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ABSTRACT

The training paradigm of large language models has shifted from traditional one-
pass training to multi-epoch training, as reasonable reuse of limited high-quality
data can improve both model performance and sample efficiency. Meanwhile, ex-
cessive repetition introduces the risk of overfitting and diminishing returns. Deter-
mining when and how to reuse data effectively thus emerges as a natural but under-
explored question. Through a novel observation of model’s Memorization Window
signals derived from loss retention dynamics and downstream evaluation scores,
we propose Memorization-guided Data Reuse, a training paradigm that adaptively
determines when and how data should be reused, enabling principled decisions on
the number of training epochs and the scheduling of data replays. Our prelim-
inary experiments reveal a consistent memorization-driven regime: performance
continues to improve with repetition far beyond current practice (e.g., the com-
monly cited four-epoch limit). While a full scheduler remains future work, these
insights provide a foundation for memorization-aware training schedules, helping
to determine reuse budgets and move toward training LLMs smarter rather than
longer with limited high-quality data.

INTRODUCTION

Validation Loss during multi-epoch training
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Figure 1: Epoch size determines the value of repetition. Under memorization-aware data scheduler
(100M Transformer): (a) Validation loss for varying epoch sizes N. Small /V leads to rapid over-
fitting, while larger N tracks the infinite-data baseline. (b) Returns from repetition vs. fresh data.
When spacing is sufficient (e.g., N = 4.0GT), the loss decreases at the same rate as the full dataset
(brown), implying that re-learning forgotten data yields the same marginal gain as injecting new data

Despite most LLMs were trained with a single epoch prior to 2024, recent advances in large language
model (LLM) training rely heavily on multi-epoch training, in which training data are reused across
epochs to improve model performance. This practice is driven by the limited availability of high-
quality (HQ) data as LLMs continue to scale. Many works (Taylor et al., 2022} [Lozhkov et al.
Olmo et al.||2025; Hao et al.| [2025) have explored repetition strategies, typically including the reuse

of high-quality (HQ) data uniformly across epochs.
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Since prior work has explored the effect of data repetition on training (Muennighoff et al.| |2023)),
showing that training with up to four epochs of repeated data yields negligible changes to loss while
further repetition leads to diminishing returns, most existing repetition strategies adopt a relatively
conservative approach. However, we argue that they either rely on fixed heuristics for data reuse
(e.g., globally shuffling multi-epoch data) or ignore the dynamics of model memorization. We
illustrate this dynamic in Figure [Ta] by varying different epoch size, the onset of overfitting is not
fixed but shifts according to the epoch size N, effectively delaying the degradation point.

This leads to open questions about given limited HQ data, how to optimally schedule or reuse them
during training. In practice, training with limited HQ data presents a trade-off: increasing the num-
ber of epochs on the HQ data risks overfitting through excessive repetition, while increasing HQ
proportion with fixed epochs constrains the total training token budget. Addressing this trade-off re-
quires a principled understanding of how memorization develops during training and how it interacts
with data reuse. Regarding the reuse of limited HQ data, Figure[Tb|reveals a striking finding: under
memorization-aware data scheduling, data repetition becomes mathematically equivalent to training
on fresh data in terms of learning efficiency. When the spacing between repetitions is sufficient (e.g.,
N = 4.0 GTD), the validation loss decreases at the same rate as a model trained on fresh, unique
data. This implies that while the absolute performance remains bounded by the limited diversity of
the finite subset (a diversity gap), the marginal utility of a repeated token is fully restored once the
model has forgotten it, i.e., the repetition provides learning signal as if the sample were new.

In this work, we provide preliminary empirical evidence of a Memorization Window in LLM training
and its interaction with training epochs. We observe that repeated exposure to high-quality (HQ) data
initially improves performance but eventually leads to overfitting. By quantifying memorization
through loss retention and downstream evaluation scores, we show that these signals can inform the
design of adaptive training schedules, enabling safe repetition of HQ data beyond the typical four-
epoch limit without incurring overfitting. Our analysis offers actionable insights for memorization-
aware data reuse, laying the foundation for training LLMs smarter rather than longer with limited
high-quality data. The main contributions of this paper are three-fold:

* We hypothesize the existence of a Memorization Window in large language models and
validate it through both explicit and implicit measurements across multiple metrics.

