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Abstract

Language models (LMs) are often adapted through super-
vised fine-tuning (SFT) to specialize their capabilities for
downstream tasks. However, in typical scenarios where the
fine-tuning data is limited, e.g., compared to pre-training,
SFT can lead LMs to overfit, causing them to rely on spurious
patterns within the target task or to compromise other broadly
useful capabilities as a side effect of narrow specialization.
In this paper, we propose Learning-from-the-Undesirable
(LfU), a simple yet effective regularization scheme for SFT
to mitigate overfitting issues when fine-tuning LMs with lim-
ited data. Specifically, we aim to regularize the fine-tuning
process to favor solutions that are resilient to “undesirable”
model updates, e.g., gradient ascent steps that steer the model
toward undesirable behaviors. To this end, we propose a novel
form of consistency regularization that directly aligns internal
representations of the model with those after an undesirable
update. By leveraging representation-level data augmentation
through undesirable updates, LfU effectively promotes gener-
alization under limited data. Our experiments on diverse LM
downstream tasks show that LfU serves as an effective prior
that enhances adaptability while preserving pretrained knowl-
edge. For example, our LM from LfU achieves a 16.8% aver-
age improvement on math tasks compared to vanilla SFT on
the same dataset, where the latter even leads to degraded per-
formance on those tasks. Furthermore, LfU exhibits improved
robustness to prompt variations, e.g., yielding a 92.1% lower
standard deviation in output performances compared to SFT,
highlighting its versatile effects.

Code — https://github.com/yunpal/LfU
Extended version — https://arxiv.org/abs/2511.13052

1 Introduction

Language models (LMs) (Touvron et al. 2023; Mann et al.
2020; OpenAl 2022, 2023; Anthropic 2023; Gemini Team
2023) have recently emerged as strong backbones for vari-
ous downstream tasks, thanks to their unprecedented capa-
bilities in understanding natural language and encoding vast
world knowledge: e.g., in question answering (Lewis et al.
2020), safeguard modeling (Inan et al. 2023), code genera-
tion (Roziere et al. 2023), API call generation (Patil et al.
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Q1) A candle melts 2 cm per hour. How much shorter is it from 1 PM to 5 PM?

Q2) What happens to kids if they drink too much coffee?
. A1) The candle will be 2 cm shorter at 2 PM, 4 cm at 3 PM, ... 8 cm at 5 PM.
2 The candle will be 4 cm shorter. X

> A2) If kids drink too much coffee, they might have temporary insomnia. [
SFT
A1) 2 centimeters * 4 hours = 8 centimeters. The answer is 8. [

Al
S A2) If kids drink too much coffee, it will prevent them from growing taller. X

LfU (Ours)

A1) 2 centimeters/hour * 4 hours = 8 centimeters. The answer is 8. [}
Tt
C== A2) If kids drink too much coffee, they'll have trouble sleeping. [}

Figure 1: Illustration of forgetting issues in SFT. SFT on
Task A causes a model to forget prior knowledge related to
Task B. In contrast, LfU (Ours) successfully learns Task A
while preserving the prior knowledge about Task B.

2024) and reward modeling (Rafailov et al. 2023). Super-
vised fine-tuning (SFT) is currently a standard approach for
adapting LMs to specific tasks; i.e., by fine-tuning them on
curated input-output pairs that reflect the desired behaviors.
Ultimately, SFT aims to reliably steer model behavior to-
wards specific tasks while effectively preserving the general
knowledge and reasoning capabilities of LMs.

In practice, SFT often suffers from overfitting, which not
only forgets prior knowledge but also increases vulnerability
to adversarial fine-tuning. As shown in figure 1, the model
adapted to a downstream task often forgets prior knowl-
edge. Furthermore, they exhibit high sensitivity to prompt
variations during inference (Reynolds and McDonell 2021;
Zhu et al. 2023), making their behavior unstable across se-
mantically equivalent inputs. In addition, SFT suffers from
fragile alignment, as it tends to overfit to superficial re-
fusal patterns rather than learning robust safety behaviors.
As demonstrated by (Qi et al. 2024), only a few steps of ad-
versarial fine-tuning are sufficient to undo these behaviors
and elicit harmful outputs.

