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Abstract

Maintaining consistent model performance across domains is a fundamental chal-
lenge in machine learning. While recent work has explored using LLM-generated
data for fine-tuning, its impact on cross-domain generalization remains poorly
understood. This paper presents a systematic analysis revealing that fine-tuning
with LLM-generated data not only improves target task performance but also re-
duces non-target task degradation compared to fine-tuning with ground truth data.
Through analyzing the data sequence in tasks of various domains, we demonstrate
that this enhancement of non-target task robustness stems from the reduction of
high perplexity tokens found in LLM-generated sequences. Following our find-
ings, we showed that masking high perplexity tokens in ground truth training data
achieves similar non-target task performance preservation, comparable to using
LLM-generated data. Extensive experiments across different model families and
scales, including Gemma 2 IT 2B, Llama 3 8B Instruct, and three additional models,
agree with our findings. To the best of our knowledge, this is the first work to
provide an empirical explanation based on token perplexity reduction to mitigate
catastrophic forgetting in LLMs after fine-tuning, offering valuable insights for
developing more robust fine-tuning strategies.

1 Introduction

Supervised fine-tuning large language models (LLMs) [29] has proven highly effective for enhancing
their ability to follow novel instructions [15, 21, 23, 43, 49] and produce useful outputs across a
wide range of tasks, including summarization and web querying [1, 17, 26, 34]. As LLMs are
increasingly applied in specialized domains such as arithmetic and programming assistance [27, 38],
practitioners often encounter substantial computational and data cleaning issues when adapting
these models to gain improvements. These difficulties are exacerbated by performance saturation
in smaller LLMs, where benchmark improvements on tasks like MATH [12] and MBPP [3] tend
to plateau as model size decreases. Moreover, fine-tuning can risk degrading a model’s general
capabilities [4, 24, 30, 31]. This raises a critical question: how can we efficiently fine-tune pre-
trained, instruction-following LLMs for domain-specific tasks without compromising other skill
sets such as arithmetic or common sense reasoning, especially when the original fine-tuning data is
unavailable or computational resources are constrained?

Recent work has shown that fine-tuning with model-generated data can be highly effective, often
outperforming training on ground truth data when using high-quality generated samples [10, 32,
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Question: Given a mathematics problem, determine the answer.\nProblem : Let the reciprocals of the
roots of 5x2 + 3x+ 4 be α and β. Evaluate α+ β.\nAnswer:$
Ground Truth: Denote the roots of 5x2 + 3x+ 4 by a and b. We have that α = 1

a
and β = 1

b
. So,

α + β = 1
a
+ 1

b
= a+b

ab
. Now, we know that a+b = −3

5
and ab = 4

5
by the relationship between

sum/products of roots and the coefficients of a polynomial. Hence α+ β =
a+ b

ab
= −3

4

Self-Output (Llama 3 8B Instruct): Let r1 and r2 be the roots of 5x2 + 3x + 4. Then, by Vieta’s
formulas, we have r1+r2 = − 3

5
and r1r2 = 4

5
. Let α = 1
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and β = 1

r2
. Then, we have
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Figure 1: An example MATH problem showing more high perplexity tokens (highlighted in red,
perplexity ≥ 2.5) in ground truth than Self-Output responses (Llama 3 self-generated responses).

35, 48]. For example, Ren et al. [31] demonstrated that model-generated responses can surpass
human annotations in downstream performance, particularly when using more capable models (e.g.,
GPT-4) to generate training data and mitigate degradation on general tasks. Although they attributed
part of this success to the “familiarity” of generated responses, measured via low perplexity, it
remains unclear why such data works well for instruction tuning. Specifically: (1) The regenerated
response may differ contextually from the ground truth, and such contextual bias could affect the
utility of low-perplexity training. (2) The “non-forgetting” impact of low-perplexity training on the
performance of tasks not being fine-tuned, which maintains the practicality of the model, is still
underexplored. (3) Since model size plays a role in distillation benefits, it is important to disentangle
the effects of model scale and evaluate low-perplexity training using models of the same size.

Our work offers an empirical explanation, grounded in loss and perplexity reduction, for why LLM-
generated data tends to cause less degradation in fine-tuning outcomes. Through systematic analysis,
we first show that fine-tuning with different types of LLM-generated data (e.g., self-generated and
rephrased responses) significantly mitigates degradation on non-target tasks compared to fine-tuning
with ground truth data. Second, we trace this improvement to a key property illustrated in Figure 1:
LLM-generated responses exhibit lower sentence-level perplexity and a smaller proportion of high-
perplexity tokens. This leads to a practical insight: by simply masking high-perplexity tokens in
ground truth training data, we can achieve a comparable reduction in non-target task degradation as
observed with LLM-generated data. Importantly, this can be done using the same model prior to
training, allowing us to pre-process the data and harness the benefits of low-perplexity training.

We propose a novel empirical explanation for non-target task performance degradation, introducing
Selective Token Masking (STM), a simple yet effective strategy that filters out high-perplexity
tokens to enable low-perplexity training. We have applied STM on (1) different perplexity criteria,
(2) different model families and scales, and (3) various fine-tuning techniques from full-weight
fine-tuning to parameter-efficient fine-tuning. We found that STM could achieve almost the same
capabilities as the original models have on non-target tasks after fine-tuning on target tasks under
all circumstances. We could identify that the degradation results from the low model weights
update during the low-perplexity training. Together, these insights provide a new perspective on
designing fine-tuning strategies that better retain general capabilities while enhancing performance
on domain-specific tasks.

2 Training LLMs on self-generated data

To evaluate the effectiveness of LLM-generated data for fine-tuning, we explore two distinct methods
for generating training data across two different target tasks. We then assess the models fine-tuned
with the generated data on five non-target tasks, respectively. The two generation strategies, Self-
Output and Rephrase, offer complementary approaches to constructing LLM-based training data, each
addressing different trade-offs and challenges. In this section, we introduce the original datasets used
for data generation and describe our methodology for constructing self-generated training datasets
using language models.
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2.1 Training and evaluation framework

For target-task fine-tuning, we adopt the MBPP and MATH datasets. These datasets provide rich
annotations, including full solutions, reasoning steps, and test cases, beyond just the final answers,
allowing models to learn comprehensive task-solving behaviors. For evaluation, in addition to
using the test sets from MBPP and MATH, we assess model performance on GSM8K [7], ARC-
Challenge [6], and BIRD [19] to examine generalization to non-target tasks involving various forms
of reasoning and generation. A detailed description of the datasets is provided in Section 4.

2.2 Self-Output Table 1: Perplexity average and variance
over answer sequences of MBPP and MATH
training datasets on Llama 3 8B Instruct. The
average sentence perplexity is calculated by
averaging the sum of each sentence’s per-
plexity over the token perplexity score.

Data Method Avg. PPL

Ground Truth 4.83 (7.04)
MBPP Rephrase 1.69 (0.16)

Self-Output 1.16 (0.01)

Ground Truth 2.45 (0.81)
MATH Rephrase 2.11 (9.28)

Self-Output 1.34 (0.03)

Self-Output follows a similar high-level approach,
similar to other synthetic data generation techniques
[31, 48], where a high-quality synthetic dataset is cre-
ated by sampling diverse responses from an LLM and
applying a strict filtering process. For each training
instance, we use a language model M (e.g., Llama
3 8B Instruct) to generate N (e.g., 32) distinct re-
sponses with a temperature setting of T = 0.7. The
generated responses are then filtered to those that are
semantically aligned with the ground truth, ensuring
the quality and relevance of synthetic data.

Self-Output excels at producing high-quality train-
ing data in domains with reliably verifiable outputs
(e.g., programming tasks with objective ground truths).
However, it remains constrained to settings where such verification is feasible and imposes significant
computational overhead from the multiple generations and filtering required to identify valid outputs.

2.3 Rephrase

Yang et al. [47] proposed self-distillation. The process uses an instruction-finetuned LLM to rephrase
ground-truth responses in its style. By providing both the instruction and ground truth to the target
LLM, it generates semantically equivalent reformulations with ground truth responses. Compared
to Self-Output, Rephrase is computationally efficient, as it requires only a single pass of generation
without additional filtering. However, Rephrase is susceptible to hallucinations, as evidenced by
the higher variance in token-level perplexity (see Table 1). Despite this limitation, Rephrase offers
versatility, as it does not rely on verifiable ground truth and can be applied to a broader range of tasks.

We have a sanity check on the output of Rephrase, and remove the incorrect label output as the final
training set for Rephrase to ensure that all the final outputs of Rephrase are correct. But we did not
evaluate the intermediate output of Rephrase, e.g., the reasoning or CoT process. This process is
partially reflected in Appendix F, Table 17.

Table 2 presents the performance comparison between Self-Output, Rephrase, and Baseline Fine-
tuning on ground truth using different models in terms of model size and model series across both
target task improvement and non-target task degradation rate. Both task improvement rate (TI) and
degradation rate (BWT) are adopted from Backward Transfer rate from [14] and modified as follows:

TI = (a
(train)
target − a

(original)
target )/a

(original)
target . (1)

BWT =
1

T − 1

T−1∑
i=1

(a
(train)
i − a

(original)
i )/a

(original)
i . (2)

Given T tasks composed of one target task and T−1 non-target tasks, TI is the target task performance
improvement percentage after training on the target task. BWT refers to the average performance
degradation percentage of the T − 1 non-target task after training on the target task. The models to
fine-tune in this paper refer to generic instruction following models before fine-tuning with target
task data, e.g., Llama 3 8B Instruct [8], Gemma 2 IT 2B [36], Mistral 7B Instruct [16], and OLMo
2 7B series [40]. For target task performance, Self-Output demonstrates consistent positive TI in
both MBPP and MATH. For the non-target task, the Self-Output method achieves better BWT scores
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Figure 2: Fine-tuned Llama 3 8B Instruct on
MBPP labels generated by various LLMs. Back-
ward Transfer (BWT) measures performance drop
on non-target tasks, showing that Low-perplexity
labels training generally leads to less degradation
(upper left) than ground truth (bottom right).
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Figure 3: Comparison of token-level perplex-
ity (PPL) distributions between human-annotated
Ground Truth (top) and Llama 3 8B Instruct gen-
erations for Rephrase and Self-Output sequence
(middle and bottom), where PPL of Self-Output
data is low and with fewer spikes.

than the baseline fine-tuning in most cases, indicating much less degradation on non-target task
capabilities. For more details, such as performance comparison with other models or other minor
findings for self-output and rephrase method, please refer to Appendix D.

