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ABSTRACT

Replay-based continual learning for large language models requires deciding
when to revisit past examples. Recent work has shown that model-centric schedul-
ing, which triggers replay based on accumulated parameter updates, outperforms
fixed step-based approaches. However, parameter-space metrics may not di-
rectly reflect the behavioral changes that constitute forgetting. We propose KL-
Time Replay, which monitors function-space drift by computing KL divergence
between current and reference predictions on fixed anchor sets from previous
tasks. When cumulative drift exceeds thresholds calibrated to an Ebbinghaus-
inspired schedule, replay is triggered. On a 5-task text classification benchmark,
KL-Time achieves comparable performance to FOREVER’s parameter-space ap-
proach (OP 0.704 vs 0.708) while producing substantively different scheduling
decisions (14.24% trigger divergence). Our analysis reveals that while KL drift
and parameter update norms are highly correlated within tasks (>0.97), they di-
verge at task boundaries, establishing function-space drift as a viable alternative
signal for replay scheduling.
WARNING: This paper was generated by an automated research system. The code
is publicly available.1

1 INTRODUCTION

Large language models (LLMs) must continually adapt to new tasks and domains while retaining
previously acquired knowledge. This challenge of continual learning has motivated extensive re-
search into methods that prevent catastrophic forgetting (Kirkpatrick et al., 2016), where training on
new data degrades performance on earlier tasks. Among the most effective approaches, experience
replay periodically revisits stored examples from previous tasks (Rolnick et al., 2018; Lopez-Paz
& Ranzato, 2017), with recent work demonstrating that when to replay matters as much as what to
replay (Shi et al., 2024).

FOREVER (Feng et al., 2026) introduced model-centric replay scheduling, which triggers replay
based on accumulated parameter update norms rather than fixed training step intervals. This ap-
proach draws inspiration from Ebbinghaus forgetting curves, scheduling replay at increasing inter-
vals as measured in “model time” rather than wall-clock time. However, parameter-space metrics
may not directly reflect the behavioral changes that constitute forgetting: large parameter updates
can occur in directions irrelevant to past-task behavior, while small changes in sensitive directions
can cause substantial output drift.

We propose KL-Time Replay, which replaces parameter-space drift with function-space drift for
replay scheduling. Our method monitors how the model’s predictions change on fixed anchor sets
sampled from previous tasks, using KL divergence to quantify behavioral drift. When cumulative
drift exceeds a threshold calibrated to an Ebbinghaus schedule, replay is triggered. This provides a
more direct measure of when the model’s behavior on past tasks is changing, potentially offering a
more principled signal for replay scheduling.

Our contributions are as follows:

1https://gitlab.com/fars-a/kl-drift-replay-scheduling
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• We propose KL-Time Replay, a function-space approach to replay scheduling that monitors
behavioral drift via KL divergence on anchor sets, replacing parameter-space metrics with
a more direct measure of output changes.

• We demonstrate that KL-Time achieves comparable performance to FOREVER (OP 0.704
vs 0.708) on a 5-task text classification benchmark while using a fundamentally different
drift signal.

• We provide analysis showing that KL drift and parameter update norms produce substan-
tively different scheduling decisions (14.24% trigger divergence), despite high within-task
correlation (>0.97), revealing that the signals diverge at task boundaries.

2 RELATED WORK

Continual learning methods for neural networks are typically categorized into three families:
regularization-based, replay-based, and architecture-based approaches (Shi et al., 2024). Regu-
larization methods constrain parameter updates to preserve knowledge of previous tasks. Elastic
Weight Consolidation (Kirkpatrick et al., 2016) penalizes changes to parameters deemed important
for prior tasks based on Fisher information, while Learning without Forgetting (Li & Hoiem, 2016)
uses knowledge distillation to maintain output consistency. Architecture-based methods reduce in-
terference by isolating parameters across tasks, including approaches such as PackNet (Mallya &
Lazebnik, 2017) that prune and freeze network portions, Progressive Prompts (Razdaibiedina et al.,
2023) that learn task-specific prompts, and O-LoRA (Wang et al., 2023) that constrains updates to
orthogonal subspaces.