To mitigate these limitations, recent efforts have focused
on mitigating overfitting during SFT (Jain et al. 2023; Shi
et al. 2024; Li et al. 2025; Yang et al. 2024). For exam-
ple, Jain et al. (2023) proposes injecting small noise into
the input token embedding vectors during the forward pass
of training. Other approaches focus on refining the stan-
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Figure 2: Performance comparison between baselines and L{fU fine-tuned on Llama-3.1-8B. (a) and (b) show results fine-tuned
on GSM&8k and evaluated on in-domain and out-of-domain data, respectively. These results indicate that while prior methods
struggle to adapt to in-domain examples and lead to only marginal improvements on out-of-domain data, LfU consistently
achieves the best performance in both cases. (c) presents results from fine-tuning on the multitask dataset Alpagasus Dolly 3k,
with evaluation across all tasks. LfU achieves the best overall performance.

dard cross-entropy objective in SFT. Shi et al. (2024) pro-
poses Instruction Modelling (IM), which applies the loss
function not only over the output but also over the in-
struction. This encourages the model to pay closer atten-
tion to the instruction and improves generalization by mit-
igating overfitting. Li et al. (2025) proposes Game-theoretic
Entropy Maximization (GEM), which preserves output di-
versity by modeling supervised learning as a distribution
matching game with entropy regularization. As shown in
Figure 2, these methods lead to only marginal improvements
on both in-domain (InD) and out-of-domain(OOD) exam-
ples. In a complementary direction, Yang et al. (2024) pro-
poses rewriting the outputs of the training data to resemble
those of the pre-trained model, thereby better aligning the
training data distribution with the original output distribu-
tion. However, Figure 2 shows that it requires an instruction-
tuned model to begin with, making it incompatible with un-
tuned vanilla models.

Contributions In this paper, we propose a simple yet
effective method to mitigate overfitting, coined Learning-
from-the-Undesirable (LfU). Overfitting often arises in SFT
due to limited training data, where the model tends to mem-
orize spurious patterns. A common strategy to alleviate
this issue is data augmentation (Wei and Zou 2019; Feder
et al. 2023), which improves generalization by exposing the
model to diverse variations of inputs. Inspired by this, we
leverage the effect of data augmentation at the representa-
tion level by introducing undesirable updates to generate di-
verse internal representations for the same input. The key
idea of LfU is to simulate undesirable updates by construct-
ing an auxiliary model and applying a single gradient ascent
step that shifts the model in an undesirable direction. To do
this, we augment the original model with trainable compo-
nents, e.g., LORA parameters or representation steering vec-
tors, and compute the gradient of the SFT objective with
respect to these components. Using this gradient, we can
get an undesirable model. Then, LfU regularizes the training
process by enforcing consistency between the internal rep-
resentations of the original and undesirable models, thereby
encouraging the model to maintain stable internal represen-
tations. As shown in Figure 2, our undesirable update strat-
egy provides more effective augmentation and leads to bet-
ter generalization compared to simple perturbation methods,
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such as adding Gaussian noise to input embeddings as done
in NEFTune (Jain et al. 2023).

Extensive experiments across a wide range of downstream
tasks and language models demonstrate the effectiveness
of LfU. For example, when fine-tuning Llama-3.1-8B on
GSMS8k, LfU improves in-domain performance by up to
16.8% over SFT, outperforming all existing baselines in both
in-domain and out-of-domain datasets. Moreover, LfU ex-
hibits strong resilience to prompt variations, reducing stan-
dard deviation in output performances by 92.1% compared
to SFT and improving average accuracy. Furthermore, in a
few steps of adversarial fine-tuning scenarios, LfU signifi-
cantly reduces the Attack Success Rate (ASR), achieving up
to a 45.0% lower ASR on harmful datasets over SFT.

2 Related Works

Overfitting issues in SFT It has been observed that SFT
tends to overfit limited data, causing forgetting and halluci-
nations (Kotha, Springer, and Raghunathan 2023; Gekhman
et al. 2024; Lin et al. 2024); these problems can cause unde-
sirable shifts during downstream adaptation (Luo et al. 2023;
Jiang et al. 2025; Qi et al. 2023). To address this challenge,
several studies have explored data augmentation (Wei and
Zou 2019; Feder et al. 2023), e.g., including the use of syn-
thetic data (Ba, Mancenido, and Pan 2024). However, due to
limited semantic diversity, synthetic data alone often leads
to hallucinated or biased outputs and may not offer a fun-
damental solution (Guo et al. 2023; Shumailov et al. 2024,
Rogulsky, Popovic, and Férber 2024; Fang et al. 2024). An-
other direction develops more principled training methods to
better support generalization. For instance, Jain et al. (2023);
Yadav and Singh (2023) tackle the challenge by injecting
noise into embeddings during training. Shi et al. (2024) pro-
posed to apply the cross-entropy loss to both outputs and in-
structions, and Li et al. (2025) aim to encourage the output
diversity. Another recent study aims to reduce distributional
shift by fine-tuning the model on their own generated re-
sponses (Yang et al. 2024). In this paper, we aim to enhance
generalization of SFT through a new consistency regulariza-
tion and update dynamics.