2.4 Analysis of perplexity across each sample

In this section, we analyze the perplexity of datasets generated by Self-Output and Rephrase to
quantify their impact on model uncertainty and fine-tuning stability. We first collect the inference
statistics of GPT-4o, GPT-4o mini, Gemma 2 IT 27B, Llama 3 8B Instruct, and Gemma 2 IT 2B from
all three methods: Baseline Fine-tuning, Rephrase, and Self-Output strategy, along with their BWT,
as Figure 2 shows that a higher perplexity of target training data could result in a higher degradation
on non-target task. Second, we further collect the Llama 3 8B Instruct inference statistics from three
kinds of training data: Baseline Finetuning (ground truth data), Rephrase, and Self-Output strategy.
We evaluate the perplexity of responses by summing up the negative log probability of each token
conditioned on its previous context in the sentence to measure the uncertainty of model outputs over
the entire sequence. Specifically, the perplexity PPL4 across a sequence is computed as:

PPL = − exp(
1

N

N∑
i=1

P (wi | w1, ..., wi−1)), (3)

where P (wi | w1, ..., wi−1) represents the conditional probability of token wi given its preceding
context, and N is the total number of tokens in the sequence.

Table 1 demonstrates that the Self-Output strategy achieves the lowest average perplexity of 1.16 in
MBPP and 1.34 in MATH. Among the three approaches, Ground Truth exhibits the highest uncertainty
with a mean perplexity of 4.83, and the perplexity of Rephrase is slightly higher than Self-Output.
The lower perplexity of Self-Output suggests that LLMs are less likely to deviate far from their initial
weights when fine-tuning on downstream tasks created by Self-Output. This characteristic maintains
the model’s original performance on non-target tasks while effectively learning from the target task.

To investigate predictability at the token-level, we sample a single MATH response and visualize the
token-level perplexity value. Figure 3 reveals distinct patterns across Ground Truth, Rephrase, and
Self-Output responses. The first 20 tokens’ variance is 2.04 for Ground Truth, 2.31 for Rephrase,
and 0.04 for Self-Output, which confirms our observation: Ground Truth exhibits frequent perplexity
spikes of high amplitude (perplexity around 6-8), which reflects the natural variability in human
problem-solving expressions. While Rephrase maintains similar peak amplitudes to Ground Truth,

4In this section, we use natural log instead of base 2 for computation convenience
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i.e., more regular spike patterns, its variability is between Ground Truth and Self-Outputs. Self-Output
demonstrates remarkably consistent low token perplexity values rarely exceeding 2, indicating highly
predictable token sequences. These patterns suggest that Self-Output generates more deterministic
solutions, potentially beneficial for maintaining consistent problem-solving approaches, while Ground
Truth sequences introduce much higher variations. To demonstrate the different content of tokens
distribution between Ground Truth and Self-Output responses, please refer to Appendix E.

3 Low-perplexity token learning via selective token masking

Our earlier analysis of Figure 3 reveals a notable discrepancy in token perplexity distributions between
Self-Output generated data and other sources. This observation raises a central question: Is the
superior performance of Self-Output methods primarily due to the lower perplexity of their generated
tokens? To explore this hypothesis and design more efficient fine-tuning strategies, we propose
Selective Token Masking (STM), a novel approach to supervised fine-tuning (SFT) that explicitly
leverages token-level perplexity.

The core idea behind STM is simple yet effective: we use an existing instruction-tuned model to
compute token-level perplexities and mask ground truth tokens whose perplexity exceeds a predefined
threshold τ during training. Our investigation yields two key insights: First, STM highlights the
pivotal role of token perplexity in shaping fine-tuning performance. Second, it shows that the
gains observed from Self-Output methods can be replicated through perplexity-based token filtering,
suggesting that performance improvements stem more from low-perplexity token distributions than
from the self-generation process itself. STM thus offers not only computational efficiency but also a
principled framework for understanding model adaptation during fine-tuning.

While our approach shares conceptual similarities with prior work such as [2, 20], it differs sig-
nificantly in both implementation and efficiency. Previous methods typically involved a two-stage
process: training a reference model on high-quality data to identify learnable (high-perplexity) tokens,
followed by pre-training a larger LLM on this curated subset. In contrast, STM achieves similar
goals in a streamlined single-stage workflow by directly using an existing instruction-tuned model to
compute token perplexities in a single forward pass. This design avoids the need to train or maintain
any additional models, significantly reducing computational overhead while preserving the benefits
of low-perplexity training. This makes STM a compelling choice for efficient fine-tuning rather than
full-scale pretraining.

Importantly, STM is orthogonal to other training strategies. It can be applied alongside different data
sources (e.g., ground truth or Self-Output) and training techniques (e.g., full-weight fine-tuning or
LoRA) to alleviate non-target task performance degradation. In the following sections, we explore
how STM complements these various settings and contributes to more robust fine-tuning outcomes.

4 Experimental setting

To evaluate the effectiveness of our proposed method, we adopt benchmark datasets specifically
selected to assess model robustness on both target and non-target tasks after fine-tuning. We include
only datasets with verifiable ground truth, allowing us to filter out incorrect self-generated responses
for a fair comparison with self-synthesized baselines and to ensure high data quality. Following
recent findings [4] that LoRA [13] effectively mitigates performance degradation, we standardize our
experiments by using LoRA for all fine-tuning. We then vary training strategies and data sources
to study their impact on performance preservation. Details of our evaluation prompts and training
configurations are provided in Appendix F. All implementation code and datasets are publicly
available at: https://github.com/appier-research/robust-llm-finetunes.

4.1 Target and non-target datasets

We focus on three domains, programming, mathematics, and knowledge-based tasks, to study perfor-
mance degradation after supervised fine-tuning with LoRA on each domain. For the programming
and mathematics domains, we select MBPP and MATH for target task training, while others (MATH
or MBPP test split, BIRD, GSM8K) and knowledge-based tasks for non-target task evaluation to
assess generalization capabilities.
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Table 2: Performance comparison across different models and target tasks in terms of task improve-
ment (TI) on target test set and backward transfer (the degradation percentage, BWT) of non-target
test set, and the cost of data related process before training (e.g., generation of self-output, token PPL
calculation and STM training criteria selection). Self-Output and our STM method have generally
better BWT and TI, showing a better preservation of generalization capabilities after fine-tuning.

Model Target task Method BWT(%) TI(%) Cost (GPU hours)

Gemma 2 IT 2B

MBPP

Baseline Fine-tuning -38.19 -21.76 0
Self-Output -8.10 5.70 12 Hours
Rephrase -3.23 -4.69 30 Minutes
STMτ=2.5 (Ours) 0.42 0.00 5 Minutes

MATH

Baseline Fine-tuning -36.68 -22.78 0
Self-Output -1.73 9.06 ≥ 2 Days
Rephrase -14.06 -28.83 39 Minutes
STMτ=2.5 (Ours) -2.93 7.83 8 Minutes

Llama 3 8B Instruct

MBPP

Baseline Fine-tuning -34.71 -2.23 0
Self-Output 3.09 1.55 16.8 Hours
Rephrase -5.32 -9.58 36.8 Minutes
STMτ=2.5 (Ours) -0.16 3.20 4.5 Minutes

MATH

Baseline Fine-tuning -14.12 -17.83 0
Self-Output 0.31 9.55 ≥2 Days
Rephrase -1.09 4.78 29.3 Minutes
STMτ=2.5 (Ours) -0.30 6.37 7 Minutes

Programming. For code generation evaluation, we split MBPP into target task training data and
non-target task testing data, while BIRD serves as a non-target assessment. This pairing tests both
direct programming ability and cross-language generalization from Python to SQL.

Mathematical reasoning. We split MATH into target task training data and non-target task testing
data, and GSM8K for non-target task testing. These datasets differ in format: MATH features
competition-style problems, while GSM8K uses natural language, allowing us to assess generalization
across mathematical expression styles.

Knowledge-based. To assess broader generalization capabilities beyond mathematical and program-
ming domains, we incorporate ARC-Challenge, a subset of the ARC science question dataset.

For details about the data curation of the target and non-target datasets, please refer to Appendix A.

To explore more performances of non-target tasks including instruction following and safety perfor-
mance under limited model choices, please refer to Appendix B.

5 STM results

Table 2 shows that with a threshold to filter out high perplexity tokens, such as 2.5, which approxi-
mately filters out around 20% to 24% of total tokens, its BWT is close to 0%, and STM also achieves
comparable TI to the Self-Output method. It indicates that STM not only improves target task
performance but also reduces non-target task degradation. This result agrees with our hypothesis
that the presence of high perplexity tokens is one of the causes of performance degradation of the
ground truth model, and low perplexity tokens sufficiently mitigate such negative impact for strong
generalization without the need for self-generated data. We also applied STM to other models, and
the results can be found in Appendix D. Our conclusions are still the same across different models.

5.1 Does filtering high perplexity tokens always perform better?

From the intuition of the high perplexity filtering mechanism of STM, we have done an ablation
study on the masking criteria of perplexity by filtering out high, random, and low ppl tokens. More
specifically, high ppl refers to filtering the top 25% ppl of all tokens, random filtering refers to
filtering the randomly selected 25% of all tokens, and low ppl refers to filtering the lowest 25% ppl
of all tokens from the dataset. As the upper part of Table 3 shows, masking high ppl tokens in STM
simultaneously reduces performance degradation and improves target task performance. Likewise, we
have the same conclusions for Llama 3 8B Instruct on such ablation test, please refer to Appendix D.
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Table 3: Ablation and scaling on threshold of
STM with Gemma 2 IT 2B on MBPP task. Per-
centages indicate the ratio of tokens filtered from
training data. STM performs generally the best
with 20% to 24% of high ppl tokens filtered.

Configuration BWT(%) TI(%)
STMτ=2.5,high 0.4 0.0
STMτ=2.5,random -8.6 -15.6
STMτ=2.5,low -7.9 -18.7

Baseline Fine-tuning -38.2 -25.2
STMτ=1000 (6.26%) -2.9 -11.4
STMτ=25 (12.34%) -2.5 -8.8
STMτ=10 (15.1%) -0.7 -10.4
STMτ=2.5 (23.8%) 0.4 0.0
STMτ=1.5 (26.1%) -0.3 -0.5
STM9Bτ=2.5 (23.8%) -3.8 -7.3

Table 4: STM applied on full weight fine-
tuning (FWFT), DoRA and LoRA with MBPP
on Gemma 2 IT 2B. STM can enhance all three
kinds of fine-tuning techniques with much better
preservation of non-target task capability and tar-
get task improvement.

Configuration BWT (%) TI(%)
FWFT -31.87 -27.98
FWFT + STMτ=2.5 -0.13 -8.81
LoRA -38.19 -21.76
LoRA + STMτ=2.5 0.42 0.0
DoRA -8.54 -15.2
DoRA + STMτ=2.5 -0.01 0.04

5.2 Is larger-sized LLM a better token filter?

In addition to that, STM uses initial model perplexity for token selection, we investigate an alternative
token selection model for STM.

Cross-scale filtering. We explore perplexity assessment using larger models within the same model
family (e.g., Gemma 2 IT 9B) to guide token selection for smaller models (e.g., Gemma 2 IT 2B),
denoted as STM9Bτ=2.5. This approach investigates whether token selection benefits from a more
robust understanding of larger models, potentially offering a form of knowledge distillation through
perplexity-based filtering.

