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Abstract
Aligning large language models to human preferences is cru-
cial for real-world deployment but frequently incurs an align-
ment tax, leading to the catastrophic forgetting of pre-trained
general capabilities. While previous works primarily frame
this problem as an optimization or architectural challenge,
the inherent characteristics of preference data that drive this
degradation remain largely underexplored. In this paper, we
propose BALIGN, a balanced data selection strategy that
explicitly mitigates catastrophic forgetting while optimizing
alignment efficacy. Through theoretical and empirical analy-
ses of the preference optimization gradient, we identify three
key data-centric features that dictate parameter drift: the ref-
erence model’s log-probability margin, the token length dif-
ference between chosen and rejected responses, and the TF–
IDF similarity to general capability corpora. By aggregat-
ing these orthogonal features into a unified composite risk
score, BALIGN systematically filters out high-risk preference
samples that disrupt intrinsic model parameters or provide
minimal alignment utility. Extensive experiments on stan-
dard human preference datasets demonstrate that BALIGN
strongly preserves foundational capabilities without compro-
mising alignment gains, consistently achieving the optimal
Pareto frontier with minimal computational overhead.

Introduction
Large language models (LLMs) pre-trained on massive cor-
pora have become foundational building blocks for a wide
range of natural language processing applications (Kaddour
et al. 2023). A common practice in deploying these models is
to take pre-trained LLMs as base models and fine-tune them
to enhance their capabilities, such as mathematical reason-
ing (Shao et al. 2024), clinical reasoning (Chen et al. 2024),
or code generation (Hui et al. 2024). Among such fine-tuning
objectives, alignment with human preferences is one of the
most critical, as it determines whether the resulting model
produces safe, helpful, and human-aligned responses (Shen
et al. 2023; Liu et al. 2023; Ji et al. 2023).

While alignment improves the quality of model responses
on preference-related tasks, it is known to induce a phe-
nomenon referred to as the alignment tax (Ouyang et al.
2022), in which the model loses a portion of its previously
acquired general capabilities. This degradation constitutes a
form of catastrophic forgetting (Kirkpatrick et al. 2016) as
shown in Figure 1a. Such a decline in foundational skills
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limits the broader utility of LLMs, as their real-world appli-
cation relies on these general capabilities. To mitigate this
issue, effective alignment necessitates maintaining a balance
between preserving general capabilities (i.e., stability) and
integrating human-aligned preferences (i.e., plasticity). De-
spite the importance of this dual objective, most existing
works on LLM fine-tuning have solely focused on adapting
to new tasks for domain specialization (Xie et al. 2023; Xia
et al. 2024; Liu, Karbasi, and Rekatsinas 2024).

Prior work widely acknowledges that the underlying cause
of catastrophic forgetting is not simply a deficit in memory
capacity, but rather a disruption of intrinsic model parame-
ters (Kirkpatrick et al. 2016; Luo et al. 2023). Based on these
findings, several approaches have been proposed to mitigate
catastrophic forgetting in LLM fine-tuning (Kotha, Springer,
and Raghunathan 2024; Li et al. 2024; Xiong and Xie 2026).
However, these methods predominantly frame catastrophic
forgetting as an optimization or architectural challenge, leav-
ing the relationship between the characteristics of new task
data and catastrophic forgetting largely underexplored.

Motivated by the intuition that the fundamental difference
between general and new tasks disturbs intrinsic model pa-
rameters, we focus on the data itself to analyze and mitigate
catastrophic forgetting. Given that LLMs solidify the major-
ity of their general capabilities during the SFT phase, it is
crucial to analyze the interplay between the knowledge em-
bedded in the previously learned SFT data and the learning
signals provided by the newly introduced preference data
from a stability-plasticity perspective. To the best of our
knowledge, no existing data-centric method simultaneously
optimizes both stability and plasticity in LLM alignment.

We identify three key features that characterize the impact
of training samples on the stability and plasticity of LLM
alignment, as shown in Figure 1b. Specifically, the length-
normalized log-probability margin under the base reference
model (i.e., the initial pre-trained model prior to alignment)
and the token length difference between the chosen and re-
jected responses serve as indicators for stability, whereas
the cosine similarity between the TF–IDF representations of
training samples and those of a general benchmark corpus
acts as a proxy for plasticity. Our theoretical and empirical
analyses reveal that selecting training samples with minimal
length-normalized log-probability margins and small token
length differences effectively mitigates catastrophic forget-
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Figure 1: (a) Catastrophic forgetting of general capabilities (e.g., general knowledge, instruction following, reasoning, code, and
math) in LLM alignment. (b) Overview of BALIGN, which selects low-risk data for stability and plasticity using risk scores
based on three features: reference margin, token length difference, and TF–IDF similarity.

ting. In addition, selecting training samples that are highly
distinct from the general SFT corpus based on their TF–IDF
representations yields better model alignment.

Based on our findings, we propose BALIGN, a balanced
data selection strategy for effective LLM alignment that
jointly addresses stability and plasticity. We first define a
risk score tailored to each of the three features, namely refer-
ence margin, token length difference, and TF–IDF similarity,
such that training on samples with high risk scores leads to
degradation in either stability or plasticity. We then formu-
late a composite risk score that accounts for stability and
plasticity by aggregating the three normalized risk scores.
Based on the composite risk scores computed across all sam-
ples, we filter out high-risk samples and select a predefined
proportion of low-risk samples to form the training set. Ex-
periments on human preference datasets demonstrate that
BALIGN effectively mitigates catastrophic forgetting across
diverse capabilities while preserving alignment performance
with a filtered data subset. We believe that our data selection
strategy serves as a simple yet effective method for prepro-
cessing training data in LLM alignment.

Summary of Contributions: (1) We identify three or-
thogonal data-centric features, namely reference margin, to-
ken length difference, and TF–IDF similarity, and analyze
their impact on the stability-plasticity trade-off during LLM
alignment; (2) We propose a balanced data selection strategy
that mitigates catastrophic forgetting by filtering out high-
risk preference data using a composite risk score tailored to
these three features; (3) We empirically demonstrate that our
approach successfully preserves general capabilities across
diverse domains while maintaining alignment performance.

