches the pre-defined threshold. In Table 2, we reported the result when all metrics are satisfied with each

threshold.
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Method  Metric Epoch | ELjg MA RMA | Lamba. Piga Hella. ARC-E ARC-C Copa Wino. MathQ PubQ | Wiki Inter. Empa. Blend.

Pretrained - - 415 805 740 376 634 282 45.7 22.0 63.0 515 22.5 576 | 105 113 8.4 9.7
ELjo 9 50 565 519 275 612 280 443 23.1 620 51.1 22.1 574 | 96 103 8.1 83

UL MA 11 3.1 475 433 205 610 278 42.9 24.1 61.0 51.1 219 540 | 89 95 7.7 7.8
RMA 14 29 427 385 178  60.7 278 41.8 23.7 61.0 512 21.9 534 | 84 93 7.4 7.5

Forgetting set0 ELjo 11 53 572 522 364 634 281 439 20.7 60.0  52.1 2255 576 | 109 114 9.0 9.8
POP MA 14 1.9 449 4o0.1 378 633 280 432 20.0 60.0 519 224 574 1109 117 9.0 9.7
RMA 14 1.9 449 401 378 633 280 432 20.0 60.0 519 224 574 | 109 117 9.0 9.7

ELjo 13 41 565 51.1 375 631 282 439 20.0 60.0 523 22.8 574 | 107 113 7.9 9.4

POP’ MA 15 2.6 482 427 374 63.1 282 43.0 21.0 60.0 523 230 572 | 107 112 7.8 9.4
RMA 16 19 437 384 370 628 28.1 42.9 20.3 60.0 525 230 572 | 106 113 7.7 9.3

Pretrained - - 363 751 684 376 634 282 45.7 22.0 63.0 515 22.5 576 | 105 113 8.4 9.7
ELo 8 45 568 518 138 613 281 432 22.0 63.0 498 215 572 | 93 938 8.9 9.0

UL MA 10 2.7 457 411 73 60.6 279 42.3 22.7 60.0  49.6 213 538 | 88 94 79 8.2
RMA 10 2.7 457 411 7.3 60.6 279 42.3 227 60.0 49.6 21.3 538 | 88 94 7.9 8.2

Forgetting setl ELjo 10 58 53.0 472 355 631 283 443 203 640 515 21.8 576 | 11.3 113 9.0 9.9
POP MA 12 46 458 406 355 634 283 44.4 20.3 63.0 515 21.7 576 | 114 113 9.0 10.0
RMA 12 46 458 406 355 634 283 44.4 20.3 63.0 515 21.7 576 | 114 113 9.0 10.0

ELjo 11 56 553 488 354 624 281 45.0 22.0 63.0 518 22.5 576 | 113 114 8.1 9.6

POP’ MA 13 45 463 402 36.1 627 281 443 214 63.0 514 222 576 | 114 113 8.0 9.5
RMA 13 45 463 402 36.1 627 281 44.3 214 63.0 514 222 576 | 114 113 8.0 9.5

Pretrained - - 317 716 704 376 634 282 45.7 22.0 63.0 515 22.5 576 | 105 113 8.4 9.7
ELjo 6 54 584 50.1 259 617 280 439 20.7 61.0 505 21.7 576 | 102 104 8.3 8.6

UL MA 8 1.4 468 386 187 606 28.0 423 227 620 504 21.5 570 | 88 92 7.7 7.8
RMA 8 14 468 386 187 606 28.0 42.3 227 620 504 21.5 570 | 88 9.2 7.7 7.8

Forgetting set2 ELjo 9 59 588 523 365 629 283 44.4 20.0 63.0 51.6 220 576 | 107 112 8.6 9.5
POP MA 15 1.9 476 423 390 625 283 43.7 214 65.0 517 224 576 | 114 115 9.4 9.9
RMA 16 1.6 453 399 390 629 283 43.2 214 65.0 52.0 224 576 | 11,5 115 9.5 9.9

ELo 9 62 61.1 528 359 629 283 44.4 20.7 62.0 519 222 57.6 | 10.7 113 84 9.8

POP’ MA 15 13 482 397 375 628 283 43.6 20.3 63.0 517 222 576 | 10.6 113 8.5 9.4
RMA 13 1.7 500 414 377 627 282 439 20.0 63.0 51.6 222 576 | 106 11.6 8.4 9.4