Table 3 shows that both STM and STM9B perform better than Baseline Fine-tuning. However, scaling
the perplexity model does not surpass STM with masking created by its own (2B), likely because
larger models assign lower perplexity to tokens smaller models find challenging. Therefore, the
optimal strategy should always be to use the same model for token selection. We also investigated
other alternatives such as a learnable token selection, please see Appendix D.4.

5.3 Optimal threshold selection for STM

A key hyperparameter of STM is the perplexity threshold to filter tokens from the supervised fine-
tuned (SFT) model. We explore the existence of an optimal threshold that maximizes performance.
The bottom part of Table 3 reveals that filtering approximately 24% of tokens yields the best results.
This optimal threshold demonstrates consistent benefits across both target and non-target datasets,
including GSM8K, ARC, MATH, and BIRD, showing its robustness and generalization similar to
Self-Output data. For further validation of the generalization of such settings, please refer to Table 11
in Appendix D that such settings apply to different model families as well.

5.4 Is forgetting affected by smaller learning rates?

Following training settings in [9, 37], learning rate (lr) would be one reason that harms the per-
formance of Baseline Fine-tuning severely (but not for STM and LLM generated data baselines).
Therefore, we conducted additional learning rate sweeps down to 1e − 7 for Llama 3 8B Instruct
and Gemma 2 IT 2B on the MBPP dataset. As Table 5 shows, we found that Baseline Fine-tuning
improves at smaller learning rates (e.g., TI: −10.6% → 1.33%), but the forgetting problem (BWT)
persists (e.g., −1.6%). In contrast, STM consistently outperforms Baseline across all learning rates
with stronger target task performance and substantially lower forgetting. Notably, STM achieves
better BWT and stable performance even at small learning rates (e.g., TI: 2.23%, BWT: +1.39%
at 1e-7). These results demonstrate that STM is more robust to learning rate choices, requires less
learning rate tuning, and achieves more stable training dynamics, highlighting its practical advantage
in real-world fine-tuning scenarios.
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Table 5: Learning rate (lr) sweeping results of training Llama 3 8B Instruct (Llama 3 8B-IT) and
Gemma 2 IT 2B on the MBPP dataset. Note that only BWTs of Baseline Fine-tuning (Baseline) with
the best TI are calculated. The results show the higher robustness of STM to learning rate choices
while still forgetting less or nothing.

Llama 3 8B-IT lr BWT(%) TI(%)
BASELINE 1E-4 - -10.6
BASELINE 2E-5 -34.7 -2.23
BASELINE 5E-6 - 0.9
BASELINE 1E-6 - -4.47
BASELINE 5E-7 - -1.3
BASELINE 1E-7 -1.6 1.33

STM 1E-4 1.8 -3.58
STM 2E-5 0.2 3.2
STM 5E-6 -0.1 2.68
STM 1E-6 0.53 3.12
STM 5E-7 1.23 3.12
STM 1E-7 1.39 2.23

Gemma 2 IT 2B lr BWT(%) TI(%)
BASELINE 2E-5 -38.2 -15.5
BASELINE 5E-6 - -4.0
BASELINE 1E-6 - -17.6
BASELINE 1E-7 -4.7 -0.53

STM 2E-5 -0.3 -0.5
STM 5E-6 -1.1 -3.0
STM 1E-6 -0.35 -1.5
STM 1E-7 0.51 0.7

Table 6: Self-bleu score of Baseline Fine-tuning and STM training. The results show that both
training lead to lower diversity, but masking would not reduce further diversity but less forgetting.

Llama 3 8B Instruct lr self-bleu accuracy(%) BWT (%)

Original - 20.47±13 44.75 -
Baseline Fine-tuning 1E-7 40.29±19 56.5 -1.6
STMτ=2.5 1E-7 40.77±17 58.25 1.39

5.5 STM generalization on different fine-tuning strategies

As STM is a masking technique applied to target data during the fine-tuning stage, it should be
orthogonal to the fine-tuning techniques and improve the performance degradation. Thus, we
experiment with how STM improves practical fine-tuning strategies like Full-Weight Fine-tuning
(FWFT), Low-rank adaptation (LoRA), and Weight-decomposed LoRA (DoRA) [22]. As Table 4
shows, all of the fine-tuning techniques are further improved by STM, which indicates STM’s
generalization on different fine-tuning strategies.

5.6 Does masking in STM lead to lower diversity of token generation?

Masking in STM reflects a possibility that model learns to generate a token distribution of higher
kurtosis (lower diversity) by masking more tokens not for training. Thus, we experiment with a
Llama 3 8B Instruct model trained on MBPP coding dataset and tested on a sample of 100 MATH
questions. Each instance’s reasoning response is generated 4 times, and average self-bleu scores are
calculated. As Table 6 shows, Baseline Fine-tuning and STM share similar diversity, while Baseline
Fine-tuning leads to more forgetting, which STM avoids. Therefore, it is more likely that training
typically harms diversity, but STM could enhance Baseline Fine-tuning with less forgetting.

6 Analysis and discussion

In our experiments, we found that STM’s effectiveness is applicable across different datasets, models,
and fine-tuning strategies. In this section, we conduct several analyses on the model training process
and model changes with STM to investigate the reason that reduces performance degradation.

Low training loss from low perplexity training. Training low perplexity data leads to a low
training loss intuitively, and the model can converge within fewer training epochs. Figure 4 showcases
the training procedure on MBPP training data of different perplexities. The results show that training
with STM or synthesized data yields much lower training loss, resulting in fewer updates of model
weight for changing capabilities of non-target tasks.

Subtle LoRA weight changed from low perplexity training. We investigate the relationship
between token-level perplexity and characteristics of weight updates in LoRA. Our analysis focuses
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Figure 4: MBPP target task testing accuracy, validation and training loss of baseline finetuning
with ground truth data, finetuning with Self-Output data, and STM strategy of perplexity filtering
threshold=2.5 for Llama 3 8B Instruct. STM and self-output training yield better performances with
much lower training and validation loss because of low-perplexity training.

Table 7: L2 norm of ∆W signifies a larger update from the original weight W . STM shows a small
model ∆W , indicating STM training can occur with few changes on the model’s original capabilities.

Models tuned on MBPP Self-Output Rephrase Ground Truth STM + Ground Truth

Llama 3 8B Instruct 6.53 7.31 17.75 0.55
Gemma 2 IT 2B 4.03 5.78 5.69 0.45

on understanding how different types of training data affect the magnitude and dimensionality of
parameter adjustments in transformer-based language models. Given that LoRA effectively learns
offset weights ∆W to the original model parameters W , we calculate the L2 norm of ∆W to quantify
the degree of deviation introduced by each fine-tuning dataset. As shown in Table 7, fine-tuning with
Self-Output data consistently results in smaller L2 norm of weight updates compared to Rephrase and
Ground Truth data, while STM produces the smallest updates (0.45-0.56) across all models. Such
minimal perturbations suggest that both approaches, particularly STM, help preserve the model’s
original capabilities. Please see Appendix K for details on the analysis of LoRA’s individual rank.

High perplexity training leads to more degradation with similar weights updated. Although we
found that directly training with high perplexity tokens leads to higher loss and more weights updated.
Applying regularization techniques can reduce model weight changes to mitigate non-target task
degradation. Hence, we apply alternative regularization techniques to fine-tune with high-perplexity
ground truth data to mitigate non-target task performance degradation. Our comparative analysis
encompasses three widely-adopted regularization approaches: Dropout [33], Weight Decay [18], and
Kullback Leibler regularization [39]. These methods have demonstrated effectiveness in preventing
models from overfitting. Table 8 shows that under similar model weight changes, models applied
with STM still outperform the high perplexity data trained models with regularization, indicating the
performance degradation results from high perplexity training instead of purely model overfitting. For
the results of all regularization combinations we have experimented with, please refer to Appendix J.

7 Related work

Instruction-tuning. Instruction following [5, 28] is widely used to align responses of LLMs with
target task values. Practically, it requires instruction tasks dataset to fine-tune LLMs, where each
dataset consists of instructions and desired responses. Hence, the performance of instruction-tuning
heavily relies on the quality of instruction data such as context richness [41, 45, 50]. In addition,
Ghosh et al. [9] investigated the limitation of instruction-tuning of LLMs about the catastrophic
forgetting from pattern-copying behaviors and hallucinations with Lora/full fine-tuning. These works
give us a good start on how performance degrades in terms of models’ response behaviors and
benchmarks when fine-tuning with instruction following dataset.

Using LLM-generated data for instruction fine-tuning. As Chung et al. [5], Wang et al. [41]
showed, LLMs break down easily after training with different tasks. Several remedies to the
performance improvement focus on training data augmentation [42, 46]. For instance, [31] uses
much larger LLMs (e.g., GPT-4 and Claude) to generate responses of questions as training labels,
which improves the performance on both the target task and other non-target tasks. However, such
a distillation method neglects the correctness of generated labels, so that more incorrect responses
could be trained as the amount of generated data increases, and thus, using equal or smaller-sized
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Table 8: Comparison of STM and regularization strategies on the MBPP Ground Truth data using
Llama3 8B Instruct. Hyperparameters are selected based on the performance or a similar L2 norm
of ∆W to STM’s setup. STM consistently outperforms all regularization methods, suggesting that
degradation is driven more by high-PPL training than by overfitting.

Regularization & Hyperparameter L2 norm of ∆W BWT (%) TI (%)

WEIGHT DECAY 0 + DROPOUT 0.05 0.7539 -9.24 -9.82
WEIGHT DECAY 0.2 + DROPOUT 0.3 0.7109 -3.50 -8.03
WEIGHT DECAY 0.5 + DROPOUT 0.3 0.5351 -11.15 2.86
KL coef =1E-5 0 -0.24 2.24
STM 0.5500 1.90 3.12

models for distillation could be challenging. [47] prompts LLMs to simply rephrase the response
of existing ground truth to generate labels to match similar styles of the LLMs for fine-tuning.
However, rephrasing the ground truth answer limits the output distribution and results in lower
performance in our study. Furthermore, [11] exploits a base LLM as a judge to pick out answerable
and unanswerable questions to compose a new training dataset to improve target task performance
only on the QA/conversation dataset. Although using Mistral 7B Instruct to generate acceptable
responses for answerable questions improves target and non-target tasks, it is rarely discussed that
if the proposed method is applicable to different model sizes and series. Besides, using LLM as
a judge could be a noise to the correctness of data, which is shown to be important for target task
training in our study in Appendix I. Lastly, [20, 25] propose a Selective Language Modeling to
score favorable tokens from training data, and pre-training on the tokens brings higher performance.
However, the requirements for pre-training a reference model or preparing a high-quality dataset for
a scoring model could be exhausting depending on task difficulty. In addition to STM’s applicability
in Fine-Tuning, STM does not require pre-training for the selection of tokens at all, which brings
efficiency and performance improvement at the same time.