Replay-based methods store and revisit examples from previous tasks during training on new tasks.
Experience Replay (Rolnick et al., 2018) demonstrated that interleaving stored examples with cur-
rent training effectively mitigates forgetting. Subsequent work has focused on improving sample
selection: iCaRL (Rebuffi et al., 2016) maintains class-representative exemplars, GEM (Lopez-Paz
& Ranzato, 2017) constrains gradients using episodic memory, MIR (Aljundi et al., 2019) selects
samples expected to be most interfered by current updates, and DER++ (Buzzega et al., 2020) aug-
ments replay with knowledge distillation. For LLMs, SuRe (Hazard et al., 2025) prioritizes replay
samples based on surprise (high negative log-likelihood) and employs a fast/slow LoRA consolida-
tion scheme.

Beyond sample selection, replay scheduling—determining when to replay—significantly impacts
continual learning performance. Step-based schedules trigger replay at fixed training intervals,
while loss-based approaches monitor validation performance. Klasson et al. (2022) learn replay
schedules via reinforcement learning using validation accuracies as feedback. FOREVER (Feng
et al., 2026) introduced model-centric time based on accumulated parameter update norms, aligning
an Ebbinghaus-inspired spaced repetition schedule to the model’s learning dynamics rather than raw
training steps. This parameter-space signal improved over step-based baselines on LLM continual
learning benchmarks.

Function-space methods provide an alternative perspective by focusing on model outputs rather
than parameters. FROMP (Pan et al., 2020) regularizes predictions on memorable past examples to
preserve functional behavior, while Anchored SFT (Zhu et al., 2025) uses forward-KL anchoring
to stabilize supervised fine-tuning. These approaches use function-space signals for regularization
rather than scheduling. Our work bridges this gap by using function-space KL divergence as a
replay trigger signal, replacing FOREVER’s parameter-space metric with a behavioral drift measure
computed on anchor sets from previous tasks.

3 METHOD

3.1 PROBLEM FORMULATION

We consider continual learning over a sequence of K tasks T1, T2, . . . , TK , where each task Tk con-
sists of a training dataset Dk = {(xi, yi)}Nk

i=1. The model with parameters θ is trained sequentially
on each task, with the goal of maintaining performance on all previously learned tasks while adapt-
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ing to new ones. We employ LoRA (Hu et al., 2021) for parameter-efficient fine-tuning, where only
low-rank adapter matrices are updated while the base model remains frozen.

To mitigate catastrophic forgetting, we maintain a memory buffer M =
⋃k−1

i=1 Mi containing a
small subset of examples from each previous task. Replay-based continual learning periodically
trains on samples from M during learning of the current task. The central question is when to
trigger these replay events—the replay scheduling problem.

3.2 FROM PARAMETER-SPACE TO FUNCTION-SPACE DRIFT

FOREVER (Feng et al., 2026) addresses replay scheduling by defining a “model-centric time” τt
based on accumulated parameter update norms: τt =

∑t
s=1 ∥∆θs∥2, where ∆θs denotes the param-

eter change at training step s. This parameter-space signal is then used to trigger replay according
to an Ebbinghaus-inspired spaced repetition schedule.

However, catastrophic forgetting is fundamentally a behavioral phenomenon: the model’s outputs
on previous tasks drift from their learned values. Parameter-space distance can be a noisy proxy
for this behavioral drift because large parameter motion may occur in directions irrelevant to past-
task behavior, while small parameter changes in sensitive directions can cause substantial output
changes. This motivates measuring drift directly in function space.

We propose KL-Time Replay, which replaces the parameter-space signal τt with a function-space
drift signal Dt computed on anchor examples from previous tasks. The key insight is that monitoring
how the model’s predictions change on past-task examples provides a more direct measure of when
replay is needed to prevent forgetting.

3.3 ANCHOR SET CONSTRUCTION

At the start of training on task k, we construct an anchor set Ak by sampling a fixed number of
examples from each memory buffer Mi for i < k. The anchor set is capped at a maximum size
(256 examples in our experiments) and constructed deterministically given the random seed and
memory buffers. Importantly, Ak remains fixed throughout training on task k, providing a stable
reference for drift measurement.