* We demonstrate the correlation between the Memorization Window and the number of
unique training tokens, and present preliminary results showing its impact on model per-
formance and data scheduling strategies.

* We initiate a broader discussion on model memorization and its interaction with other fac-
tors influencing training efficiency, highlighting new research opportunities toward smarter
and more efficient LLM training.

2 RELATED WORK

2.1 MULTI-EPOCH TRAINING WITH DATA REPETITION

From single-epoch training to inevitable reuse. Under the guidance of the Chinchilla scaling
law (Hoffmann et al., 2022)), early LLMs were predominantly trained for a single epoch over the
pretraining corpus. Studies from this period largely cautioned against data reuse, reporting that
repeated tokens could induce memorization and harm generalization (Hernandez et al., [2022} [Lee
et al.l 2022). These findings motivated aggressive deduplication pipelines and the view that unique
tokens should be prioritized over repeated exposure. However, the landscape has shifted as mod-
els continue to scale while the supply of high-quality human-generated data becomes increasingly
limited. The central question has therefore evolved from whether to reuse data to how it should be
reused effectively.

Empirical studies on repetition limits. Several works have begun to examine multi-epoch train-
ing more systematically. The scaling analysis of (Taylor et al.l 2022} |[Muennighoff et al., [2023)
shows that naively repeating data yields diminishing returns beyond roughly four epochs, establish-
ing a widely cited practical limit. Similar observations are reported in (Xue et al., 2023)), which

! Gigatokens (GT) correspond to billion tokens (B); the two notations are used interchangeably in the paper
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highlights the interaction between unique token count, dataset quality, and degradation under token
scarcity. (Parmar et al.,[2024) further demonstrates diminishing marginal gains from continued pre-
training and explores selecting reusable subsets rather than repeating the full corpus. Complemen-
tary theory from (Yan et al., 2025)) suggests that the amount of unique data fundamentally governs
how many repetitions remain beneficial and larger datasets can be repeated more. Recently, Phi-4
(Abdin et al.,|2024) reports gains when training up to 12 epochs on synthetic data, contrasting with
the four-epoch heuristic.

Data curation and controlled duplication. Parallel to these studies, data-centric efforts indicate
that repetition can be beneficial when applied selectively. RefinedWeb (Penedo et al., 2023)) and
FineWeb (Penedo et al.| 2024) show that controlled duplication of curated web sub-sources can
improve performance, and OLMo-3 (Olmo et al., 2025) explicitly caps domain repetition to 4—7
passes. These results suggest that the restriction to single-epoch training is primarily a property of
massive web corpora, and may not apply to carefully curated or high-quality subsets—precisely the
regime where data scarcity is most acute.

2.2 MEMORIZATION IN LARGE LANGUAGE MODELS

Beyond a certain number of repetitions, models tend to memorize training data and overfit, de-
grading generalization. SmolLM?2 (Allal et al., |2025) reports an early plateau when mathematics
data is repeated for around ten epochs, illustrating the tension between capability gains and mem-
orization. Memorization itself has been characterized in multiple ways. (Li et al., [2025) identify
distinct phases of memorization, generalization, and grokking through validation loss dynamics,
while (Zucchet et al.l 2025) shows that repetition can accelerate the emergence of capabilities in
grokking-like regimes. From a distributional perspective, (Wang et al., [2024) defines distributional
memorization as the correlation between model outputs and the pretraining data distribution. An
information-theory view is provided by (Morris et al., 2025)), which distinguishes intended and un-
intended memorization and offers statistical tools to quantify them. Together, these works highlight
that memorization is neither purely harmful nor fully understood, and that existing multi-epoch
strategies lack mechanisms to monitor or exploit memorization signals—motivating our investiga-
tion of memorization-aware data reuse.

3 MEMORIZATION AND THE MEMORIZATION WINDOW

We formally define memorization and the memorization window to characterize when data reuse
remains beneficial during LLM pretraining. Our key insight is that the interval between repeated ex-
posures to the same sample—measured in training tokens—determines whether reuse aids learning
or causes overfitting.