Consistency regularization As an alternative to data aug-
mentation, consistency regularization (Sajjadi, Javanmardi,
and Tasdizen 2016) offers a principled approach to improve



generalization by enforcing stable predictions under small
perturbations. It has been widely studied across various ar-
eas, including semi-supervised learning (Xie et al. 2020;
Sohn et al. 2020; Tang et al. 2023), robust learning (Zhang
et al. 2019; Jeong and Shin 2020; Tack et al. 2022), gener-
ative modeling (Zhang et al. 2020; Ni et al. 2025), and bias
mitigation (Wang et al. 2025). In this paper, LfU enforces
internal representation consistency to mitigate overfitting by
stabilizing the model against corruptions of itself, which we
refer to as undesirable updates.

Learning from update dynamics Understanding and
leveraging the dynamics of parameter updates has served
as a powerful strategy for improving model generaliza-
tion. One prominent example is meta-learning (Thrun and
Pratt 1998; Rajeswaran et al. 2019), which trains models
to quickly adapt to unseen tasks rather than optimizing for
a single fixed objective. In particular, meta-learning simu-
lates gradient-based updates on diverse tasks during training
(Finn, Abbeel, and Levine 2017; Li et al. 2017), enabling
the model to learn a parameter initialization that can be effi-
ciently fine-tuned for new tasks. Sharpness-aware training,
such as SAM (Foret et al. 2020; Oikonomou and Loizou
2025; Tahmasebi et al. 2024), takes a different approach by
performing small gradient ascent steps to locate flatter min-
ima, thereby reducing overfitting and improving robustness.
While prior methods leverage update dynamics mainly for
in-domain improvements, LfU operates at the representation
level to achieve stable and generalizable training.

3 Method

We denote the language model by pg, where 0 represents the
model parameters. Given an input x, the model generates
an output y by sampling each token y; ~ po(- | @, y<t),
where t denotes the index of the output token. SFT adapts
a language model to downstream tasks by minimizing the
negative log-likelihood of the output tokens. To be specific,
given a dataset D of input-output pairs (x, y), where an out-
put of length 7', the SFT objective is defined as:

T
1
—Tzlogpe(yﬂm,yq) - (D

t=1

lspr(0) = E

(xz,y)~D

SFT has been applied to adapt LMs on specific datasets,
but it often induces narrow response patterns and degrade
generalization to other unrelated tasks. Although subsequent
alignment stages, e.g., via RL (Ouyang et al. 2022; Kirk
et al. 2023), can help mitigating the issue, it opens up new
challenges in specifying rewards and requires significant
compute. In this paper, we aim to improve SFT in a way that
makes it generalizable, so that the model can preserve its
original capability even after specializing to a certain task.

Motivation We are motivated by the observations in Qi
et al. (2024) that SFT tends to overfit when applied for
safety, i.e., to output short refusal response to harmful in-
structions. As illustrated in Figure 3, we observe that the be-
havior of such an SFT-tuned model, say psgr, can be easily
altered by just a few steps of “adversarial” SFT on harm-
ful datasets. To address this, we propose a learning strategy
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Figure 3: Attack Success Rate (ASR) on (a) HEx-PHI and
(b) PureBad after a few steps of adversarial fine-tuning on
BeaverTails (Ji et al. 2023). We first align a Llama-3.1-8B
via SFT (or LfU) with the harmless subset of BeaverTails,
and then continue fine-tuning the model on the harmful sub-
set (of BeaverTails) using SFT.

that enhances generalization by simulating undesirable be-
haviors and encouraging the model to remain robust against
them. As shown in Figure 3, our approach remains robust
even after a few steps of adversarial fine-tuning.'

3.1 Approach

We propose Learning-from-the-Undesirable (LfU), a regu-
larization method that encourages the model to generalize
better by reducing overfitting. The key idea is to simulate
undesirable behaviors within the model and guide it to main-
tain stable internal representations under such conditions.