3.4 LABEL-SPACE KL DIVERGENCE

For text classification tasks where each task Ti has a known label set Yi of size Ci, we define the
model’s predictive distribution over labels for an input x as:

qθ(y|x) ∝ exp (log pθ(verbalize(y)|prompt(x))) , y ∈ Yi (1)
where verbalize(y) converts the label to its text representation and prompt(x) formats the input as
an instruction. This yields a Ci-way distribution without requiring full-vocabulary KL computation.

We define the drift at training step t as the mean KL divergence between current and reference
predictions on the anchor set:

Dt =
1

|Ak|
∑
x∈Ak

KL (qθt(·|x) ∥ qθref(·|x)) (2)

where θref is a frozen snapshot of the model parameters at the start of task k.

3.5 REPLAY SCHEDULING WITH DRIFT THRESHOLDS

Following FOREVER, we adopt an Ebbinghaus-inspired schedule Dhuman = {1, 2, 4, 7, 15, 30, . . .}
representing increasing “virtual days since learning.” We calibrate a “drift day” by measuring drift
early in training: Dday = Dt=S , where S is a warm-up window (24 steps). Drift thresholds are then
defined as DKL = {d ·Dday | d ∈ Dhuman}.

To ensure fair comparison with FOREVER, we scale thresholds by a factor ρ calibrated to match
total replay compute within ±10%. Replay triggers when Dt ≥ ρ · DKL[j] for the next threshold
index j. At each replay event, we train on the memory buffer for a fixed number of epochs. Figure 1
illustrates the overall KL-Time Replay pipeline.
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Figure 1: Overview of KL-Time Replay. The method monitors function-space drift by computing
KL divergence between current and reference predictions on fixed anchor sets. When cumulative
drift exceeds a threshold ρ, replay is triggered from the memory buffer. This replaces FOREVER’s
parameter-space “model time” (τ ) with a function-space signal (Dt).

4 EXPERIMENTS

4.1 EXPERIMENTAL SETUP

We evaluate KL-Time Replay on the Standard CL benchmark (Zhang et al., 2015), a 5-task text
classification sequence: AG News → Amazon Reviews → Yelp Reviews → DBpedia → Yahoo
Answers. Following FOREVER (Feng et al., 2026), we sample 1000 training instances per task and
reserve 500 evaluation instances per class. The memory buffer stores 2% of each task’s training
data.

We use Qwen3-0.6B (Yang et al., 2025) as the base model with LoRA (Hu et al., 2021) adaptation
(rank r = 8, α = 32, dropout 0.05) applied to attention query and value projections. Training uses
learning rate 3 × 10−4, batch size 8, and 10 epochs per task. Replay events train on the memory
buffer for 2 epochs. Results are averaged over 9 runs (3 seeds × 3 task orders).

We compare against three baselines: (1) SeqFT: sequential fine-tuning without replay; (2) VBM:
step-based Ebbinghaus replay using fixed training step intervals; and (3) FOREVER: τ -based
model-centric time replay using parameter update norms. We report Overall Performance (OP),
the average final accuracy across all tasks, and Backward Transfer (BWT), measuring forgetting (0
indicates no forgetting).

4.2 MAIN RESULTS

Table 1 presents the main results. KL-Time achieves an OP of 0.704, comparable to FOREVER’s
0.708 (within one standard deviation). Both model-centric approaches substantially outperform the
step-based VBM baseline (0.683), demonstrating the value of adaptive replay scheduling. All re-
play methods achieve near-zero BWT, indicating minimal catastrophic forgetting with Ebbinghaus-
inspired scheduling. KL-Time uses slightly more replay events (29.9 vs 27.2) but maintains com-
pute parity with FOREVER (ratio = 1.10, within the 10% tolerance). These results demonstrate that
function-space drift provides a viable alternative signal for replay scheduling, achieving comparable
performance to parameter-space metrics.
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Table 1: Main results on 5-task Standard CL benchmark. Best in bold, second-best underlined. All
methods use Qwen3-0.6B with LoRA. Results averaged over 9 runs (3 seeds × 3 task orders). KL-
Time achieves comparable performance to FOREVER while using a fundamentally different drift
signal.

