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Abstract

As the Large Language Model (LLM) gains
widespread adoption, increasing attention has
been given to the challenge of making LLM for-
get non-compliant data memorized during its
pre-training. Machine Unlearning focuses on
efficiently erasing sensitive information from
LLM under limited computational resources.
To advance research in this area, SemEval 2025
Task 4: "Unlearning Sensitive Content from
Large Language Models" introduces three un-
learning datasets and establishes a benchmark
by evaluating both forgetting effectiveness and
the preservation of standard capabilities. In this
work, we propose a more controllable forget-
ting loss, Effective Unlearning Loss, and ex-
plore its integration with various techniques to
achieve more efficient and controlled unlearn-
ing. Our system ultimately ranked 5th on the
competition leaderboard.

1 Introduction

Large Language Models (LLMs) have achieved re-
markable success across various natural language
tasks. However, LLMs tend to memorize sensitive
information from their training data, posing poten-
tial risks such as privacy breaches and copyright
violations (Wang et al., 2024). Malicious attacker
can exploit this vulnerability to extract confidential
content, leading to unintended exposure. Machine
Unlearning has emerged as a research field to ad-
dress this issue, focusing on the following core
challenges(Qu et al., 2023; Li et al., 2025):(1) Pre-
serving essential information and capabilities while
ensuring the removal of targeted data. (2) Adapting
to different data types. (3) Balancing computa-
tional cost and efficiency.

SemEval-2025 Task 4 introduce the challenge
"Unlearning Sensitive Content from Large Lan-
guage Models," aiming to establish a robust bench-
mark for evaluating the effectiveness of unlearning
strategies in LLMs (Ramakrishna et al., 2025a,b).

The task encompasses three data categories: long-
form synthetic creative documents with different
genres, short form synthetic biographies contain-
ing personal information, and real documents sam-
pled from the target model’s training dataset. Each
dataset includes predefined "Forget" and "Retain"
sets, and encompasses two evaluation tasks: sen-
tence completion and question-answering. The
evaluation not only assesses the success of unlearn-
ing but also measures the impact on general capabil-
ities using the MMLU Benchmark. To encourage
a balance between computational efficiency and
performance, the organizers also impose runtime
constraints on submitted solutions.

In this competition, we propose Effective Un-
learning Loss (EUL). This aims to erase knowledge
related to the data to be forgotten by perturbing the
model’s gradients during training. We integrate
this technique with the standard Supervised Fine-
Tuning (SFT) process into a multi-task learning
paradigm to ensure controllable unlearning. Addi-
tionally, various data processing and augmentation
strategies (Choi et al., 2024; Shi et al., 2024) are ex-
plored to see their impact on the final performance.

Our contributions are as follows:

• Introduction of EUL: This loss is the multi-
plicative inverse of the original SFT loss. Its
inverse property makes it effective in making
LLM forget the target knowledge. We inte-
grate it into a multi-task learning paradigm,
allowing the model to perform SFT on data
that should be retained and EUL on data that
should be erased concurrently.

• Comprehensive Exploration: We thoroughly
investigate the performance of our method un-
der different configurations and data process-
ing/augmentation settings, providing a reli-
able reference for future research.

• Competitive Performance: Our approach
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Figure 1: The Overview of Our System.

secures 5th place on the final leaderboard,
demonstrating its effectiveness.

2 Background

Research on knowledge unlearning in large lan-
guage models (LLMs) is an emerging field, with
fine-tuning-based unlearning being one of the most
common method. This involves retraining the
model on datasets containing specific target knowl-
edge to weaken its memory of the unwanted infor-
mation.

One intuitive unlearning method involves gra-
dient ascent on the forget data, which increases
the loss on that data to force the model to forget
specified knowledge. However, this often leads to
optimization instability and poor performance. To
solve this, Veldanda et al. (2024) propose a com-
prehensive training approach that involves gradi-
ent ascent, standard gradient descent on the forget
dataset, and minimizing KL divergence to maintain
the model’s performance on retained knowledge.
Similarly, Jang et al. (2022) introduces a gradual
gradient ascent approach, which stabilizes the un-
learning process and avoids instability.

Another unlearning method involves replacing
the forgotten knowledge, such as Choi et al. (2024)
and Shi et al. (2024) who replace forgotten answers
with negative responses like "I don’t know," while

Eldan and Russinovich (2023) uses reinforcement
learning to identify and replace key phrases. How-
ever, Mekala et al. (2024) warns that relying solely
on negative feedback for unlearning may result in
non-sensical outputs and introduce privacy risks,
reducing the model’s effectiveness.

In response, we propose a more pragmatic ap-
proach to unlearning in LLMs that combines multi-
task learning, data augmentation, and EUL to facil-
itate faster and more efficient knowledge forgetting
under constrained resources.

3 System Overview

In this competition, we propose the Effective Un-
learning Loss (EUL), which, combined with tra-
ditional Supervised Fine-Tuning (SFT), forms a
multi-task learning framework. Meanwhile, we
observe a significant performance discrepancy be-
tween long and short outputs. To mitigate this is-
sue, we incorporate data augmentation. The overall
workflow is illustrated in Figure 1.

