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Abstract

Continual learning (CL) for large language
models (LLMs) aims to enable sequential
knowledge acquisition without catastrophic for-
getting. Memory replay methods are widely
used for their practicality and effectiveness, but
most rely on fixed, step-based heuristics that
often misalign with the model’s actual learn-
ing progress, since identical training steps can
result in varying degrees of parameter change.
Motivated by recent findings that LLM forget-
ting mirrors the Ebbinghaus human forgetting
curve, we propose FOREVER (FORgEtting
curVe-inspired mEmory Replay), a novel CL
framework that aligns replay schedules with
a model-centric notion of time. FOREVER
defines model time using the magnitude of
optimizer updates, allowing forgetting curve-
inspired replay intervals to align with the
model’s internal evolution rather than raw train-
ing steps. Building on this approach, FOR-
EVER incorporates a forgetting curve-based
replay scheduler to determine when to replay
and an intensity-aware regularization mecha-
nism to adaptively control how to replay. Ex-
tensive experiments on three CL benchmarks
and models ranging from 0.6B to 13B parame-
ters demonstrate that FOREVER consistently
mitigates catastrophic forgetting1.

1 Introduction

Enabling large language models (LLMs) with con-
tinual learning (CL) capabilities is increasingly im-
portant in dynamic environments, where models
must acquire new knowledge sequentially without
costly retraining over all historical data (Yu et al.,
2024; Chang et al., 2024; Eskandar et al., 2025).
Despite its importance, effective CL for LLMs re-
mains challenging: sequential updates induce dis-
tribution drift and interfere with previously learned

* Equal contribution.
† Corresponding author.
1The source code is available at https://github.com/

WoodScene/FOREVER

Memory
Retention

Human Memory
(Ebbinghaus Forgetting Curve)

1 2 4 7 15

Time (Human Days)

Review Points

Model State 𝜃0
Model State 𝜃𝑆

Time Alignment

Human Days Model Days

A “Model Day”

𝜏𝑑𝑎𝑦 = 𝜃𝑆 − 𝜃0 2

One Model Day = Parameter Change Accumulated 
over the First 𝑺 Training Steps

𝜏𝑑𝑎𝑦 2𝜏𝑑𝑎𝑦 4𝜏𝑑𝑎𝑦 7𝜏𝑑𝑎𝑦 15𝜏𝑑𝑎𝑦

Ebbinghaus-guided Replay Schedule on Model Time

Figure 1: Aligning human time and model time in
FOREVER. FOREVER aligns Ebbinghaus-inspired
human replay intervals with a model-centric timeline
defined by accumulated parameter update magnitude,
enabling replay to be triggered based on the model’s
actual learning progress.

representations, disrupting the stability–plasticity
trade-off and resulting in catastrophic forgetting
(CF) (McCloskey and Cohen, 1989).

Replay-based CL methods (Lu et al., 2025; Wan
et al., 2025a; Chen and Zeng, 2025; Bai et al.,
2025), which revisit a small buffer of past exam-
ples while training on new tasks, have emerged as
a widely adopted and empirically effective strategy
for mitigating forgetting. However, their effective-
ness critically depends on two fundamental design
questions: (i) when to replay, i.e., at which stages
of training replay should be activated, and (ii) how
to replay, i.e., how strongly past knowledge should
be reinforced relative to current learning. Existing
approaches typically rely on hand-crafted replay
heuristics, such as uniform replay intervals or static
replay weights, which remain largely decoupled
from the model’s actual learning dynamics.

Recent studies indicate that neural models ex-
hibit forgetting behaviors similar to those observed
in humans (Wu et al., 2025a; Kline, 2025; Zhang
et al., 2025b; Wu et al., 2025b), motivating the ap-
plication of classical cognitive theories—such as
the Ebbinghaus forgetting curve (Murre and Dros,
2015)—to LLMs. The Ebbinghaus forgetting curve
describes rapid memory loss soon after learning,
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followed by a slower rate of decay. Drawing on this
analogy, recent work has introduced Ebbinghaus-
style spaced replay schedules, where replay occurs
more frequently shortly after learning and becomes
increasingly spaced over time (e.g., 1, 2, 4, 7, 15
days in humans), to better match the temporal dy-
namics of memory decay (Zhong et al., 2024; Chen
et al., 2025a; Kang et al., 2025a).

However, these approaches typically implement
replay schedules based on training steps, implic-
itly equating step count with the passage of human
time. This assumption is problematic, as the same
number of training steps can result in varying de-
grees of model change depending on optimization
settings such as learning rate or batch size. As a re-
sult, step-based replay schedules may trigger replay
at inconsistent model states, leading to a misalign-
ment between human time and model time.

This raises a central question:
How can “human days” be aligned with “model

days” to enable more reliable replay scheduling?
To address this question, we propose a

novel continual learning framework, FOREVER
(FORgEtting curVe-inspired mEmory Replay).
FOREVER redefines replay scheduling by replac-
ing step-based time with a model-centric notion of
time, measured by parameter update magnitude.
Unlike training steps, which are external and do
not reflect the model’s internal changes, parameter
update magnitude directly quantifies the extent of
model evolution during learning. By tracking this
signal, FOREVER aligns human-inspired replay
schedules with the model’s actual update dynam-
ics, calibrating Ebbinghaus-style intervals to the
model’s learning progress. This ensures that re-
play is triggered based on true model advancement
rather than arbitrary iteration counts.

FOREVER consists of two integrated compo-
nents: an forgetting curve-inspired replay sched-
uler and an intensity-aware replay regularizer.
The scheduler determines when to replay by us-
ing accumulated parameter update magnitude to
define a model-specific “day,” triggering replay at
Ebbinghaus-style intervals along this axis. This ap-
proach synchronizes replay events with comparable
stages of model evolution, effectively mapping the
forgetting curve onto the model’s learning timeline.

To determine how to replay, FOREVER mon-
itors recent update intensity and applies a replay-
time regularization term with adaptively adjusted
strength. Stronger regularization is used during
periods of rapid change to stabilize learning, while

gentler regularization is applied as updates slow,
supporting new task adaptation. Both replay timing
and regularization strength are derived from model
update dynamics: accumulated updates indicate
progress, and recent intensity reflects the rate of
change. This unified approach provides a coherent
strategy for both when and how to replay.

Extensive experiments on diverse CL bench-
marks demonstrate that FOREVER consistently
improves knowledge retention while maintaining
strong adaptation to new tasks.

Our main contributions are:
• We introduce FOREVER, a novel CL frame-

work that bridges cognitive forgetting theory and
model training dynamics by defining time via
parameter update magnitude, enabling forgetting
curve-inspired replay scheduling beyond step-
based heuristics.

• We develop two complementary techniques: an
forgetting curve-inspired memory replay sched-
uler for determining when to replay, and an
intensity-aware replay regularizer for adaptively
controlling how to replay.

• Extensive evaluation on three CL benchmarks
and four model backbones (0.6B to 13B param-
eters) demonstrates the effectiveness of FOR-
EVER in mitigating catastrophic forgetting.

2 Proposed Method: FOREVER

Problem Formulation Continual learning aims
to progressively accumulate knowledge from a se-
quence of tasks {T1, . . . , TK} over time. Each task
Tk is associated with a datasetDk = {(xki , yki )}Nk

i=1

of size Nk, where xki ∈ Xk denotes the input and
yki ∈ Yk denotes the corresponding target.