One step towards the undesirable To encourage stable
representations, we simulate a single optimization step that
shifts the model parameters toward undesirable directions.
To this end, we define an auxiliary model 6,,x, which aug-
ments the parameters 6 with additional components. Specif-
ically, the loss is computed with Eq. 1, and we compute its
gradient with respect to the 8, to determine the direction of
perturbation. A single step of gradient ascent is then applied
to update the auxiliary components, as follows:

Ve, lsF1(Oaux)

Vol 7
where « is a step size controlling the magnitude of the per-
turbation. This perturbation intentionally induces undesir-
able behavior.

We next extract internal representations from both the
original model 0 and the auxiliary 8,,. Given the l;;, layer
of an LM, we define the function M) (-; @) to return the
internal representations at layer [ under parameters 6. Sim-
ilarly, we obtain the function M) (-; 8, 8,,) to return the
undesirable representations. We formally define the repre-
sentations of [y, layer as follows:

hiy = MY (2, y4:0), 3)
;,t = M(l)(may<t§979aux)7 (4)

where h; 4, ), € R? denote the representations from the
original and auxiliary models, respectively and d is the di-
mensionality of the representations.

Ouux — Ouux + v -

'The detailed experimental setup is provided in Appendix A.
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Figure 4: Overview of LfU: LfU promotes stable internal representations by enforcing consistency in internal representations
between the original model 8 and auxiliary model 8,4 that is optimized one step to induce undesirable behaviors. The auxiliary
model 8, is constructed by adding additional components to the original parameters 6, using either (1) a LoRA based method,
where trainable low-rank matrices are added to each layer or (2) a representation steering based method, where a learnable
steering vector is added to the internal representation at each layer. A gradient ascent step is then performed on the additional
components by computing the gradient of the SFT objective with respect to 8,,x. The consistency loss is defined as the Mean
Squared Error (MSE) between the internal representations of the original and auxiliary models across all layers.

Additional components to make auxiliary model There
are two ways to construct 0,,: the LoRA method and the
representation steering method. The LoRA based method
leverages Low Rank Adaptation (LoRA) (Hu et al. 2022).
We define the model parameters 6 with K layers as 8 =
[61,02,...,0k], where 0; denotes the parameters of the I-th
layer. Each layer 0; is augmented with a trainable low-rank
matrix LoRA;, forming 6,,x = [01 + LoRA;,...,0k +
LoRA[]. Only the LoRA terms are updated, while 6 re-
mains frozen. The representation steering based method per-
turbs internal representations instead of parameters. At each
layer [, a learnable steering vector d; is added to the internal
representation: h;,t = h;; + d;. This shifts internal repre-
sentations in an undesirable direction without modifying 6,
making it a computationally efficient alternative.

One step towards the desirable To encourage stability
against undesirable perturbation, we enforce consistency be-
tween the model’s internal representations before and after
applying the perturbation, which was previously defined. We
define the consistency regularization as:

éCOHS. (07 gaux)

1 2
L Hdetach(hl,t)— L H NS
TR 22 &

where detach(-) indicates that gradients do not flow. This
design helps stabilize the internal representation h; ; by en-
couraging h; , to remain close to the fixed target. We in-
corporate the consistency objective into the overall training
loss by combining it with the SFT objective. The resulting
objective of LfU is defined as:

éLfU(oa Oaux) = éSFT(g) +A- ECOI’IS.(Ov Oaux)a

E

 (@y)~D

6)
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where A is a hyperparameter. Detailed pseudocodes to im-
plement LfU are provided in Appendix D.

4 Experiments

To evaluate the effectiveness of LfU, we conduct extensive
experiments covering various adaptation scenarios of lan-
guage models, including generalization to diverse task cate-
gories, applicability to various models, resilience to prompt
variations and robustness against adversarial fine-tuning. We
compare LfU with baselines (Jain et al. 2023; Li et al.
2025; Shi et al. 2024; Yang et al. 2024) that aim to miti-
gate the overfitting issues of SFT. Detailed descriptions of
these baselines are provided in Appendix B. We begin by
introducing the datasets used for evaluation.