Related Work
Large Language Model Alignment. LLM alignment
refers to the process of adjusting a pre-trained language
model so that its outputs conform to human prefer-
ences regarding helpfulness, harmlessness, honesty, and
safety (Shen et al. 2023; Lu et al. 2025). A foundational
approach is Reinforcement Learning from Human Feed-

back (RLHF) (Christiano et al. 2017; Stiennon et al. 2020),
which combines supervised fine-tuning with a learned reward
model and Proximal Policy Optimization (PPO) (Schulman
et al. 2017) to align the policy with human preferences. While
recent advancements such as Group Relative Policy Opti-
mization (GRPO) (Shao et al. 2024) mitigate the substantial
memory overhead of the critic model in PPO, on-policy op-
timization remains engineering-heavy and computationally
expensive. To remove the engineering complexity of explicit
reward modeling and on-policy optimization altogether, Di-
rect Preference Optimization (DPO) (Rafailov et al. 2023)
reparameterizes the alignment objective as a single logistic
loss over preference pairs, treating the policy itself as an im-
plicit reward function. Given its simplicity and status as the
standard in offline alignment (Llama Team 2024; Yang et al.
2024a), we build our alignment framework upon DPO.

Catastrophic Forgetting of Large Language Models. A
well-known challenge in LLM fine-tuning is catastrophic
forgetting, in which a model forgets previously acquired
knowledge while learning new tasks (Kirkpatrick et al. 2016;
Li et al. 2022). In LLM alignment, optimizing models for
human preferences often leads to the degradation of pre-
trained capabilities, a phenomenon referred to as the align-
ment tax (Ouyang et al. 2022). Recent studies attribute catas-
trophic forgetting to representational routing failures (Kotha,
Springer, and Raghunathan 2024; Jain et al. 2024), conver-
gence to sharp minima (Li et al. 2024; Watts et al. 2026), and
parameter-level weight interference (Luo et al. 2023; Huang,
Cheng, and Wang 2025). However, the impact of fine-tuning
data itself on catastrophic forgetting remains largely under-
explored in the context of LLM alignment.

Mitigating Catastrophic Forgetting of Large Language
Models. Conventional continual learning techniques, in-
cluding experience replay and regularization-based ap-
proaches, were first applied to the scenario of LLM fine-
tuning (Scialom, Chakrabarty, and Muresan 2022; Mok et al.
2023; Lin et al. 2023). Recent studies have proposed methods
specifically designed for LLMs by leveraging their internal



properties. These include self-synthesized rehearsal (Huang
et al. 2024), self-distillation (Yang et al. 2024b; Shenfeld
et al. 2026), and model merging (Xiao et al. 2024; Lin et al.
2024; Alexandrov et al. 2024). While these approaches have
substantially advanced the trade-off between stability and
plasticity, they have primarily focused on supervised fine-
tuning for task-specific performance. Consequently, the joint
dynamics between catastrophic forgetting and alignment re-
main underexplored in the data-centric literature. Our work
addresses this gap by formulating a sample-level composite
risk score that explicitly accounts for both objectives.

Problem Definition
Notation and Preliminaries
Let X denote the space of prompts and Y the space of re-
sponses. Let πref : X → ∆(Y) denote a pre-trained ref-
erence language model that serves as the starting point for
alignment. Let D =

{
(xi, y

(i)
w , y

(i)
l )

}N

i=1
be a human prefer-

ence dataset, where y(i)w ≻ y
(i)
l | xi denotes that the response

y
(i)
w is preferred over y(i)l for a given prompt xi. We refer to
y
(i)
w as the chosen response and y

(i)
l as the rejected response.

Using this preference dataset, we aim to optimize a param-
eterized policy πθ : X → ∆(Y), starting from the initial
reference model πθ0 = πref .

We adopt DPO (Rafailov et al. 2023) as our primary align-
ment objective, which optimizes the policy πθ to satisfy the
observed preferences without explicitly learning a reward
model. The DPO loss is given by
LDPO(πθ;πref ,D) = −E(x,yw,yl)∼D

[
log σ

(
βmθ(x, yw, yl)

)]
,

(1)
where σ(·) denotes the sigmoid function, β > 0 is a hyper-
parameter controlling the strength of the implicit Kullback–
Leibler regularization toward πref , and

mθ(x, yw, yl) = log
πθ(yw | x)
πref(yw | x)

− log
πθ(yl | x)
πref(yl | x)

(2)

is the reward margin between chosen and rejected responses.

Catastrophic Forgetting and Alignment
We characterize the policy πθ along two orthogonal axes:
general capability, which tracks the retention of previously
acquired general knowledge, and alignment quality, which
measures adherence to human preferences.
General Capability. Let E = {e1, e2, . . . , eK} denote
a suite of general-capability benchmarks that are disjoint
from the alignment distribution. For each benchmark ek, let
cek(π) ∈ [0, 1] denote the normalized performance of policy
π on ek. We define the aggregate general capability as:

C(π) =
1

K

K∑
k=1

cek(π). (3)

Based on this, we define the catastrophic forgetting of general
capabilities induced by alignment as:

F (πθ) = C(πref)− C(πθ). (4)
A positive F (πθ) indicates that alignment has degraded the
model’s general capability relative to the reference.

Alignment Quality. Let Dtest = {(xj , y
(j)
w , y

(j)
l )}Mj=1 de-

note a held-out preference test set. We measure alignment
quality by the preference accuracy of the policy, defined as
the proportion of samples where the policy assigns a higher
log-probability to the chosen response y

(j)
w than to the re-

jected response y(j)l , given by:

A(πθ) =
1

M

M∑
j=1

1
[
log πθ

(
y(j)w | xj

)
> log πθ

(
y
(j)
l | xj

)]
.