A model parameterized by Θ is trained on these
tasks sequentially, without access to the full data
from previous tasks once they have been observed.
The objective is to minimize the expected negative
log-likelihood over the data encountered so far:

L = E(x,y)∼D≤k
[− log pΘ(y | x)] , (1)

Following common practice in replay-based CL,
we assume access to a memory buffer that stores a
limited number of samples from previous tasks. For
each past task Ti (i < k), at most |M| examples
are retained in a task-specific bufferMi, yielding
a global memoryM<k =

⋃
i<kMi. When learn-

ing task Tk, the model is optimized jointly on the
current task data Dk and the replay memoryM<k.
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Figure 2: Overview of FOREVER. FOREVER decomposes replay into two coupled decisions—when to replay
and how to replay—both grounded in model update dynamics. Parameter update magnitudes ∆t track model
evolution over training steps, whose accumulation defines a model-centric notion of time (virtual “model days”).
When to replay (Left): accumulated model time τt measures how far the model has progressed in parameter space
and triggers replay when Ebbinghaus-guided time thresholds are reached. How to replay (Right): recent update
intensity µt, relative to a baseline µ0, modulates replay regularization strength—stronger under rapid model changes
and gentler when updates are stable. By unifying replay timing and replay strength under the same update-dynamics
signal, FOREVER enables a coherent and model-centric replay strategy.

Overview As illustrated in Figure 2, FOREVER
decomposes replay into two tightly coupled com-
ponents: (i) an Forgetting Curve-inspired Replay
Scheduler, which determines when to replay by
first calibrating a model-centric notion of time via
parameter update dynamics and then mapping hu-
man Ebbinghaus intervals onto this model-time
axis to trigger replay at the corresponding thresh-
olds; and (ii) an Intensity-aware Replay Regular-
ization mechanism, which regulates how to replay
by adaptively adjusting replay strength according
to recent update intensity. Together, these compo-
nents unify replay timing and replay strength under
a single dynamics-aware framework, grounding re-
play decisions in how much and how fast the model
evolves, rather than in fixed step-based heuristics.

2.1 When to Replay: Forgetting
Curve-inspired Replay Scheduler

Model-centric Time Calibration. A key chal-
lenge in applying Ebbinghaus-style replay sched-
ules to CL lies in defining a meaningful notion of
time for LLMs. While human memory decay is nat-
urally measured in days, training steps are a poor
proxy for model progress, as their effects vary sub-

stantially with optimization settings such as batch
sizes. To address this mismatch, we introduce a
model-centric notion of time grounded in parame-
ter update dynamics, which enables the calibration
of virtual Ebbinghaus days for LLMs.

Parameter Update Dynamics. Let Θt ∈ RN

denote the model parameters after the t-th training
update, where N is the total number of parameters.
We quantify the magnitude of model change at step
t using the parameter update norm

∆t = ∥Θt −Θt−1∥2, (2)

which measures how much the model evolves dur-
ing a single optimization step. In practice, ∆t is
computed over trainable parameters only (i.e., the
LoRA (Hu et al., 2021) weights) and can be di-
rectly obtained from the optimizer’s applied param-
eter updates, without requiring additional forward
or backward passes. Accumulating these updates
yields a model-centric notion of time,

τt =
t∑

i=1

∆i, (3)

which represents the total distance the model has
traveled in parameter space. In our implementa-
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tion, τt is reset at the beginning of each new task
and measures the elapsed model-centric time since
learning on the current task started. Unlike raw
step counts, τt directly reflects model evolution
and is substantially less sensitive to optimization
hyperparameters.

Calibrating a Virtual Model Day. Based on the
accumulated update magnitude, we define a virtual
model “day” as the amount of parameter change
observed over an initial window of S training steps:

τday =

S∑

i=1

∆i. (4)

This quantity serves as a model-specific unit of
time, anchoring human-defined temporal intervals
to the model’s own learning dynamics.

Virtual Ebbinghaus Days. Given a sequence
of Ebbinghaus-style replay intervals expressed
in human days, Dhuman = {d1, d2, . . .} (e.g.,
{1, 2, 4, 7, 15, 30, . . .}), we map them onto the
model-centric time axis as

Dmodel = {d · τday | d ∈ Dhuman}. (5)

Each element inDmodel specifies a target amount
of accumulated model change at which replay is
triggered, aligning human-inspired replay intervals
with comparable stages of model evolution.

The classical Ebbinghaus forgetting curve de-
scribes rapid memory decay at early stages, fol-
lowed by slower decay, motivating replay sched-
ules with increasing intervals. Leveraging the cal-
ibrated model-centric notion of time and replay
thresholds Dmodel, we describe how FOREVER
determines when replay should be triggered.

Replay Triggering Criterion. During training,
we continuously track the accumulated model-
centric time τt. Replay is triggered whenever τt
reaches the next threshold in Dmodel. Formally, let
j denote the index of the next scheduled replay. A
replay event is initiated at training step t if

τt ≥ D(j)
model. (6)

After replay is performed, the scheduler advances
to the subsequent threshold, and training resumes
on the current task.

2.2 How to Replay: Intensity-aware Replay
Regularization

Once replay is triggered, FOREVER determines
how strongly replay should be applied. The key
idea is to adapt replay strength to the model’s
current training dynamics: replay should impose
stronger constraints when the model is changing
rapidly and remain gentle once learning stabilizes.
To this end, FOREVER modulates replay regu-
larization based on the ratio between recent and
baseline update intensity over training.

Update Intensity and Instability Ratio. Using
the same warm-up window of S steps, we define
the baseline update intensity as

µ0 =
1

S

S∑

t=1

∆t, (7)

which provides a reference scale for subsequent
training dynamics.

Thereafter, the recent update intensity is tracked
using an exponential moving average,

µt = (1− λ)µt−1 + λ∆t, (8)

where λ controls the degree of temporal smoothing.
We then compute an instability ratio

rt =
µt

µ0
, (9)

which indicates whether the model is currently up-
dating more aggressively (rt > 1) or more conser-
vatively (rt < 1) than at the beginning of training.

The replay regularization strength is scaled ac-
cording to the instability ratio rt:

βt = βbase · clip(1 + γ(rt − 1), gmin, gmax) ,
(10)

where βbase balances the magnitude between the re-
play regularization loss and the task loss, γ controls
sensitivity to update intensity, and gmin and gmax

denote the lower and upper bounds of the clipping
operation for numerical stability.

Replay Objective. At replay time, the model
is optimized on samples from the memory buffer
while applying a parameter-level regularization an-
chored at a reference snapshot Θ⋆, taken at the end
of the previous task. The replay loss is defined as

Lreplay = L(old)
task + βt

∑

j

∥Θj −Θ⋆
j∥22, (11)
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where θj denotes an individual model parameter.
By scaling replay regularization with the instabil-

ity ratio rt, FOREVER applies stronger constraints
when the model undergoes rapid changes and re-
laxes replay as learning stabilizes. This design
enables adaptive replay strength driven solely by
parameter update dynamics, without relying on
fixed replay weights or hand-crafted schedules.

Detailed implementation of FOREVER algo-
rithm is provided in the Appendix (Algorithm 1).

