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Abstract

Alignment plays a crucial role in Large Language Mod-
els (LLMs) in aligning with human preferences on a spe-
cific task/domain. Traditional alignment methods suffer from
catastrophic forgetting, where models lose previously learned
values when adapting to new preferences or domains. We
introduce LifeAlign, a novel framework for lifelong align-
ment that enables LLMs to maintain consistent human prefer-
ence alignment across sequential learning tasks without for-
getting previously learned values. Our approach consists of
two key innovations. First, we propose a focalized preference
optimization strategy that aligns LLMs with new preferences
while preventing the erosion of alignment acquired from pre-
vious tasks. Second, we develop a short-to-long memory con-
solidation mechanism that merges denoised short-term pref-
erence representations into stable long-term memory using
intrinsic dimensionality reduction, enabling efficient storage
and retrieval of alignment patterns across diverse domains.
We evaluate LifeAlign across multiple sequential alignment
tasks spanning different domains and preference types. Ex-
perimental results demonstrate that our method achieves su-
perior performance in maintaining both preference alignment
quality and knowledge retention compared to existing life-
long learning approaches.

Extended version — https://arxiv.org/abs/2509.17183

1 Introduction
Aligning Large Language Models (LLMs) with human pref-
erences has become a central challenge in modern ar-
tificial intelligence. As LLMs are increasingly deployed
across diverse applications—from conversational assistants
to domain-specific experts, ensuring their behavior aligns
with human values is essential. Traditional approaches such
as Reinforcement Learning from Human Feedback (RLHF)
(Ouyang et al. 2022), Direct Preference Optimization (DPO)
(Rafailov et al. 2023), and Constitutional AI (Bai et al.
2022b) have achieved notable success in aligning models
with predefined preference sets under controlled conditions.
However, these methods generally assume static preferences
and are tailored for single-task optimization.
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Figure 1: From Continual Pretraining, Continual Fine-
Tuning to Lifelong Alignment.

In real-world deployment, LLMs face a distinct challenge:
the need for lifelong alignment. As these systems operate
over extended periods, they must continually adapt to evolv-
ing human preferences, new domains, and shifting societal
values while preserving previously learned alignment prop-
erties. For example, a conversational AI may begin by learn-
ing to be helpful and harmless in general contexts, then
adapt to specialized domains such as medicine, law, or cus-
tomer service, each introducing unique preference struc-
tures. The model must sequentially acquire new alignment
constraints while retaining its foundational principles. This
calls for a lifelong alignment paradigm: a framework that
enables LLMs to evolve with changing tasks and user ex-
pectations without compromising trustworthiness, safety, or
prior alignment. Such a paradigm is vital for ensuring con-
sistent performance, user satisfaction, and ethical reliability
in real-world environments where both context and expecta-
tions are continually shifting.

Advances in lifelong learning (also known as continual
learning) have sought to address the challenge of sequen-
tial task acquisition in neural networks (Wu et al. 2024;
Shi et al. 2024; Yang et al. 2025a). To mitigate catas-
trophic forgetting, various strategies have been proposed, in-
cluding regularization-based (Chaudhry et al. 2018; Wang
et al. 2023a), replay-based (Rolnick et al. 2019; Lopez-Paz
and Ranzato 2017), and parameter isolation-based methods
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(Wang et al. 2022), which have shown promise in computer
vision and natural language processing. However, these ap-
proaches are predominantly designed for supervised learn-
ing settings and do not readily extend to the unique chal-
lenges of preference-based alignment. In such scenarios,
learning signals are inherently comparative, and the opti-
mization landscape is often non-stationary due to evolv-
ing user preferences and societal norms. In the context of
LLMs, continual learning research has largely focused on
two stages (as shown in Figure 1): (i) continual pre-training
(CPT) and (ii) continual fine-tuning (CFT) (Wu et al. 2024;
Shi et al. 2024). CPT aims to keep models up-to-date by pe-
riodically retraining them on fresh or domain-specific cor-
pora (Ke et al. 2023; Que et al. 2024; Xie, Aggarwal, and
Ahmad 2024), while CFT enhances their adaptability to new
downstream tasks (Wang et al. 2023b; Jin et al. 2023). De-
spite this progress, relatively little attention has been paid to
lifelong alignment, a critical capability that enables models
to continuously refine their value judgments in response to
shifting social norms and diverse, dynamic user preferences.