(5)
Building on this, we define the alignment gain to quantify
the net improvement in alignment quality as:

R(πθ) = A(πθ)−A(πref). (6)

Balanced Data Selection for Alignment
We frame preference data selection as a bi-level optimization
problem to navigate the trade-off between alignment and
catastrophic forgetting. Given a sampling ratio ρ ∈ (0, 1], we
aim to identify an optimal subset S ⊆ D of size ⌈ρN⌉ that
maximizes the joint objective:

max
S⊆D, |S|=⌈ρN⌉

(
R(πS

θ )− F (πS
θ )

)
, (7)

where the inner objective defines the policy πS
θ , which is

optimized on the selected subset S via the DPO loss:

πS
θ = argmin

θ∈Θ
LDPO(πθ;πref ,S). (8)

Method
We propose BALIGN, a balanced data selection strategy for
LLM alignment that jointly addresses stability and plasticity.
Specifically, we derive three key features that capture how
preference data influences the trade-off between mitigating
catastrophic forgetting and enhancing alignment quality.

Theoretical Analysis
We begin by examining the gradient of the DPO loss with
respect to the policy parameters θ, which governs both the
speed of alignment and the magnitude of parameter drift
away from the reference πref . Differentiating Eq. (1) yields

∇θLDPO = −βE(x,yw,yl)∼D

[
σ
(
−βmθ(x, yw, yl)

)︸ ︷︷ ︸
per-sample weight wθ

·
(
∇θ log πθ(yw | x)−∇θ log πθ(yl | x)

)︸ ︷︷ ︸
per-sample direction ∆θ

]
,

(9)

where each preference sample contributes a scalar weightwθ

and a direction ∆θ to the overall parameter update. Based
on this structural decomposition, the three features we pro-
pose below characterize the gradient direction ∆θ in terms
of its informational utility, accumulation scale, and support
structure in the parameter space.



Reference Margin. The first feature is the reference mar-
gin ∆pref , defined as the difference between the average per-
token log-probabilities of the chosen and rejected responses
under the reference model πref :

∆pref(x, yw, yl) =
1

|yw|
log πref

(
yw | x

)
− 1

|yl|
log πref

(
yl | x

)
.

(10)
The magnitude and sign of ∆pref dictate the risk of catas-
trophic forgetting by reflecting how the reference model in-
herently perceives the preference pair. Samples with a large
positive ∆pref indicate that the reference model already in-
trinsically prefers yw over yl. In such cases, updating the
model further along their respective gradient directions fails
to impart novel alignment signals and over-optimizes ex-
isting preferences, thereby amplifying representational drift
with negligible learning benefit. Conversely, samples with
a large negative ∆pref represent cases where the reference
model strongly favors yl. Forcing the model to overturn this
deeply encoded prior knowledge requires substantial param-
eter change, similarly driving catastrophic forgetting.

Motivated by these insights, we aim to penalize samples
with a large |∆pref | during the data selection process. To
achieve this, we leverage a pinball loss formulation to define
a reference margin-based risk score as follows:

Definition 1. Let ∆p
(i)
ref = ∆pref(xi, y

(i)
w , y

(i)
l ) denote the

reference margin of sample i. The reference margin-based
risk score of sample i is:

s∆pref
(i) = αmax

(
0, −∆p

(i)
ref

)
+ (1−α)max

(
0, ∆p

(i)
ref

)
,

(11)
where α ∈ [0, 1] is a hyperparameter designed to capture the
asymmetric risk associated with the sign of ∆pref .
Token Length Difference. The second feature is the token
length difference between the chosen and rejected responses,
defined as ∆ℓ(yw, yl) = |yw| − |yl|, where |y| denotes the
number of tokens in response y. By decomposing the log-
probabilities into per-token contributions, log πθ(y | x) =∑|y|

t=1 log πθ(yt | x, y<t), we can rewrite the reward margin
in Eq. (2) as

mθ(x, yw, yl) = |yw|rθ(yw | x)− |yl|rθ(yl | x), (12)

where rθ(y | x) = 1
|y|

∑|y|
t=1 log

πθ(yt|x,y<t)
πref (yt|x,y<t)

is the per-
token log-ratio averaged over the response. Letting rw and
rl denote the per-token ratios, and defining r = 1

2 (rw + rl)

and ℓ = 1
2 (|yw|+ |yl|), we can decompose the margin:

mθ = r ·∆ℓ+ (rw − rl) · ℓ. (13)
Eq. (13) shows that the margin decomposes into a length-

driven term proportional to ∆ℓ and a quality-driven term
proportional to the per-token ratio gap rw − rl. Whenever
|∆ℓ| is large, the margin signal becomes dominated by sheer
response length rather than by genuine preference quality,
and the resulting gradient direction ∆θ in Eq. (9) is corre-
spondingly amplified by the total token count. As parameter
drift scales with the cumulative gradient norm, large length
asymmetry inflates the alignment update without convey-
ing additional preference information, providing a theoretical

pathway from ∆ℓ to catastrophic forgetting. To account for
this length-induced risk during data selection, we introduce
the length difference-based risk score as follows:

Definition 2. Let∆ℓi = |y(i)w |−|y(i)l | denote the token-level
length difference between the chosen and rejected responses
of sample i. The length difference-based risk score of sample
i is defined as:

s∆ℓ(i) = γmax
(
0, −∆ℓi

)
+ (1−γ)max

(
0, ∆ℓi

)
, (14)

where γ ∈ [0, 1] is a hyperparameter designed to capture the
asymmetric risk associated with the sign of ∆ℓ.