Pretrained - - 378 760 68.6 376 634 282 45.7 22.0 63.0 515 22.5 576 | 105 113 8.4 9.7
ELjo 8 49 549 469 48.7 604 279 40.9 203 580 521 223 576 | 8.1 8.0 7.6 5.6

UL MA 12 1.3 431 361 485 603 276 39.2 21.0 500 527 219 576 | 33 39 3.6 2.0
RMA 9 2.1 493 415 488 602 277 39.2 21.0 540 524 220 576 | 57 6.1 5.8 3.7

Forgetting set3 ELjo 9 55 578 515 362 628 283 45.7 214 620 517 224 576 | 106 11.6 8.4 9.5
POP MA 12 2.1 464 40.1 353 626 283 455 21.0 62.0 522 222 576 | 11.1 112 8.6 9.8
RMA 12 2.1 464 40.1 353 626 283 45.5 21.0 620 522 22.2 576 | 11.1 112 8.6 9.8

ELjo 12 34 566 49.7 357 63.0 283 44.6 214 620 523 222 576 | 107 112 7.9 9.2

POP’ MA 15 1.0 453 382 36.0 633 284 43.6 22.0 61.0 519 223 574 | 107 111 7.8 9.1
RMA 15 1.0 453 382 360 633 284 43.6 22.0 61.0 519 22.3 574 | 107 111 7.8 9.1

Pretrained - - 33.1 80.1 74.1 376 634 282 45.7 22.0 63.0 515 22.5 576 | 105 113 8.4 9.7
ELjo 7 55 613 552 351 630 283 44.1 214 670 519 22.1 576 | 10.6 109 9.3 9.2

UL MA 10 24 480 418 31.7 625 282 439 22.0 67.0 517 21.9 576 | 99 108 8.8 83
RMA 11 22 439 377 312 625 281 43.4 22.0 67.0 519 21.8 576 | 99 108 8.6 8.3

Forgetting setd ELjo 9 43 583 529 354 632 283 44.6 20.7 61.0 523 22.1 576 | 11.0 114 9.0 9.7
POP MA 12 2.8 467 411 360 632 283 44.8 20.7 61.0 528 22.1 576 | 1.1 114 9.0 9.7
RMA 12 28 467 411 360 632 283 44.8 20.7 61.0 528 22.1 576 | 11.1 114 9.0 9.7

ELjo 10 53 61.0 542 349 631 283 439 224 620 520 222 576 | 113 114 8.7 9.6

POP’ MA 16 1.6 459 387 350 627 285 43.4 21.7 620 529 220 576 | 114 116 9.1 9.5
RMA 16 1.6 459 387 350 627 285 43.4 21.7 620 529 220 576 | 114 11.6 9.1 9.5

Table 8: All of the individual runs for GPT-Neo 125M. The Metric column indicates the checkpoint at which the
given metric reaches the pre-defined threshold. In Table 2, we reported the result when all metrics are satisfied with
each threshold.
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Method  Metric Epoch | ELjyg MA RMA | Lamba. Piga Hella. ARC-E ARC-C Copa Wino. MathQ PubQ | Wiki Inter. Empa. Blend
Pretrained - - 66.1 918 88.1 572 704 370 56.6 25.8 700 54.6 219 536 | 127 138 105 12.1
ELjo 5 3.6 531 484 656 704 373 56.8 26.1 68.0 56.2 219 554 | 124 126 9.9 10.8

UL MA 5 3.6 531 484 656 704 373 56.8 26.1 68.0 56.2 219 554 | 124 126 9.9 10.8
RMA 6 2.1 421 370 67.1 702 373 55.6 26.1 68.0  56.7 220 556 | 113 114 9.1 10.1

Forgetting set0 ELjo 6 41 537 494 56.8 710 373 56.1 26.1 70.0 548 21.7 536 | 126 140 105 12.2
POP MA 6 41 537 494 56.8 710 373 56.1 26.1 70.0 548 21.7 536 | 126 140 105 122
RMA 7 22 464 421 556 707 374 56.1 26.8 71.0 553 219 544 | 124 138 106 123