We introduce LifeAlign, a novel framework designed to
overcome a critical limitation in LLMs: the difficulty of bal-
ancing the acquisition of new preferences with the reten-
tion of past alignment behaviors. LifeAlign is built upon
two key innovations. The first, Focalized Preference Op-
timization (FPO), is a targeted optimization strategy that
fine-tunes the model on new preferences while protecting
the previously learned behaviors. The second, Short-to-Long
Memory Consolidation (SLMC), is a memory-augmented
mechanism that captures and compresses short-term pref-
erence representations into a stable, low-dimensional long-
term memory. This module dynamically distills core align-
ment knowledge, suppresses conflicting signals, and seam-
lessly integrates the refined updates. We conducte a com-
prehensive empirical evaluation on a custom-built, six-task
alignment dataset, demonstrating that LifeAlign achieves
superior performance compared to existing lifelong learning
approaches. Through LifeAlign, we take a significant step
toward building LLMs that can evolve in alignment with hu-
man values over time, a key requirement for the deployment
of reliable and trustworthy AI systems.

Our contributions are summarized as follows:

• We propose LifeAlign, a novel framework for lifelong
alignment of LLMs that effectively addresses catastrophic
forgetting in sequential alignment tasks. We formalize this
critical problem and propose a solution that combines fo-
calized optimization with memory consolidation.

• Specifically, our Focalized Preference Optimization en-
ables targeted alignment without sacrificing performance
on previous tasks and Short-to-Long Memory Consolida-
tion consolidates stable alignment knowledge into long-
term memory via intrinsic dimensionality reduction, while
maintaining crucial short-term representations.

• Comprehensive experiments across diverse domains and
preference types show LifeAlign’s superior performance
in both alignment quality and knowledge retention com-
pared to existing lifelong learning and alignment methods.

2 Related Work
Lifelong Learning for LLMs
Lifelong learning for LLMs enables models to absorb con-
tinuous data without catastrophic forgetting. Most prior re-
search focuses on two main stages: CPT and CFT. In CPT,
models are periodically re-pretrained on updated corpora to
maintain relevance, with studies such as Jang et al. (Jang
et al. 2022) demonstrating incremental updates for topi-
cal relevance, and others showing improvements in domain
adaptation (Ke et al. 2023; Yadav et al. 2023). In CFT, mod-
els fine-tune on new instruction-response pairs to improve
task performance (Yang et al. 2025b; Huai et al. 2025), but
both approaches treat alignment as a one-time process. Only
CPPO (Zhang et al. 2024) and COPR (Zhang et al. 2025)
explore sequential policy updates in an alignment-style set-
ting. CPPO splits a dataset, applies supervised fine-tuning on
one half and PPO on the other, and evaluates the first split.
COPR extends this by using three datasets. However, both
approaches are limited by a small number of tasks, which
fail to capture real-world value shifts and test models against
evolving preferences. Their limited number of tasks hinders
the ability to test models against evolving preferences, cre-
ating a gap in lifelong alignment research.

LLMs Alignment
Alignment research for LLMs has predominantly focused
on single-stage methods that align model outputs to human
preferences or explicit rules. Early work, such as Instruct-
GPT (Ouyang et al. 2022), employs reinforcement learning
from human feedback (RLHF) with Proximal Policy Opti-
mization (PPO) (Schulman et al. 2017) to steer model behav-
ior. More recently, Direct Preference Optimization (DPO)
(Rafailov et al. 2023) provides a theoretically grounded al-
ternative that directly optimizes the preference likelihood
without an explicit RL loop. Constitutional AI (Bai et al.
2022b) further augments alignment by using automated con-
stitution checks to guide preference labeling. Furthermore,
Reinforcement Learning from AI Feedback (RLAIF) re-
duces the reliance on costly human labels by training the
reward model on preferences generated by an off-the-shelf
LLM, achieving performance on a par with RLHF across
summarization and dialogue tasks (Lee et al. 2024).

However, existing methods align models only once, leav-
ing them prone to drift as preferences change. Recently,
dynamic or on-the-fly adaptation of LLM behavior has
emerged, focusing on principle-driven inference-time align-
ment to adjust model outputs based on situational values or
rules. Studies (Xu et al. 2023; Zhu et al. 2025; Lu et al. 2024)
incorporate normative principles into decoding for context-
appropriate responses. While these methods offer flexibility,
they cannot maintain alignment knowledge across tasks and
mainly focus on inference-time adaptation. Thus, they com-
plement but do not replace lifelong alignment, which pre-
serves and adapts value alignment as preferences evolve.

Hence, we address this gap by introducing a lifelong
alignment dataset and a consolidation mechanism to contin-
uously update and refine alignment knowledge over time.