3.1 MEASURING MEMORIZATION

Consider a training corpus Diyain = (%1, 22, ...,T,) processed sequentially. When the model
first encounters sample x; at token position t;, it incurs a certain loss. After continued training on
subsequent data, the loss on x; reveals whether the model retained or forgot this sample.

Definition 3.1 (Loss Retention Gap). Let ¢;(0;,) denote the loss on sample x; when first encountered
at token position t;, and let £;(0,,) denote the loss on x; after T additional tokens of continued
training (excluding x;). The loss retention gap is:

Ai(T) = el(etz) _Ki(ati-lﬂ')a (D
where £;(6) is the per-sample negative log-likelihood:

|z

4;(0) = —W ZInge(l‘i,j | xi,<j)- (2)
K3 J:1

A large A;(7) indicates the model retains information about x; after 7 tokens of continual training;
a small gap indicates forgetting.
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Definition 3.2 (Sample-level Memorization). Sample x; is memorized at horizon Ty if the loss
retention gap remains large:

x; is memorized <= NA;(1) > €, Y7 € (0, Tmax], 3)

where € > 0 is a threshold. Equivalently, x; is memorized if its loss remains significantly lower than
when first encountered, indicating the model still retains the learned information.

3.2 THE MEMORIZATION WINDOW

The memorization window characterizes the token interval over which data reuse remains beneficial.
We define it from two complementary perspectives—retention and generalization—that correspond
to our experimental measurements.

Definition 3.3 (Memorization Window). We define the memorization window from two complemen-
tary perspectives:

(i) Retention-based. The retention window T, is the maximum token interval over which a sample
remains memorized:

Tret = SUp {7 : A(7) > €}, 4)
where A(T) is the loss retention gap (Definition after T tokens of continued training. For
T > Tret, the gap falls below ¢, indicating forgetting.

113 Generalizatign'based. The eneralizatign Window Toen is the trainin hOriZOl’l at Whlch dOWn'
8 IS 8
stream performance peaks:

en — 97’ 5 5
Te arng%g’);] G(0;) (5

where T is the total training budget and G(0.) denotes generalization performance after T tokens
of training. For T > Tgen, continued training leads to overfitting.

(iii) Effective memorization window. The memorization window 7* is the safe reuse interval:

7% = min(Tret, Tgen)- (6)

Intuitively, 7. marks when the model forgets, while 74, marks when overfitting begins. The
effective window 7* is constrained by whichever limit is reached first.

3.3 IMPLICATIONS FOR MULTI-EPOCH TRAINING

We consider two approaches to multi-epoch data scheduling:

Global shuffling (Traditional). The standard approach shuffles all data globally across epochs.
Given a corpus Dy, repeated for E epochs, all £ X |Dtram‘|| samples are randomly permuted
before training. This treats each sample independently, ignoring when it was last seen. The interval
between consecutive exposures to the same sample x; varies randomly from 1 to E X | Dyain | tokens,
providing no control over memorization dynamics.

Spaced repetition (Memorization-aware). We propose scheduling data reuse based on the mem-
orization window. Consider a training corpus Diain = (71,22, ...,2Z,) comprising N tokens,
processed sequentially and repeated over multiple epochs in the same order. Each sample z; is re-
encountered after exactly NV tokens—a fixed, controllable interval. The relationship between epoch
length N and memorization window 7* determines the effectiveness of spaced repetition:

Case 1: N < 7* (Over-memorization risk). Samples are re-exposed before being forgotten.
Since the model still retains information about x;, the repeated exposure provides redundant learning
signal. Continued reuse in this regime risks over-memorization and eventual overfitting.

Case 2: N ~ 7* (Optimal reuse). Samples are re-exposed just as they begin to be forgotten. This
maximizes the utility of each repetition: the model refreshes decaying information precisely when
needed, balancing retention and learning efficiency.

Case 3: N > 7* (Forgetting before reuse). Samples are partially forgotten before re-exposure,
requiring the model to re-learn information about x;. While this regime avoids over-memorization,
its impact on final performance relative to N ~ 7* remains an empirical question.
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Figure 2: (Left) The loss trajectories for the original training without repetitions and for the rollbacks
at the specified checkpoints from 20 to 500 Billion tokens. (Middle and right) Rollback gap A (7)
vs. data age 7 (in Billion tokens).