4.1 Setup

Datasets To comprehensively evaluate LfU, we adopt di-
verse datasets for fine-tuning and evaluation. For fine-
tuning, we use the multi-task datasets Alpagasus Dolly 3k
(Conover et al. 2023) and LIMA (Zhou et al. 2023), and the
single-task datasets GSM8k (Cobbe et al. 2021) and ARC-
Challenge (Clark et al. 2018). For evaluation, we cover four
categories: () Math (GSM8k (Cobbe et al. 2021); MathQA
(Amini et al. 2019); ASDiv (Miao, Liang, and Su 2021)), (if)
Knowledge (MMLU (Hendrycks et al. 2021); PIQA (Bisk
et al. 2020); HellaSwag (Zellers et al. 2019); LAMBADA
(Paperno et al. 2016)), (iii) Reasoning (ARC (Clark et al.
2018); CoQA (Reddy, Chen, and Manning 2019)), and (iv)
Helpfulness (ToxiGen (Hartvigsen et al. 2022); Truthful QA
(Lin, Hilton, and Evans 2022)). Each category score is the
average performance across tasks within the category, and
the rank is computed as the average of the ranks across cat-
egories. Further dataset details are provided in Appendix C.



\ Math (3) Knowl. (4) Reason. (2) Helpful. (2) \ Rank
Llama-3.1-8B
Vanilla \ 37.9 72.9 66.1 44.0 \ -
SFT 51.5 733 65.1 44.1 4.8
NEFTune 534 733 65.3 443 3.0
GEM 524 73.0 65.3 45.1 35
™M 51.8 73.1 65.6 444 35
SDFT 52.4 734 65.0 42.1 4.3
LfU | 542 73.5 65.6 45.7 | 1.0
Llama-3.1-8B-Instruct
Vanilla \ 60.5 74.0 81.0 69.9 \ -
SFT 65.7 73.6 80.5 67.6 4.0
NEFTune 66.0 73.6 80.7 67.3 4.3
GEM 65.0 73.8 81.3 67.6 3.8
™M 63.9 74.1 81.5 68.5 2.5
SDFT 65.5 74.0 79.8 67.4 4.3
LfU | 66.7 74.0 81.5 69.0 | 1.3
Llama-2-7B
Vanilla \ 17.1 66.4 60.4 41.0 \ -
SFT 359 65.9 60.0 40.5 3.8
NEFTune 36.1 66.2 60.1 404 33
GEM 359 66.4 59.9 40.6 33
™M 322 66.4 61.0 39.7 3.8
SDFT 33.6 65.6 60.0 40.1 5.0
LfU \ 37.0 66.7 60.2 40.9 \ 1.3
Mistral-7B-v0.3
Vanilla | 147 72.9 64.9 425 | -
SFT 48.2 72.8 64.8 43.1 4.5
NEFTune 50.3 72.9 65.4 43.0 35
GEM 49.9 73.1 65.6 429 3.0
™M 43.0 73.1 65.4 423 4.8
SDFT 46.4 73.5 65.9 42.8 3.0
LfU \ 50.5 73.5 65.6 43.5 \ 1.3

Table 1: Comparison of the performance of language models
fine-tuned on GSM8K, evaluated on 11 tasks spanning four
categories. Each category score is the average performance
across tasks within the category, and the rank is computed as
the average of the ranks within each category.

4.2 Results

Single-task fine-tuning To demonstrate that LfU general-
izes across diverse task categories and is applicable to vari-
ous models, we evaluate it on four different language mod-
els: Llama-3.1-8B, Llama-3.1-8B-Instruct, Llama-2-7B, and
Mistral-7B-v0.3. These models are fine-tuned on GSM8k
and evaluated on 11 tasks covering math, knowledge, rea-
soning, and helpfulness. As shown in Table 1, LfU achieves
the best performance in all task categories on Llama-3.1-
8B and records the highest rank. In particular, it improves
performance by +5.2% in math and +3.4% in helpfulness
compared to SFT. For Llama-3.1-8B-Instruct, LfU again
achieves the highest rank. While SFT performs worse than
the vanilla model in reasoning, LfU surpasses the vanilla
model in this category. In the case of Llama-2-7B, LfU
also obtains the highest rank among all baselines. In con-
trast, SFT underperforms the vanilla model on all tasks ex-
cept math, whereas LfU improves performance on both math
and knowledge. Mistral-7B-v0.3 shows a similar trend, with
LfU achieving the highest rank. While SFT degrades per-
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| Math (3) Knowl. (4) Reason. (2) Helpful. (2) | Rank
Llama-3.1-8B
Vanilla \ 37.9 72.9 66.1 44.0 \ -
SFT 37.0 72.8 64.8 50.6 4.3
NEFTune 39.0 72.6 64.2 50.6 4.3
GEM 37.8 72.8 65.1 50.8 2.8
™M 38.4 733 66.9 48.6 2.5
SDFT 37.5 732 64.7 46.0 4.8
LfU | 432 733 64.9 50.8 | 15
Llama-3.1-8B-Instruct
Vanilla \ 60.5 74.0 81.0 69.9 \ -
SFT 56.6 72.9 81.8 69.3 4.8
NEFTune 57.7 72.8 81.8 69.5 4.0
GEM 59.0 73.2 81.9 68.7 35
™M 59.6 73.6 81.9 68.8 2.5
SDFT 599 73.2 81.2 69.4 35
LfU | 603 73.6 81.9 69.5 | 1.0
Llama-2-7B
Vanilla \ 17.1 66.4 60.4 41.0 \ -
SFT 24.0 66.9 57.3 46.1 33
NEFTune 24.3 67.1 56.6 454 33
GEM 243 67.0 57.3 45.8 2.8
™M 18.5 66.4 62.0 41.2 4.3
SDFT 12.8 66.1 60.0 43.0 4.8
LfU \ 24.5 67.0 57.8 46.1 \ 1.8
Mistral-7B-v0.3
Vanilla | 147 72.9 64.9 42.5 | -
SFT 28.9 72.9 65.5 454 4.5
NEFTune 322 73.0 65.4 47.9 3.8
GEM 18.5 77.5 66.1 44.6 35
™M 23.4 73.1 67.1 44.6 3.3
SDFT 22.3 73.0 65.8 48.5 35
LfU \ 34.9 73.2 65.6 48.6 \ 2.0