ELjo 6 43 579 537 580 70.7 37.6 53.6 25.8 70.0  54.1 21.3 454 | 127 132 103 11.7

POP’ MA 7 25 478 439 56.6  70.7 376 53.6 25.4 70.0 538 217 442 | 128 136 104 11.7
RMA 7 25 478 439 566 707 37.6 53.6 254 700 538 217 442 | 128 136 104 11.7

Pretrained - - 683 921 8718 572 704 370 56.6 25.8 70.0 54.6 219 536 | 127 138 105 12.1
ELjo 5 57 509 46.6 579 699 373 55.7 23.7 68.0 553 213 534 | 115 127 8.9 10.7

UL MA 5 57 509 46.6 579 699 373 55.7 23.7 68.0 553 213 534 | 115 127 8.9 10.7
RMA 5 57 509 46.6 579 699 373 55.7 23.7 68.0 553 21.3 534 | 115 127 8.9 10.7

Forgetting setl ELjo 5 79 570 53.0 564 699 373 56.4 254 71.0 545 21.5 530 | 124 137 9.8 11.6
POP MA 6 58 463 427 56.8 69.6 375 56.4 254 71.0 543 214 534 | 124 137 9.6 11.6
RMA 6 58 463 427 56.8 69.6 375 56.4 254 71.0 543 214 534 | 124 137 9.6 11.6

ELjo 6 58 514 470 572 702 370 55.0 26.4 71.0 551 212 422 | 129 131 9.9 114

POP’ MA 6 58 514 470 572 702 370 55.0 26.4 71.0 551 212 422 | 129 131 9.9 11.4
RMA 6 58 514 470 572 702 370 55.0 26.4 71.0  55.1 212 422 | 129 131 9.9 11.4

Pretrained - - 63.0 90.8 874 572 704 370 56.6 25.8 70.0  54.6 21.9 53.6 | 127 138 105 12.1
ELjo 4 6.6 615 577 447 70.1 37.1 55.6 25.8 740 539 21.3 456 | 124 133 111 11.6

UL MA 5 1.7 521 479 409 700 37.1 54.9 25.1 740 538 21.5 438 | 123 131 111 11.4
RMA 5 1.7 521 479 409 700 37.1 54.9 25.1 740 538 21.5 438 | 123 131 111 11.4

Forgetting set2 ELjo 5 54 582 542 532 705 374 573 26.4 68.0 544 21.5 520 | 124 137 105 122
POP MA 6 1.6 49.0 447 550 70.1 375 57.0 27.1 68.0 547 21.3 498 | 124 140 105 11.8
RMA 6 1.6 490 447 550 701 375 57.0 27.1 68.0 547 21.3 49.8 | 124 140 105 11.8

ELjo 6 38 570 526 558 702 374 54.5 264 720 545 21.0 418 | 131 136 104 11.9

POP’ MA 7 14 489 445 548 704 372 54.0 264 73.0 551 20.9 394 | 128 13.6 104 119
RMA 7 1.4 489 445 548 704 372 54.0 26.4 73.0 55.1 20.9 394 | 128 136 104 119

Pretrained - - 66.6 926 884 572 704 370 56.6 25.8 700 54.6 219 536 | 127 138 105 12.1
ELjo 4 6.7 59.8 559 578 703 37.1 55.7 26.1 69.0 545 21.7 534 | 128 138 10.6 11.8

UL MA 5 2.1 460 420 582 700 373 54.7 244 67.0 545 21.8 542 | 127 136 105 11.8
RMA 5 2.1 460 420 582 700 373 54.7 244 670 545 21.8 542 | 127 136 105 11.8

Forgetting set3 ELjo 4 7.1 609 56.6 560 708 372 573 254 69.0 547 214 534 | 125 135 103 12.0
POP MA 5 28 489 444 56.6 705 373 57.3 25.1 69.0  54.6 214 530 | 123 136 104 12.0
RMA 5 2.8 489 444 56.6 705 373 573 25.1 69.0 54.6 214 530 | 123 136 104 12.0

ELjo 5 6.6 60.1 557 588 702 373 54.1 26.1 70.0  54.0 216 462 | 128 135 102 12.1

POP’ MA 6 22 475 432 57.8  70.1 373 54.5 26.8 71.0 541 212 440 | 128 134 102 12.0
RMA 6 22 475 432 578 701 373 54.5 26.8 71.0  54.1 212 440 | 128 134 102 12.0