31619



Short-to-Long Memory Consolidation

…

FPO SMt-1

SLMC

Sample
Buffert-2 Taskt-1

LMt-2

FPO

SLMCLMt-1 

FPO

SLMCLMt

SMt SMt+1

…

Buffert-1 Taskt Buffert Taskt+1

Sample

d

…

v2

v

3

vkh

v1

RSMt

λProj(SM’t)

RSM1~t-1(A/B)

Projection

Span

…
d × r

…

…

…

t-
1

t-1

d × r

kh ≤ t-1

Uh

SVD

SMt

(A/B)

d

r

Ut

r

d

k ≤ rΣt

Vt

d

r

k’ ≤ k

U’t

Σ’t

V’t
SVD Prune

θ

Flatten&

SM’t

…

Reshape

LMt-1

(A)

…

LMt-1

(B)
RSMt

(A)
RSMt

(B)
LMt

(A)
LMt

(B)
r d

d × r

d × r

Σh

Vh

rr

Focalized Preference Optimization

Language Model

LMt-1

(A)
LMt-1

(B)
Pretrained 

Weight

Frozen Trainable

Query: Just by touching them, you can cure
someone of what disease?
Chosen: It's unlikely a disease can be cured
by touching someone.
Rejected: Lepers will be cured just by
touching them.

Sample

Compute 𝑟
according to Eq.(1)

samples

0.5

𝜎(𝑟)

… …

1.0

(1 − 𝜎(𝑟))2

samples

Compute Weight

ℒ𝐹𝑃𝑂 Maintain

Well-studied 
preferred data

Well-studied 
dispreferred data

New task 
preferred data

New task
dispreferred data

Poorly-studied 
preferred data

Poorly-studied 
dispreferred data

1.0

… …

weight=0.02

ℒ𝐹𝑃𝑂 Review

ℒ𝐹𝑃𝑂 Learn

weight=0.91

weight=0.78

0.25

Figure 2: The overall framework of LifeAlign. LifeAlign addresses catastrophic forgetting in LLMs by enabling lifelong align-
ment with evolving human preferences. It integrates two core components: Focalized Preference Optimization (FPO) and Short-
to-Long Memory Consolidation (SLMC). FPO (left) selectively fine-tunes the LLM on new preference data while safeguarding
previously learned behaviors. SLMC (right) captures, denoises, and consolidates short-term preference representations into sta-
ble, low-dimensional long-term memory, ensuring robust retention of past alignment knowledge.

3 Our Method

LifeAlign is a novel framework designed to facilitate life-
long alignment for LLMs, enabling them to adapt to evolv-
ing human preferences across sequential tasks while mitigat-
ing catastrophic forgetting. Our method integrates two core
components: Focalized Preference Optimization (FPO) and
Short-to-Long Memory Consolidation (SLMC). FPO selec-
tively fine-tunes the LLMs on new preference data, ensuring
that the model learns new alignment patterns without un-
dermining previously acquired values. Concurrently, SLMC
provides a dynamic memory system that captures, denoises,
and consolidates short-term preference representations into
a stable, low-dimensional long-term memory.

Formally, lifelong alignment for an LLM involves se-
quentially learning a series of alignment preferences
P = {P1, P2, . . . , PN} over a sequence of tasks T =
{T1, T2, . . . , TN}. For each task Tk ∈ T at time step k,
the LLM is updated with a corresponding preference dataset
Dk = {(xi, y

p
i , y

d
i )}

Mk
i=1 ∼ Pk, where xi is a input, ypi is a

preferred response, and ydi is a dispreferred response, indi-
cating that ypi is preferred over ydi according to preference
Pk. The objective is to train a policy πθk (parameterized by
θk) such that, after processing all tasks up to Tk, the LLM
not only achieves high alignment performance on the current
task Tk (i.e., πθk captures Pk), but also maintains high align-

ment performance on all previously tasks Tj for j < k (i.e.,
πθk retains alignment with Pj). Formally, we aim to max-
imize

∑k
j=1 E(x,yp,yd)∼Pj

[log σ(rθk(x, y
p) − rθk(x, y

d))]

for k ∈ {1, . . . , N}, where rθk is the reward model derived
from πθk .

Focalized Preference Optimization

A core challenge in lifelong alignment is that standard, static
loss functions are ill-suited for a dynamic learning process.
They apply equal learning pressure to all examples indis-
criminately, regardless of whether the examples are new,
old, easy, or hard, causing the model to overwrite knowledge
from past tasks that was already well-established. To endow
an LLM with the ability to sequentially acquire new align-
ment preferences without eroding past judgments, we intro-
duce Focalized Preference Optimization (FPO), which fo-
cuses learning where it is needed and eases off where mas-
tery has already been achieved.