Section 3.1 provides a detailed introduction of
EUL, while section 3.2 demonstrates its integration
with the original SFT process to enable multi-task
training. Finally, section 3.3 discusses our data
augmentation strategies.
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3.1 Effective Unlearning Loss
Unlike traditional gradient ascent, we redesign a
novel loss function, EUL, which enables the model
to achieve the forgetting effect even during gradient
descent. The formulation is as follows:

LEUL = α× 1

Lntp(xinput, yforget)
(1)

Here, Lntp(xinput, yforget) represents the next-
token prediction loss used in conventional SFT,
and α is a scaling factor. When the model’s output
closely aligns with the distribution of the informa-
tion to be forgotten, the loss increases significantly;
conversely, it remains low when the output devi-
ates from that information. Compared to gradient
ascent, which can easily lead to model instability,
EUL offers a more stable and effective choice, en-
suring that the induced forgetting remains within a
controlled and safe range.

3.2 Multi-Task Learning
To enable the model to forget specified content
while retaining the information we want to keep,
we design two tasks: the Forget-Set Task and the
Retain-Set Task.

• The Forget-Set Task focuses on the unlearning
objective, using data that needs to be forgotten
and optimizing the model with LEUL.

• The Retain-Set Task ensures information re-
tention, leveraging non-forgotten data and em-
ploying the conventional next-token predic-
tion loss Lntp.

To prevent interference between the two tasks,
each batch contains data from only one task at a
time. By alternating training between these tasks,
the model achieves controlled forgetting in a stable
manner.

3.3 Data Augmentation
We observe a long-tail distribution phenomenon
in output length within the competition dataset.
Further experiments reveal that this imbalance ad-
versely affects model performance. For instance,
if the original output is a short text, the unlearning
process effectively removes the associated knowl-
edge. However, when the original output is a long
text, the unlearning procedure may fail.

To address this issue, we propose a data aug-
mentation strategy based on re-segmentation to

balance the distribution of short and long output.
Specifically, we segment long output into individ-
ual sentences and incrementally move portions of
the output into the input, generating shorter outputs
as training samples. This process, illustrated in
figure 1 right, enhances the model’s adaptability to
varying output lengths.

In addition, we also try the negative response
replace scheme mentioned in (Maini et al., 2024).
It achieves the goal of forgetting by replacing sensi-
tive information with the safety terms (for example,
"I don’t know") and tuning models on it.

4 Experiment

In this competition, the organizers require unlearn-
ing to be performed on two models: OLMo-7B and
OLMo-1B (Groeneveld et al., 2024). The original
tasks include sentence completion and question-
answering. To evaluate the effectiveness of un-
learning, the organizers propose the following four
evaluation metrics:

• Task Aggregate Score (TAS): This metric
measures the model’s performance across var-
ious tasks.

• Membership Inference Attack Score (MIA):
This evaluates the extent to which the relevant
knowledge is retained or effectively forgotten.

• MMLU Score: This measures whether the
model’s overall linguistic capabilities degrade
after the unlearning process.

• Final Score: The average of the previous
three scores.

We thoroughly explore the impact of different
technical combinations on the final unlearning out-
come and conduct ablation studies on the modules
and hyperparameters. Due to space limitations,
all experimental results and analyses presented in
the main body of this paper are based on OLMo-
1B, with the results for OLMo-7B detailed in Ap-
pendix A. All results presented are based on data
publicly released by the organizers during the com-
petition period. The results are presented in sec-
tion 5 and section 6.

All training is performed using LoRA (Hu et al.,
2022) for model fine-tuning, with Rank, alpha, and
dropout set to 8, 32, and 0.05, respectively. For
EUL, α is set as 1. For the training hyperparam-
eters, we use the following settings:epoch = 5,
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Model Component Score
RD NR DA EUL MIA TAS MMLU Final
× O × × 0.000 0.092 0.281 0.124
× O O × 0.000 0.092 0.278 0.124
O O × × 0.000 0.124 0.283 0.135
O O O × 0.000 0.137 0.278 0.138
× × × O 0.993 0.408 0.229 0.543
× × O O 0.989 0.421 0.229 0.547
O × × O 0.009 0.185 0.278 0.157
O O × O 0.000 0.095 0.285 0.127
O × O O 0.593 0.395 0.275 0.421
O O O O 0.035 0.222 0.279 0.179

Table 1: The main results in our experiments.

EP LR RD NR DA EUL MIA TAS MMLU Final
3 1.00E-04 O × O O 0.135 0.245 0.272 0.217
3 1.00E-05 O × O O 0.000 0.092 0.280 0.124
3 1.00E-06 O × O O 0.000 0.092 0.275 0.122
4 1.00E-04 O × O O 0.215 0.278 0.270 0.254
4 1.00E-05 O × O O 0.000 0.112 0.280 0.131
4 1.00E-06 O × O O 0.000 0.092 0.276 0.122
5 1.00E-04 O × O O 0.593 0.395 0.275 0.421
5 1.00E-05 O × O O 0.001 0.112 0.279 0.131
5 1.00E-06 O × O O 0.000 0.092 0.277 0.123

Table 2: Ablation study on hyper-parameters

lr = 1e− 4, and batch = 32. All experiments are
conducted on a single Nvidia A100 (40G) GPU,
and each unlearning process is completed within
one hour.