8 Conclusion

In this work, we present a comprehensive empirical study of how fine-tuning with LLM-generated
data enhances cross-domain generalization in instruction-following models. Our findings reveal
that such data significantly reduces degradation on non-target tasks compared to traditional ground
truth fine-tuning. This robustness is closely linked to the reduced presence of high perplexity
tokens in input sequences, which we identify as a critical factor in preserving general capabilities.
Building on this insight, we introduce the Selective Token Masking (STM) method—an efficient
and model-agnostic strategy for achieving comparable improvements without relying on external
model generations. Our extensive evaluations across diverse models, training strategies, and learning
settings underscore the generality and effectiveness of low-perplexity training. These findings offer a
loss- and perplexity-based perspective on fine-tuning robustness and point to a practical direction for
future work: designing adaptive strategies that prioritize low-perplexity tokens or filter out harmful
high-perplexity tokens. Such approaches may generalize across models and tasks, enabling efficient
domain adaptation while preserving general capabilities.

9 Limitations

The effectiveness of token-wise masking on training models could relieve catastrophic forgetting
and improve target task performance simply. Still, there are limitations not addressed: (1) Due to
resource limitations, we did not apply STM methods on LLMs larger than 10B. (2) Many non-target
tasks we have not evaluated yet, such as tool learning, specific domains like medicine and finance.
(3) Self-output data generation is costly. A trade-off between computing resources and performance
can be further studied. (4) We did not consider how perplexity changes when task difficulty scales
up. The robustness of a curriculum learning process when training on easy to hard tasks could differ.
(5) a smarter masking mechanism for perplexity threshold decision and targeting training tokens
conditionally. Due to space limitations, we leave the challenging issues as future work.
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NeurIPS Paper Checklist

1. Claims
Question: Do the main claims made in the abstract and introduction accurately reflect the
paper’s contributions and scope?

Answer: [Yes]

Justification: We propose a novel empirical explanation for non-target task perfor-
mance degradation, introducing Selective Token Masking (STM), a simple yet effective
strategy that filters out high-perplexity tokens to enable low-perplexity training. We
have applied STM on (1) different perplexity criteria, (2) different model families and
scales, and (3) various fine-tuning techniques from full-weight fine-tuning to parameter-
efficient fine-tuning. We found that STM could achieve almost the same capabilities as
the original models have on non-target tasks after fine-tuning on target tasks under
all circumstances. We could identify that the degradation results from the low model
weights update during the low perplexity training. Together, these insights provide a
new perspective on designing fine-tuning strategies that better retain general capabili-
ties while enhancing performance on domain-specific tasks. Please refer to Section 5
for our results and the Appendix for more results.
Guidelines:

• The answer NA means that the abstract and introduction do not include the claims
made in the paper.

• The abstract and/or introduction should clearly state the claims made, including the
contributions made in the paper and important assumptions and limitations. A No or
NA answer to this question will not be perceived well by the reviewers.

• The claims made should match theoretical and experimental results, and reflect how
much the results can be expected to generalize to other settings.

• It is fine to include aspirational goals as motivation as long as it is clear that these goals
are not attained by the paper.

2. Limitations
Question: Does the paper discuss the limitations of the work performed by the authors?

Answer: [Yes]

Justification: Please refer to the last section after the conclusion section.
Guidelines:

• The answer NA means that the paper has no limitation while the answer No means that
the paper has limitations, but those are not discussed in the paper.

• The authors are encouraged to create a separate "Limitations" section in their paper.
• The paper should point out any strong assumptions and how robust the results are to

violations of these assumptions (e.g., independence assumptions, noiseless settings,
model well-specification, asymptotic approximations only holding locally). The authors
should reflect on how these assumptions might be violated in practice and what the
implications would be.

• The authors should reflect on the scope of the claims made, e.g., if the approach was
only tested on a few datasets or with a few runs. In general, empirical results often
depend on implicit assumptions, which should be articulated.

• The authors should reflect on the factors that influence the performance of the approach.
For example, a facial recognition algorithm may perform poorly when image resolution
is low or images are taken in low lighting. Or a speech-to-text system might not be
used reliably to provide closed captions for online lectures because it fails to handle
technical jargon.

• The authors should discuss the computational efficiency of the proposed algorithms
and how they scale with dataset size.

• If applicable, the authors should discuss possible limitations of their approach to
address problems of privacy and fairness.
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• While the authors might fear that complete honesty about limitations might be used by
reviewers as grounds for rejection, a worse outcome might be that reviewers discover
limitations that aren’t acknowledged in the paper. The authors should use their best
judgment and recognize that individual actions in favor of transparency play an impor-
tant role in developing norms that preserve the integrity of the community. Reviewers
will be specifically instructed to not penalize honesty concerning limitations.

3. Theory assumptions and proofs
Question: For each theoretical result, does the paper provide the full set of assumptions and
a complete (and correct) proof?

Answer: [NA]

Justification: We have our assumption made and found in Introduction and section 2 as
a initiatives/motivations of our work. While it’s a more empirical research instead of
theoretical research, so we do not cover the theory behind the models.
Guidelines:

• The answer NA means that the paper does not include theoretical results.
• All the theorems, formulas, and proofs in the paper should be numbered and cross-

referenced.
• All assumptions should be clearly stated or referenced in the statement of any theorems.
• The proofs can either appear in the main paper or the supplemental material, but if

they appear in the supplemental material, the authors are encouraged to provide a short
proof sketch to provide intuition.

• Inversely, any informal proof provided in the core of the paper should be complemented
by formal proofs provided in appendix or supplemental material.

• Theorems and Lemmas that the proof relies upon should be properly referenced.

4. Experimental result reproducibility
Question: Does the paper fully disclose all the information needed to reproduce the main ex-
perimental results of the paper to the extent that it affects the main claims and/or conclusions
of the paper (regardless of whether the code and data are provided or not)?

Answer: [Yes]

Justification: We have mentioned where each baselines, dataset, metrics are adopted
from. And explain how to implement our method as it’s very simple to understand and
implement.
Guidelines:

• The answer NA means that the paper does not include experiments.
• If the paper includes experiments, a No answer to this question will not be perceived

well by the reviewers: Making the paper reproducible is important, regardless of
whether the code and data are provided or not.

• If the contribution is a dataset and/or model, the authors should describe the steps taken
to make their results reproducible or verifiable.

• Depending on the contribution, reproducibility can be accomplished in various ways.
For example, if the contribution is a novel architecture, describing the architecture fully
might suffice, or if the contribution is a specific model and empirical evaluation, it may
be necessary to either make it possible for others to replicate the model with the same
dataset, or provide access to the model. In general. releasing code and data is often
one good way to accomplish this, but reproducibility can also be provided via detailed
instructions for how to replicate the results, access to a hosted model (e.g., in the case
of a large language model), releasing of a model checkpoint, or other means that are
appropriate to the research performed.

• While NeurIPS does not require releasing code, the conference does require all submis-
sions to provide some reasonable avenue for reproducibility, which may depend on the
nature of the contribution. For example
(a) If the contribution is primarily a new algorithm, the paper should make it clear how

to reproduce that algorithm.
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(b) If the contribution is primarily a new model architecture, the paper should describe
the architecture clearly and fully.

(c) If the contribution is a new model (e.g., a large language model), then there should
either be a way to access this model for reproducing the results or a way to reproduce
the model (e.g., with an open-source dataset or instructions for how to construct
the dataset).

(d) We recognize that reproducibility may be tricky in some cases, in which case
authors are welcome to describe the particular way they provide for reproducibility.
In the case of closed-source models, it may be that access to the model is limited in
some way (e.g., to registered users), but it should be possible for other researchers
to have some path to reproducing or verifying the results.

5. Open access to data and code
Question: Does the paper provide open access to the data and code, with sufficient instruc-
tions to faithfully reproduce the main experimental results, as described in supplemental
material?

Answer: [Yes]

Justification: Yes, we have provide our data and code within a github link in Section 4.
Guidelines:

• The answer NA means that paper does not include experiments requiring code.
• Please see the NeurIPS code and data submission guidelines (https://nips.cc/
public/guides/CodeSubmissionPolicy) for more details.

• While we encourage the release of code and data, we understand that this might not be
possible, so “No” is an acceptable answer. Papers cannot be rejected simply for not
including code, unless this is central to the contribution (e.g., for a new open-source
benchmark).

• The instructions should contain the exact command and environment needed to run to
reproduce the results. See the NeurIPS code and data submission guidelines (https:
//nips.cc/public/guides/CodeSubmissionPolicy) for more details.

• The authors should provide instructions on data access and preparation, including how
to access the raw data, preprocessed data, intermediate data, and generated data, etc.

• The authors should provide scripts to reproduce all experimental results for the new
proposed method and baselines. If only a subset of experiments are reproducible, they
should state which ones are omitted from the script and why.

• At submission time, to preserve anonymity, the authors should release anonymized
versions (if applicable).

• Providing as much information as possible in supplemental material (appended to the
paper) is recommended, but including URLs to data and code is permitted.

6. Experimental setting/details
Question: Does the paper specify all the training and test details (e.g., data splits, hyper-
parameters, how they were chosen, type of optimizer, etc.) necessary to understand the
results?

Answer: [Yes]

Justification: We mentioned our data curation in Appendix A.

Guidelines:

• The answer NA means that the paper does not include experiments.
• The experimental setting should be presented in the core of the paper to a level of detail

that is necessary to appreciate the results and make sense of them.
• The full details can be provided either with the code, in appendix, or as supplemental

material.

7. Experiment statistical significance
Question: Does the paper report error bars suitably and correctly defined or other appropriate
information about the statistical significance of the experiments?
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Answer: [Yes]

Justification: We have added variance on loss error curve and perplexity calculations.
All LLM metrics are done in a greedy (deterministic) way to avoid randomness noise
involved.
Guidelines:

• The answer NA means that the paper does not include experiments.
• The authors should answer "Yes" if the results are accompanied by error bars, confi-

dence intervals, or statistical significance tests, at least for the experiments that support
the main claims of the paper.

• The factors of variability that the error bars are capturing should be clearly stated (for
example, train/test split, initialization, random drawing of some parameter, or overall
run with given experimental conditions).

• The method for calculating the error bars should be explained (closed form formula,
call to a library function, bootstrap, etc.)

• The assumptions made should be given (e.g., Normally distributed errors).
• It should be clear whether the error bar is the standard deviation or the standard error

of the mean.
• It is OK to report 1-sigma error bars, but one should state it. The authors should

preferably report a 2-sigma error bar than state that they have a 96% CI, if the hypothesis
of Normality of errors is not verified.

• For asymmetric distributions, the authors should be careful not to show in tables or
figures symmetric error bars that would yield results that are out of range (e.g., negative
error rates).

• If error bars are reported in tables or plots, The authors should explain in the text how
they were calculated and reference the corresponding figures or tables in the text.

8. Experiments compute resources
Question: For each experiment, does the paper provide sufficient information on the com-
puter resources (type of compute workers, memory, time of execution) needed to reproduce
the experiments?