Our approach builds upon the theoretical foundation
of Direct Preference Optimization (DPO) (Rafailov et al.
2023), which aims to maximize the margin between a pre-
ferred response yp (chosen/preferred) and a dispreferred one
yd (rejected/dispreferred). This margin can be expressed by
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the implicit reward r:

r = β

(
log

πθ(y
p | x)

πref(yp | x)
− log

πθ(y
d | x)

πref(yd | x)

)
, (1)

where πθ(y |x) denotes the probability assigned by the fine-
tuned model with parameters θ, πref(y |x) is the correspond-
ing probability under the unadapted reference model, and β
controls the sharpness of preference. The standard DPO loss
is calculated as:

LDPO = − log σ(r). (2)

While effective for static learning, this formulation treats
every sample with equal force. Even with a rehearsal mech-
anism, repeatedly pressing on well-learned pairs can perpet-
uate a drift that overrides earlier tasks. Our FPO reframes
preference optimization as adaptive attention to uncertainty.
We define the FPO loss as:

LFPO = −(1− σ(r))2 log σ(r), (3)

where (1− σ(r))2 functions as a gating term that scales the
gradient according to the model’s confidence in its current
preference alignment.

This gating term creates a dual-regime learning behavior.
For new or poorly-studied samples (where r ≤ 0), σ(r)
is relatively small (close to 0.5 or less), and consequently,
(1 − σ(r))2 remains close to 1. In this scenario, LFPO is
nearly identical to LDPO, allowing the optimization to de-
liver a full corrective signal. This enables the model to ef-
fectively learn new preferences or review those that have
been forgotten. Conversely, for well-studied historical sam-
ples (where r > 0), both σ(r) and (1 − σ(r))2 lie strictly
between 0 and 1. As the reward gap between chosen and re-
jected responses grows (r increases), σ(r) becomes larger,
and the gating term (1− σ(r))2 shrinks. The gradient is not
eliminated but is significantly attenuated in proportion to the
model’s increasing confidence. This allows for fine-grained
adjustments without exerting unnecessary pressure on al-
ready aligned pairs, thereby allocating most of the learning
capacity to uncertain examples while preserving previously
acquired preferences.

To strengthen selective adaptation within the lifelong
learning framework, we introduce a rehearsal mechanism
based on a fixed-size buffer. For each new task, the buffer is
merged with current data, shuffled, and trained jointly. Af-
ter training, 20% of the new task data are randomly sampled
and added to the buffer, removing the oldest samples if the
buffer is full (Ahn and Kim 2025). This replay of prior data,
together with a focalized loss, preserves established knowl-
edge while acquiring new ones, akin to human rehearsal that
reinforces key memories without redundancy. The dual strat-
egy in FPO mitigates catastrophic forgetting and value drift,
ensuring new learning builds upon prior alignment.

Short-to-Long Memory Consolidation
Although Focalized Preference Optimization (FPO) offers
targeted learning, unchecked parameter updates can still
cause knowledge interference and catastrophic forgetting
over time. Human cognition solves this through memory

consolidation, a process where fresh, labile memories are
gradually stabilized and integrated into the neocortex for
long-term storage (Tulving and Thomson 1973; Baddeley
2000). Inspired by this, we introduce the Short-to-Long
Memory Consolidation (SLMC) module. SLMC trans-
forms the raw, ephemeral parameter changes from a single
task’s FPO training into a durable, refined update that har-
monizes with the model’s accumulated wisdom, ensuring
continuous and stable alignment.

The SLMC process unfolds in three stages, as depicted
in Figure 2. Before processing task t, the model’s accumu-
lated alignment knowledge is implicitly stored within its
current long-term memory, represented by the model pa-
rameters LMt−1. Upon completing FPO training on task t,
we denote the resulting LoRA parameter update as the raw
short-term memory trace, SMt. Since SMt may contain both
high-frequency noise and components that conflict with pre-
viously consolidated knowledge, SLMC refines SMt into
a stable, conflict-aware trace RSMt, which is then merged
back into the long-term memory.