5 Result

Table 1 illustrates the impact of different method
combinations on performance. Here, EUL denotes
Effective Unlearning Loss, NR indicates that the
original outputs for the forgotten data are replaced
with safety terms. DA is the inclusion of data aug-
mentation during training, RD refers to supervised
fine-tuning the data in the retain set, "×" denotes
the absence of the corresponding technique, while
"O" indicates its application.

The best performance is achieved when using
EUL to process forgotten data while incorporating
data augmentation and fine-tuning retained data.
This success can be attributed to the multi-task
training framework, which effectively balances for-
getting and retention. Note that although the ap-
proaches employing only EUL and the combination
of EUL and DA achieve relatively high scores, this

performance comes at the significant compromise
on the MMLU metric. Such a substantial degra-
dation contradicts the evaluation criteria from the
organizers, so we discard them. We derive the fol-
lowing key findings:

• Fine-tuning on retained data is essential, re-
gardless of the chosen technique combination.
Experiments omitting RD resulted in a signifi-
cant drop in MMLU scores, indicating severe
degradation in the model’s linguistic capabili-
ties.

• Although adding NR improves MMLU, it neg-
atively impacts the unlearning effectiveness.
This is due to the small dataset size, making it
highly prone to overfitting. In contrast, EUL
achieves a better balance between MMLU and
unlearning performance.

• Incorporating DA enhances the MIA metric,
albeit with a slight trade-off in MMLU. How-
ever, since the final score is the average of the
three metrics, DA provides an overall positive
impact.
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Epoch Step LR RD NR DA EUL MIA TAS MMLU Final
3 484 1.00E-04 O × O O 0.135 0.245 0.272 0.217
6.86 484 1.00E-04 O × × O 0.020 0.103 0.289 0.137
4 646 1.00E-04 O × O O 0.215 0.278 0.270 0.254
9.16 646 1.00E-04 O × × O 0.075 0.265 0.287 0.209
5 807 1.00E-04 O × O O 0.593 0.395 0.275 0.421
11.45 807 1.00E-04 O × × O 0.175 0.306 0.286 0.255

Table 3: Data Augmentation and Training Steps

Due to computational constraints, the most bal-
anced result we obtained before the competition
deadline was (RD&NR&EUL). Therefore, our re-
sult on the leaderboard is (RD&NR&EUL) re-
sult, not our best result. Our best result was
(RD&DA&EUL), which showed consistent per-
formance across both OLMo-1B and OLMo-7B.
The detailed results can be found in Appendix A.

6 Ablation Study

We also explore the impact of different hyper-
paramter settings, including learning rate, epoch,
magnitude scaling of EUL, and the effectiveness
of data augmentation. We present the results in the
following sections, which are based on OLMo-1B.
The trends for OLMo-7B are consistent with those
of OLMo-1B, and all results for both OLMo-1B
and OLMo-7B can be found in the Appendix A.

6.1 Hyper-parameters ablation

Table 2 demonstrates the performance variations
under different hyperparameters. Due to computa-
tional resource limitations, we are only able to test
results up to a maximum of 5 epochs. However, it
is evident that as the epoch number and learning
rate increase, the performance increases

6.2 Data Augmentation and Training Steps

To examine whether the performance improve-
ments from data augmentation are solely due to the
increased number of training steps, we conducted
a series of controlled experiments, as shown in Ta-
ble 3. Specifically, we compared models trained
with data augmentation for 3, 4, and 5 epochs to
models trained for the same number of steps with-
out data augmentation. Although both increasing
the number of training steps and applying data
augmentation improve prediction performance, the
benefit of data augmentation outweighs that of sim-
ply increasing training steps.

MIA TAS MMLU Final
EUL 0.59 0.39 0.28 0.42
EUL2 0.39 0.22 0.28 0.29

Table 4: Further exploration of EUL capabilities.

6.3 Amplify EUL

To further examine the impact of our EUL ap-
proach, we square the EUL to produce more ex-
treme upper and lower bounds for the loss vari-
ation. However, as demonstrated in table 4, this
magnitude scaling does not yield any noticeable
performance improvement.

7 Conclusion

The organizers of SemEval-2025 Task 4 introduce
three Machine Unlearning datasets, design to as-
sess unlearning capabilities from multiple perspec-
tives and across various data types. This dataset
effectively highlights the key challenges currently
faced in Machine Unlearning.

In this competition, we propose a more con-
trollable forgetting loss, EUL, which we integrate
with standard Supervised Fine-Tuning (SFT) into
a multi-task learning framework. This approach
ensures precise unlearning while maximizing the
retention of general capabilities. Additionally, we
incorporate various data processing and augmenta-
tion strategies to further enhance controllable un-
learning.