Epoch budget constraint. Even when N > 77, excessive repetition eventually causes overfitting
due to cumulative over-exposure. We define the safe training regime as:

N>7* and FE < Epax, (7N
where F is the number of epochs and FE,, .« is the maximum epochs before generalization degrades:
FEax = ar max G(0F)), 8)

gEe{lv---vaudget} ( ) (

with () denoting the checkpoint after £ epochs, E},yqget)| the maximum epochs considered and
G(-) the downstream generalization performance.

Summary. Our framework yields a principled criterion for multi-epoch training: the epoch length
N should satisfy N > T* to avoid over-memorization, and the total number of epochs E should
not exceed E. .. Together, these constraints define the safe reuse budget for high-quality data. We
empirically validate these predictions in Section [4]

Remark. Our definition of memorization is functional rather than extractive. Extractive memoriza-
tion (Carlini et al.,|[2022) concerns whether a model can verbatim reproduce training data—a privacy
concern. Functional memorization concerns whether a model retains learned information, measured
by loss stability under continued training. This aligns with our goal of informing data scheduling,
where the key question is whether re-exposure provides learning signal.

4 EXPERIMENTS

We validate the memorization window framework through two experiments: (i) measuring the re-
tention window Ty, via rollback loss, and (ii) measuring the generalization window 7ge,, via down-
stream evaluation. We aim to answer: Do 7. and Teen exist? How does epoch size N affect
performance? What role does LQ data play beyond spacing?

4.1 RETENTION WINDOW

‘We measure the retention window 7.t by evaluating how quickly the model forgets previously seen
data.

Setup. Definition measures forgetting by comparing current loss to the loss when data was
originally trained. In practice, tracking per-sample losses throughout training is computationally
prohibitive. We adopt a simpler rollback protocol to estimate original memorization profile A(r).
Specifically, we fix model checkpoint #;, and compute the loss of this checkpoint on the past and
future tokens relative to checkpoint step ¢. Formally, we compute:

AR(T) = gbase(et) - 6(01‘3 ‘Tt—T)v (9)
where (1,50 (0;) is the estimation of the population loss of checkpoint ; via averaging the loss on a
large enough collection of unseen token. By comparing equation 0] with definition equation [3.1] we
see that AT (1) reasonably approximates A(7) up to slight differences.
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Figure 3: MATHS500 accuracy vs. cumulative HQ tokens. (a) Larger epoch size delays the peak:
orange (N = 0.85B) peaks earliest, green (N = 0.95B ) later, red (N = 1.6B) latest among the
three. (b) Red (N = 1.6B) and purple (N = 3.2B) show similar behavior, both peaking at 100-150B
HQ tokens—indicating saturation beyond 7*. (c) Minimal LQ addition (6%, orange) dramatically
outperforms pure HQ (blue), demonstrating diversity matters beyond spacing.

* We can think of the retention gap A(7) as consisting of two components: the memorization
of sample x; after training for 7 tokens; and overall improvement of model capability from
0y, to 0y, 4, that uniformly decreases the loss on all samples, including x;. Similarly, the
rollback gap A (7) consist of the same memorization and model evolution components,
but the evolution component is different as 7 is varied. Instead of the change in model
capabilities when the loss is measured, rollback gap is potentially affected by a change of
capabilities when the sample x;_, was memorized by the model in the state 6;_ .

* Rollback gap is a noisy estimation of underlying population characteristic due to vari-
ance of per-sample loss values £(6; x) with respect to z. We have already mentioned that
lhase(0:) is a noisy estimation of population loss. Likewise, £(0;; x;—,) can be treated as
a stochastic process with respect to 7, and we want to access the mean of this process.
This can be done via smoothing, but choosing the smoothing window presents the classical
bias-variance tradeoff.

Results. We train a 100M model on Fineweb (Penedo et al., [2024) without repetitions, and then
perform rollbacks at different positions during training. The training is done over S00GT with
constant learning rate and the other optimization hyperparameters. The results are depicted on figure
2l We make two observations:

* The rollback gap A%(7) peaks at around 7 = 0.15GT, and then quickly decays to 0. While
we don’t fix the threshold e at this moment, we see that the gap decays substantially between
1 and 5 billion tokens, putting the retention window in the range 7t € (1GT, 5GT).