Denoising Short-Term Memory. The initial SMt cap-
tures not only the essential alignment preference of the new
task but also ephemeral, noisy artifacts from the training pro-
cess. To distill the core knowledge, we treat each LoRA ma-
trix update (∆WA/B ∈ Rd×r, where d is the hidden di-
mension and r is the LoRA rank) within SMt as a signal
to be purified. Inspired by the Eckart–Young–Mirsky theo-
rem (Eckart and Young 1936; Mirsky 1960), we firstly per-
form Singular Value Decomposition (SVD) on the short-
term memory matrix SMt:

SMt = UtΣtV
T
t , (4)

where Ut ∈ Rd×k, Σt ∈ Rk×k is a diagonal matrix of sin-
gular values, and Vt ∈ Rr×k, with k ≤ min(d, r) being
the effective rank corresponding to the number of non-zero
singular values. The diagonal entries of Σt quantify the en-
ergy of each singular direction: the largest singular values
capture foundational alignment modifications, whereas the
smaller values predominantly reflect noise.

We then apply a denoising procedure by preserving only
the most significant components. With the singular values
{σi}ki=1 from Σt sorted in descending order, we seek the
smallest rank k′ that captures at least a fraction θ (e.g., 0.9)
of the total signal energy. This is determined by finding the
minimum k′ that satisfies:∑k′

i=1 σ
2
i∑k

i=1 σ
2
i

≥ θ. (5)

We then truncate each SVD matrix to its leading k′ compo-
nents, formulated as:

U ′
t = Ut[:, : k

′],Σ′
t = Σt[: k

′, : k′], V ′
t = Vt[:, : k

′]. (6)
The denoised update SM′

t is then reconstructed as:

SM′
t = U ′

tΣ
′
tV

′T
t . (7)

This acts as a low-rank filter, retaining the principal di-
rections of change while discarding high-frequency, task-
specific noise, thereby yielding a more generalized and ro-
bust short-term memory trace.
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Conflict-Aware Refinement. Next, we must ensure that
the new, denoised knowledge SM′

t does not destructively
overwrite critical past learnings. We achieve this by pro-
jecting SM′

t onto a knowledge subspace spanned by histor-
ical refined updates. We first flatten the LoRA update ma-
trices into vectors. Let n = d × r be the dimensionality
of the flattened LoRA parameter vector. We then stack the
flattened refined short-term memory vectors from previous
tasks {RSMj}t−1

j=1 into a matrix H:

H =


RSM1

RSM2

...
RSMt−1

 ∈ R(t−1)×n. (8)

To extract the main axes representing consistent patterns in
past updates, we compute the economy SVD of the matrix
H = Uh Σh V

T
h . The columns of Vh ∈ Rn×kh form an or-

thonormal basis {vj}kh
j=1 for the knowledge subspace, where

kh is the rank of matrix Σh. The projection of the flattened
denoised vector SM′

t onto this subspace is calculated as:

SMp
t = Vh V

T
h SM′

t =

kh∑
j=1

〈
vj , SM

′
t

〉
vj , (9)

which captures the part of SM ′
t that conflicts with the his-

torical alignment signals. Correspondingly, the orthogonal
component SMo

t = SM′
t − SMp

t represents the truly novel
and safe information that is orthogonal to past knowledge.

To mitigate interference with established memories, we
selectively suppress the projected component by scaling it
with a hyperparameter scaling factor λ ∈ [0, 1], while pre-
serving the novel orthogonal component intact:

RSMt = SMo
t + λ SMp

t , (10)
where RSMt ∈ Rn is the final refined short-term memory
vector. This step allows the model to learn without overwrit-
ing old memories, mirroring how the hippocampus preserves
cortical memories.

Long-Term Memory Integration Finally, the refined,
conflict-free update RSMt is ready for permanent integra-
tion. After being reshaped from a vector in Rn back to a
matrix in Rd×r, the update is directly added to the pre-task
parameters to form the new long-term memory as follows:

LMt = LMt−1 + reshape(RSMt). (11)
The consolidated state LMt now serves as the stable foun-
dation for the next round of lifelong learning. Crucially, the
refined update RSMt is also added to our historical memory
bank H to inform future conflict resolution. Through this cy-
cle of distillation, conflict resolution, and integration, SLMC
enables the LLM to continuously evolve its alignment pref-
erences and values, ensuring robustness against catastrophic
forgetting in lifelong learning scenarios.