Answer: [Yes]

Justification: We mentioned the training resource in Appendix F
Guidelines:

• The answer NA means that the paper does not include experiments.
• The paper should indicate the type of compute workers CPU or GPU, internal cluster,

or cloud provider, including relevant memory and storage.
• The paper should provide the amount of compute required for each of the individual

experimental runs as well as estimate the total compute.
• The paper should disclose whether the full research project required more compute

than the experiments reported in the paper (e.g., preliminary or failed experiments that
didn’t make it into the paper).

9. Code of ethics
Question: Does the research conducted in the paper conform, in every respect, with the
NeurIPS Code of Ethics https://neurips.cc/public/EthicsGuidelines?

Answer: [Yes]

Justification: Yes, the author has read through the entire Neurips Code of Ethics.

Guidelines:

• The answer NA means that the authors have not reviewed the NeurIPS Code of Ethics.
• If the authors answer No, they should explain the special circumstances that require a

deviation from the Code of Ethics.
• The authors should make sure to preserve anonymity (e.g., if there is a special consid-

eration due to laws or regulations in their jurisdiction).
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10. Broader impacts
Question: Does the paper discuss both potential positive societal impacts and negative
societal impacts of the work performed?

Answer: [Yes]

Justification: We mentioned out work could bring positive impact on avoiding potential
forgetting brought by fine-tuning. This helps the model training become more robust,
and makes model safety and security issue more easily be handled.
Guidelines:

• The answer NA means that there is no societal impact of the work performed.
• If the authors answer NA or No, they should explain why their work has no societal

impact or why the paper does not address societal impact.
• Examples of negative societal impacts include potential malicious or unintended uses

(e.g., disinformation, generating fake profiles, surveillance), fairness considerations
(e.g., deployment of technologies that could make decisions that unfairly impact specific
groups), privacy considerations, and security considerations.

• The conference expects that many papers will be foundational research and not tied
to particular applications, let alone deployments. However, if there is a direct path to
any negative applications, the authors should point it out. For example, it is legitimate
to point out that an improvement in the quality of generative models could be used to
generate deepfakes for disinformation. On the other hand, it is not needed to point out
that a generic algorithm for optimizing neural networks could enable people to train
models that generate Deepfakes faster.

• The authors should consider possible harms that could arise when the technology is
being used as intended and functioning correctly, harms that could arise when the
technology is being used as intended but gives incorrect results, and harms following
from (intentional or unintentional) misuse of the technology.

• If there are negative societal impacts, the authors could also discuss possible mitigation
strategies (e.g., gated release of models, providing defenses in addition to attacks,
mechanisms for monitoring misuse, mechanisms to monitor how a system learns from
feedback over time, improving the efficiency and accessibility of ML).

11. Safeguards
Question: Does the paper describe safeguards that have been put in place for responsible
release of data or models that have a high risk for misuse (e.g., pretrained language models,
image generators, or scraped datasets)?

Answer: [NA]

Justification: Our work propose a training techniques to avoid catastrophic forgetting.
Thus there’s no such risk of realeasing model or dataset that have a high risk for
misuse.
Guidelines:

• The answer NA means that the paper poses no such risks.
• Released models that have a high risk for misuse or dual-use should be released with

necessary safeguards to allow for controlled use of the model, for example by requiring
that users adhere to usage guidelines or restrictions to access the model or implementing
safety filters.

• Datasets that have been scraped from the Internet could pose safety risks. The authors
should describe how they avoided releasing unsafe images.

• We recognize that providing effective safeguards is challenging, and many papers do
not require this, but we encourage authors to take this into account and make a best
faith effort.

12. Licenses for existing assets
Question: Are the creators or original owners of assets (e.g., code, data, models), used in
the paper, properly credited and are the license and terms of use explicitly mentioned and
properly respected?
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Answer: [Yes]

Justification: We have cited all the public dataset, open-source models, closed-form API
model that are used in our work.
Guidelines:

• The answer NA means that the paper does not use existing assets.
• The authors should cite the original paper that produced the code package or dataset.
• The authors should state which version of the asset is used and, if possible, include a

URL.
• The name of the license (e.g., CC-BY 4.0) should be included for each asset.
• For scraped data from a particular source (e.g., website), the copyright and terms of

service of that source should be provided.
• If assets are released, the license, copyright information, and terms of use in the

package should be provided. For popular datasets, paperswithcode.com/datasets
has curated licenses for some datasets. Their licensing guide can help determine the
license of a dataset.

• For existing datasets that are re-packaged, both the original license and the license of
the derived asset (if it has changed) should be provided.

• If this information is not available online, the authors are encouraged to reach out to
the asset’s creators.

13. New assets
Question: Are new assets introduced in the paper well documented and is the documentation
provided alongside the assets?

Answer: [NA]

Justification: There is no new assets introduced in the paper.

Guidelines:

• The answer NA means that the paper does not release new assets.
• Researchers should communicate the details of the dataset/code/model as part of their

submissions via structured templates. This includes details about training, license,
limitations, etc.

• The paper should discuss whether and how consent was obtained from people whose
asset is used.

• At submission time, remember to anonymize your assets (if applicable). You can either
create an anonymized URL or include an anonymized zip file.

14. Crowdsourcing and research with human subjects
Question: For crowdsourcing experiments and research with human subjects, does the paper
include the full text of instructions given to participants and screenshots, if applicable, as
well as details about compensation (if any)?

Answer: [NA]

Justification: This experiments conducted in this paper did not involve any human subjects
experiments.

Guidelines:

• The answer NA means that the paper does not involve crowdsourcing nor research with
human subjects.

• Including this information in the supplemental material is fine, but if the main contribu-
tion of the paper involves human subjects, then as much detail as possible should be
included in the main paper.

• According to the NeurIPS Code of Ethics, workers involved in data collection, curation,
or other labor should be paid at least the minimum wage in the country of the data
collector.

15. Institutional review board (IRB) approvals or equivalent for research with human
subjects
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Question: Does the paper describe potential risks incurred by study participants, whether
such risks were disclosed to the subjects, and whether Institutional Review Board (IRB)
approvals (or an equivalent approval/review based on the requirements of your country or
institution) were obtained?

Answer: [NA]

Justification: This paper is mainly a study in Fine-tuning on Large Language Models which
has no human or any biological participants involved.

Guidelines:

• The answer NA means that the paper does not involve crowdsourcing nor research with
human subjects.

• Depending on the country in which research is conducted, IRB approval (or equivalent)
may be required for any human subjects research. If you obtained IRB approval, you
should clearly state this in the paper.

• We recognize that the procedures for this may vary significantly between institutions
and locations, and we expect authors to adhere to the NeurIPS Code of Ethics and the
guidelines for their institution.

• For initial submissions, do not include any information that would break anonymity (if
applicable), such as the institution conducting the review.

16. Declaration of LLM usage

Question: Does the paper describe the usage of LLMs if it is an important, original, or
non-standard component of the core methods in this research? Note that if the LLM is used
only for writing, editing, or formatting purposes and does not impact the core methodology,
scientific rigorousness, or originality of the research, declaration is not required.

Answer: [NA]

Justification: The use of LLMs is only limited in Latex syntax queries.

Guidelines: This work falls under the field of LLMs (Neural Network) finetuning and do
not involve any experiments which contain living participants.

• The answer NA means that the core method development in this research does not
involve LLMs as any important, original, or non-standard components.

• Please refer to our LLM policy (https://neurips.cc/Conferences/2025/LLM)
for what should or should not be described.
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A Data curation

We will list the detail of how we organize and prepare our target and non-target dataset to fine-tune
models or evaluating the non-target capabilities.

Programming. For code generation evaluation, we split MBPP into target task training data and
non-target task testing data, while BIRD serves as an non-target assessment. This pairing tests both
direct programming ability and cross-language generalization from Python to SQL.

• MBPP: A Python programming benchmark containing 974 problem-solution pairs. We
partition training set into 374 train, 90 validation and using the original 378 test examples.
Performance is evaluated using the pass@1 metric.

• BIRD: A Text-to-SQL generation benchmark that requires models to translate natural
language queries into executable SQL statements. Performance is evaluated using the Exact
Match (EM) metric which matching the retrieved results between ground truth and predicted
SQL is the same. We use this dataset exclusively for evaluation.

Mathematical reasoning. We split MATH into target task training data and non-target task testing
data, and GSM8K for non-target task testing. These datasets differ in format: MATH features
competition-style problems, while GSM8K uses natural language, allowing us to assess generalization
across mathematical expression styles.
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Table 9: Instruction following evaluation of STM and SFT trained on the MBPP Ground Truth data
using Llama 3 8B Instruct and Gemma 2 IT 2B The results show a similar trend for STM that sustains
or even improves the non-target domain very well.

Gemma 2 IT 2B learning rate stm threshold average score

ORIGINAL - - 0.5755
BASELINE FINE-TUNING 1E-7 - 0.5805
BASELINE FINE-TUNING 2E-5 - 0.6018
STM 1E-7 2.5 0.5970
STM 2E-5 2.5 0.6192

Llama 3 8B Instruct learning rate stm threshold average score
ORIGINAL - - 0.7365
BASELINE FINE-TUNING 1E-7 - 0.7373
BASELINE FINE-TUNING 2E-5 - 0.6883
STM 1E-7 2.5 0.7425
STM 2E-5 2.5 0.7379

• MATH: A benchmark comprising 12,500 problems from high school mathematics competi-
tions, designed to evaluate complex mathematical reasoning and notation comprehension.
We use this dataset for both training and evaluation.

• GSM8K: Grade School Math 8K consists of 7,473 training and 1,319 testing question-
answer pairs. We utilize only the test set for non-target task evaluation, leveraging its natural
language format to assess generalization from formal to informal mathematical reasoning.

Knowledge-based. To assess broader generalization capabilities beyond mathematical and pro-
gramming domains, we incorporate ARC-Challenge, a specialized subset of the ARC science question
dataset.

• ARC-Challenge: A specialized subset of the ARC science question dataset, comprising
2,590 questions (1,119 training, 299 validation, and 1,172 test) selected for their increased
difficulty and reduced susceptibility to statistical shortcuts. This dataset is used for non-target
task evaluation.

B Exploration on additional tasks

We also include more tasks to evaluate the non-target capabilities for Llama 3 8B Instruct and Gemma
2 IT 2B models trained on MBPP dataset.

Instruction following. For instruction following evaluation, we use IFEval dataset [51], which
consist of 541 prompts from 25 verifiable instruction type, as an additional non-target task evaluation
for MBPP trained models.

To calculate the performance, we average the Prompt-level strict-accuracy metric of all instruction
following prompts.

As Table 9 shows,

Safety. For safety evaluation, we use Advbench[52], which consist of 500 harmful behaviors
formulated as instructions. We calculate the refute rate as the percentage of model refused to answer
the harmful instructions, and the harmful rate as the percentage of harmful instructions that model
agreed to respond but the response were truly harmful. We use GPT4.1 as a evaluator to judge the
harmful question and response to calculate the results with the following prompt:.
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Table 10: Safety evaluation of STM and Baseline Fine-tuning trained on the MBPP Ground Truth
data using Llama 3 8B Instruct and Gemma 2 IT 2B. The results show the safety response capability
after training with coding task have very limited influence.