Method OP (↑) BWT (↑) Replay Events

SeqFT 0.686±0.021 −0.0003±0.0005 –
VBM 0.683±0.025 0.0000±0.0001 28.0
FOREVER 0.708±0.014 0.0001±0.0003 27.2±0.9
KL-Time (Ours) 0.704±0.015 0.0002±0.0003 29.9±2.7

Figure 2: Correlation analysis between KL drift (Dt) and parameter update norm (τt). (a) Within-
task Pearson correlations are consistently high (>0.97) across all four tasks, indicating both signals
track similar local dynamics. (b) Full-trajectory correlations are moderate (Pearson = 0.46, Spear-
man = 0.58), demonstrating that the signals diverge at task boundaries.

4.3 SIGNAL ANALYSIS

To understand the relationship between KL drift (Dt) and parameter update norm (τt), we analyze
their correlation patterns across training. Figure 2 shows that within-task Pearson correlations are
consistently high (>0.97) across all four tasks, indicating both signals track similar local dynamics
during task training. However, full-trajectory correlations are moderate (Pearson = 0.46, Spearman
= 0.58), revealing that the signals diverge at task boundaries where they accumulate at different
rates.

This divergence manifests in different replay scheduling decisions. Figure 3 shows the Phase-0 gate
analysis: trigger divergence between KL-Time and FOREVER on early tasks (tasks 1–2) averages
14.24%±3.24%, exceeding the 10% threshold required to demonstrate meaningful signal difference.
Seven of nine runs individually pass this threshold, confirming that KL-Time and FOREVER pro-
duce substantively different scheduling decisions despite achieving comparable final performance.

4.4 ABLATION STUDY: ANCHOR SELECTION

We investigate the impact of anchor set construction by comparing two strategies: (1) Past-Task
Anchors, which samples from previously learned tasks in the memory buffer (our default), and (2)
Current-Task Anchors, which samples from the current task’s training data.

Table 2 reveals an interesting finding: current-task anchors achieve slightly higher OP (0.713 vs
0.704) while requiring substantially fewer replay events (18.7 vs 29.9, a 37% reduction). This sug-
gests that monitoring function-space drift on current-task data provides a more efficient signal for
replay scheduling. The current-task anchors directly measure how the model’s predictions on the
task being learned are changing, which may better capture when consolidation through replay is ben-
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Figure 3: Phase-0 gate analysis: trigger divergence between KL-Time and FOREVER across 9
experimental runs. Mean divergence on tasks 1–2 is 14.24%±3.24%, exceeding the 10% threshold
(dashed red line). Green bars indicate runs passing the threshold; red bars indicate runs below
threshold.

Table 2: Ablation study on anchor selection strategy. Current-task anchors achieve slightly higher
OP with substantially fewer replay events, suggesting that monitoring drift on current-task data
provides a more efficient signal.

Anchor Strategy OP (↑) BWT (↑) Replay Events

Past-Task Anchors 0.704±0.015 0.0002±0.0003 29.9±2.7
Current-Task Anchors 0.713±0.014 0.0001±0.0002 18.7±1.6

eficial. Both strategies achieve near-zero BWT, confirming that the Ebbinghaus-inspired scheduling
framework effectively prevents catastrophic forgetting regardless of anchor selection.

5 CONCLUSION

We introduced KL-Time Replay, a function-space approach to replay scheduling that monitors
behavioral drift via KL divergence on anchor sets. Our experiments demonstrate that KL-Time
achieves comparable performance to FOREVER’s parameter-space approach (OP 0.704 vs 0.708)
while producing substantively different scheduling decisions (14.24% trigger divergence). This es-
tablishes function-space drift as a viable alternative signal for replay scheduling in LLM continual
learning. Future work could explore other function-space signals beyond KL divergence, evaluate
on longer task sequences, and investigate combining function-space monitoring with other continual
learning techniques.
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