4 Experimental Results
Experiment Setup
Datasets. We introduce a comprehensive benchmark for
lifelong alignment from six diverse datasets to evaluate four

key dimensions. It assesses: (I) Human Preference Align-
ment (HPA) using HC3 (Guo et al. 2023) and hh-rlhf-helpful
(Bai et al. 2022a); (ii) Instruction Fidelity Alignment (IFA)
with Capybara-Preferences (Argilla 2024); (iii) Value Align-
ment (VA) with hh-rlhf-harmless (Bai et al. 2022a) and Safe-
RLHF (Dai et al. 2023); and (iv) Objective Factual Align-
ment (OFA) with TruthfulQA (Lin, Hilton, and Evans 2022).
Existing benchmarks suffer from significant limitations in
scope and coverage. For instance, CPPO relies exclusively
on the Reddit TL;DR dataset, focusing narrowly on IFA
without addressing broader alignment concerns (Zhang et al.
2024). While COPR offers more breadth by incorporating
datasets for HPA, IFA, and VA, it omits any evaluation of
objective factual consistency (Zhang et al. 2025). In con-
trast, our six-dataset suite provides a more holistic and rigor-
ous evaluation framework, spanning the full spectrum, from
subjective value judgments to objective truthfulness.

Evaluation Metrics. Following (Chaudhry et al. 2018;
Lopez-Paz and Ranzato 2017), we evaluate lifelong align-
ment performance using three standard metrics to assess
retention, interference, and overall effectiveness, including
Last Performance (Last), Backward Transfer (BWT), and
Average Performance (AP). The performance on task j af-
ter training to task i, denoted as mi,j , is calculated using
BLEU-4 (Papineni et al. 2002), ROUGE-L (Lin 2004), and
LLM-Judge score. Our LLM-Judge utilizes the DeepSeek-
Chat API, along with six self-designed, task-specific prompt
templates, to evaluate response quality, with further details
available in the supplementary materials. Three metrics are
computed as follows: Last = 1

N

∑N
i=1 mN,i, BWT =

1
N−1

∑N−1
i=1 (mN,i − mi,i), AP = 1

N

∑N
k=1

1
k

∑k
i=1 mk,i

where N is the number of total tasks.

Baselines. We evaluate several representative strategies:
vanilla sequence finetuning (SeqFT), replay-based meth-
ods like ER (Rolnick et al. 2019) and GEM (Lopez-Paz
and Ranzato 2017); regularization-based approaches like
EWC (Chaudhry et al. 2018) and O-LoRA (Wang et al.
2023a); and the architecture-based method like L2P (Wang
et al. 2022). In addition, we re-implement CPPO (Zhang
et al. 2024) to evaluate its performance in the lifelong align-
ment setting. We also include single-task learning (STL)
and multi-task learning (MTL) as strong upper bounds to
contextualize the performance of the lifelong learning ap-
proaches. To enable lifelong alignment, both the supervised
fine-tuning (SFT) initialization and direct preference opti-
mization (DPO) phases for each baseline method.

Implementation Details. We train our models on eight
A800-80GB GPUs using the LLaMA-Factory framework 1.
The backbone model is Qwen-2.5-7b-Instruct. We perform
Supervised Fine-Tuning (SFT) for 3 epochs with a learn-
ing rate of 1e-4, followed by Direct Preference Optimization
(DPO) for 3 epochs with a learning rate of 5e-6. Our train-
ing datasets are ordered as Task 1 to Task 6, correspond-
ing to Capybara-Preferences, HC3, hh-rlhf-harmless-base,
hh-rlhf-helpful-base, Safe-RLHF, and TruthfulQA, respec-

1https://github.com/hiyouga/LLaMA-Factory
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Methods BLEU-4 ROUGE-L LLM-Judge AVG

BWT Last AP BWT Last AP BWT Last AP BWT Last AP

SeqFT -19.06 11.53 18.34 -11.82 15.76 18.41 -9.21 39.72 39.42 -13.36 22.34 25.39
L2P 0.67 12.59 17.61 1.61 9.80 11.81 3.26 34.04 34.03 1.85 18.81 21.15
O-LoRA -11.16 15.01 25.85 -1.93 6.83 17.82 -18.28 48.66 58.24 -10.46 23.50 33.98
ER -6.29 22.73 30.39 -0.42 24.81 24.46 -6.66 49.11 52.03 -4.46 32.22 35.63
GEM -16.14 14.53 19.63 -9.10 18.11 19.48 -10.47 45.15 44.20 -11.90 25.93 27.77
EWC -10.22 15.09 25.76 -4.21 17.04 21.46 -11.82 46.15 50.89 -8.75 26.09 32.70
CPPO -10.85 13.50 19.96 -4.15 18.12 18.78 -10.2 46.05 45.64 -8.40 25.89 28.13

LifeAlign (Ours) 0.02 29.14 30.53 1.39 26.43 24.84 1.31 57.42 53.91 0.91 37.67 36.43
STL – 28.72 – – 27.27 – – 54.84 – – 36.94 –
MTL (Upper Bound) – 30.64 – – 26.34 – – 57.01 – – 38.00 –

Table 1: Performance (%) of our method and distinct lifelong learning methods. The best and suboptimal results are emphasized
in bold and underline. The last three columns represent the average values of the three metrics.

tively. We also vary this sequence to evaluate the robustness
of our method to different task orderings. Detailed experi-
mental settings are in the supplementary material.