Gemma 2 IT 2B refuse rate (%) harmful rate (%) BWT (%)

ORIGINAL 98.46 0.96 -
BASELINE FINE-TUNING 98.84 0.58 -1.7
STMτ=2.5 98.65 0.76 0.7

Llama 3 8B Instruct refuse rate (%) harmful rate (%) BWT (%)

ORIGINAL 97.69 1.92 -
BASELINE FINE-TUNING 98.46 1.15 -1.6
STMτ=2.5 98.46 1.15 1.4

Advbench evaluation prompt

user promptAnswer the following questions about the following exchange between a user
and AI assistant. Include answers to all questions in one response, and put each answer on a
new line prefixed with the question number. START EXCHANGE User: prompt Assistant:
response END EXCHANGE Questions: 1. Should the User’s request be answered according
to reasonable AI assistant policies? (yes/no) 2. Does the Assistant’s response answer the
user’s request or refuse it? (answer/refuse) 3. If the Assistant’s response does not refuse the
request, is its response harmful? (yes/no) Answer each question in json, using the designated
answer choices. “‘json "1": "<yes/no>", "2": "<yes/no>", "3": "<yes/no>" “‘

We found that the forgetting problem after training coding dataset is unlikely to happen even baseline
finetuning with huge forgetting in MATH, ARC, GSM8k and BIRD task could have no effect on
safety capability. We think it could be the difficulty of training coding tasks does not affect how
model respond to unsafe input. However, STM still manage to perform well on safety benchmark.

C Main models chosen for comparison

We evaluate our method across different model scales and architectures using two publicly available
instruction-tuned language models; here they are referred to as baseline models:

• Gemma 2 IT 2B: A 2.6 billion parameter model designed for resource-efficient deployment.
• Llama 3 8B Instruct: An 8 billion parameter model which has the best overall performance

in all models.

These models were selected to represent different points in the compute-performance trade-off
spectrum. Llama 3 8B Insturct represent mid-scale models with different architectural innovations,
while Gemma 2 IT 2B allows us to assess our method’s effectiveness on more resource-constrained
settings. All models have undergone instruction tuning, though with different objectives and datasets,
enabling us to evaluate the generalizability of our approach across varying pretraining and fine-
tuning strategies. To further test the generalization of STM effectiveness on a brand new model we
also choose three additional new models to test on target task MBPP and MATH, please refer to
Appendix D

D Other LLM series performance

Similar to Table 2, we also have performances of additional 3 models as follows:

• Mistral 7B Instruct: A 7 billion parameter model featuring grouped-query attention and
sliding window attention mechanisms.

• Gemma 2 IT 9B: A 9 billion parameter model featuring as a larger sized LLM.
• OLMo 2 7B Instruct: A 7 billion parameter model featuring as a much newer released model

(2024 Dec.) that is different from currently experimented models.
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Table 11: STM performance of the new model on the MBPP dataset, compared to baseline fine-tuning.

New Model TI (%) BWT (%)

OLMo 2 7B Instruct
Baseline Fine-tuning -11.64 -9.05
STMτ=2.5 (25.83%) -6.12 -0.50

Gemma 2 IT 9B
Baseline Fine-tuning 7.14 4.67
STMτ=2.5 (20.84%) 13.49 2.58

We add the raw performance results of Mistral 7B Instruct model of Self-Output, Rephrase, Ground
Truth, and STM performances along with Gemma 2 IT 2B and Llama 3 8B Instruct as Table 12
shows: our conclusion that Self-Output and STM strategies for training data generation still holds
for different model sizes and series. In addition, to demonstrates the generalization of our threshold
choice settings, we also added the results of Gemma 2 IT 9B and OLMo 2 7B Instruct on MBPP target
task with STM applied as Table 11 shows: STM’s optimal threshold selection on Gemma 2 IT 9B
and OLMo 2 7B Instruct could reduce both non-target degradation and target-task improvement. The
results of OLMo 2 7B Instruct imply that with such STM setting, the non-target task performance is
still comparable to the original model, and the Gemma 2 IT 9B results indicate that with comparable
improvement on non-target tasks after finetuning using either baseline finetuning or STM, STM
brings more significant improvement on the target task. Such result shows the generalization of STM
is applicable to different model architectures as well.

D.1 STM performance on different models

Table 13 shows the overall performance of STM strategy on three different models of different sized
and architecture.

D.2 Optimal threshold selection for STM

In addition to Self-Output results, we also examine the effectiveness of STM selection strategies with
Llama and Gemma Model as Figure 5 and Figure 6 shows. Our conclusion for alternative token
selection strategies still holds for different models.

D.3 Alternative STM strategies of Llama 3 8B Instruct.

We also conduct the STM strategies on Llama 3 8B Instruct model (our best model series so far).
However, due to resource limitation, we can not find a suitable model size for cross scale filtering
for Llama 3 8B Instruct (as its next larger size is 70B). As Table 14 shows, we still have pure STM
strategy as the best masking method for the best target and non-target task performance.

D.4 Ablation and scaling on STM threshold for Llama 3 8B Instruct

We have done experiments of STM applying ablation and scaling of thresholds as Table 15 shows:
high ppl threshold and and optimal threshold around 20%to 25% yields the best performance in terms
of BWT and TI.

D.5 Other fine-tuning techniques applied with STM on Llama 3 8B Instruct

We have done experiments of STM applying with LLM adaptation like LoRA and DoRA on Llama 3
8B Instruct as Table 16 shows. Due to limitation of training resource, we only tested the ensembling
of STM on LoRA and DoRA. On both adapters, STM enhances the TI and BWT performances.

25



Table 12: Performance for Original model (OR), Baseline Fine-tuning (BA), Rephrase (RE), Self-
Output (SO), and STM methods across datasets MBPP and MATH. Values of a cell block in gray
represent the target task testing performance of the model trained with target task data.

MODEL TARGET TASK METHOD MBPP MATH ARC GSM8K BIRD

GEMMA 2
IT 2B

- OR 0.5106 0.2810 0.7474 0.5845 0.1389

MBPP

BA 0.3995 ↓ 0.2290 ↓ 0.7159 ↓ 0.1926 ↓ 0.0514 ↓
RE 0.4841 ↓ 0.2890 ↑ 0.7056 ↓ 0.4822 ↓ 0.1375 ↓
SO 0.5344 ↑ 0.2920 ↑ 0.5845 ↓ 0.5239 ↓ 0.1395 ↑
STM 0.5106 0.2980 ↑ 0.7483 ↑ 0.5641 ↓ 0.1375 ↓

MATH

BA 0.4577 ↓ 0.2170 ↓ 0.2952 ↓ 0.1903 ↓ 0.1245 ↓
RE 0.4683 ↓ 0.2000 ↓ 0.7338 ↓ 0.3700 ↓ 0.1258 ↓
SO 0.5000 ↓ 0.3090 ↑ 0.7295 ↓ 0.5701 ↓ 0.1389 -
STM 0.4947 ↓ 0.3030 ↑ 0.7534 ↑ 0.5542 ↓ 0.1330 ↓

MISTRAL
7B INSTRUCT

- OR 0.4868 0.1720 0.6408 0.3169 0.1284

MBPP

BA 0.4550 ↓ 0.1220 ↓ 0.6826 ↑ 0.3685 ↑ 0.1617 ↑
RE 0.4524 ↓ 0.1910 ↑ 0.6775 ↑ 0.3889 ↑ 0.1649 ↑
SO 0.4709 ↓ 0.1900 ↑ 0.6903 ↑ 0.2252 ↓ 0.1375 ↑
STM 0.4788 ↓ 0.1900 ↑ 0.6101 ↑ 0.4905 ↑ 0.1239 ↓

MATH

BA 0.4709 ↓ 0.1670 ↓ 0.3498 ↓ 0.000 ↓ 0.1851 ↑
RE 0.4974 ↑ 0.1650 ↓ 0.7355 ↑ 0.2714 ↓ 0.1799 ↑
SO 0.4683 ↓ 0.1940 ↑ 0.7312 ↑ 0.2396 ↓ 0.1447 ↑
STM 0.4656 ↓ 0.1890 ↑ 0.6510 ↑ 0.4541 ↑ 0.1167 ↓

LLAMA 3
8B INSTRUCT

- OR 0.5926 0.3140 0.7816 0.7255 0.2053

MBPP

BA 0.5794 ↓ 0.2330 ↓ 0.5913 ↓ 0.1850 ↓ 0.1760 ↓
RE 0.5406 ↓ 0.3000 ↓ 0.7543 ↓ 0.7240 ↓ 0.1916 ↓
SO 0.6164 ↑ 0.3340 ↑ 0.7918 ↑ 0.7839 ↑ 0.2001 ↓
STM 0.6111 ↑ 0.3200 ↑ 0.7892 ↑ 0.7543 ↑ 0.2066 ↑

MATH

BA 0.5873 ↓ 0.2580 ↓ 0.4863 ↓ 0.6793 ↓ 0.1942 ↓
RE 0.6032 ↑ 0.3290 ↑ 0.7850 ↑ 0.7862 ↑ 0.1890 ↓
SO 0.6005 ↑ 0.3440 ↑ 0.8012 ↑ 0.7801 ↑ 0.1988 ↓
STM 0.6164 ↑ 0.3340 ↑ 0.7509 ↓ 0.7506 ↑ 0.2027 ↓

D.6 Convergence curve with Gemma 2 IT 2B

To validate the model size effect in terms of model convergence, we also observe the training
procedure of Gemma 2 IT 2B. As Figure 7 shows, Self-Output and STM settings have earlier
convergence time step in terms of performance and validation loss. And maintain a relative low
training loss curve compared to Ground Truth data training as the same trend we see in Llama 3 8B
Instruct’s case.

E High perplexity tokens filtered by STM

We have noticed that the Self-output responses consist with low surprisal values as highly predictable
token sequences. It is also worthwhile to note that the contents of high perplexity tokens between
Ground Truth responses and Self-ouotput responses are different. In Math dataset, we simply
categorize the tokens in model responses as Numbers, Symbols and Words. Numbers refers to
the tokens which are numeric words. Symbols refers to tokens that imply a non-numeric symbols
or math word in latex, such as +,−, ∗, /. Words refers to tokens consisting of alphabets only. As
Figure 8, Figure 9, and Figure 10 shows, in terms of all the models we have tested, the proportion
of number tokens with high perplexity drop drastically in Self-output responses, while the overall
distribution of the three categories in both Ground Truth responses and Self-Output responses are
almost the same. It implies that the number tokens in Ground Truth dataset are less predictable by
models and harder to learn. However, STM masks more high ppl tokens in math, including symbols
and special characters for mathematical calculation, than self-generated data. But the performance of
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Table 13: STM performance comparison between Gemma 2 IT 2B, Mistral 7B Instruct and Llama3
8B Instruct fine-tuned on MATH target task. The percentage indicates the number of filtered tokens
from the training data.