Our experiments demonstrate the effectiveness
of EUL and underscored the critical role of stan-
dard SFT in training on retained data. Striking the
right balance between forgetting and retention is es-
sential for successful unlearning. Furthermore, we
introduce an effective data augmentation solution
to address the long-tail distribution in text length.
Ultimately, our system ranks 5th on the official
leaderboard.
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A Appendix: Ablation Study

EP LR RD NR DA EUL EUL2 MIA TAS MMLU Final
3 1.00E-04 O O O O × 0.016 0.207 0.269 0.164
3 1.00E-04 O O O × O 0.014 0.095 0.272 0.127
3 1.00E-04 O O O × × 0.000 0.127 0.288 0.138
3 1.00E-04 O O × O × 0.000 0.096 0.289 0.128
3 1.00E-04 O O × × O 0.000 0.092 0.279 0.124
3 1.00E-04 O O × × × 0.000 0.094 0.281 0.125
3 1.00E-04 O × O O × 0.135 0.245 0.272 0.217
3 1.00E-04 O × O × O 0.051 0.109 0.274 0.145
3 1.00E-04 O × × O × 0.000 0.092 0.275 0.122
3 1.00E-04 O × × × O 0.000 0.091 0.273 0.121
3 1.00E-04 × O O × × 0.000 0.091 0.274 0.122
3 1.00E-04 × O × O × 0.024 0.099 0.273 0.132
3 1.00E-04 × O × × × 0.000 0.092 0.278 0.123
3 1.00E-04 × × O O × 0.996 0.424 0.229 0.550
3 1.00E-04 × × O × O 0.000 0.092 0.281 0.124
3 1.00E-04 × × × O × 0.982 0.404 0.229 0.539
3 1.00E-04 × × × × O 0.940 0.395 0.246 0.527
3 1.00E-05 O O O O × 0.000 0.092 0.274 0.122
3 1.00E-05 O O O × O 0.000 0.092 0.277 0.123
3 1.00E-05 O O O × × 0.000 0.092 0.274 0.122
3 1.00E-05 O O × O × 0.000 0.091 0.273 0.121
3 1.00E-05 O O × × O 0.000 0.092 0.275 0.122
3 1.00E-05 O O × × × 0.000 0.091 0.272 0.121
3 1.00E-05 O × O O × 0.000 0.092 0.280 0.124
3 1.00E-05 O × O × O 0.000 0.112 0.277 0.130
3 1.00E-05 O × × O × 0.000 0.094 0.281 0.125
3 1.00E-05 O × × × O 0.000 0.093 0.278 0.124
3 1.00E-05 × O O × × 0.000 0.163 0.270 0.144
3 1.00E-05 × O × O × 0.000 0.091 0.273 0.121
3 1.00E-05 × O × × × 0.000 0.092 0.275 0.122
3 1.00E-05 × × O O × 0.300 0.192 0.265 0.252
3 1.00E-05 × × O × O 0.000 0.092 0.280 0.124
3 1.00E-05 × × × O × 0.000 0.093 0.279 0.124
3 1.00E-05 × × × × O 0.000 0.093 0.278 0.124
3 1.00E-06 O O O O × 0.000 0.092 0.277 0.123
3 1.00E-06 O O O × O 0.000 0.092 0.276 0.123
3 1.00E-06 O O O × × 0.000 0.092 0.274 0.122
3 1.00E-06 O O × O × 0.000 0.091 0.274 0.122
3 1.00E-06 O O × × O 0.000 0.092 0.275 0.122
3 1.00E-06 O O × × × 0.000 0.091 0.274 0.122
3 1.00E-06 O × O O × 0.000 0.092 0.275 0.122
3 1.00E-06 O × O × O 0.000 0.092 0.276 0.123
3 1.00E-06 O × × O × 0.000 0.092 0.275 0.122
3 1.00E-06 O × × × O 0.000 0.092 0.276 0.123
3 1.00E-06 × O O × × 0.000 0.091 0.274 0.122