3 Experiments and Analysis

Datasets Following the experimental protocol of
Du et al. (2024), we evaluate on three represen-
tative CL benchmarks for NLP: (i) the Standard
CL Benchmark, which comprises five text clas-
sification tasks from Zhang et al. (2015); (ii) the
Long Sequence Benchmark (Razdaibiedina et al.,
2023), a more challenging setting consisting of
15 sequential tasks designed to assess long-horizon
knowledge accumulation and retention; and (iii) the
SuperNI Benchmark (Wang et al., 2022), a large-
scale instruction-following benchmark containing
15 diverse NLP generation tasks. Following Wang
et al. (2023), we sample 1000 training instances per
task and reserve 500 instances per class for evalu-
ation. For each benchmark, we evaluate multiple
task orders, with detailed dataset statistics and task
sequences provided in Appendix G.

Metrics Let ai,j denote the testing performance
on task Ti after training on task Tj , and let K de-
note the total number of tasks. We evaluate the
overall performance (OP) (Chaudhry et al., 2018)
and backward transfer (BWT) (Ke and Liu, 2022)
after training on the final task:

OP =
1

K

K∑

i=1

ai,K (12)

BWT =
1

K − 1

K−1∑

i=1

(ai,K − ai,i) (13)

Baselines We compare FOREVER with a com-
prehensive set of CL baselines, with a particular
emphasis on replay-based methods that adopt dif-
ferent replay scheduling strategies. For fairness, all
methods are implemented under the same LoRA-
based framework and trained for the same num-
ber of epochs. The evaluated baselines include
MixReplay, Fixed-interval Replay, EWC (Kirk-
patrick et al., 2017), O-LoRA (Wang et al., 2023),

MoELoRA (Luo et al., 2024), SAPT (Zhao et al.,
2024), MIGU (Du et al., 2024), SSR (Huang et al.,
2024), Recurrent-KIF (Feng et al., 2025b), AIM-
Merging (Feng et al., 2025a), and VBM (Kang
et al., 2025a). Finally, multi-task learning (MTL),
which jointly trains on all tasks, serves as an upper-
bound reference. Detailed descriptions of all base-
lines are provided in Appendix F.

Training Details We evaluate FOREVER across
multiple backbone models, including Qwen3-
0.6B and Qwen3-4B (Yang et al., 2025), as well
as LLaMA3.1-8B (Touvron et al., 2023) and
LLaMA2-13B. Following Feng et al. (2025b), we
store 2% of the original training data from each task
in a memory buffer for replay. For FOREVER, the
warm-up window size S is set to 24, which is used
to calibrate both the virtual model day and the base-
line update intensity. The smoothing coefficient λ
in Eq. (8) is fixed to 0.05. The base regularization
coefficient βbase in Eq. (10) is set to 10−3, with
clipping bounds gmin = 0.5 and gmax = 3.0. All
experiments are averaged over three independent
runs. More details are provided in Appendix H.

3.1 Main Results

The overall CL results using the same Qwen3-0.6B
backbone are summarized in Table 1.

FOREVER Effectively Mitigates the Challenge
of Catastrophic Forgetting. FOREVER consis-
tently outperforms representative CL baselines, in-
cluding regularization-based methods (e.g., EWC)
and replay-based approaches (e.g., SSR and
Recurrent-KIF). In particular, FOREVER achieves
a notable improvement in OP, increasing the av-
erage OP from 58.7% to 61.5% compared to the
strongest replay-based baseline, SSR. Meanwhile,
FOREVER exhibits stronger backward transfer, im-
proving BWT from -4.9% to -4.2% relative to AIM-
Merging. These results indicate that FOREVER
more effectively preserves knowledge from earlier
tasks while maintaining competitive performance
on newly learned tasks.

Moreover, FOREVER consistently surpasses the
Ebbinghaus-inspired VBM baseline, yielding gains
of 1.2% in OP and 0.9% in BWT. This demon-
strates the advantage of aligning replay decisions
with model-centric learning dynamics, enabling
more robust knowledge retention than step-based
replay or static regularization strategies.
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Method Memory-Based
Standard CL Long Sequence SuperNI

OP↑ BWT↑ OP↑ BWT↑ OP↑ BWT↑
Fine-tuning

✗

47.2 -12.6 36.0 -17.5 8.2 -27.4
EWC (Kirkpatrick et al., 2017) 51.0 -10.3 44.8 -13.8 32.9 -18.6
O-LoRA (Wang et al., 2023) 59.4 -7.9 54.1 -12.4 23.7 -17.5
MoELoRA (Luo et al., 2024) 55.3 -8.2 35.3 -13.6 25.7 -11.3

MixReplay

✓

65.8 -8.0 65.1 -11.4 34.6 -14.1
Fixed-interval Replay 65.1 -9.2 64.5 -10.9 34.7 -14.5
SAPT (Zhao et al., 2024) 68.8 -6.9 67.2 -8.8 38.5 -6.2
MIGU (Du et al., 2024) 69.9 -7.5 66.3 -9.2 35.0 -8.1
SSR (Huang et al., 2024) 68.4 -7.1 67.5 -9.0 40.1 -5.4
Recurrent-KIF (Feng et al., 2025b) 70.6 -6.5 67.7 -8.4 39.7 -5.0
AIMMerging (Feng et al., 2025a) 71.9 -5.0 67.9 -6.3 41.0 -3.4
VBM (Kang et al., 2025a) 71.5 -5.2 68.1 -6.1 41.3 -3.7
FOREVER (ours) 72.9 -4.7 69.4 -5.0 42.1 -2.9

MTL 77.4 - 77.8 - 48.2 -

Table 1: Overall CL results on three benchmarks using the Qwen3-0.6B backbone. We report Overall Performance
(OP) and Backward Transfer (BWT) after training on the final task. All results are averaged over different task orders.
The last row corresponds to the multi-task learning (MTL) upper bound. Our method, FOREVER, outperforms the
previous best method, VBM, with an average improvement of 1.2% in OP and a 0.9% increase in BWT.

Figure 3: Performance of FOREVER with different
backbones on the SuperNI Benchmark.

FOREVER Generalizes Consistently Across
Model Scales. We further evaluate FOREVER
across backbone models ranging from 0.6B to 13B
parameters, as shown in Figure 3. Across all model
scales, FOREVER consistently outperforms the
corresponding baselines. For example, with the
LLaMA3.1-8B backbone, FOREVER improves
OP from 49.0% to 50.6% and reduces BWT from
−2.9% to−2.1% compared to VBM. These results
demonstrate that the benefits of model-centric re-
play scheduling generalize across backbone sizes.

Forgetting Curve-inspired Replay Enables
Knowledge Retention. Figure 4 presents a task-
wise comparison after training on the final task.
FOREVER consistently retains higher performance
on previously learned tasks than all baselines. No-

VBMAIMMergingRecurrent-KIF FOREVER (Ours)

Training 

Order

Training 

Order

SuperNI (task order 7)Long Sequence (task order 4)

Figure 4: Impact of Catastrophic Forgetting in Con-
tinual Learning. Performance is reported as a percent-
age of each task’s upper bound. After fine-tuning on
the final task, FOREVER shows superior resistance to
performance decline on previously learned tasks.

tably, on RTE and task1687, FOREVER achieves
performance comparable to the multi-task learning
upper bound, indicating strong resistance to catas-
trophic forgetting. Overall, these results suggest
that FOREVER balances prior knowledge retention
and new task adaptation in continual learning.

3.2 Ablation Study

We conduct ablation studies to analyze the contri-
bution of individual components in FOREVER. Re-
sults for task order 7 on the SuperNI are reported
in Table 2. Additional analysis, including time
complexity, memory size sensitivity, and hyperpa-
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rameter robustness, are provided in Appendix B.