TF–IDF Similarity. The third feature is the TF–IDF sim-
ilarity, which measures how closely the lexical distribution
of each preference sample aligns with that of the general
capability datasets we aim to preserve. Given a corpus G
comprising a subset of general capability datasets, we fit a
TF–IDF vectorizer on the corpus D ∪ G and project both
preference and general data into the same vector space. To
align the format between preference and general data, we
compute the TF–IDF vector of each preference sample using
its prompt and chosen response. Using these vector represen-
tations, the TF–IDF similarity of sample i is defined as the
average cosine similarity to the general capability corpus:

τi =
1

|G|
∑

(xj ,yj)∈G

〈
v(xi, y

(i)
w ), v(xj , yj)

〉∥∥v(xi, y
(i)
w )

∥∥∥∥v(xj , yj)
∥∥ , (15)

where v(xi, y
(i)
w ) and v(xj , yj) denote the vector represen-

tations of the preference sample and the general sample,
respectively. We note that since all components of a TF–IDF
vector are non-negative, the resulting cosine similarity τi is
inherently non-negative and bounded within [0, 1].

When the similarity τi is high, the preference and general
samples share an extensive vocabulary, meaning that their
gradients actively update overlapping parameter subspaces.
However, when τi is low, the preference sample introduces
distinct lexical structures, such as novel instructional formats
or specific alignment markers, that are largely absent from
G. Then the gradients of the preference and general samples
are supported on substantially disjoint parameter regions,
rendering them nearly orthogonal. As these updates do not
conflict, the model can fully absorb the alignment signals
without structural resistance from pre-trained priors. This
orthogonality ensures that the optimization step maximizes
alignment efficacy while leaving the general capability in-
tact. Since higher similarity corresponds to a greater risk
of gradient interference, we define the similarity-based risk
score as the similarity value itself:
Definition 3. Let τi ∈ [0, 1] denote the TF–IDF similarity
of sample i. The similarity-based risk score of sample i is

sτ (i) = τi. (16)

Empirical Analysis
To verify the theoretical analysis and derived scores, we
conduct a bucket-based experiment in which each of the
three features is used in isolation to partition the preference



Bucket s∆pref s∆ℓ sτ

F ↓ R ↑ F ↓ R ↑ F ↓ R ↑

B1 (lowest risk) 0.08 3.33 0.38 3.20 0.95 3.80
B2 0.37 3.46 0.82 2.95 1.43 3.93
B3 0.52 4.02 1.77 2.26 0.73 3.42
B4 0.84 3.33 1.35 3.20 0.84 2.61
B5 (highest risk) 3.48 1.75 2.19 3.12 0.85 1.67

Table 1: Analysis of catastrophic forgettingF (lower is better)
and alignment gain R (higher is better) for each risk score.

dataset into buckets. We use the HH-RLHF (Bai et al. 2022)
dataset comprising preference triples, and adopt Llama-3.1-
8B-Instruct (Llama Team 2024) as the reference model. For
each feature f ∈ {∆pref ,∆ℓ, τ}, we compute the corre-
sponding risk score for every sample and then partition the
dataset into five equal-sized quantile buckets {B1

f , . . . ,B5
f},

ordered from the lowest to the highest risk score. We set
the hyperparameters α = 0.25 and γ = 0.5 for the refer-
ence margin and length difference risk scores, respectively.
These values reflect our empirical observations that the ref-
erence margin exhibits asymmetry where positive values in-
cur greater risk, whereas the length difference demonstrates
symmetry as positive and negative values offset each other.

Using each bucket, we train a separate policy and
evaluate its alignment quality and the extent of catas-
trophic forgetting on a general benchmark suite, including
MMLU (Hendrycks et al. 2021), IFEval (Zhou et al. 2023),
ARC-Challenge (Clark et al. 2018), HumanEval (Chen et al.
2021), and GSM8K (Cobbe et al. 2021). We report the catas-
trophic forgetting (F ) and alignment gain (R) across five
buckets for each risk score as shown in Table 1. The results
show that our proposed risk scores capture complementary
dimensions of model degradation. Specifically, s∆pref

and
s∆ℓ serve as primary indicators of catastrophic forgetting,
while sτ captures the failure of preference learning.

BALIGN Data Selection Strategy
Motivated by the complementary roles of the three risk
scores, we propose a unified data selection strategy,
BALIGN. To jointly mitigate catastrophic forgetting and
maximize alignment gain, we place the individual risk scores
on a common scale and aggregate them into a single com-
posite metric, formally defined as follows:
Definition 4. The composite risk score of sample i is defined
as the weighted sum of the three normalized risk scores:

s(i) = s̃∆pref
(i) + s̃∆ℓ(i) + λ s̃τ (i), (17)

where s̃f (i) ∈ [0, 1] is the min–max normalized risk score for
each feature f ∈ {∆pref ,∆ℓ, τ}, and λ is a hyperparameter
that controls the balance between the risk scores.

The composite score s(i) thus integrates the dual aspects
of stability and plasticity into a single scalar that quantifies
the total expected risk of including sample i in preference
learning. Following a score-based data selection template
to minimize risks, our selected subset under a budget ratio
ρ ∈ (0, 1] is given by

S =
{
(xi, y

(i)
w , y

(i)
l ) ∈ D : s(i) ≤ qρ(s)

}
, (18)

where qρ(s) is the ρ-quantile of the composite scores
{s(i)}Ni=1. The final aligned policy is obtained by solving

πS
θ = argmin

θ∈Θ
LDPO

(
πθ;πref ,S

)
. (19)