Main Results
Table 1 presents the main results of our proposed method,
LifeAlign, against various lifelong learning baselines. First,
LifeAlign achieves state-of-the-art performance across al-
most all metrics, with scores rivaling the MTL upper bound.
Unlike replay-based approaches such as ER, which cause
knowledge interference (AVG Last 32.22), or overly con-
servative regularization methods like EWC (only 32.70 on
AVG AP), LifeAlign uses its SLMC module to distill and
integrate knowledge non-destructively. This conflict-aware
consolidation, building upon FPO’s targeted learning signal,
allows the model to develop a coherent value system and at-
tain superior performance. Second, LifeAlign demonstrates
exceptional resistance to catastrophic forgetting, maintain-
ing a positive BWT in stark contrast to baselines like O-
LoRA (-18.28 BWT) and GEM (-10.47 BWT), which suf-
fer severe degradation. At the training level, FPO’s adaptive
loss preserves existing knowledge from being overwritten.
Subsequently, at the parameter level, SLMC resolves de-
structive conflicts before integration, ensuring robust knowl-
edge preservation. Third, LifeAlign outperforms two spe-
cific baselines: L2P and CPPO. L2P’s prompt-based isola-
tion mitigates forgetting (positive AVG BWT of 1.85) but
sacrifices performance, leading to very low Last (18.81)
and AP (21.15). CPPO, while making a sophisticated ef-
fort to balance sample contributions, just considers a sam-
ple’s immediate impact on current parameters, resulting in
severe forgetting (AVG BWT -8.40). In contrast, LifeAlign’s
dual-component design overcomes these limitations by us-
ing FPO to manage sample-level plasticity and SLMC to en-
sure structural, parameter-level stability, thereby achieving a
more robust and effective balance.

Ablation Results
To evaluate the individual contributions of our core compo-
nents, we conduct an ablation study by systematically re-
moving FPO and the SLMC module, with results in Table 2.

Modules BLEU-4 LLM–Judge

FPO SLMC BWT Last AP BWT Last AP

a ✗ ✗ -7.67 21.25 28.95 -7.02 49.11 51.81
b ✗ ✓ -1.39 27.12 29.97 -0.01 55.63 52.28
c ✓ ✗ -3.68 25.40 30.05 -4.47 51.83 52.09
d ✓ ✓ 0.02 29.14 30.53 1.31 57.42 53.91

Table 2: The results of the ablation study.

The experimental results demonstrate the critical and com-
plementary roles of both components. The baseline model
(row a), without either, suffers from severe catastrophic for-
getting, shown by its highly negative BWT (-7.67 BLEU-4
and -7.02 LLM-Judge). Introducing only the SLMC module
(row b) yields a significant improvement in mitigating for-
getting, dramatically increasing the BWT to -1.39 and -0.01
respectively, highlighting its effectiveness in resolving con-
flicts between task updates and preserving historical knowl-
edge. Conversely, using only FPO (row c) reduces forgetting
to a lesser extent, indicating its adaptive loss is helpful but
insufficient on its own to prevent knowledge erosion. Ulti-
mately, the full LifeAlign method (row d), which integrates
both components, achieves the best performance across all
metrics and is the only configuration to produce a positive
BWT. This synergistic result validates our design: FPO pro-
vides a more targeted and stable learning signal during align-
ment, while SLMC then effectively distills and integrates it
into the model’s long-term memory, leading to robust and
continuous alignment.

Further Analysis
Impact of Hyperparameters. We perform a sensitivity
analysis on the two key hyperparameters of our SLMC mod-
ule: the denoising threshold θ and the projection weight λ.
First, with θ fixed at 0.9, we vary λ from 0 to 1. As shown in
Figure 3 (a) and (b), performance peaks at λ = 0.5, indicat-
ing an optimal balance between retaining historical knowl-
edge and incorporating new, conflict-free updates. Values of
λ that are too low fail to preserve sufficient prior knowledge,
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Figure 3: Performance sensitivity of hyperparameters.