3.2.1 Effect of the Forgetting Curve-inspired
Replay Scheduler

We first examine how different replay schedules
affect CL performance to validate the Ebbinghaus-
style design. Specifically, we replace the human-
derived schedule Dhuman with alternative strategies
to construct model-driven replay sequences Dmodel:
(i) Fixed-interval replay (“+FIR”), which triggers
replay at uniform intervals (e.g., {24, 48, 96, . . .});
(ii) Reversed replay (“+RR”), which applies re-
play intervals in descending order (e.g., Dhuman =
{30, 15, 7, 4, 2, 1}); and (iii) End-only replay
(“+ER”), which performs replay only after com-
pleting training on the new task.

Across all variants, the forgetting curve-inspired
schedule consistently yields the strongest perfor-
mance. This result indicates that replaying more
frequently during early training—when parameter
updates are large—and gradually reducing replay
frequency as learning stabilizes is critical for miti-
gating catastrophic forgetting.

3.2.2 Effect of Model-Centric Time
Calibration

We next investigate the impact of aligning human
time with model-centric time on replay effective-
ness. We compare our update-dynamics-based
calibration with a step-based calibration baseline
(“+STC”), which maps human-defined days to
fixed training steps.

Model-centric calibration consistently outper-
forms step-based calibration, yielding an average
improvement of 1.2% in OP and 1.1% in BWT.
This gap arises because step-based schedules trig-
ger replay at fixed iteration counts across tasks, ig-
noring task-specific learning dynamics. In contrast,
our approach adapts replay timing to the model’s in-
trinsic evolution, enabling more accurate alignment
between replay events and learning stages.

3.2.3 Effect of Intensity-aware Replay
Regularization

Finally, we evaluate the role of intensity-aware re-
play regularization in FOREVER. We compare
our approach with three variants: (i) removing
the regularization term (“−IAR”); (ii) replacing
it with parameter-importance regularization follow-
ing EWC (“+PIR”); and (iii) combining importance
with intensity-aware scaling (“+IAR & PIR”).

Removing IAR leads to clear performance drops,
confirming its necessity. Compared with PIR, FOR-

Category Method OP ↑ BWT ↑
Full Model FOREVER 42.5 -2.8

Replay Scheduler
(§3.2.1)

+ FIR 40.1 -5.2
+ RR 37.2 -7.8
+ ER 40.9 -6.9

Time Calibration
(§3.2.2) + STC 41.3 -3.9

Regularization
(§3.2.3)

− IAR 39.9 -4.4
+ PIR 42.7 -3.0
+ IAR & PIR 42.8 -2.6

Table 2: Ablation study. We evaluate the contribution
of each component by selectively removing (“−”) or
replacing (“+”) it with alternative designs.

EVER achieves comparable results while avoiding
the additional cost of estimating and storing param-
eter importance scores. Combining IAR and PIR
yields only marginal gains, suggesting that both
mechanisms address similar sources of instability
during training. Overall, these results demonstrate
that parameter update dynamics provide an efficient
and effective signal for modulating replay strength.

3.3 Visualization of Replay Dynamics

We visualize the replay dynamics induced by the
proposed model-centric scheduling mechanism.
Specifically, we analyze the step-wise parameter
update magnitude ∆t, the evolution of accumulated
model-centric time τt, and the resulting replay trig-
ger points throughout training. Figure 5 shows
results for task order 7 on the SuperNI benchmark,
while visualizations for all eight task orders are
provided in Appendix E (Figure 7).

As shown in the left panel, the update magni-
tude ∆t exhibits pronounced non-uniformity over
training. Large updates occur at the early stages
of each task, followed by progressively smaller up-
dates as optimization stabilizes. Correspondingly,
the accumulated model-centric time τt (right panel)
grows rapidly during periods of substantial parame-
ter change and increases more slowly once training
enters a stable regime.

Importantly, under FOREVER, replay events are
not tied to fixed training steps. Instead, replay is
triggered whenever τt reaches the next Ebbinghaus-
calibrated threshold. As a result, the training steps
at which replay occurs vary substantially across
tasks. For example, the replay corresponding to the
“7-day” threshold spans a wide range of training
steps (approximately steps 140–180) across differ-
ent tasks. This behavior illustrates that replay in
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Figure 5: Visualization of model-centric replay dy-
namics during training. Left: step-wise parameter
update magnitude ∆t across training steps. Right: ac-
cumulated model-centric time τt with replay trigger
points annotated. Under the proposed model-centric
time definition, replay is triggered at different training
steps for different tasks, reflecting task-dependent learn-
ing dynamics rather than fixed step-based schedules.

FOREVER is governed by the model’s intrinsic
learning progress rather than by predefined step-
based schedules, providing a direct explanation for
its improved robustness to catastrophic forgetting.

3.4 Effect of Increasing-Spacing Replay
Scheduling

We further analyze the effect of replay interval
scheduling in continual learning. The key idea
behind our design is not a specific handcrafted in-
terval sequence, but a structural principle: forget-
ting typically follows a fast-then-slow decay pat-
tern, which motivates a dense-to-sparse (increasing-
spacing) replay schedule. In early training stages,
frequent reinforcement is required, while later
stages allow progressively wider intervals.

To isolate the effect of interval structure, we
conduct controlled comparisons under identical re-
play budgets and cumulative replay data volumes.
Our original setting adopts an Ebbinghaus-inspired
increasing-spacing schedule as the default configu-
ration. We additionally consider several alternative
scheduling strategies:
• Increasing-spacing: including multiple parame-

terizations, such as exponential (geometric pro-
gression) and polynomial (square growth);

• Uniform-spacing: equal interval replay;
• Decreasing-spacing: reversed scheduling

(sparse-to-dense).
Results on SuperNI (Qwen3-0.6B, task order 7)

are shown in Table 3. We observe that increasing-
spacing schedules consistently outperform uniform
and decreasing-spacing strategies. This aligns with
the intuition that replay frequency should match

the evolving forgetting dynamics: frequent replay
is needed when forgetting is rapid, while wider
intervals suffice when forgetting slows down.

Among different increasing-spacing variants, the
standard Ebbinghaus-style instantiation achieves
the best performance. Notably, this schedule is not
an arbitrary functional choice, but is grounded in
long-established empirical studies of human mem-
ory. Compared with purely parametric forms (e.g.,
exponential or polynomial growth), it reflects a
more refined spacing pattern.

Overall, these results suggest that performance
gains stem from alignment with the underlying
forgetting behavior, rather than any specific hand-
crafted interval sequence.

4 Related Work

4.1 Continual Learning for LLMs

Continual learning (CL) aims to enable models
to acquire new knowledge while mitigating catas-
trophic forgetting of previously learned informa-
tion (Ke et al., 2021; Zhou et al., 2024; Jiang et al.,
2025). Extending CL to LLMs has recently gained
traction, as LLMs are expected to adapt to evolv-
ing tasks without full retraining (Pham et al., 2023;
Zeng et al., 2025b; Wang et al., 2025b).