3 1.00E-06 × O × O × 0.000 0.092 0.276 0.123
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EP LR RD NR DA EUL EUL2 MIA TAS MMLU Final
3 1.00E-06 × O × × × 0.000 0.092 0.274 0.122
3 1.00E-06 × × O O × 0.000 0.092 0.275 0.122
3 1.00E-06 × × O × O 0.000 0.092 0.275 0.122
3 1.00E-06 × × × O × 0.000 0.092 0.275 0.122
3 1.00E-06 × × × × O 0.000 0.092 0.275 0.122
4 1.00E-04 O O O O × 0.028 0.224 0.267 0.173
4 1.00E-04 O O O × O 0.021 0.224 0.275 0.173
4 1.00E-04 O O O × × 0.000 0.127 0.285 0.137
4 1.00E-04 O O × O × 0.000 0.096 0.289 0.128
4 1.00E-04 O O × × O 0.000 0.094 0.281 0.125
4 1.00E-04 O O × × × 0.000 0.128 0.281 0.136
4 1.00E-04 O × O O × 0.215 0.278 0.270 0.254
4 1.00E-04 O × O × O 0.219 0.165 0.274 0.219
4 1.00E-04 O × × O × 0.001 0.093 0.278 0.124
4 1.00E-04 O × × × O 0.000 0.142 0.272 0.138
4 1.00E-04 × O O × × 0.000 0.090 0.271 0.121
4 1.00E-04 × O × O × 0.048 0.107 0.272 0.142
4 1.00E-04 × O × × × 0.000 0.092 0.285 0.126
4 1.00E-04 × × O O × 0.993 0.423 0.229 0.548
4 1.00E-04 × × O × O 0.000 0.092 0.289 0.127
4 1.00E-04 × × × O × 0.989 0.406 0.229 0.541
4 1.00E-04 × × × × O 0.945 0.397 0.246 0.529
4 1.00E-05 O O O O × 0.000 0.092 0.275 0.122
4 1.00E-05 O O O × O 0.000 0.092 0.276 0.123
4 1.00E-05 O O O × × 0.000 0.092 0.275 0.122
4 1.00E-05 O O × O × 0.000 0.113 0.274 0.129
4 1.00E-05 O O × × O 0.000 0.092 0.276 0.123
4 1.00E-05 O O × × × 0.000 0.091 0.274 0.122
4 1.00E-05 O × O O × 0.000 0.112 0.280 0.131
4 1.00E-05 O × O × O 0.000 0.122 0.278 0.133
4 1.00E-05 O × × O × 0.000 0.093 0.280 0.124
4 1.00E-05 O × × × O 0.000 0.092 0.277 0.123
4 1.00E-05 × O O × × 0.000 0.147 0.270 0.139
4 1.00E-05 × O × O × 0.000 0.177 0.274 0.150
4 1.00E-05 × O × × × 0.000 0.092 0.275 0.122
4 1.00E-05 × × O O × 0.469 0.248 0.258 0.325
4 1.00E-05 × × O × O 0.000 0.114 0.281 0.132
4 1.00E-05 × × × O × 0.002 0.196 0.280 0.160
4 1.00E-05 × × × × O 0.000 0.173 0.280 0.151
4 1.00E-06 O O O O × 0.000 0.092 0.276 0.123
4 1.00E-06 O O O × O 0.000 0.092 0.278 0.123
4 1.00E-06 O O O × × 0.000 0.092 0.274 0.122
4 1.00E-06 O O × O × 0.000 0.092 0.275 0.122
4 1.00E-06 O O × × O 0.000 0.092 0.275 0.122
4 1.00E-06 O O × × × 0.000 0.091 0.274 0.122
4 1.00E-06 O × O O × 0.000 0.092 0.276 0.122
4 1.00E-06 O × O × O 0.000 0.092 0.277 0.123
4 1.00E-06 O × × O × 0.000 0.092 0.275 0.122
4 1.00E-06 O × × × O 0.000 0.092 0.277 0.123
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EP LR RD NR DA EUL EUL2 MIA TAS MMLU Final
4 1.00E-06 × O O × × 0.000 0.091 0.273 0.121
4 1.00E-06 × O × O × 0.000 0.091 0.274 0.122
4 1.00E-06 × O × × × 0.000 0.092 0.274 0.122