Table 2: Comparison of the performance of language mod-
els fine-tuned on Alpagasus Dolly 3k, evaluated on 11 tasks
spanning four categories. Each category score is the average
performance across tasks within the category, and the rank is
computed as the average of the ranks within each category.

formance in knowledge and reasoning, LfU enhances re-
sults across all task categories, including a +4.8% improve-
ment in math. LfU also shows a similar trend on ARC-
Challenge and performs best on Qwen3 (Qwen Team 2025)
when fine-tuned on GSM8k. Detailed results are provided in
Appendix E. These results demonstrate that LfU is effective
across various models and generalizes well to diverse tasks.

Multi-task fine-tuning We next evaluate LfU in a multi-
task setting using Alpagasus Dolly 3k and LIMA. We first
present results from training with Alpagasus Dolly 3k. Ac-
cording to the results in Table 2, LfU also demonstrates
strong performance in the multi-task setting. In the case
of LLaMA-3.1-8B, LfU achieves the highest rank, with a
particularly notable improvement of +16.8% on the math
tasks compared to SFT, which even underperforms the
vanilla model. For LLaMA-3.1-8B-Instruct, LfU achieves
the best performance across all categories and improves the
math category score by +6.5% over SFT. In LLaMA-2-7B,
LfU also records the highest rank among all methods. On
Mistral-7B-v0.3, LfU improves performance by +20.8% on
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Figure 5: Performance distribution of GSM8k-fine-tuned
Llama-3.1-8B models on five prompt variations of GSM8k.
We use ChatGPT for generating the variations. LfU achieves
the highest average accuracy and the lowest standard devia-

tion, demonstrating strong resilience to prompt variations.

| Math Knowl. Reason. Helpful. | Time/step (ms)
Vanilla ‘ 37.9 72.9 66.1 44.0 ‘ -
SFT ‘ 51.5 733 65.1 44.1 ‘ 1386.9 + 6.4
LfU (LoRA) | 54.2 73.5 65.6 45.7 41424 £ 142
LfU (RepS) 532 733 65.6 48.5 2332.1 £09.1

Table 3: Comparison of the performance of Llama-3.1-8B
fine-tuned on GSMS8k and computation cost measured on
a single NVIDIA H100 (80GB) instance, evaluated on 11
tasks spanning four categories: Math (3 tasks), Knowledge
(4 tasks), Reasoning (2 tasks), and Helpfulness (2 tasks).

math and 47.0% on helpfulness compared to SFT, once
again achieving the highest rank. These results demonstrate
that LfU is effective not only across a wide range of models
and task categories, but also in both single-task and multi-
task adaptation scenarios. LfU also shows strong perfor-
mance when fine-tuned with LIMA, and the corresponding
results are reported in Appendix E.

Representation steering (RepS) based LfU By default,
we consider the LoRA-based design in our experiments for
running LfU. In Table 3, we test the representation steering
(RepS) based design in comparison to the LoRA version,
particulary focusing on its effect in accelerating the LfU
training. Specifically, we fine-tune Llama-3.1-8B on GSM8k
using the two designs of LfU, and compare their perfor-
mances across 11 comprehensive tasks, as well as their per-
step computation time measured in a single NVIDIA H100
(80GB) instance. The results show that LfU (RepS) is nearly
twice as fast as LfU (LoRA), while achieving competitive
performance with the LoRA version but with a slight de-
crease in the in-domain performance.