Existing CL approaches for LLMs fall into three
major categories: (1) Regularization-based meth-
ods constrain parameter updates based on estimated
importance scores (Li et al., 2024; Zhang et al.,
2025a; Cheng et al., 2025; Momeni et al., 2025),
but their scalability is challenged by the prohibitive
cost of importance estimation in LLMs (Tang et al.,
2025; Ong et al., 2025). (2) Architecture-based
methods allocate task-specific components such
as adapters, orthogonal subspaces, or MoE mod-
ules (Ke et al., 2023; Wan et al., 2024; He et al.,
2024; Wang et al., 2024; Feng et al., 2024b), which
reduce interference but often introduce additional
memory or require task identifiers, limiting scala-
bility. (3) Replay-based methods revisit selected
samples from previous tasks (Huang et al., 2024;
Alexandrov et al., 2024), and have shown strong
empirical performance when combined with PEFT
techniques like LoRA (Huang et al., 2025).

However, most replay-based methods rely on
heuristic schedules—such as fixed intervals or mix-
ing ratios—that are decoupled from the model’s
learning dynamics (Wan et al., 2025b). This raises
a central question: when and how should replay be
triggered to align with the model’s internal state?
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Replay Strategy Dhuman OP ↑ BWT ↑
Increasing-spacing (standard) {1, 2, 4, 7, 15, . . . } 42.5 -2.8
Increasing-spacing (exponential) {1, 2, 4, 8, 16, . . . } 42.3 -2.6
Increasing-spacing (polynomial) {1, 4, 9, 16, . . . } 41.5 -3.2
Uniform-spacing {2, 4, 6, 8, 10, . . . } 40.9 -3.6
Decreasing-spacing {15, 7, 4, 2, 1} 37.2 -7.8

Table 3: Comparison of different replay interval schedules under the same replay budget.

Our work addresses this gap by grounding replay
decisions in the model’s intrinsic learning dynam-
ics, moving beyond step-based or static schedules.

4.2 Forgetting Dynamics in LLMs

The forgetting behavior of LLMs has recently
gained attention from perspectives such as represen-
tation drift, knowledge loss, and long-term memory
degradation (Jiang et al., 2024; Dou et al., 2024;
Ren et al., 2024; Li et al., 2025; Liu et al., 2025).
Beyond CL, forgetting is now studied as a general
property of LLMs under sequential or prolonged
training (Zeng et al., 2025a; Wang et al., 2025a).

Recent empirical studies show that forgetting in
LLMs exhibits structured temporal patterns resem-
bling human memory decay, with rapid early perfor-
mance drops followed by slower degradation (Wu
et al., 2025a; Kline, 2025). This has motivated the
adoption of cognitive principles such as the Ebbing-
haus forgetting curve in CL, where replay intervals
increase over training (Deng et al., 2025). How-
ever, existing approaches typically measure “time”
using training steps, implicitly assuming that itera-
tion counts reflect comparable model changes—an
assumption that often breaks down under the highly
variable optimization dynamics of LLMs. In con-
trast, our work grounds Ebbinghaus-style replay in
a model-centric notion of time defined by param-
eter update dynamics, enabling replay decisions
aligned with the model’s intrinsic learning process.

5 Conclusion

In this paper, we propose FOREVER, a replay-
based continual learning framework for large lan-
guage models that aligns human-inspired replay
schedules with a model-centric notion of time. By
grounding replay decisions in parameter update dy-
namics, FOREVER jointly determines when to re-
play and how strongly to regularize past knowledge.
Extensive experiments across multiple benchmarks
and model scales show that FOREVER effectively
mitigates catastrophic forgetting and consistently
outperforms existing continual learning methods.

Limitations

We acknowledge two primary limitations of our
work, each of which highlights promising avenues
for future research.

First, FOREVER utilizes parameter update dy-
namics as an indirect proxy for model evolution
and forgetting. While metrics such as accumu-
lated update magnitude and recent update intensity
offer a principled, model-centric notion of time,
they do not directly reflect task-level performance
degradation or semantic forgetting. Incorporat-
ing more explicit indicators of forgetting—such
as performance-based metrics or task-specific diag-
nostics—could further enhance the effectiveness of
replay scheduling.

Second, FOREVER employs a predefined
Ebbinghaus-inspired replay interval pattern, draw-
ing from cognitive theory. Although this approach
provides an interpretable and effective prior for
replay, it may not be universally optimal across
diverse tasks or training settings. Learning replay
interval patterns from data, or dynamically adapt-
ing them to specific task characteristics, represents
a valuable direction for extending beyond fixed,
human-inspired schedules.
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A Usage of Language Models

We used a large language model (LLM) for edito-
rial tasks such as proofreading, grammar correction,
and enhancing clarity and readability.

B Additional Results

B.1 Generalization to Full-Parameter
Fine-Tuning

We further evaluate whether our method general-
izes beyond parameter-efficient fine-tuning. While
the main experiments are conducted under LoRA-
based adaptation, the proposed model-centric time
formulation is not tied to any specific parameteri-
zation.

To validate this, we conduct additional experi-
ments under full-parameter fine-tuning on SuperNI
(Qwen3-0.6B, task order 7). Results are summa-
rized in Table 4.

FOREVER achieves the best performance on
both OP and BWT. Compared with the strongest
baseline, it improves OP by +1.1 and reduces for-
getting (BWT) by +0.9. These results demonstrate
that our approach remains effective when all model
parameters are updated.

Overall, this suggests that the proposed model-
centric time calibration is a general mechanism
for continual learning, rather than being specific to
LoRA-based adaptation.

B.2 Effect of the Memory Size
We examine the effect of varying memory size on
the performance of VBM and FOREVER. Specif-
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ically, we adjust the memory size per task |M | to
{2%, 5%, 10%, 50%}, and report the results on
SuperNI benchmark in Table 5.

As expected, increasing the memory size con-
sistently improves performance for both methods,
since more historical samples provide stronger su-
pervision for mitigating forgetting. However, un-
der the same memory budget, FOREVER consis-
tently outperforms VBM across all memory sizes.
This advantage stems from FOREVER’s dynamics-
aware replay strategy, which selectively schedules
replay based on model-centric time and adaptively
controls replay strength.

Notably, the performance gap between FOR-
EVER and MixReplay is more pronounced in low-
memory regimes (e.g., |M | = 2% and 5%), indi-
cating that FOREVER makes more efficient use of
limited memory resources. These results suggest
that aligning replay with model update dynamics
is particularly beneficial when memory capacity is
constrained, a setting that is common in practical
continual learning scenarios.

Memory Size

2% 5% 10% 50%

VBM 41.2 42.4 43.0 45.4
FOREVER 42.5 43.5 43.9 46.4

Table 5: Ablation study on memory size, using Qwen3-
0.6B as the backbone.

B.3 Sensitivity Analysis of Hyperparameters

We analyze the sensitivity of FOREVER to the
warm-up length S, which is used to calibrate the
virtual model day and the baseline update intensity.
Intuitively, S controls the scale of model-centric
time but should not critically affect replay behavior
as long as it provides a stable estimate of early
training dynamics. We vary S from {12, 24, 48}
steps, where S = 24 is the default choice used in
all main experiments. The results on the SuperNI
benchmark (task order 4) are reported in Table 6.

Overall, FOREVER exhibits robust performance
across different values of S. While extremely small
warm-up windows may introduce minor variance
due to noisier update estimates, performance re-
mains stable once S is sufficiently large. Notably,
S = 24 consistently achieves strong results across
all metrics, striking a good balance between cali-
bration stability and computational overhead.

These results indicate that FOREVER is not sen-
sitive to the precise choice of S, confirming that the
proposed model-centric time calibration serves as a
coarse-grained normalization of learning dynamics
rather than a finely tuned hyperparameter.