* Perhaps counterintuitively, the rollbacks trajectories fully overlap even though the respec-
tive checkpoints span large range of training stage from 20 to 500 GT. From this obser-
vation, we cautiously conclude that the degree of memorization of individual tokens in
independent from model capabilities if model architecture and optimizer hyperparameter
are fixed.

4.2 GENERALIZATION WINDOW

Setup. We train a 100M parameter decoder-only Transformer from scratch. We use Open-
Mathlnstruct2 (Toshniwal et al [2024) as high-quality (HQ) data (samping 0.8B unique
tokens) and FineWeb (Penedo et al. [2024) as low-quality (LQ) data. We vary epoch size
N € {0.8,0.85,0.95,1.6,3.2}B tokens by mixing HQ with different amounts of LQ data while
keeping unique HQ tokens fixed. We evaluate on MATHS500 (Lightman et al.l 2023) and report
accuracy vs. cumulative HQ tokens.

We present results in three parts: (i) the effect of epoch size on peak location, (ii) saturation beyond
the generalization window, and (iii) the role of LQ data diversity.
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Table 1: Memorization window estimates from experiments.

Parameter Estimate Evidence

Tret|| 1B - 5B tokens Retention loss (Fig
Optimal N* ~ 0.95B tokens Highest peak (Fig. [3a)
Saturation threshold > 1.6B tokens Red ~ Purple (Fig. ﬂii
Tgen 100-150B tokens HQ tokens  Peak location

Emax 125-190 epochs Tgen/0.8B tokens

Epoch size determines peak location. Figure [3a compares configurations with N €
{0.85,0.95,1.6}B tokens (orange, green, red). All exhibit rise-then-fall patterns, confirming 7gen
exists. Larger epoch sizes delay the peak: orange peaks at ~30 epochs, green at ~125 epochs, and
red at ~175 epochs. This validates our framework—larger IV provides more spacing between HQ
re-exposures, allowing the model to train longer before over-memorization.

Saturation beyond the memorization window. Figure [3b|compares red (N = 1.6B tokens) and
purple (N = 3.2B tokens). Despite a 2x difference in epoch size, both curves exhibit remarkably
similar behavior—peaking at 100-150B tokens cumulative HQ tokens with comparable accuracy.
This suggests saturation: once N exceeds 7", further increases provide no additional benefit. The
model already has sufficient spacing to avoid over-memorization; the limiting factor becomes the
data mixture or the forgetting between exposures rather than reuse interval.

LQ diversity is essential. Figure [3c|compares pure HQ (blue, N = 0.8B tokens) with minimal LQ
mixing (orange, N = 0.85B tokens, 6% FineWeb). Despite nearly identical epoch sizes, orange dra-
matically outperforms blue. This gap cannot be explained by spacing alone—the 0.05B difference is
negligible. FineWeb provides distribution diversity that regularizes learning, preventing overfitting
to the narrow HQ distribution. This extends our framework:

Saferegime: N > 7, E < En.x, pLq > 0. (10)

Table 1| summarizes our estimates from both experiments.

Limitations. Our study has several limitations. First, we evaluate one domain (math), one model
scale (100M), one HQ budget (0.8B tokens), and one LQ source (FineWeb)—the memorization
window likely varies across these factors. Second, identifying the optimal N* by the highest peak
is not fully rigorous: benchmark performance depends not only on memorization dynamics but also
on the data mixture itself. For instance, smaller N configurations (e.g., green) have higher HQ
ratios than larger N configurations (e.g., red, purple), confounding the comparison. Disentangling
these effects requires further investigation. Finally, some configurations (e.g., N = 0.85B) exhibit
secondary performance rises after extended training, potentially related to grokking (Li et al.,2025);
we focus on the first peak and leave multi-phase dynamics to future work.

5 DISCUSSIONS AND PERSPECTIVES

Our work introduces the memorization window as a framework for understanding data reuse in
LLM training. While our experiments provide initial validation, they also open numerous research
directions. We discuss the broader implications and outline key questions for future investigation.