4 1.00E-06 × × O O × 0.000 0.092 0.276 0.123
4 1.00E-06 × × O × O 0.000 0.092 0.276 0.122
4 1.00E-06 × × × O × 0.000 0.092 0.276 0.123
4 1.00E-06 × × × × O 0.000 0.092 0.275 0.122
5 1.00E-04 O O O O × 0.036 0.223 0.279 0.179
5 1.00E-04 O O O × O 0.022 0.226 0.279 0.175
5 1.00E-04 O O O × × 0.000 0.125 0.280 0.135
5 1.00E-04 O O × O × 0.000 0.095 0.286 0.127
5 1.00E-04 O O × × O 0.000 0.096 0.287 0.127
5 1.00E-04 O O × × × 0.000 0.123 0.279 0.134
5 1.00E-04 O × O O × 0.593 0.395 0.275 0.421
5 1.00E-04 O × O × O 0.387 0.221 0.276 0.295
5 1.00E-04 O × × O × 0.005 0.194 0.275 0.158
5 1.00E-04 O × × × O 0.001 0.147 0.271 0.140
5 1.00E-04 × O O × × 0.000 0.093 0.278 0.124
5 1.00E-04 × O × O × 0.010 0.095 0.276 0.127
5 1.00E-04 × O × × × 0.000 0.092 0.281 0.124
5 1.00E-04 × × O O × 0.989 0.421 0.229 0.547
5 1.00E-04 × × O × O 0.000 0.092 0.291 0.128
5 1.00E-04 × × × O × 0.991 0.407 0.229 0.543
5 1.00E-04 × × × × O 0.947 0.396 0.240 0.528
5 1.00E-05 O O O O × 0.000 0.092 0.276 0.123
5 1.00E-05 O O O × O 0.000 0.092 0.276 0.123
5 1.00E-05 O O O × × 0.000 0.092 0.276 0.123
5 1.00E-05 O O × O × 0.000 0.180 0.276 0.152
5 1.00E-05 O O × × O 0.000 0.092 0.275 0.122
5 1.00E-05 O O × × × 0.000 0.092 0.275 0.122
5 1.00E-05 O × O O × 0.001 0.112 0.279 0.131
5 1.00E-05 O × O × O 0.000 0.112 0.277 0.130
5 1.00E-05 O × × O × 0.000 0.093 0.280 0.125
5 1.00E-05 O × × × O 0.000 0.114 0.276 0.130
5 1.00E-05 × O O × × 0.000 0.090 0.270 0.120
5 1.00E-05 × O × O × 0.000 0.201 0.273 0.158
5 1.00E-05 × O × × × 0.000 0.147 0.272 0.140
5 1.00E-05 × × O O × 0.569 0.281 0.257 0.369
5 1.00E-05 × × O × O 0.000 0.125 0.280 0.135
5 1.00E-05 × × × O × 0.141 0.138 0.273 0.184
5 1.00E-05 × × × × O 0.002 0.194 0.279 0.158
5 1.00E-06 O O O O × 0.000 0.092 0.276 0.123
5 1.00E-06 O O O × O 0.000 0.092 0.277 0.123
5 1.00E-06 O O O × × 0.000 0.092 0.273 0.122
5 1.00E-06 O O × O × 0.000 0.091 0.274 0.122
5 1.00E-06 O O × × O 0.000 0.092 0.275 0.122
5 1.00E-06 O O × × × 0.000 0.091 0.274 0.122
5 1.00E-06 O × O O × 0.000 0.092 0.277 0.123
5 1.00E-06 O × O × O 0.000 0.092 0.278 0.123
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EP LR RD NR DA EUL EUL2 MIA TAS MMLU Final
5 1.00E-06 O × × O × 0.000 0.092 0.275 0.122
5 1.00E-06 O × × × O 0.000 0.091 0.274 0.122
5 1.00E-06 × O O × × 0.000 0.091 0.273 0.121
5 1.00E-06 × O × O × 0.000 0.091 0.273 0.122
5 1.00E-06 × O × × × 0.000 0.092 0.274 0.122
5 1.00E-06 × × O O × 0.000 0.092 0.277 0.123
5 1.00E-06 × × O × O 0.000 0.092 0.276 0.122
5 1.00E-06 × × × O × 0.000 0.092 0.275 0.122
5 1.00E-06 × × × × O 0.000 0.092 0.275 0.122