Warm-up S OP (↑) BWT (↑)
12 42.0 -3.4
24 42.5 -2.8
48 42.3 -3.0

Table 6: Sensitivity analysis of the warm-up length
S. S controls the calibration of virtual model days and
baseline update intensity. Results are reported on the
SuperNI benchmark (task order 7).

B.4 Sensitivity Analysis of Memory Epochs
We further analyze the sensitivity of FOREVER
to the number of replay epochs performed at each
replay event. Specifically, when replay is triggered,
we vary the number of training epochs on the mem-
ory buffer, denoted as Emem ∈ {1, 2, 4}, while
keeping all other settings fixed. Emem = 2 is the
default choice used in all main experiments.

Table 7 reports the results. Overall, FOREVER
demonstrates stable performance across different
choices of Emem. Increasing the number of memory
epochs generally leads to slightly better retention of
previous tasks, reflected by modest improvements
in OP, but the gains quickly saturate. In contrast,
using too many replay epochs does not yield pro-
portional benefits and may introduce unnecessary
computational overhead.

Based on this observation, we set Emem = 2
as the default choice in all experiments, which
achieves a good balance between performance and
efficiency. This result indicates that FOREVER
does not rely on aggressive replay, and that its
effectiveness mainly stems from when replay is
triggered and how replay strength is adaptively con-
trolled, rather than from repeatedly revisiting mem-
ory samples.

Emem OP BWT

1 42.2 -3.0
2 42.5 -2.8
4 42.6 -2.9

Table 7: Sensitivity to the number of replay epochs per
replay event on the SuperNI benchmark.
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B.5 Time Complexity Analysis

We analyze the computational overhead of FOR-
EVER by comparing its training time with repre-
sentative baseline methods across different model
scales, as reported in Table 8.

Overall, FOREVER incurs only a modest in-
crease in training time compared to standard replay-
based baselines such as MixReplay, while remain-
ing consistently more efficient than step-based
Ebbinghaus replay methods (VBM). This effi-
ciency arises from the design of FOREVER, which
relies solely on lightweight parameter update statis-
tics—specifically, the update magnitude and its
exponential moving average—to guide both replay
timing and replay strength.

In contrast to model merging–based approaches
such as AIMMerging, which require additional
bookkeeping or repeated parameter fusion, FOR-
EVER avoids expensive auxiliary optimization and
task-wise parameter importance estimation. As a
result, its training time scales smoothly with model
size, making it well suited for large-scale LLM
continual learning settings.

Compared to VBM, which triggers replay at
fixed step-based intervals and requires additional
computation to optimize recall schedules, FOR-
EVER schedules replay based on accumulated
model evolution. Consequently, replay events are
triggered more selectively, leading to fewer unnec-
essary replay phases and improved runtime effi-
ciency, particularly for larger models.

Training Time
(Min/Epoch) Qwen3-0.6B Qwen3-4B LLaMA3.1-8B LLaMA2-13B

MixReplay 1.3 3.5 5.6 6.8
AIMMerging 1.5 4.9 8.0 9.9
VBM 1.4 3.9 7.2 9.1
FOREVER 1.4 3.8 6.9 8.5

Table 8: Training time comparison across backbones.

B.6 Empirical Analysis of Forgetting
Dynamics

We further investigate whether the fast-then-slow
forgetting pattern holds in our continual learning
setting. Instead of assuming the applicability of
cognitive theories, we directly measure forgetting
dynamics during training.

Under a representative configuration (Qwen3-
0.6B on SuperNI, task order 7), we periodically
evaluate the loss on previously learned tasks while
training on new tasks, without updating their gra-
dients. We analyze 10 consecutive tasks (task IDs

Training Phase Step Range Avg Forgetting Rate

1st 0–60 0.0023
2nd 60–120 0.0018
3rd 120–180 0.0010
4th 180–240 0.0005
5th 240–300 0.0003

Table 9: Average forgetting rate (∆Loss/Nstep) across
training phases.

6–15) and report the average behavior across runs.
To quantify forgetting speed, we divide the train-

ing trajectory into consecutive intervals (e.g., 0–60,
60–120 steps). For each interval, we compute the
loss increase ∆Loss between the end and the begin-
ning of the interval, and normalize it by the number
of steps Nstep. This gives the average forgetting rate
within each phase. Results are shown in Table 9.

We observe that forgetting is substantially faster
in early stages and gradually slows down over time,
exhibiting a clear fast-then-slow decay pattern. The
early-stage forgetting rate is approximately 7×
higher than that in later stages, indicating strongly
non-linear dynamics. This empirical observation
supports the structural motivation of increasing-
spacing replay. Importantly, we do not assume bio-
logical equivalence between human cognition and
model training. Instead, our findings suggest that
the fast-then-slow decay pattern underlying spaced
replay also emerges in LLM continual learning,
providing empirical justification for our design.

B.7 Effect of Initial Window Size S

We further analyze the effect of the initial window
size S, which determines the scale of model-time in
our framework. Specifically, S defines one virtual
“model day” as τday =

∑S
i=1∆θi, i.e., the accumu-

lated parameter change corresponding to one unit
of model-time. Thus, S rescales the model-time
axis but does not alter the underlying increasing-
spacing replay structure.

In the main paper, we reported ablation results
for S ∈ {12, 24, 48}. Here, we extend the range to
both smaller and larger values to more comprehen-
sively evaluate robustness.

Results on SuperNI (Qwen3-0.6B, task order
7) are shown in Table 10. We observe that per-
formance remains stable across a broad interme-
diate range (approximately 6–48), forming a clear
plateau. Noticeable degradation occurs only at ex-
treme values (e.g., S = 3 or S = 96).

This behavior is consistent with the role of S.
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Initial Window Size S OP ↑ BWT ↑
3 41.8 -3.8
6 42.1 -3.7

12 42.0 -3.4
24 42.5 -2.8
48 42.3 -3.0
96 41.2 -4.4

Table 10: Effect of the initial window size S on perfor-
mance.

When S is too small, a model-day becomes short,
leading to overly frequent replay, which increases
computational overhead and may over-regularize
adaptation. Conversely, when S is too large, replay
becomes too sparse, allowing more forgetting to
accumulate.

Overall, these results indicate that S primarily
controls the temporal scale of replay rather than
its structural behavior. As long as S lies within
a reasonable range, performance remains robust,
suggesting that it is not a highly sensitive hyperpa-
rameter. We adopt S = 24 in the main experiments,
as it lies within the stable region and consistently
achieves strong performance.

B.8 Scalability to Longer Task Sequences

We further evaluate the scalability of our method
under longer continual learning horizons. While
the main experiments consider up to 15 tasks, real-
world scenarios often involve substantially longer
task sequences. To this end, we construct a 30-task
sequence by combining the Long Sequence bench-
mark (15 tasks) and SuperNI (15 tasks), followed
by random shuffling to form a unified continual
learning setting. Results on Qwen3-0.6B are re-
ported in Table 11.

As the number of tasks increases, all methods ex-
perience performance degradation due to accumu-
lated forgetting. Nevertheless, FOREVER consis-
tently achieves the strongest performance, improv-
ing OP by approximately +1.2 over the strongest
baseline, while also obtaining better BWT.

These results demonstrate that our model-centric
time calibration scales effectively to longer task
sequences and provides stronger robustness against
cumulative forgetting.