Robustness to prompt variations When evaluating LMs
on various tasks, it is known that performance can be highly
sensitive to prompts (Reynolds and McDonell 2021; Zhu
etal. 2023). To examine whether LfU is less sensitive to such
prompt variation, We evaluate GSM8k-adapted models on
the GSM8k using five different prompt variations generated
by ChatGPT (OpenAl 2024), with examples listed in Ap-
pendix C.4. As shown in Figure 5, LfU consistently yields
a 92.1% smaller standard deviation and consistently outper-
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| HEx-PHI | PureBad | AdvBench
Method | O-step 5-step | O-step S-step | O-step 5-step
SFT 2.7 34.8 3.0 55.0 0.2 7.3
NEFTune 24 29.1 3.0 37.0 0.0 4.8
GEM 3.0 41.2 4.0 60.0 0.0 21.7
M 5.8 60.9 8.0 80.0 1.2 81.9
SDFT 6.1 24.2 12.0 45.0 54 10.8
LIU | 24 58 | 40 100 | 00 06

Table 4: Attack Success Rate (ASR) on HEx-PHI, PureBad
and Advbench after 5 steps of adversarial fine-tuning on
BeaverTails. We first align a Llama-3.1-8B via each base-
line (or LfU) with the harmless subset of BeaverTails, and
then continue fine-tuning the model on the harmful subset
(of BeaverTails) using SFT.

0.995
0.990

£ 0.985 -

wn

8 0.980 -

e SFT IM
0.975 1 NEFTune SDFT

GEM LfU (Ours)

0.970

10 12 14 16 18 20 22 24 26 28 30 32

Figure 6: Cosine similarity of internal representations be-
tween clean and noisy inputs, using Llama-3.1-8B fine-
tuned on GSMB8k. Clean inputs correspond to the original
training data, while noisy inputs are generated by adding
Gaussian noise to their input embeddings. Among all meth-
ods, LfU shows the highest similarity across layers.

forms other baselines. This indicates that LfU demonstrates
resilience to prompt variations.

Robustness to adversarial fine-tuning To empirically
demonstrate the vulnerability of safety-aligned models to
a few steps of adversarial fine-tuning, we construct safe
BeaverTails (Ji et al. 2023) with 5,000 refusal instruc-
tion—output pairs, while harmful BeaverTails contains sepa-
rate instructions paired with harmful outputs (Huang et al.
2024). We first safety-align Llama-3.1-8B using the safe
BeaverTails for 3 epochs using each baseline, then apply
only 5 steps of adversarial fine-tuning with the harmful
BeaverTails via SFT and measure attack success rate (ASR)
on PureBad (Qi et al. 2023), HEx-PHI (Qi et al. 2024), and
AdvBench (Zou et al. 2023). As shown in Table 4, LfU
consistently demonstrates the highest robustness after ad-
versarial training. Notably, compared to the second most ro-
bust method, LfU reduces ASR by 18.4% on HEx-PHI and
27.0% on PureBad. Furthermore, it achieves near-zero ASR
on AdvBench, highlighting its strong robustness against a
few steps of adversarial fine-tuning.

Robustness to input noise To evaluate resilience to in-
put noise, we measure cosine similarity between internal



A « Layer \ Math (3) Knowl. (4) Reason. (2) Helpful. (2)
5.0 0.1 All 54.2 73.5 65.6 45.7
0.0 - 515 73.3 65.1 44.1

(a) Varying hyperparameters
0.1 48.1 73.2 65.4 442
1.0 48.1 73.4 65.4 442
10.0 53.4 73.0 65.0 444
0.001 52.5 73.1 65.1 44.0
0.01 53.0 73.1 65.2 443
0.5 44.5 60.4 54.1 434

(b) w/ Layer selection

Early 53.6 73.3 65.5 44.4
Middle 53.3 73.3 65.6 44.1
Late 53.6 72.6 64.3 45.7

Table 5: Ablation study on Llama-3.1-8B fine-tuned on
GSMSK, evaluated across 11 tasks spanning four categories.

representations of clean and noisy inputs across all lay-
ers using GSM8k samples. We fine-tune Llama-3.1-8B on
GSMB8k and add noise to the input embeddings with the
same strength as in NEFTune. As shown in Figure 6, LfU
maintains higher cosine similarity across layers than all
baselines, even surpassing NEFTune despite using the same
noise level. This suggests that leveraging corrupted repre-
sentations offers greater internal stability than using noise.