Experiments
We conduct experiments to evaluate BALIGN and provide
a detailed analysis of the results. We provide more detailed
experimental settings and results in Appendix.
Metrics. We evaluate the methods along two axes: general
capability and alignment, which correspond to stability and
plasticity, respectively. We first measure the average absolute
performance of the models on general capability (General)
and alignment (Align) using Eqs. (3) and (5), respectively.
We then quantify the performance shifts relative to the base
reference model, defining these differences as catastrophic
forgetting (F ) and alignment gain (R) using Eqs. (4) and (6).
Datasets. For alignment, we use the HH-RLHF (Bai et al.
2022) dataset to train the model for helpfulness and harm-
lessness. We utilize separate training and test splits of the
dataset for training and evaluation. For general capability,
we use a total of five datasets following the benchmark eval-
uation settings (Jiang et al. 2023; Llama Team 2024; Yang
et al. 2024a), including MMLU (Hendrycks et al. 2021), IFE-
val (Zhou et al. 2023), ARC-Challenge (Clark et al. 2018),
HumanEval (Chen et al. 2021), and GSM8K (Cobbe et al.
2021). These datasets cover general knowledge, instruction
following, reasoning, code, and math, which constitute the
fundamental capabilities of LLMs. We reserve a subset of
the general capability datasets as a validation set for required
baselines, while the remainder serves as a test set.
Models. We adopt Llama-3.1-8B-Instruct (Llama Team
2024) and Qwen2.5-7B-Instruct (Yang et al. 2024a) as the
base reference models for our experiments. We select
instruction-tuned models in the 7B–8B parameter range as
they offer an optimal balance between robust base capabili-
ties and tractability within our GPU computational budget.
Baselines. We compare BALIGN with four categories of
data selection baselines. Within this taxonomy, BALIGN is
a stability- and plasticity-aware alignment method.
• Naive methods: Full and Random.
• Plasticity-aware SFT methods: DSIR (Xie et al. 2023),

LESS (Xia et al. 2024), TSDS (Liu, Karbasi, and Rekatsinas
2024), and NICE (Wang et al. 2025).

• Stability- and Plasticity-aware SFT methods:
GrADS (Liu et al. 2025) and OGS (Zhang et al. 2026b).

• Plasticity-aware Alignment methods: Selective
DPO (Gao et al. 2025), BeeS (Deng et al. 2025),
and PD (Zhang et al. 2026a).

Hyperparameters. We perform a grid search on the held-
out validation set to find the optimal hyperparameters. For
the reference margin-based risk score, we set α to 0.25 and
0.15 for the Llama-3.1-8B-Instruct and Qwen2.5-7B-Instruct
models, respectively. For the length difference-based risk
score, we set γ to 0.5 and 0.25, respectively. When formulat-
ing the composite risk score, we set λ to 1 and 2, respectively.



Method Helpfulness Harmlessness

Llama-3.1-8B-Instruct Qwen2.5-7B-Instruct Llama-3.1-8B-Instruct Qwen2.5-7B-Instruct

General (F↓) Align (R↑) General (F↓) Align (R↑) General (F↓) Align (R↑) General (F↓) Align (R↑)
Base 76.86 (–) 61.64 (–) 81.52 (–) 62.84 (–) 76.86 (–) 45.25 (–) 81.52 (–) 44.11 (–)
Full 71.51 (5.35↓) 65.40 (3.76↑) 79.21 (2.31↓) 66.17 (3.33↑) 71.44 (5.42↓) 53.92 (8.67↑) 80.03 (1.49↓) 52.17 (8.06↑)
Random 74.77 (2.09↓) 64.80 (3.16↑) 80.39 (1.13↓) 64.76 (1.92↑) 75.78 (1.08↓) 52.25 (7.00↑) 80.82 (0.70↓) 47.57 (3.46↑)

DSIR 74.89 (1.97↓) 63.44 (1.80↑) 80.30 (1.22↓) 64.50 (1.66↑) 75.10 (1.76↓) 50.77 (5.52↑) 80.86 (0.66↓) 47.83 (3.72↑)
LESS 72.18 (4.68↓) 64.14 (2.50↑) 79.84 (1.68↓) 63.61 (0.77↑) 74.84 (2.02↓) 49.19 (3.94↑) 79.93 (1.59↓) 48.62 (4.51↑)
TSDS 75.60 (1.26↓) 64.56 (2.92↑) 80.42 (1.10↓) 64.55 (1.71↑) 75.09 (1.77↓) 50.63 (5.38↑) 80.76 (0.76↓) 46.96 (2.85↑)
NICE 73.18 (3.68↓) 65.05 (3.41↑) 80.58 (0.94↓) 64.08 (1.24↑) 74.77 (2.09↓) 49.58 (4.33↑) 79.43 (2.09↓) 48.10 (3.99↑)
GrADS 74.49 (2.37↓) 65.01 (3.37↑) 80.22 (1.30↓) 64.08 (1.24↑) 75.68 (1.18↓) 51.77 (6.52↑) 80.79 (0.73↓) 49.41 (5.30↑)
OGS 75.79 (1.07↓) 63.73 (2.09↑) 80.69 (0.83↓) 62.58 (-0.26↑) 75.24 (1.62↓) 51.42 (6.17↑) 79.49 (2.03↓) 48.05 (3.94↑)

Selective DPO 71.68 (5.18↓) 67.28 (5.64↑) 79.33 (2.19↓) 66.21 (3.37↑) 71.45 (5.41↓) 55.78 (10.53↑) 78.10 (3.42↓) 53.02 (8.91↑)
BeeS 73.32 (3.54↓) 66.00 (4.36↑) 80.28 (1.24↓) 65.70 (2.86↑) 73.86 (3.00↓) 54.62 (9.37↑) 80.39 (1.13↓) 50.63 (6.52↑)
PD 72.67 (4.19↓) 66.25 (4.61↑) 80.07 (1.45↓) 66.30 (3.46↑) 73.60 (3.26↓) 54.97 (9.72↑) 80.80 (0.72↓) 49.54 (5.43↑)

BALIGN (Ours) 76.00 (0.86↓) 66.25 (4.61↑) 81.14 (0.38↓) 66.23 (3.39↑) 75.93 (0.93↓) 56.07 (10.82↑) 81.39 (0.13↓) 52.48 (8.37↑)

Table 2: General capability and alignment results on the HH-RLHF dataset, evaluated separately for helpfulness and harm-
lessness. We use Llama-3.1-8B-Instruct and Qwen2.5-7B-Instruct models as base reference models. The best and second-best
results are highlighted in bold and underline, respectively, excluding the base model performance.
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Figure 2: Detailed general capabilities and alignment of LLMs. BALIGN successfully preserves the base model’s diverse general
capabilities while achieving alignment performance on par with training on the full preference dataset.