C Task-Adaptive Behavior of
Model-Time τday

We further analyze whether the variability of replay
trigger timing across tasks reflects meaningful task-

Method OP ↑ BWT ↑
Recurrent-KIF 24.7 -15.0
AIMMerging 26.1 -11.6
VBM 26.7 -12.8
FOREVER 27.9 -10.8

Table 11: Results on a 30-task continual learning setting.

dependent dynamics. In our framework, replay is
triggered based on the model-time τday, which is
determined by accumulated parameter updates. As
a result, different tasks may reach the same replay
threshold at different training steps. We examine
whether this variability is consistent, interpretable,
and correlated with task properties.

Stability Across Task Orders. We first evaluate
whether τday is stable under different task orders.
We compute τday for all 15 tasks in SuperNI under
two distinct task sequences (order 7 and order 8).
The resulting Pearson correlation is r = 0.7379
with p = 0.0017, indicating a strong and statisti-
cally significant correlation.

This result suggests that τday is largely invariant
to task order and primarily reflects task-intrinsic
learning dynamics, rather than sequence-dependent
effects.

Correlation with Final Forgetting (BWT). We
next examine the relationship between τday and the
final backward transfer (BWT) of each task. We
observe no significant correlation (r = 0.2182,
p = 0.4536).

This is expected, as BWT is influenced by global
cross-task interference and order-dependent inter-
actions, whereas τday captures local parameter drift
during the learning of individual tasks. Therefore,
τday and final BWT measure fundamentally differ-
ent aspects of the continual learning process.

Correlation with Task Difficulty. Finally, we
analyze whether τday correlates with task difficulty.
We use multi-task learning (MTL) performance as a
proxy for task difficulty, where lower performance
indicates harder tasks.

We observe a statistically significant negative
correlation between τday and MTL performance
(r = −0.5625, p = 0.0291). This indicates that
harder tasks tend to induce larger accumulated pa-
rameter updates, resulting in larger τday values.

Overall, these results suggest that τday captures
task-dependent parameter dynamics in a consistent
and interpretable manner. The variability of replay
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Task Loss vs. Scaled Regularization Loss (𝛽𝑏𝑎𝑠𝑒 = 0.001)

Task Loss

Scaled Regularization Loss 

Figure 6: Visualization of task loss (Lold
task) on memory

samples and scaled replay regularization loss (βbase ·
Lreg) at replay stages.

trigger timing across tasks is therefore not inciden-
tal, but reflects adaptive behavior aligned with task
difficulty and learning dynamics.

D Visualization of Task and Replay
Regularization Losses

To better understand the role of the replay regular-
ization coefficient and the design choice of βbase,
we visualize the loss components involved during
replay events. Specifically, for each replay stage,
we record (i) the task loss on memory samples at
the end of replay, and (ii) the scaled regularization
loss applied during replay.

Figure 6 shows that after applying the base scal-
ing factor βbase = 0.001, the magnitudes of the task
loss and the replay regularization loss are brought
onto a comparable numerical scale. This calibra-
tion is critical: without proper scaling, the replay
objective would be dominated by either the task
loss or the regularization term, preventing effective
control of replay strength.

Importantly, this balanced scaling enables the
proposed intensity-aware modulation mechanism
to operate meaningfully. Once the two loss com-
ponents are aligned in magnitude, the adaptive fac-
tor derived from update intensity can adjust replay
strength without causing instability or overwhelm-
ing the task objective. As a result, replay regular-
ization contributes to stabilizing previously learned
knowledge while still allowing sufficient flexibil-
ity for new task adaptation. Overall, this visual-
ization illustrates that βbase serves as a necessary
normalization factor rather than a tuning heuris-
tic, providing a well-conditioned foundation upon
which intensity-aware replay regularization can be
effectively applied.

E Visualization of Replay Dynamics

This appendix provides additional visualizations
of replay dynamics for all task orders in the three
benchmark (Fig. 7). For each task order, we plot
the step-wise parameter update magnitude ∆t, the
accumulated model-centric time τt, and the corre-
sponding replay trigger points induced by FOR-
EVER.

These visualizations further illustrate that pa-
rameter update dynamics vary substantially across
tasks and training stages, leading to non-uniform
growth of τt. As a result, replay events are trig-
gered at different training steps for different tasks,
even when following the same Ebbinghaus-inspired
schedule. This behavior highlights the adaptive
nature of the proposed model-centric replay mech-
anism and contrasts with step-based replay strate-
gies, which trigger replay at fixed iteration indices
regardless of model state.

F Baselines

We compare FOREVER with a comprehensive
set of CL baselines, with a particular emphasis
on replay–based methods that vary in their replay
scheduling strategies. For fairness, all methods
are implemented using the LoRA framework. (1)
MixReplay: Mixes samples from the current task
and the memory buffer, and trains on the combined
data at each step. (2) Fixed-interval Replay: Trig-
gers replay at fixed, step-based intervals during
training. (3) EWC (Kirkpatrick et al., 2017): Ap-
plies a regularization term to prevent interference
with previously learned tasks. (4) O-LoRA (Wang
et al., 2023): Learns task-specific LoRA adapters
in orthogonal subspaces. (5) MoELoRA (Luo
et al., 2024): Adopts the mixture-of-experts ar-
chitecture for continual learning. (6) SAPT (Zhao
et al., 2024): Uses a shared-attention mechanism
to align LoRA block selection across tasks. (7)
MIGU (Du et al., 2024): Updates task-relevant
parameters based on gradient magnitude to miti-
gate forgetting. (8) SSR (Huang et al., 2024): A
self-synthesized rehearsal method that generates
synthetic instances using the LLM for rehearsal.
(9) Recurrent-KIF (Feng et al., 2025b): Performs
model merging with dynamic parameter impor-
tance estimation. (10) AIMMerging (Feng et al.,
2025a): Applies adaptive iterative model merging
using training trajectories. (11) VBM (Kang et al.,
2025a): A training step-based replay method in-
spired by the Ebbinghaus forgetting curve. To en-
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sure a fair comparison, all methods are trained for
the same number of epochs. Finally, MTL (multi-
task learning), which jointly trains on all tasks,
serves as an upper-bound reference.

G Dataset Statistics

We adopt the experimental setup from Feng et al.
(2024a), using three CL benchmark datasets: (i)
Standard CL Benchmark, which consists of five
text classification tasks from Zhang et al. (2015):
AG News, Amazon Reviews, Yelp Reviews, DB-
pedia, and Yahoo Answers. (ii) Long Sequence
Benchmark, a more challenging evaluation sce-
nario comprising 15 tasks (Razdaibiedina et al.,
2023): five from the Standard CL Benchmark, four
from the GLUE benchmark, five from SuperGLUE,
and the IMDB Movie Reviews dataset. (iii) Su-
perNI Benchmark (Wang et al., 2022), a compre-
hensive benchmark designed to evaluate a wide
range of NLP tasks, includes tasks in dialogue gen-
eration (Dong et al., 2024), information extraction
(Chen et al., 2025b), question answering (Zhao and
Zhang, 2024), summarization (Feng et al., 2024c),
and sentiment analysis (Chen et al., 2024).