5.1 IMPLICATIONS FOR DATA SCHEDULING

Beyond global shuffling. Current multi-epoch training practices typically shuffle data globally
across epochs, treating all samples uniformly regardless of when they were last seen (Muennighoff]
et al., [2023). Our framework suggests a more principled approach: schedule data reuse based on
the memorization window. Rather than random shuffling, samples should be re-exposed when they
approach the forgetting boundary (7 ~ 7*), maximizing the learning signal from each repetition.

Deterministic data loading. Recent work on deterministic data loading (Zuo et al.,[2025) demon-
strates the benefits of sequential sample processing: reproducible training, flexible checkpointing,
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and dynamic mixture updates. Our framework complements this approach by providing a principled
criterion for when to revisit data sources. Specifically, if a data source has epoch size N < 7%,
the scheduler should interleave other data to increase the effective reuse interval, preventing over-
memorization.

Adaptive scheduling. An exciting direction is memorization-aware adaptive scheduling: moni-
toring rollback loss during training and dynamically adjusting data replay based on per-sample or
per-source memorization signals. Samples approaching the forgetting boundary could be prioritized
for re-exposure, while well-memorized samples could be delayed. This would enable efficient use
of limited high-quality data without manual tuning of epoch sizes.

5.2 SCALING PROPERTIES OF THE MEMORIZATION WINDOW

A central open question is how the memorization window scales with model and data characteristics.

Model size. Larger models have greater capacity to retain information. We hypothesize that 7.
increases with model size—larger models forget more slowly. Counterintuitively, this implies that
larger models are more susceptible to over-memorization: since they retain information longer, re-
peated exposure within the same interval provides redundant signal. To avoid overfitting, larger
models may require larger epoch sizes N (more spacing between repetitions) or fewer total epochs
E. Conversely, smaller models forget faster and may tolerate more frequent data reuse without
over-memorization. This has practical implications: scaling up model size may necessitate scaling
up unique data or extending reuse intervals accordingly.

Model architecture. Different architectures may exhibit different memorization dynamics. Depth
versus width could affect how information is stored and forgotten—deeper models may retain more
through compositional representations (Zuo et al., [2025)). Across architecture families, standard
Transformers, linear attention models, state-space models (e.g., Mamba (Gu & Dao, [2024)), and
hybrid architectures (Qwen Team) likely have distinct retention properties due to their different
mechanisms for information routing. Models with explicit memory or retrieval-augmented mecha-
nisms (Huang et al 2024; |Cheng et al., 2026) may further decouple memorization from weights.
Comparing 7, across architectures could reveal which designs are most efficient for learning from
limited data.

Training stage. Our experiments show consistent 7, across early (5B tokens) and late (500B
tokens) training. However, one might expect the memorization window to expand as training pro-
gresses—more capable models may retain information longer. If confirmed, the optimal epoch size
N* should increase during training: early stages could tolerate frequent reuse, while later stages
require more spacing. This connects to adaptive scheduling—dynamically adjusting N based on the
evolving memorization window rather than using a fixed schedule throughout training.

5.3 DATA-DEPENDENT MEMORIZATION

The memorization window likely varies across data characteristics and sources, with implications
for scheduling in complex training setups.

Data complexity and domain. Not all data is equally memorable. High-entropy, complex sam-
ples (e.g., diverse reasoning chains) may be harder to memorize than low-entropy, repetitive patterns
(e.g., templated text), suggesting complex data may need more frequent re-exposure. Similarly, dif-
ferent domains (code, natural language, scientific text) likely exhibit different memorization patterns
due to varying structure and redundancy. We evaluate only mathematical reasoning; characterizing
domain-specific memorization windows is an important direction. This suggests that the memoriza-
tion window is an inherent property of an LLM-data pair, not just the model alone.

Complex data mixtures. Real-world pretraining involves mixtures of diverse data sources, each

potentially with its own Tfft) and Téfl)l. Optimal scheduling would respect these heterogeneous win-

dows rather than applying a uniform epoch size. Furthermore, training on one source may affect
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retention of another—sources sharing common patterns, tokens, or skills may interfere or reinforce
each other’s memorization. Since sources also contribute differently to downstream performance,
integrating memorization windows with data contribution estimation could enable mixture strategies
that balance retention, interference, and contribution weighting.