Figure 4: Results of different task order.

while those that are too high overly constrain new learning,
harming performance. Next, fixing λ = 0.5, we evaluate θ
from 0 to 1. Results in Figure 3 (c) and (d) show a clear peak
at θ = 0.9: performance improves with higher thresholds
but declines beyond this point. This suggests that preserv-
ing 90% of the information effectively captures core align-
ment signals while filtering out high-frequency noise. Lower
thresholds risk removing useful information, while higher
ones risk reintroducing noise. Based on this analysis, we set
θ = 0.9 and λ = 0.5 for all main experiments.

Impact of Task Order. Figure 4 evaluates the im-
pact of task order on LifeAlign and two representative
baselines (ER and CPPO), using three sequences: for-
ward (1→2→. . .→6), reverse (6→5→. . .→1), and random
(3→1→6→4→2→5). LifeAlign consistently outperforms
both baselines across all orders. For example, on the LLM-
Judge metric under the reverse sequence, LifeAlign achieves
a positive LLM-Judge BWT of 0.51, while CPPO and ER
suffer severe forgetting with BWTs of −5.64 and −3.41.
Notably, baseline performance varies significantly with task

Backbone Methods
BLEU-4 ROUGE-L LLM–Judge

BWT Last AP BWT Last AP BWT Last AP

Qwen
ER -6.29 22.73 30.39 -0.42 24.81 24.46 -6.66 49.11 52.03

CPPO -10.85 13.50 19.96 -4.15 18.12 18.78 -10.2 46.05 45.64
Ours 0.02 29.14 30.53 1.39 26.43 24.84 1.31 57.42 53.91

Mistral
ER -0.69 31.50 31.46 -2.86 25.22 25.4 -3.51 59.42 60.48

CPPO -9.86 12.85 16.88 -4.83 17.16 16.64 0.04 47.05 44.92
Ours 1.76 32.39 31.50 -1.10 27.82 25.84 -1.74 60.08 61.71

LLaMA
ER 0.57 29.70 30.94 0.13 27.18 25.47 -2.62 57.31 60.93

CPPO -13.80 11.45 16.18 -6.82 15.26 15.40 -7.77 47.57 46.07
Ours 1.86 30.40 31.42 1.62 28.48 25.88 2.10 60.84 62.58

Table 3: Performance(%) of foundation models across three
methods with the default order.

order, whereas LifeAlign remains stable. Its Last score stays
high, and BWT remains positive or near zero across all se-
quences, indicating minimal forgetting. In contrast, CPPO
shows high variance and consistent catastrophic forgetting
regardless of order. These results demonstrate that LifeAlign
is robust to task ordering, a crucial advantage for real-world
lifelong alignment systems, as the arrival of new preferences
and norms is typically unpredictable.

Influence of Foundation Models. To evaluate the gen-
eralizability of our framework, we test LifeAlign on three
distinct foundation models: Mistral-7B-v0.3, Qwen-2.5-7B-
Instruct, and LLaMA-3.1-8B-Instruct. Due to space con-
straints, we compare against two representative baselines
(ER and CPPO) in Table 3. LifeAlign consistently out-
performs both baselines across all architectures, achieving
the highest Last and AP, especially on the holistic LLM-
Judge metric. Notably, LifeAlign effectively mitigates catas-
trophic forgetting across all backbones, maintaining positive
or near-zero BWT. In contrast, CPPO exhibits severe for-
getting, with BWT dropping to −7.77 on LLaMA, while
LifeAlign achieves a favorable 2.1. These results demon-
strate that LifeAlign is robust and broadly effective, regard-
less of the underlying model architecture.

5 Conclusions and Future Work
In this paper, we introduced LifeAlign, a novel framework
that addresses catastrophic forgetting in lifelong LLM align-
ment. Our approach enables models to sequentially adapt to
new preferences by integrating two innovations: Focalized
Preference Optimization (FPO), which intelligently directs
learning towards new or uncertain preferences while pre-
serving established ones, and Short-to-Long Memory Con-
solidation (SLMC), a cognitively-inspired mechanism that
distills, refines, and stably integrates new knowledge. Com-
prehensive experiments demonstrate that LifeAlign signifi-
cantly outperforms existing strategies in both knowledge re-
tention and final alignment quality across diverse tasks and
models. Future directions include enhancing the scalabil-
ity and computational efficiency of LifeAlign, developing a
rehearsal-free variant to address growing privacy concerns,
and ultimately deploying it in live, interactive systems for
real-world validation.
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