General Capability and Alignment Results
We compare BALIGN against four different categories of
data selection baselines as shown in Table 2. We also present
detailed capability results for each task in Figure 2 and Ap-
pendix. To ensure a fair comparison, all methods perform
data selection subject to a fixed data budget, defined by a
given data sampling ratio. Following standard practice in
prior LLM data selection studies (Xia et al. 2024; Liu, Kar-
basi, and Rekatsinas 2024; Wang et al. 2025), we set the
default data sampling ratio to 5% of the full dataset.

Overall, BALIGN consistently achieves the optimal bal-
ance between general capability and alignment by minimiz-
ing catastrophic forgetting while preserving alignment sig-
nals. Specifically, BALIGN achieves the best performance in
general capability and the best or second-best performance
in alignment, with only a marginal gap compared to the top
performer. Since plasticity-aware alignment methods focus
solely on alignment without considering catastrophic forget-
ting, outperforming them on the alignment axis is inherently
difficult. In contrast, as the other data selection baselines

are designed primarily for SFT data, they exhibit limitations
when applied to alignment setups with preference data. These
results demonstrate that BALIGN serves as a highly effective
stability- and plasticity-aware alignment method.

Controllability of Stability and Plasticity
We next investigate the controllability of BALIGN by lever-
aging the hyperparameter β in the DPO objective, which
governs the strength of the implicit Kullback-Leibler (KL) di-
vergence penalty relative to the base reference model. By sys-
tematically varying β ∈ {0.01, 0.05, 0.1, 0.2, 0.5}, we ana-
lyze how effectively BALIGN allows practitioners to mod-
ulate the balance between stability and plasticity as shown
in Figure 3. Overall, reducing β diminishes the regulariza-
tion effect, thereby generally prioritizing plasticity, whereas
increasing β enforces stronger regularization to preserve sta-
bility. Across this spectrum, BALIGN consistently dominates
the baselines and traces the Pareto frontier, distinctly occupy-
ing the optimal top-right region of the trade-off space, with
the default β=0.1 providing a strong balance.
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Figure 3: Pareto frontier of BALIGN against baselines on the HH-RLHF dataset.

Method Helpfulness Harmlessness

Llama-3.1-8B-Instruct Qwen2.5-7B-Instruct Llama-3.1-8B-Instruct Qwen2.5-7B-Instruct

General (F↓) Align (R↑) General (F↓) Align (R↑) General (F↓) Align (R↑) General (F↓) Align (R↑)
Base 76.86 (–) 61.64 (–) 81.52 (–) 62.84 (–) 76.86 (–) 45.25 (–) 81.52 (–) 44.11 (–)
W/o s∆pref 75.18 (1.68↓) 65.01 (3.37↑) 80.50 (1.02↓) 65.34 (2.50↑) 74.67 (2.19↓) 53.04 (7.79↑) 79.94 (1.58↓) 48.70 (4.59↑)
W/o s∆ℓ 75.59 (1.27↓) 65.95 (4.31↑) 79.98 (1.54↓) 65.56 (2.72↑) 74.27 (2.59↓) 53.34 (8.09↑) 80.19 (1.33↓) 51.07 (6.96↑)
W/o sτ 75.78 (1.08↓) 64.03 (2.39↑) 80.44 (1.08↓) 64.89 (2.05↑) 75.30 (1.56↓) 51.11 (5.86↑) 80.80 (0.72↓) 47.96 (3.85↑)
BALIGN (Ours) 76.00 (0.86↓) 66.25 (4.61↑) 81.14 (0.38↓) 66.23 (3.39↑) 75.93 (0.93↓) 56.07 (10.82↑) 81.39 (0.13↓) 52.48 (8.37↑)

Table 3: Ablation study of BALIGN on the HH-RLHF dataset, evaluated separately for helpfulness and harmlessness.

Ablation Study
To verify the effectiveness of each risk score in BALIGN, we
perform an ablation study as shown in Table 3. We evaluate
the impact of individual components by removing each of the
three risk scores from the composite risk score. The results
demonstrate that the exclusion of any single risk score consis-
tently compromises the equilibrium between model stability
and plasticity. For example, omitting either s∆pref

or s∆ℓ

exacerbates catastrophic forgetting, leading to a pronounced
deterioration in general capabilities. Conversely, excluding
sτ substantially impedes the model’s capacity to maximize
alignment gains. These findings substantiate that the three
risk scores operate in a complementary manner, exhibiting a
strong synergistic effect upon integration.

Computation Time Analysis
To demonstrate the efficiency of our approach, we conduct a
comparative analysis of the computational overhead incurred
during the data selection phase. Specifically, we measure and
compare the total computation time required by BALIGN
and the baseline methods to select the optimal subset from
the full preference dataset as shown in Figure 4. Gradient-
based methods (e.g., LESS, NICE, OGS) and alignment
methods (e.g., Selective DPO, BeeS, PD) incur prohibitive
computational overhead due to expensive per-sample gradi-
ent computations or auxiliary model training. Meanwhile,
GrADS achieves computational efficiency by compressing
per-sample gradients into scalar norms and operating with-
out validation targets. While statistical baselines (e.g., DSIR,
TSDS) are highly efficient, they inherently ignore model-
specific preference signals, yielding suboptimal alignment
gains. In contrast, BALIGN effectively bridges this gap by
computing three lightweight risk scores that require at most
a single forward pass over the base reference model.

DSIR TSDS
BALIGN

GrADS BeeS PD
LESS OGS

NICE
Selective

DPO

0.0

2.5

5.0

7.5

10.0

12.5
D

at
a 

Se
le

ct
io

n 
Ti

m
e 

(h
ou

rs
)

5m 10m 22m 22m

3.62h 3.62h

5.75h
6.81h

8.57h

10.45h

Figure 4: Computation time of data selection baselines.