Table 12 & 13 show details of the datasets we
used for our experiments, along with their evalu-
ation metrics. Overall, in SuperNI, we choose 3
tasks from dialogue generation (Dialog) (Chu et al.,
2025a; Feng et al., 2023), information extraction
(IE) (Xu et al., 2025), question answering (QA),
summarization (Sum) (Shi et al., 2024) and senti-
ment analysis (SA) (Zhou et al., 2025), respectively.
For the Long Sequence benchmark, this includes
five tasks from the standard CL benchmark (AG
News, Amazon reviews, Yelp reviews, DBpedia
and Yahoo Answers), four from GLUE benchmark
(MNLI, QQP, RTE, SST2), five from SuperGLUE
benchmark (WiC, CB, COPA, MultiRC, BoolQ),
and the IMDB movie reviews dataset (Chu et al.,
2025b; Hu et al., 2025; Kang et al., 2025b).

We report 8 different task orders used for our
experiments in Table 14.

H Implementation Details

All experiments are implemented using PyTorch
and the Transformers library, and conducted on 8
NVIDIA H20 GPUs. We use a learning rate of
3 × 10−4 and a batch size of 8. Each new task
is trained for 10 epochs, and when replay is trig-
gered, previously learned tasks are trained for two
additional epochs.

For LoRA, we set the rank r = 8, scaling fac-
tor α = 32, and dropout rate to 0.05, and apply
LoRA to the q_proj and v_proj modules. During
inference, we use a temperature of 0.02, with top-p
sampling disabled, top-k=1, beam size set to 1, and
a maximum of 128 newly generated tokens.

It is worth noting that we use the same hyperpa-
rameters across different datasets and backbones,
demonstrating the generalizability of our method
without requiring extensive hyperparameter tuning
for each specific setting. And all baselines are eval-
uated using identical model architectures, training
configurations, and memory buffer sizes.

The detailed implementation of FOREVER is
provided in Algorithm 1.
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Dataset name Task Metric

1. task639_multi_woz_user_utterance_generation dialogue generation Rouge-L
2. task1590_diplomacy_text_generation dialogue generation Rouge-L
3. task1729_personachat_generate_next dialogue generation Rouge-L
4. task181_outcome_extraction information extraction Rouge-L
5. task748_glucose_reverse_cause_event_detection information extraction Rouge-L
6. task1510_evalution_relation_extraction information extraction Rouge-L
7. task002_quoref_answer_generation question answering Rouge-L
8. task073_commonsenseqa_answer_generation question answering Rouge-L
9. task591_sciq_answer_generation question answering Rouge-L
10. task511_reddit_tifu_long_text_summarization summarization Rouge-L
11. task1290_xsum_summarization summarization Rouge-L
12. task1572_samsum_summary summarization Rouge-L
13. task363_sst2_polarity_classification sentiment analysis accuracy
14. task875_emotion_classification sentiment analysis accuracy
15. task1687_sentiment140_classification sentiment analysis accuracy

Table 12: The details of 15 datasets in the SuperNI Benchmark (Wang et al., 2022).

Dataset name Category Task Domain Metric

1. Yelp CL Benchmark sentiment analysis Yelp reviews accuracy
2. Amazon CL Benchmark sentiment analysis Amazon reviews accuracy
3. DBpedia CL Benchmark topic classification Wikipedia accuracy
4. Yahoo CL Benchmark topic classification Yahoo Q&A accuracy
5. AG News CL Benchmark topic classification news accuracy
6. MNLI GLUE natural language inference various accuracy
7. QQP GLUE paragraph detection Quora accuracy
8. RTE GLUE natural language inference news, Wikipedia accuracy
9. SST-2 GLUE sentiment analysis movie reviews accuracy
10. WiC SuperGLUE word sense disambiguation lexical databases accuracy
11. CB SuperGLUE natural language inference various accuracy
12. COPA SuperGLUE question and answering blogs, encyclopedia accuracy
13. BoolQA SuperGLUE boolean question and answering Wikipedia accuracy
14. MultiRC SuperGLUE question and answering various accuracy
15. IMDB SuperGLUE sentiment analysis movie reviews accuracy

Table 13: The details of 15 classification datasets in the Long Sequence Benchmark (Razdai et al., 2022). First five
tasks correspond to the standard CL benchmark (Zhang et al., 2015).
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Order Benchmark Task Sequence
1

Standard CL
dbpedia → amazon → yahoo → ag

2 dbpedia → amazon → ag → yahoo
3 yahoo → amazon → ag → dbpedia

4

Long Sequence

mnli → cb → wic → copa → qqp → boolqa → rte → imdb →
yelp → amazon → sst-2 → dbpedia → ag → multirc → yahoo

5
multirc → boolqa → wic → mnli → cb → copa → qqp → rte
→ imdb → sst-2 → dbpedia → ag → yelp → amazon → yahoo

6
yelp → amazon → mnli → cb → copa → qqp → rte → imdb →
sst-2 → dbpedia → ag → yahoo → multirc → boolqa → wic

7

SuperNI

task1572 → task363 → task1290 → task181 → task002 →
task1510 → task639 → task1729 → task073 → task1590 →
task748 → task511 → task591 → task1687 → task875

8
task748 → task073 → task1590 → task639 → task1572 →
task1687 → task591 → task363 → task1510 → task1729 →
task181 → task511 → task002 → task1290 → task875

Table 14: Eight different orders of task sequences used for continual learning experiments. Orders 1-3 correspond
to the standard CL becnhmark adopted by prior works. Orders 4-6 are long-sequence orders spanning 15 tasks, and
orders 7-8 are superni spanning 15 tasks following (Razdaibiedina et al., 2023).

Algorithm 1 FOREVER: FORgEtting curVe-inspired mEmory Replay

Require: Current task dataset Dk; memory bufferM<k; model weights after training on task k − 1,
Θk−1; human replay intervals Dhuman; warm-up length S; EMA coefficient λ; scaling factor γ;
clipping bounds gmin, gmax; base coefficient βbase.

Ensure: Final parameters Θk.
1: Θ⋆ ← Θk−1 # anchor from previous task
2: Initialize τ ← 0, µ← 0, j ← 1
3: # Warm-up calibration
4: Compute {∆t}St=1 on Dk

5: τday ←
∑S

t=1∆t

6: µ0 ← 1
S

∑S
t=1∆t, µ← µ0

7: Dmodel ← {d · τday | d ∈ Dhuman}
8: # Training with scheduled replay
9: while training on Dk do

10: Update Θ on current task data
11: Measure update ∆t; update τ ← τ +∆t

12: Update µ← (1− λ)µ+ λ∆t

13: if j ≤ |Dmodel| and τ ≥ Dmodel[j] and k > 1 then
14: # Replay begin
15: r ← µ/(µ0 + ϵ)
16: s← clip(1 + γ(r − 1), gmin, gmax)
17: β ← βbase · s
18: Optimize replay loss onM for two replay epochs
19: j ← j + 1
20: end if
21: end while
22: # End-of-task consolidation
23: Optimize replay loss onM for one short epoch via Eq. (11)
24: Update memory bufferM<k+1

25: return Θk
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(a) Standard CL Benchmark, task order 1
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(b) Standard CL Benchmark, task order 2
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(c) Standard CL Benchmark, task order 3
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(d) Long Sequence Benchmark, task order 4
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(e) Long Sequence Benchmark, task order 5
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(f) Long Sequence Benchmark, task order 6
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(g) SuperNI Benchmark, task order 7
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(h) SuperNI Benchmark, task order 8

Figure 7: Replay dynamics across datasets and task orders. Each subfigure shows ∆t, accumulated model time
τt, and replay trigger points for one task order, illustrating adaptive replay scheduling based on model-centric time.
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