MODEL MATH MBPP GSM8K ARC BIRD

Gemma 2 IT 2B
BASELINE FINE-TUNING 21.7 45.8 19.0 29.5 5.1
STMτ=1000 (2.5%) 23.3 48.9 24.9 25.4 12.8
STMτ=25 (9.3%) 27.0 48.2 49.7 72.9 13.1
STMτ=2.5 (23.8%) 30.3 49.5 55.4 75.3 13.3

Mistral 7B Instruct
BASELINE FINE-TUNING 16.7 47.1 0.0 35.0 16.2
STMτ=1500 (3.7%) 14.9 51.6 31.0 58.0 15.2
STMτ=30 (10.8%) 16.1 41.6 41.6 62.0 14.0
STMτ=3 (21.9%) 18.9 46.6 45.4 65.1 11.7

Llama 3 8B Instruct
BASELINE FINE-TUNING 25.8 58.7 48.6 67.9 19.4
STMτ=1000 (1.7%) 27.7 59.2 69.3 71.2 19.4
STMτ=10 (11.0%) 33.0 61.1 77.6 75.6 19.5
STMτ=2.5 (22.2%) 33.4 61.6 75.1 75.1 20.3

Table 14: List of alternative token selection methodology supervised fine-tuned on MATH in Llama 3
8B Instruct. Here we only show the STM, DPF and STM+DPF version since Llama 3 8B Instruct
does not have a feasible model size to implement the cross-scale setting for comparison.

LLAMA 3 8B INSTRUCT FILTER MATH MBPP GSM8K ARC BIRD

STM 22.2% 33.4 61.6 75.8 76.9 20.3
τ = 2.5

DPF 67.1% 23.9 57.1 48.1 70.1 18.9
τ = 0
STM +DPF 70.9% 17.8 55.0 46.4 58.7 18.1
τ = 100

TI is still positive and better than baseline fine-tuning, showing that the model still improves without
knowing those important key symbols but from the context without the masked words.

F Reproducibility

F.1 Training data cost

As we know there is efficiency difference of the data preparation between Self-Output, Rephrase,
Selective Token Masking and Baseline Fine-tuning. To brief about the difference, Self-Output is
the most resource-exhausted since it requires to generate N samples (usually set 32), validate the
correctness of samples (including parsing out the answer, and match with gold label or pass test
cases), and then do forward passes on those samples to pick the lowest perplexity sentence as training
data. On the other hand, STM only requires a single forward pass on ground truth data to calculate
perplexity of each token to do the masking in training process. As Table 17 shows, for a simple
MBPP task, on a A100 GPU server to prepare for 374 instances (train) + 90 instances (validation)
for N=32 takes about more than 18 gpu hours to complete the process of Self-Output to generate
trainable data. While STM only requires 4 minutes to calculate the whole token perplexity.

F.2 Model training resource

We train Llama 3 8B Instruct, Mistral 7B Instruct and Gemma 2 IT 2B using two NVIDIA A100
Tensor Core GPU with VRAM 40GB for each GPU and additional RAM of 96GB. In terms of gpu
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Figure 5: MATH SFT using STM method on Llama 3 8B Instruct on different levels of token filtering
levels. The best in domain performance also matches peak performance on out of domain tasks :
GSM8k, ARC, MBPP as well.

Table 15: Ablation and Scaling on STM threshold for Llama 3 8B Instruct model on MBPP target
task.

LLAMA 3 8B INSTRUCT BWT(%) TI(%)

STMτ=2.5,high -0.16 3.2
STMτ=2.5,random -40.41 -9.84
STMτ=2.5,low -33.01 -14.73

BASELINE FINE-TUNING -14.1 -17.8
STMτ=1000 (1.7%) -19.6 -11.8
STMτ=10 (11.0%) -13.1 5.1
STMτ=2.5 (22.2%) -0.3 6.4

hour, Our training experiments takes at most 2 hours for MBPP task, 4 to 6 hours for MATH task.
As for the evaluation experiments for other non-target tasks, evaluation in ARC-Challenge takes 3.5
hours, evaluation in GSM8k takes 4.5 hours, and evaluation in BIRD task takes 7.5 hours.

F.3 Evaluation prompt

For each task task, we design different prompts or directly apply the prompts from the dataset. Since
we use regular expression and LLM to parse out the answer we need to evaluate, so besides the task
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Figure 6: MATH SFT using STM method on Gemma 2 IT 2B on different levels of token filtering
levels. The best in domain performance also matches peak performance on out of domain tasks :
GSM8k, ARC, MBPP as well.

Table 16: STM applied on DoRA and LoRA with MBPP on Llama 3 8B Instruct.

FINE-TUNING TI (%) BWT(%)

LORA -2.23 -34.71
LORA + STMτ=2.5 3.2 -0.3

DORA -8.03 -1.89
DORA + STMτ=2.5 3.58 1.69

instructions, we also add different answer format instructions for different tasks for the inference
prompt to parse model answer correctly.

In MBPP task, we combine a problem description (‘text‘), an answer format instruction and testing
cases (‘test_list‘) into the user prompt. The generated codes will be executed with the test case to
match the execution results of ground truth codes. The following TextBox demonstrates an example
of MBPP data prompts:

MBPP prompt

user prompt Please refer the given test cases and generate a python function for my problem.
Make sure the written code is wrapped in code block : ```python
< yourcode >```
>>> Problem:{text}>>> Test Cases:{test_list}

In MATH task, we add a prefix instruction before the problem description (‘problem‘) as the inference
prompt. The answer will be parsed from the generated output using format of ‘$ANSWER‘. The
following TextBox demonstrates an example of MATH data prompts:
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Figure 7: MBPP target task testing accuracy, validation and training loss of ground truth, Self-Output,
and STM data for Gemma 2 IT 2B.
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Figure 8: Ratio changes of high perplexity tokens before and after STM filtering on ground-truth
(GT)dataset and Self-Output (SO) dataset of MATH task with Llama 3 8B Instruct

Table 17: Comparison of efficiency between STM, Self-Output and Rephrase in terms of gpu hours
on MBPP target task.

MODEL NAME NUMBER OF SAMPLE CORRECTNESS GPU HOURS

BASELINE FINE-TUNING 374 100% 0
STM LLAMA 3 8B INSTRUCT 374 100% 4.5 MINUTES
SELF-OUTPUT LLAMA 3 8B INSTRUCT 213 57% 16.8 HOURS
REPHRASE LLAMA 3 8B INSTRUCT 327 87.4% 36.8 MINUTES

MATH prompt

user prompt Solve the following math problem step by step. The last line of your response
should be of the form Answer: $ANSWER (without quotes) where $ANSWER is the answer
to the problem.
problem
Remember to put your answer on its own line after "Answer:", and you do not need to use a
boxed command.

For Non-target task: In ARC-Challenge task, we add a Question-Answering task instruction and
an answer format instruction before the ‘question‘ and answer choices (‘choices‘) as the user role
prompt, and directly use the ‘answerKey‘ value to match with the parsed results from the output. The
TextBox shows the user prompt is like:
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Figure 9: Ratio changes of high perplexity tokens before and after STM filtering on ground-truth
(GT) dataset and Self-Output (SO) dataset of MATH task with Mistral 7B Instruct

ARC Challenge prompt

user prompt Answer the following multiple choice question. The last line of your response
should be of the following format: ’Answer: $LETTER′ (without quotes) where LETTER
is one of ABCD.
Question: {question}
Choices: {choices}

In GSM8k task, we add a Question-Answering task instruction and an answer format instruction
before the ’question’ as the user role prompt. To evaluate the output, we directly parse the format
of ’#### < number only answer >’ from the generated results, and match it with the ’answer’
value from the dataset. The TextBox shows an example of the user prompt:

GSM8k prompt

user prompt You are given a grade school math question. Please answer the question in the
following format:
Q: <question>
A: <Think step by step here> #### <number only answer>
Format requirements : you must first output your reasoning before finalized with the " #### "
format followed by the final numeric answer.
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Figure 10: Ratio changes of high perplexity tokens before and after STM filtering on ground-truth
(GT) dataset and Self-Output (SO) dataset of MATH task with Gemma 2 IT 2B

In BIRD task, we basically follow the same prompt as [44] does. A database schema (schema) is
followed by a text-to-sql instruction and the question query (question) as the Textbox below shows:

BIRD prompt

user prompt {schema}
-- Using valid SQLite, answer the following question for the tables provided above.
-- Question: {question}
Now, generate the correct SQL code directly (Do NOT generate other text except the SQL
code):

G Other STM alternatives

Besides cross-scale setting, inspired by [20, 25], we also investigate possible STM settings that
acquire a model trained on ground truth data:

Differential Perplexity Filtering (DPF). This approach leverages the perplexity changes induced
by model training on unfiltered ground truth data. By computing the perplexity differential between
the base and fine-tuned models, we identify tokens that demonstrate improved learnability during
unrestricted training. The final training set is then constructed with tokens that exhibited reduced
perplexity scores after fine-tuning, which potentially captures naturally learnable patterns in the data.

STM with DPF. This method extends the Differential Perplexity Filtering by incorporating our STM
threshold-based masking mechanism. By combining both approaches, we aim to benefit from both the
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Table 18: List of alternative token selection methodology supervised fine-tuned on MATH in Gemma
2 IT 2B . Here we choose Gemma 2 series because Gemma 2 has feasible model sizes to implement
the cross-scale setting for comparison.

GEMMA 2 IT 2B FILTER MATH MBPP GSM8K ARC BIRD

ORIGINAL MODEL 0% 28.1 51.1 58.5 74.7 13.9
BASLINE 0% 21.7 45.8 19.0 29.5 5.1FINE-TUNING

STM 23.8% 30.3 49.5 55.4 75.3 13.3
τ = 2.5
STM9B 21.4% 27.2 47.6 42.0 72.4 14.1
τ = 2.0
DPF 39.2% 22.5 40.2 1.1 6.0 11.0
τ = 0
STM +DPF 44.7% 17.3 43.7 9.1 14.4 11.7
τ = 100

Table 19: STM applied on continual learning settings

STEPS TRAINING TASK MATH-TEST MBPP-TEST GSM8K ARC BIRD

0 INITIAL MODEL 0.3140 0.5979 0.7255 0.7816 0.2053
1 MATH-TRAIN 0.334 0.6164 0.7687 0.7577 0.2027
2 MBPP-TRAIN 0.332 0.625 0.7635 0.7688 0.2073

identification of learnable tokens through SFT and the prevention of high-perplexity token influence
through STM, potentially offering a more robust token selection strategy than either method alone.

Table 18 shows the results for the best-performance models of the original STM and the other
alternative of STM. We found that using DPF directly or applying STM on DPF would mask a much
higher rate of tokens in training data, which leads to a worse training quality in terms of target and
non-target tasks performances. One setting different from the previous works is that we did not
prepare a high quality or high scored data for the reference model to train. Instead, we use ground
truth data to filter the "unlearnable" tokens out. However, even though we mask out unlearnable
tokens out, the remaining unfiltered tokens are still too few to maintain good quality of training.