Conclusion
In this work, we address the critical stability-plasticity
dilemma in LLM alignment by introducing BALIGN, a
highly efficient, data-centric framework designed to jointly
optimize model stability and plasticity. By analyzing the
preference optimization gradient, we demonstrate that catas-
trophic forgetting is exacerbated by preference samples ex-
hibiting extreme reference margins and significant length
asymmetries, whereas lexical overlap with general capa-
bility domains governs the model’s capacity to maximize
alignment gains. BALIGN seamlessly integrates these in-
sights into a unified composite risk score, enabling the ef-
fective removal of high-risk samples prior to optimization.
Our comprehensive evaluations confirm that this balanced
data selection strategy not only establishes a superior trade-
off between capability retention and preference alignment,
but also incurs a significantly lower computational overhead
than existing baselines. Therefore, BALIGN provides a scal-
able and practical foundation for preprocessing preference
data, paving the way for developing aligned LLMs without
compromising their foundational versatility.
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Appendix
More Details on Empirical Analysis
We provide more details on empirical analysis in Table 1. The results demonstrate that our proposed risk scores capture
complementary dimensions of model degradation. Specifically, s∆pref

and s∆ℓ serve as primary indicators of catastrophic
forgetting. As the risk increases from B1 to B5, the forgetting metric exhibits a pronounced upward trajectory for ∆pref and ∆ℓ,
reaching 3.48% and 2.19%, respectively. In contrast, sτ primarily captures the failure of preference learning. For this feature,
the highest-risk bucket yields a significantly diminished alignment gain while maintaining a relatively stable forgetting rate.
These findings empirically substantiate our theoretical formulation that s∆pref

and s∆ℓ effectively identify samples prone to
destroying pre-trained knowledge, while sτ isolates samples detrimental to the acquisition of human preferences. This distinct
yet complementary behavior underscores the necessity of integrating all three features for a robust alignment framework.

More Details on Experimental Settings
We provide more details on experimental settings. All training and evaluation are run on Intel Xeon Silver 4210R CPUs and
NVIDIA RTX A6000 GPUs.

Metrics. Since both general capability and alignment are crucial, we evaluate the overall effectiveness of each method based on
its optimal balance between the two axes. We note that maximizing alignment gain (R) while minimizing catastrophic forgetting
(F ) represents desirable model performance. During evaluation, we employ greedy decoding for all generative benchmarks and
log-likelihood scoring for multiple-choice tasks, thereby eliminating stochasticity from the reported metrics.

Datasets. For alignment, we use the HH-RLHF (Bai et al. 2022) dataset to train the model for helpfulness and harmlessness.
We utilize separate training and test splits of the dataset for training and evaluation. Specifically, the helpfulness and harmlessness
subsets contain 43,835 and 42,537 training samples with 2,354 and 2,312 test samples, respectively.

Models. We adopt Llama-3.1-8B-Instruct (Llama Team 2024) and Qwen2.5-7B-Instruct (Yang et al. 2024a) as the base
reference models for our experiments. We select instruction-tuned models in the 7B–8B parameter range as they offer an optimal
balance between robust base capabilities and tractability within our GPU computational budget. Since our methodology requires
parameter updates during training, we cannot use closed-weight proprietary models.

Baselines. We compare BALIGN with four categories of data selection baselines. These categories are chosen to provide a
comprehensive comparison, covering basic selection methods, objective-driven methods for supervised fine-tuning (SFT), and
recent methods specifically tailored for preference alignment. To adapt the SFT-specific baselines to preference datasets, we
implement their data selection process by treating the chosen response in each preference pair as the ground-truth target. Within
this taxonomy, BALIGN is a stability- and plasticity-aware alignment method.
• Naive methods: Full uses the entire preference dataset without selection; and Random draws a uniformly random subset of

the preference dataset.
• Plasticity-aware SFT methods: DSIR (Xie et al. 2023) performs importance resampling with hashed n-gram features to

match the target-task distribution; LESS (Xia et al. 2024) selects samples whose low-rank gradient projections align with the
target-task gradient direction; TSDS (Liu, Karbasi, and Rekatsinas 2024) selects samples whose dense embeddings collectively
match the target-task distribution while penalizing redundancy; and NICE (Wang et al. 2025) extends LESS by casting selection
as a policy-gradient optimization problem.

• Stability- and Plasticity-aware SFT methods: GrADS (Liu et al. 2025) applies kernel density estimation on embedding- and
logit-gradient magnitudes to jointly favor in-distribution samples for both target and anchor; and OGS (Zhang et al. 2026b)
retains samples whose projected gradients are orthogonal to a capability-anchor gradient.

• Plasticity-aware Alignment methods: Selective DPO (Gao et al. 2025) trains auxiliary DPO references on data partitions
and retains samples with the lowest validation loss; BeeS (Deng et al. 2025) applies Bayesian aggregation to implicit and
external reward margins for consensus-based selection; and PD (Zhang et al. 2026a) trains proxy reward models on multiple
fine-grained sub-preferences and selects samples with the strongest cross-aspect consensus.

Hyperparameters. For DPO training, we set the effective batch size to 128, use a learning rate of 5 × 10−6 with a cosine
schedule (10% warmup) and a sigmoid preference loss with β=0.1, and train for 3 epochs in bfloat16 precision under
DeepSpeed ZeRO-3 (Rajbhandari et al. 2020) with full-parameter fine-tuning.



More Details on General Capability and Alignment Results
We provide more details on general capability and alignment results as shown in Tables 4–7.