Pretrained - - 66.1 933 899 572 704 370 56.6 25.8 70.0 54.6 219 536 | 127 138 105 12.1
ELjo 4 63 627 57.1 615  70.1 362 543 254 720 553 22.1 554 | 129 135 110 12.1

UL MA 6 3.0 454 390 637 692 355 52.7 244 71.0  55.0 21.8 56.8 | 132 132 106 11.4
RMA 6 3.0 454 39.0 637 692 355 52.7 24.4 71.0  55.0 21.8 56.8 | 132 132 106 11.4

Forgetting setd ELjo 5 54 613 56.1 554 702 371 57.0 26.4 73.0  55.0 21.5 538 | 126 135 108 122
POP MA 6 34 533 479 545 698 37.1 573 26.4 71.0 549 21.8 534 | 124 136 108 123
RMA 6 34 533 479 545 698 37.1 573 26.4 71.0 549 21.8 534 | 124 136 108 123

ELjo 6 41 615 565 579 70.1 370 53.8 24.8 73.0 545 21.5 49.0 | 13.1 136 110 11.6

POP’ MA 7 34 541 484 566  70.1 37.1 53.8 25.8 73.0 539 216 468 | 133 133 111 11.7
RMA 8 2.1 459 41.0 559 699 371 53.8 254 740 539 21.5 468 | 131 132 110 11.6

Table 9: All of the individual runs for GPT-Neo 1.3B. The Metric column indicates the checkpoint at which the
given metric reaches the pre-defined threshold. In Table 2, we reported the result when all metrics are satisfied with
each threshold.
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Method  Metric Epoch | ELjg MA RMA | Lamba. Piga Hella. ARC-E ARC-C Copa Wino. MathQ PubQ | Wiki Inter. Empa. Blend.
Pretrained - - 683 927 90.0 623 73.0 40.7 59.8 254 740  56.1 214 570 | 124 137 109 12.4
ELjo 6 39 560 533 648 732 411 58.6 29.8 720 552 21.3 574 | 131 138 11.7 12.5

UL MA 8 25 372 349 655 732 413 57.7 292 720 555 214 574 | 132 137 113 12.3
RMA 8 25 372 349 655 732 413 57.7 29.2 720 555 214 574 | 132 137 113 12.3

Forgetting set0 ELo 6 6.7 61.1 589 635 731 413 58.9 28.1 73.0 549 214 574 | 123 133 104 12.0
POP MA 8 23 447 428 626 732 412 58.6 28.5 720 545 214 574 | 126 134 106 124
RMA 8 23 447 428 626 732 412 58.6 28.5 720 545 214 574 | 126 134 106 124

ELjo 5 74 604 572 627 733 411 57.9 28.8 76.0  55.6 210 556 | 125 132 108 12,5

POP’ MA 6 24 462 428 61.8 73.0 41.1 58.2 27.8 76.0  55.6 212 546 | 127 134 109 12.1
RMA 6 24 462 4238 61.8 73.0 41.1 58.2 27.8 76.0  55.6 212 546 | 127 134 109 12.1

Pretrained - - 756 938 909 623  73.0 407 59.8 254 740  56.1 214 570 | 124 137 109 12.4
ELo 4 58 604 57.1 628 724 409 61.0 26.1 740 551 21.7 56.6 | 129 133 108 12.0

UL MA 7 25 493 464 626 727 411 61.7 25.8 70.0 553 21.7 572 | 123 13.0 105 11.8
RMA 7 25 493 464 626 727 411 61.7 25.8 70.0 553 21.7 572 | 123 13.0 105 11.8

Forgetting setl ELjo 5 6.8 564 529 60.8  73.1 41.1 60.1 27.1 73.0 545 21.5 56.8 | 124 132 104 11.6
POP MA 6 32 431 404 620 729 413 59.4 275 740 549 21.7 570 | 123 128 102 11.7
RMA 6 32 431 404 620 729 413 59.4 275 740 549 21.7 570 | 123 128 102 11.7

ELjo 5 79 625 59.0 622 729 411 57.0 26.4 740 549 210 532 | 123 134 107 12.3

POP’ MA 6 53 489 458 61.0 73.0 411 57.1 26.4 740 552 20.9 516 | 123 131 10.9 12.5
RMA 6 53 489 458 61.0 730 41.1 57.1 26.4 740 552 20.9 51.6 | 123 13.1 10.9 12.5