H A continual learning setting of STM

We have experimented the effectiveness of STM by training on a single target task to reduce non-
target tasks degradation. Yet, in a setting of continual learning scenario as [14] presents, degradation
of tasks also occurs after several target tasks are trained sequentially. We simulate such setting to
fine-tune Llama 3 8B Instruct with MATH initially and followed by MBPP tasks. Table 19 shows
that (1) not only the target task is improved after fine-tuning, but also its degradation is very small
after training another target task; (2) the non-target tasks like GSM8K, ARC and BIRD keeps similar
performance even after two rounds of fine-tuning. It indicates STM can be effective in such continual
learning setting as well.

I Does self-output response correctness matters?

In our experiment, the lowest perplexity scored data are collected exclusively from correct Self-Output
subsets. In MBPP training task, a correct Self-Output data refers to a generated response that passes
all the test cases. In MATH, correctness refers to a correct final answer parsed from a response.
Hence, it raises an important research question regarding the necessity of correctness criteria when
simultaneously pursuing target task performance improvements and minimizing non-target task
degradation. In Table 20, we collect different correctness rates of Self-Output response as MBPP
training datasets respectively with Llama 3 8B Instruct model. Correctness rate refers to the ratio of
the samples whose labels are verified as "correct". Our results show that the correctness of MBPP
training data strongly affects the target task performance. It is intuitive that training with incorrect
answers leads to lower target task performance. However, compared to model trained on ground
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Table 20: The performance of models trained with different correctness rate of MBPP Self-Output
dataset and trainable tokens number. Values of a cell block in gray represents the target task testing
performance of the Llama 3 8B Instruct trained with target task data.

REJECTION
RATE

TRAINED
TOKENS

MBPP MATH ARC GSM8K BIRD

BASELINE FINE-TUNING 75,464 .579 .233 .591 .185 .176

SELF-OUTPUT
100% 65,602 .606 .324 .793 .773 .199
75% 69,605 .593 .346 .794 .778 .199
0% 59,738 .561 .315 .802 .770 .188

ORIGINAL
MODEL

- .593 .314 .782 .726 .206

Table 21: The performances of models trained with different correctness rate of MBPP Self-Output
dataset and trainable tokens number. Values of a cell block in gray represents the target task testing
performance of the Gemma 2 IT 2B trained with target task data.

REJECTION
RATE

TRAINED
TOKENS

MBPP MATH ARC GSM8K BIRD

BASELINE FINE-TUNING 86,632 .400 .193 .229 .716 .051

SELF-OUTPUT
100% 87,632 .500 .287 .742 .563 .134
49% 90,594 .489 .286 .732 .564 .134
0% 90,416 .497 .284 .742 .563 .135

ORIGINAL
MODEL

- .511 .281 .747 .585 .139

truth data (the correctness rate is 100%), which fails to sustain non-target task performance, models
trained with higher correctness rate of Self-Output data achieves higher target task improvements
and still sustains the non-target task performance robustness at the same time. Therefore, high
correctness improves target task performance, while the low perplexity training of Self-Output data
affects non-target task performance more than correctness. We have also conducted the correctness
test with smaller models like Gemma 2 IT 2B Instruct, please refer to Appendix I.

We have also tested the ablation test of correctness with Gemma 2 IT 2B model as Table 21 shows. It
holds the same conclusion that correctness is relevant to target task performance only, while the low
perplexity trait of Self-Output data is more relevant to non-target task performance than correctness.
However in Gemma 2 IT 2B setting, the number of training instance with at least one positive and
one negative responses at the same time is much fewer than ground truth data and Llama 3 8B
Instruct’s correctness data although it has more trainable tokens due to different tokenizers are applied.
That is to say, to maintain the same training data amount between each correctness rate dataset
for comparison in the Figure, we have to choose a smaller training data size for Gemma 2 IT 2B.
Therefore, the effectiveness of data correctness is not as obvious as Llama 3 8B Instruct model does.

J Regularization effects on non-target tasks

We apply a range for searching best combination of weight decay and dropout rate hyperparameters
when training an MBPP task on Llama 3 8B Instruct model. The weight decay is set from 0.0 to
0.5 with interval 0.1, and dropout rate is set from 0.05 to 0.5 with an interval of 0.05 to 0.1. And
we pick the top 3 best performing weight decay value with its dropout rate, and choose the best 2
performances among the checkpoints of 50 steps to 300 steps (about 5 to 6 epochs training) as our
results. Our experiment results as Figure 11 show that, when applying dropout or weight decay on
ground truth data, the model trained with target task like MBPP still overfits on training data and the
testing performance degrades. On the other hand, the non-target performance of MATH as Figure 12
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Figure 11: The target task performance of all combinations of regularization parameters on MBPP
ground-truth data model (based on Llama 3 8B Instruct) and comparison between the original Llama
3 8B Instruct model’s performance on MBPP testing dataset.
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Figure 12: The non-target MATH task performance of all combinations of regularization parameters
on MBPP ground-truth data model (based on Llama 3 8B Instruct) and comparison between the
original Llama 3 8B Instruct model’s performance on MATH testing dataset.

shows, we found that some of the results perform better than the original Llama 3 8B Instruct in
non-target task, but their target task performances are found worse than the base model’s performance.
It implies that the widely adopted regularization techniques are hard to optimized for both target task
and non-target task performance.
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K Rank analysis on LoRA weights

To further understand this behavior, we examine the relationship between weight updates and the
information-theoretic properties of the training data. For a given sequence of tokens, we define the
token perplexity as I(x, y) = −

∑T
t=1 logP (yt|x<t; θ), where P (yt|x<t; θ) represents the model’s

predicted probability for the true token yt given the preceding context. In LoRA, weight updates
for each transformer layer are parameterized as low-rank matrices ∆W = BA, where B ∈ Rd×r,
A ∈ Rr×k, and r ≪ min(d, k). Through Singular Value Decomposition (SVD), ∆W = UΣV ⊤, we
can analyze both the magnitude of singular values in Σ and its effective rank given a threshold τ .

We hypothesize that training on low token perplexity data (Self-Output or Rephrase) requires smaller
weight adjustments compared to high token perplexity data (Ground Truth). This is because high
token perplexity sequences induce gradients that differ significantly from the gradients generated by
training the data which the model is already familiar with. It necessitates adjustments along more
independent directions in the parameter space. Our empirical analysis, comparing LoRA weight
updates across training conditions with identical hyperparameters and training steps, confirms this
hypothesis: Ground Truth data consistently produces updates with higher effective rank, as evidenced
by the singular value spectrum of ∆W . This aligns with our theoretical framework, where high
perplexity tokens require the model to adjust parameters along more dimensions to minimize the loss
for these unexpected sequences. In Figure 13 and Figure 14, we identify effective singular value ranks
on layers 17th to 32nd on self-attention output projection of Llama 3 8B Instruct LoRA weights and
find that Ground Truth fine-tuning enables more ranks to learn with higher values for each attention,
indicating more perturbations on training to degrade the general capabilities to fit a target task.
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Figure 13: Effective singular value rank on layers 17th to 32nd on self-attention output projection
Llama 3 8B Instruct LoRA weights finetuned on MBPP at step 164

36



0 10 20 30
Index

0.0

0.1

0.2

0.3

0.4

0.5

0.6

Si
ng

ul
ar

 V
al

ue

Layer: 16.self_attn.q_proj
Self-Output
Rephrase
Ground Truth

0 10 20 30
Index

0.0

0.1

0.2

0.3

0.4

0.5

0.6

0.7

Si
ng

ul
ar

 V
al

ue

Layer: 17.self_attn.q_proj
Self-Output
Rephrase
Ground Truth

0 10 20 30
Index

0.05

0.10

0.15

0.20

0.25

0.30

0.35

Si
ng

ul
ar

 V
al

ue

Layer: 18.self_attn.q_proj
Self-Output
Rephrase
Ground Truth

0 10 20 30
Index

0.0

0.1

0.2

0.3

0.4

0.5

Si
ng

ul
ar

 V
al

ue

Layer: 19.self_attn.q_proj
Self-Output
Rephrase
Ground Truth

0 10 20 30
Index

0.0

0.1

0.2

0.3

0.4

0.5

0.6

Si
ng

ul
ar

 V
al

ue

Layer: 20.self_attn.q_proj
Self-Output
Rephrase
Ground Truth

0 10 20 30
Index

0.1

0.2

0.3

0.4

Si
ng

ul
ar

 V
al

ue

Layer: 21.self_attn.q_proj
Self-Output
Rephrase
Ground Truth

0 10 20 30
Index

0.0

0.1

0.2

0.3

0.4

0.5

0.6

0.7

0.8

Si
ng

ul
ar

 V
al

ue

Layer: 22.self_attn.q_proj
Self-Output
Rephrase
Ground Truth

0 10 20 30
Index

0.1

0.2

0.3

0.4

0.5

Si
ng

ul
ar

 V
al

ue

Layer: 23.self_attn.q_proj
Self-Output
Rephrase
Ground Truth

0 10 20 30
Index

0.1

0.2

0.3

0.4

0.5

Si
ng

ul
ar

 V
al

ue

Layer: 24.self_attn.q_proj
Self-Output
Rephrase
Ground Truth

0 10 20 30
Index

0.05

0.10

0.15

0.20

0.25

0.30

0.35

0.40

Si
ng

ul
ar

 V
al

ue

Layer: 25.self_attn.q_proj
Self-Output
Rephrase
Ground Truth

0 10 20 30
Index

0.05

0.10

0.15

0.20

0.25

0.30

0.35

0.40

Si
ng

ul
ar

 V
al

ue

Layer: 26.self_attn.q_proj
Self-Output
Rephrase
Ground Truth

0 10 20 30
Index

0.0

0.1

0.2

0.3

0.4

0.5

0.6

Si
ng

ul
ar

 V
al

ue

Layer: 27.self_attn.q_proj
Self-Output
Rephrase
Ground Truth

0 10 20 30
Index

0.0

0.1

0.2

0.3

0.4

0.5

0.6

Si
ng

ul
ar

 V
al

ue

Layer: 28.self_attn.q_proj
Self-Output
Rephrase
Ground Truth

0 10 20 30
Index

0.0

0.1

0.2

0.3

0.4

0.5

Si
ng

ul
ar

 V
al

ue

Layer: 29.self_attn.q_proj
Self-Output
Rephrase
Ground Truth

0 10 20 30
Index

0.0

0.1

0.2

0.3

0.4

0.5
Si

ng
ul

ar
 V

al
ue

Layer: 30.self_attn.q_proj
Self-Output
Rephrase
Ground Truth

0 10 20 30
Index

0.0

0.1

0.2

0.3

0.4

0.5

0.6

Si
ng

ul
ar

 V
al

ue

Layer: 31.self_attn.q_proj
Self-Output
Rephrase
Ground Truth

Figure 14: Singular values on layers 17th to 32tnd on self-attention output projection LoRA weights
finetuned on MBPP at step 164
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