Method MMLU IFEval ARC-Challenge HumanEval GSM8K General Forgetting Alignment Gain
Base (Llama-3.1-8B-Instruct) 68.78 80.55 83.62 66.46 84.91 76.86 – 61.64 –
Full 66.22 70.68 81.57 62.80 76.27 71.51 5.35 65.40 3.76
Random 68.22 80.20 83.11 59.15 83.17 74.77 2.09 64.80 3.16
DSIR 68.24 78.60 82.94 62.80 81.88 74.89 1.97 63.44 1.80
LESS 68.05 72.99 82.51 60.98 76.35 72.18 4.68 64.14 2.50
TSDS 68.78 79.67 82.34 64.02 83.17 75.60 1.26 64.56 2.92
NICE 67.99 78.33 81.83 57.93 79.83 73.18 3.68 65.05 3.41
GrADS 68.17 77.47 82.51 64.02 80.29 74.49 2.37 65.01 3.37
OGS 68.57 79.55 83.28 63.41 84.15 75.79 1.07 63.73 2.09
Selective DPO 67.98 68.10 83.28 59.76 79.30 71.68 5.18 67.28 5.64
BeeS 68.32 73.31 83.62 60.37 80.97 73.32 3.54 66.00 4.36
PD 68.33 74.35 83.53 57.32 79.83 72.67 4.19 66.25 4.61
BALIGN (Ours) 68.46 78.48 82.85 64.63 85.60 76.00 0.86 66.25 4.61

Table 4: Detailed general capability and alignment results for helpfulness on the HH-RLHF dataset, using Llama-3.1-8B-Instruct
as the base reference model. The best and second-best results are highlighted in bold and underline, respectively, excluding the
base model performance.

Method MMLU IFEval ARC-Challenge HumanEval GSM8K General Forgetting Alignment Gain
Base (Qwen2.5-7B-Instruct) 73.49 76.37 89.51 84.15 84.08 81.52 – 62.84 –
Full 73.02 70.38 89.51 79.27 83.85 79.21 2.31 66.17 3.33
Random 73.37 74.33 89.16 81.10 84.00 80.39 1.13 64.76 1.92
DSIR 72.85 74.00 89.51 78.66 86.50 80.30 1.22 64.50 1.66
LESS 73.47 72.37 89.33 78.66 85.37 79.84 1.68 63.61 0.77
TSDS 73.34 72.55 89.25 83.54 83.40 80.42 1.10 64.55 1.71
NICE 73.86 72.85 89.42 79.27 87.49 80.58 0.94 64.08 1.24
GrADS 73.34 74.77 89.51 79.88 83.62 80.22 1.30 64.08 1.24
OGS 72.97 75.84 89.68 82.93 82.03 80.69 0.83 62.58 -0.26
Selective DPO 73.47 72.35 89.59 77.44 83.78 79.33 2.19 66.21 3.37
BeeS 73.24 72.76 89.85 80.49 85.06 80.28 1.24 65.70 2.86
PD 73.37 72.95 89.76 78.66 85.60 80.07 1.45 66.30 3.46
BALIGN (Ours) 72.89 74.36 89.59 84.15 84.69 81.14 0.38 66.23 3.39

Table 5: Detailed general capability and alignment results for helpfulness on the HH-RLHF dataset, using Qwen2.5-7B-Instruct
as the base reference model. The best and second-best results are highlighted in bold and underline, respectively, excluding the
base model performance.



Method MMLU IFEval ARC-Challenge HumanEval GSM8K General Forgetting Alignment Gain
Base (Llama-3.1-8B-Instruct) 68.78 80.55 83.62 66.46 84.91 76.86 – 45.25 –
Full 65.66 74.12 79.86 60.98 76.57 71.44 5.42 53.92 8.67
Random 67.72 79.34 83.19 65.85 82.79 75.78 1.08 52.25 7.00
DSIR 67.52 77.92 83.02 65.24 81.80 75.10 1.76 50.77 5.52
LESS 67.45 74.47 83.62 69.51 79.15 74.84 2.02 49.19 3.94
TSDS 68.03 78.51 82.34 63.41 83.17 75.09 1.77 50.63 5.38
NICE 67.01 76.12 83.19 67.68 79.83 74.77 2.09 49.58 4.33
GrADS 67.69 78.61 84.13 64.02 83.93 75.68 1.18 51.77 6.52
OGS 67.60 73.64 83.45 67.68 83.85 75.24 1.62 51.42 6.17
Selective DPO 64.86 68.59 82.08 64.63 77.10 71.45 5.41 55.78 10.53
BeeS 67.54 76.49 83.53 62.80 78.92 73.86 3.00 54.62 9.37
PD 66.86 75.30 83.28 63.41 79.15 73.60 3.26 54.97 9.72
BALIGN (Ours) 67.97 78.63 82.59 65.85 84.61 75.93 0.93 56.07 10.82

Table 6: Detailed general capability and alignment results for harmlessness on the HH-RLHF dataset, using Llama-3.1-8B-
Instruct as the base reference model. The best and second-best results are highlighted in bold and underline, respectively,
excluding the base model performance.

Method MMLU IFEval ARC-Challenge HumanEval GSM8K General Forgetting Alignment Gain
Base (Qwen2.5-7B-Instruct) 73.49 76.37 89.51 84.15 84.08 81.52 – 44.11 –
Full 73.00 73.53 88.74 84.15 80.74 80.03 1.49 52.17 8.06
Random 73.16 76.70 88.99 82.93 82.34 80.82 0.70 47.57 3.46
DSIR 73.23 76.55 90.02 81.10 83.40 80.86 0.66 47.83 3.72
LESS 73.47 75.51 89.42 81.10 80.14 79.93 1.59 48.62 4.51
TSDS 73.48 76.60 88.99 82.32 82.41 80.76 0.76 46.96 2.85
NICE 73.39 74.79 89.33 79.88 79.76 79.43 2.09 48.10 3.99
GrADS 72.59 77.30 88.99 85.37 79.68 80.79 0.73 49.41 5.30
OGS 72.27 74.57 89.42 83.54 77.63 79.49 2.03 48.05 3.94
Selective DPO 72.33 71.53 88.74 79.27 78.62 78.10 3.42 53.02 8.91
BeeS 72.82 75.09 89.25 81.71 83.09 80.39 1.13 50.63 6.52
PD 73.02 74.91 89.59 82.32 84.15 80.80 0.72 49.54 5.43
BALIGN (Ours) 73.05 75.34 89.33 85.37 83.85 81.39 0.13 52.48 8.37

Table 7: Detailed general capability and alignment results for harmlessness on the HH-RLHF dataset, using Qwen2.5-7B-Instruct
as the base reference model. The best and second-best results are highlighted in bold and underline, respectively, excluding the
base model performance.