5.4 CONNECTION TO GROKKING

Our experiments reveal secondary performance rises after initial decline—a pattern reminiscent of
grokking (Li et al., 2025)), where models suddenly generalize long after memorizing training data.
This raises intriguing questions:

Grokking as delayed generalization beyond the memorization window. The initial perfor-
mance peak may correspond to the memorization window boundary, while the secondary rise re-
flects a distinct learning phase where the model discovers generalizable patterns. Understanding
this multi-phase dynamics could enable training strategies that intentionally push through the initial
overfitting regime to reach grokking.

Data repetition and grokking. Recent work suggests repetition can accelerate grokking (Zuc-
chet et al., [2025). Our framework provides a lens to study this: does grokking require pushing
past Tgen With continued exposure? Characterizing the relationship between memorization window,
repetition, and grokking could yield new training paradigms.

5.5 BROADER IMPLICATIONS

Hyperparameter interactions. Training hyperparameters may influence memorization dynam-
ics. Higher learning rates could accelerate both learning and forgetting, potentially shrinking the
memorization window. Batch size and optimizer choice may also affect how sharply the model
memorizes individual samples. However, these interactions remain speculative without controlled
experiments. We use fixed hyperparameters throughout our study; systematically investigating their
effect on 7,¢¢ and T4y, is an avenue for future work.

Efficient use of limited high-quality data. As high-quality human-generated data becomes in-
creasingly scarce, efficient data reuse becomes critical. Current practice often extends training
duration with repeated data, hoping more exposure improves performance—but this risks over-
memorization and wasted compute. The memorization window framework provides a principled al-
ternative: rather than training longer with blind repetition, we can train smarter by timing data reuse
to maximize learning signal. This means reusing data when the model begins to forget (N ~ 77),
stopping before overfitting (E' < E\,.x), and allocating compute to samples that still provide learn-
ing signal rather than those already memorized.

Curriculum learning. The memorization window connects to curriculum learning (Bengio et al.,
2009)). Traditional curriculum learning orders samples by difficulty—easy to hard. Our framework
suggests an alternative: order by memorization dynamics, presenting samples when they approach
forgetting rather than when freshly memorized. This forgetting-aware curriculum could comple-
ment existing approaches. Notably, recent pretraining practices (Zuo et al.|[2025; Team et al., [2025)
have moved away from staged curricula toward uniform data mixtures throughout pretraining; our
framework provides a principled basis for revisiting data scheduling strategies.

Continual learning. The retention window T directly relates to catastrophic forgetting in con-
tinual learning (Parmar et al., |2024). When learning new tasks sequentially, models forget previous
knowledge—the same phenomenon our rollback loss measures. Our framework could inform re-
play buffer strategies: rather than replaying old data at fixed intervals or random sampling, replay
could be timed based on 7, |—Trevisiting data as it approaches the forgetting boundary, preventing
forgetting without over-rehearsal.
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6 CONCLUSION

We introduce the Memorization Window framework to characterize when data reuse remains ben-
eficial during LLM pretraining. Through the loss retention gap, we formally define sample-level
memorization and derived two complementary windows: the retention window 7,..¢ (When forgetting
begins) and the generalization window T4, (When overfitting begins). The effective memorization
window 7* = min(7ye, Tgen) provides a principled criterion for data reuse.

Our experiments on a 100M parameter Transformer validated the framework: larger epoch sizes de-
lay overfitting, excessive spacing yields diminishing returns, and low-quality data provides essential
diversity beyond temporal spacing. These findings yield practical guidelines for multi-epoch train-
ing—reuse data at intervals N > 7* and stop before F,,,x epochs—enabling practitioners to train
LLMs smarter rather than longer with limited high-quality data.

Limitations remain: we evaluate one domain (mathematical reasoning), one model scale (100M),
and limited data configurations. More comprehensive studies are needed, e.g., investigating scaling
laws across model sizes, diverse domains, data mixtures, and hyperparameter interactions. Addi-
tionally, developing efficient online methods to estimate 7* during training would enable practical
adoption. We hope this framework stimulates further research toward principled data reuse in LLM
pretraining.
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