Pretrained - - 69.2 93.0 904 623  73.0 407 59.8 25.4 740  56.1 214 570 | 124 137 109 124
ELjo 4 6.1 603 575 519 726 413 58.7 27.1 73.0 544 214 574 | 127 13.0 115 122

UL MA 5 1.3 484 462 47.6 722 418 57.0 26.4 73.0  55.0 21.7 558 | 124 123 115 11.7
RMA 5 13 484 462 476 722 418 57.0 26.4 73.0 55.0 21.7 558 | 124 123 115 11.7

Forgetting set2 ELjo 5 41 572 544 595  73.0 413 59.1 26.8 73.0 559 212 570 | 13.1 140 113 12,5
POP MA 6 14 484 462 610 729 413 582 26.1 73.0 568 21.7 570 | 131 139 11.0 12.5
RMA 6 1.4 484 462 610 729 413 58.2 26.1 73.0 56.8 21.7 570 | 131 139 11.0 12.5

ELo 5 58 619 589 624 733 410 58.0 26.1 75.0  56.0 21.2 552 | 123 136 108 12.2

POP’ MA 6 19 536 510 602 732 410 58.2 25.1 73.0 557 213 53.8 | 125 141 11.0 11.7
RMA 7 0.7 436 41.6 583 729 407 57.5 25.1 740 555 214 540 | 125 133 109 11.6

Pretrained - - 69.1 933 902 623  73.0 407 59.8 254 740  56.1 214 570 | 124 137 109 12.4
ELjo 3 80 623 579 63.1 727 411 593 27.1 71.0  56.1 214 568 | 127 140 112 12.8

UL MA 6 1.9 446 409 642 726 411 57.7 27.1 700 56.3 21.5 572 | 125 136 110 122
RMA 6 1.9 446 409 642 726 411 57.7 27.1 700 56.3 21.5 572 | 125 136 110 12.2

Forgetting set3 ELo 6 24 485 4406 626  73.0 41.1 58.6 27.8 72.0 559 21.6 56.8 | 121 132 104 11.8
POP MA 6 24 485 4406 626  73.0 411 58.6 27.8 72.0 559 21.6 56.8 | 12.1 132 104 11.8
RMA 6 24 485 446 626 73.0 41.1 58.6 27.8 720 559 21.6 56.8 | 12.1 132 104 11.8

ELjo 4 43 600 56.0 625 73.0 413 57.7 275 780  55.6 21.7 550 | 12.0 137 108 123

POP’ MA 7 20 438 399 629 729 414 57.8 27.1 77.0  56.0 21.7 554 | 120 135 107 122
RMA 7 20 438 399 629 729 414 57.8 27.1 770  56.0 21.7 554 | 120 135 107 122

Pretrained - - 66.6 941 919 623  73.0 40.7 59.8 254 740  56.1 214 570 | 124 137 109 12.4
ELjo 4 34 567 53.0 655 729 409 58.6 26.8 750 569 21.8 576 | 134 138 122 12.8

UL MA 5 1.8 447 408 66.8 729 409 60.0 27.1 73.0 567 21.9 57.6 | 133 133 124 12.6
RMA 5 1.8 447 408 66.8 729 409 60.0 27.1 73.0 567 21.9 57.6 | 133 133 124 12.6

Forgetting setd ELjo 4 6.2 61.7 585 615 729 413 59.1 27.8 76.0 559 22.1 570 | 127 139 11.0 123
POP MA 5 3.6 51.0 479 626 732 413 59.4 275 75.0  56.1 21.8 570 | 126 135 108 122
RMA 5 1.8 447 408 66.8 729 409 60.0 27.1 73.0  56.7 219 576 | 133 133 124 12.6

ELjo 4 80 67.1 634 624 731 411 57.7 24.8 79.0 571 21.5 55 124 133 108 122

POP’ MA 6 3.8 504 465 615  73.0 412 575 25.8 79.0  56.0 220 540 | 126 139 112 122
RMA 6 3.8 504 465 615 730 412 57.5 25.8 79.0 56.0 220 540 | 126 139 112 12.2

Table 10: All of the individual runs for GPT-Neo 2.7B. The Metric column indicates the checkpoint at which the
given metric reaches the pre-defined threshold. In Table 2, we reported the result when all metrics are satisfied with
each threshold.
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