4.3 Ablation study

In Table 5, we conduct an ablation study to better under-
stand the impact of representation consistency. Specifically,
we investigate (a) how varying hyperparameters affect per-
formance and (b) how different layer selections influence the
effectiveness of consistency regularization.

Effect of hyperparameters We first analyze the individ-
ual effects of hyperparameters of LfU in Table 5(a). As A
increases, we observe an improvement in in-domain perfor-
mance, i.e., Math, while the performance on out-of-domain
tasks slightly decreases. This suggests that there is a trade-
off between in-domain alignment and generalization, and the
current choice of A = 5.0 yields a balance. Regarding «,
we observe that an excessive local update, e.g., « 0.5,
can severely distort the model, making the resulting unde-
sirable representations less meaningful. However, as long
as the model is not overly distorted, such updates can still
improve performance in out-of-domain tasks. More results
across v and A values can be found in Appendix F.

Layer selection We also investigate several specific layer
selections when computing the proposed consistency loss in
Table 5(b), beyond our default design of choosing all layers.
We group the Llama-3.1-8B layers into Early (1-11), Mid-
dle (12-22), and Late (23-32) stages, and apply the consis-
tency loss to each group individually. All settings provide
gains and applying the regularization across all layers yields
the best performance. This implies that representation-level
regularization benefits from being distributed throughout the
entire model, rather than focusing only on a subset of layers.

Alternative loss designs To further demonstrate the ef-
fectiveness of representation-level consistency, we compare
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Method Math Knowl. Reason. Helpful.
(a) lsr(0) 515 133 65.1 44.1
(b) Lspr (0 ta- %} 533 733 655 440
© bsrr(0) + A - Sy S el 531 722 63.6 434
(@) Loer(0) + A - 0, S hulle 536  73.0 65.5 433
(©) Lspr(0) + A - bogit (0, Oaux) 539 732 65.2 44.9
() Lspr(0) + A - Loons. (60, Ouuy) 542 735 65.6 457

Table 6: Variation of update dynamics: Llama-3.1-8B fine-
tuned on GSMS8K, evaluated across 11 tasks spanning four
categories: Math (3 tasks), Knowledge (4 tasks), Reasoning
(2 tasks), and Helpfulness (2 tasks).

LfU with alternative loss designs: (a) the vanilla SFT, (b)
directly updating @ for local updates, which is essentially
equivalent to SAM (Foret et al. 2020), (c) feature-level L1
consistency, (d) feature-level L2 consistency and (e) logit-
level consistency instead of the representation-level design
of LfU, defined as follows:

glogit. (07 aaux)

£ 3" KL (o (detach(z) || o(=)) | . ()

t=1

(z

where z; and z; denote the logits from the original and unde-
sirable models, respectively, o denotes the softmax function,
and KL is the Kullback-Leibler divergence.

The results are shown in Table 6. We observe that enforc-
ing consistency at representation-level clearly obtains bet-
ter generalization than directly optimizing the parameters,
and simple L1/L.2 penalties control only feature magnitudes,
failing to preserve the semantic properties of representa-
tions. The logit-level consistency also have gains over SFT;
but our design consistently outperforms it, suggesting that
consistency in internal representations plays a more critical
role than consistency in logits. More results on these varia-
tions, as well as comparisons with parameter-level averaging
approaches including Exponential Moving Average (EMA),
are provided in Appendix F, where our representation-level
consistency still yields the best performance.

5 Conclusion

In this work, we introduced Learning-from-the-Undesirable
(LfU), a method designed to mitigate overfitting in language
models by stabilizing internal representations. By simulat-
ing undesirable updates and enforcing representation-level
consistency, LfU improves generalization by reducing over-
fitting. Extensive experiments show that LfU consistently
outperforms prior fine-tuning methods on in-domain tasks,
out-of-domain generalization, resilience to prompt varia-
tions, and robustness against adversarial fine-tuning. Fur-
thermore, LfU is broadly compatible with various mod-
els and performs well in both single-task and multi-task
fine-tuning settings. To reduce computational overhead, we
also introduce a lightweight variant based on representation
steering. Overall, LfU offers a practical and broadly appli-
cable solution for adapting language models to downstream
tasks while preserving their general capabilities.
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