Table 5: Ablation Study Results in OLMo-1B

EP LR RD NR DA EUL EUL2 MIA TAS MMLU Final
3 1.00E-04 × × × × O 0.992 0.407 0.229 0.543
3 1.00E-04 × × × O × 0.991 0.407 0.229 0.543
3 1.00E-04 × × O × O 0.958 0.409 0.269 0.545
3 1.00E-04 × × O O × 0.959 0.409 0.269 0.546
3 1.00E-04 × O × × × 0.000 0.165 0.494 0.220
3 1.00E-04 × O × O × 0.165 0.218 0.490 0.291
3 1.00E-04 × O O × × 0.000 0.165 0.496 0.220
3 1.00E-04 O × × × O 0.010 0.229 0.496 0.245
3 1.00E-04 O × × O × 0.063 0.196 0.497 0.252
3 1.00E-04 O × O × O 0.420 0.327 0.496 0.414
3 1.00E-04 O × O O × 0.131 0.300 0.498 0.310
3 1.00E-04 O O × × × 0.000 0.167 0.500 0.222
3 1.00E-04 O O × × O 0.000 0.165 0.496 0.221
3 1.00E-04 O O × O × 0.000 0.161 0.484 0.215
3 1.00E-04 O O O × × 0.000 0.166 0.497 0.221
3 1.00E-04 O O O × O 0.060 0.242 0.506 0.269
3 1.00E-04 O O O O × 0.056 0.192 0.499 0.249
3 1.00E-05 × × × × O 0.000 0.318 0.499 0.272
3 1.00E-05 × × × O × 0.000 0.310 0.494 0.268
3 1.00E-05 × × O × O 0.839 0.361 0.244 0.481
3 1.00E-05 × × O O × 0.937 0.389 0.230 0.519
3 1.00E-05 × O × × × 0.000 0.260 0.504 0.255
3 1.00E-05 × O × O × 0.000 0.230 0.498 0.243
3 1.00E-05 × O O × × 0.000 0.203 0.499 0.234
3 1.00E-05 O × × × O 0.000 0.168 0.504 0.224
3 1.00E-05 O × × O × 0.000 0.168 0.503 0.223
3 1.00E-05 O × O × O 0.010 0.167 0.491 0.222
3 1.00E-05 O × O O × 0.028 0.172 0.488 0.229
3 1.00E-05 O O × × × 0.000 0.168 0.504 0.224
3 1.00E-05 O O × × O 0.000 0.235 0.505 0.246
3 1.00E-05 O O × O × 0.000 0.235 0.505 0.246
3 1.00E-05 O O O × × 0.000 0.167 0.501 0.223
3 1.00E-05 O O O × O 0.000 0.262 0.497 0.253
3 1.00E-05 O O O O × 0.000 0.255 0.496 0.250
3 1.00E-06 × × × × O 0.000 0.170 0.509 0.226
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EP LR RD NR DA EUL EUL2 MIA TAS MMLU Final
3 1.00E-06 × × × O × 0.000 0.169 0.508 0.226
3 1.00E-06 × × O × O 0.000 0.169 0.508 0.226
3 1.00E-06 × × O O × 0.000 0.169 0.508 0.226
3 1.00E-06 × O × × × 0.000 0.170 0.509 0.226
3 1.00E-06 × O × O × 0.000 0.170 0.510 0.226
3 1.00E-06 × O O × × 0.000 0.170 0.510 0.227
3 1.00E-06 O × × × O 0.000 0.170 0.510 0.227
3 1.00E-06 O × × O × 0.000 0.169 0.508 0.226
3 1.00E-06 O × O × O 0.000 0.170 0.509 0.226
3 1.00E-06 O × O O × 0.000 0.170 0.509 0.226
3 1.00E-06 O O × × × 0.000 0.170 0.510 0.227
3 1.00E-06 O O × × O 0.000 0.170 0.510 0.227
3 1.00E-06 O O × O × 0.000 0.170 0.509 0.226
3 1.00E-06 O O O × × 0.000 0.170 0.509 0.226
3 1.00E-06 O O O × O 0.000 0.170 0.510 0.227
3 1.00E-06 O O O O × 0.000 0.170 0.509 0.226
4 1.00E-04 × × × × O 0.991 0.407 0.229 0.542
4 1.00E-04 × × × O × 0.988 0.406 0.229 0.541
4 1.00E-04 × × O × O 0.956 0.408 0.269 0.544
4 1.00E-04 × × O O × 0.961 0.410 0.269 0.546
4 1.00E-04 × O × × × 0.000 0.164 0.492 0.219
4 1.00E-04 × O × O × 0.135 0.212 0.502 0.283
4 1.00E-04 × O O × × 0.000 0.166 0.497 0.221
4 1.00E-04 O × × × O 0.116 0.316 0.492 0.308
4 1.00E-04 O × × O × 0.133 0.293 0.482 0.303
4 1.00E-04 O × O × O 0.461 0.417 0.487 0.455
4 1.00E-04 O × O O × 0.712 0.462 0.476 0.550
4 1.00E-04 O O × × × 0.000 0.164 0.493 0.219
4 1.00E-04 O O × × O 0.000 0.205 0.495 0.233
4 1.00E-04 O O × O × 0.000 0.223 0.496 0.239
4 1.00E-04 O O O × × 0.000 0.164 0.493 0.219
4 1.00E-04 O O O × O 0.082 0.194 0.501 0.259
4 1.00E-04 O O O O × 0.048 0.237 0.501 0.262
4 1.00E-05 × × × × O 0.719 0.378 0.414 0.504
4 1.00E-05 × × × O × 0.760 0.371 0.351 0.494
4 1.00E-05 × × O × O 0.860 0.366 0.239 0.488
4 1.00E-05 × × O O × 0.965 0.398 0.229 0.531
4 1.00E-05 × O × × × 0.000 0.206 0.501 0.236
4 1.00E-05 × O × O × 0.005 0.165 0.491 0.221
4 1.00E-05 × O O × × 0.000 0.190 0.497 0.229
4 1.00E-05 O × × × O 0.000 0.166 0.499 0.222
4 1.00E-05 O × × O × 0.000 0.166 0.499 0.222
4 1.00E-05 O × O × O 0.082 0.192 0.492 0.255
4 1.00E-05 O × O O × 0.237 0.241 0.487 0.322
4 1.00E-05 O O × × × 0.000 0.167 0.502 0.223
4 1.00E-05 O O × × O 0.000 0.209 0.503 0.237
4 1.00E-05 O O × O × 0.000 0.208 0.504 0.237
4 1.00E-05 O O O × × 0.000 0.166 0.499 0.222
4 1.00E-05 O O O × O 0.000 0.261 0.493 0.252
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EP LR RD NR DA EUL EUL2 MIA TAS MMLU Final
4 1.00E-05 O O O O × 0.000 0.290 0.493 0.261
4 1.00E-06 × × × × O 0.000 0.170 0.509 0.226
4 1.00E-06 × × × O × 0.000 0.169 0.508 0.226
4 1.00E-06 × × O × O 0.000 0.169 0.507 0.225
4 1.00E-06 × × O O × 0.000 0.169 0.507 0.225
4 1.00E-06 × O × × × 0.000 0.170 0.509 0.226
4 1.00E-06 × O × O × 0.000 0.169 0.508 0.226
4 1.00E-06 × O O × × 0.000 0.170 0.509 0.226
4 1.00E-06 O × × × O 0.000 0.170 0.509 0.226
4 1.00E-06 O × × O × 0.000 0.170 0.509 0.226
4 1.00E-06 O × O × O 0.000 0.169 0.507 0.225
4 1.00E-06 O × O O × 0.000 0.169 0.508 0.226
4 1.00E-06 O O × × × 0.000 0.170 0.509 0.226
4 1.00E-06 O O × × O 0.000 0.169 0.508 0.226
4 1.00E-06 O O × O × 0.000 0.170 0.509 0.226
4 1.00E-06 O O O × × 0.000 0.170 0.510 0.227
4 1.00E-06 O O O × O 0.000 0.170 0.509 0.226
4 1.00E-06 O O O O × 0.000 0.170 0.509 0.226
5 1.00E-04 × × × × O 0.993 0.407 0.229 0.543
5 1.00E-04 × × × O × 0.984 0.405 0.229 0.539
5 1.00E-04 × × O × O 0.955 0.408 0.269 0.544
5 1.00E-04 × × O O × 0.959 0.409 0.269 0.546
5 1.00E-04 × O × × × 0.000 0.163 0.488 0.217
5 1.00E-04 × O × O × 0.726 0.319 0.230 0.425
5 1.00E-04 × O O × × 0.000 0.163 0.488 0.217
5 1.00E-04 O × × × O 0.285 0.361 0.482 0.376
5 1.00E-04 O × × O × 0.318 0.282 0.495 0.365
5 1.00E-04 O × O × O 0.559 0.431 0.500 0.497
5 1.00E-04 O × O O × 0.747 0.529 0.466 0.581
5 1.00E-04 O O × × × 0.000 0.164 0.492 0.219
5 1.00E-04 O O × × O 0.000 0.229 0.500 0.243
5 1.00E-04 O O × O × 0.000 0.186 0.492 0.226
5 1.00E-04 O O O × × 0.000 0.175 0.494 0.223
5 1.00E-04 O O O × O 0.066 0.192 0.489 0.249
5 1.00E-04 O O O O × 0.038 0.209 0.498 0.248
5 1.00E-05 × × × × O 0.791 0.370 0.318 0.493
5 1.00E-05 × × × O × 0.915 0.386 0.244 0.515
5 1.00E-05 × × O × O 0.879 0.372 0.237 0.496
5 1.00E-05 × × O O × 0.972 0.401 0.229 0.534
5 1.00E-05 × O × × × 0.000 0.166 0.498 0.222
5 1.00E-05 × O × O × 0.022 0.168 0.483 0.225
5 1.00E-05 × O O × × 0.000 0.188 0.492 0.227
5 1.00E-05 O × × × O 0.000 0.165 0.494 0.219
5 1.00E-05 O × × O × 0.000 0.165 0.494 0.219
5 1.00E-05 O × O × O 0.240 0.315 0.492 0.349
5 1.00E-05 O × O O × 0.594 0.360 0.487 0.480
5 1.00E-05 O O × × × 0.000 0.167 0.502 0.223
5 1.00E-05 O O × × O 0.000 0.207 0.502 0.236
5 1.00E-05 O O × O × 0.000 0.209 0.501 0.237
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EP LR RD NR DA EUL EUL2 MIA TAS MMLU Final
5 1.00E-05 O O O × × 0.000 0.187 0.498 0.228
5 1.00E-05 O O O × O 0.000 0.240 0.497 0.246
5 1.00E-05 O O O O × 0.000 0.290 0.494 0.262
5 1.00E-06 × × × × O 0.000 0.170 0.510 0.227
5 1.00E-06 × × × O × 0.000 0.169 0.508 0.226
5 1.00E-06 × × O × O 0.000 0.169 0.507 0.225
5 1.00E-06 × × O O × 0.000 0.169 0.507 0.226
5 1.00E-06 × O × × × 0.000 0.170 0.510 0.227
5 1.00E-06 × O × O × 0.000 0.170 0.509 0.226
5 1.00E-06 × O O × × 0.000 0.170 0.509 0.226
5 1.00E-06 O × × × O 0.000 0.169 0.508 0.226
5 1.00E-06 O × × O × 0.000 0.169 0.508 0.226
5 1.00E-06 O × O × O 0.000 0.169 0.507 0.225
5 1.00E-06 O × O O × 0.000 0.169 0.508 0.226
5 1.00E-06 O O × × × 0.000 0.170 0.509 0.226
5 1.00E-06 O O × × O 0.000 0.170 0.509 0.226
5 1.00E-06 O O × O × 0.000 0.170 0.509 0.226
5 1.00E-06 O O O × × 0.000 0.170 0.510 0.226
5 1.00E-06 O O O × O 0.000 0.170 0.509 0.226
5 1.00E-06 O O O O × 0.000 0.169 0.508 0.226

Table 6: Ablation Study Results in OLMo-7B
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