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Abstract

Memorization is a fundamental component of
intelligence for both humans and LLMs. How-
ever, while LLM performance scales rapidly,
our understanding of memorization lags be-
hind. Due to limited access to the pre-training
data of LLMs, most previous studies focus
on a single model series, leading to isolated
observations across series and making it un-
clear which findings are general and which are
model-specific. In this study, we collect mul-
tiple model series (Pythia, OpenLLaMA, Star-
Coder, OLMo1/2/3) and analyze their shared or
unique memorization behavior at both the sta-
tistical and internal levels, connecting individ-
ual observations while showing new findings.
At the statistical level, we reveal that the mem-
orization rate scales log-linearly with model
size, and memorized sequences can be further
compressed. Further analysis demonstrated a
shared frequency and domain distribution pat-
tern for memorized sequences. However, differ-
ent models also show individual features under
the above observations. At the internal level,
we find that LLMs can remove certain injected
perturbations, while memorized sequences are
more sensitive. By decoding the middle layers
and ablating attention heads, we reveal the gen-
eral decoding process and the important heads
that are shared for memorization. However,
the distribution of those important heads differs
across families, showing a unique family-level
feature. By bridging various experiments and
revealing new findings, this study paves the way
for a universal and fundamental understanding
of memorization in LLMs.

1 Introduction

Large Language Models (LLMs) have shown un-
precedented performance and have revolutionized
the field of Natural Language Processing in re-
cent years (OpenAI, 2025; Anthropic, 2025). The
progress in improving model structure (Zhang et al.,
2025), training algorithms (Guo et al., 2025), and

data (Zhou et al., 2025) is remarkable, but our un-
derstanding of LLMs has not kept pace.

While many aspects of LLMs (Yu et al., 2025;
Lee et al., 2024) have been analyzed, one of the
mechanisms that is still not well understood is
Memorization (Carlini et al., 2021; Hartmann et al.,
2023; Xiong et al., 2025), i.e., LLMs can regurgi-
tate content from their pre-training corpora. This
special behavior could turn LLMs either into a
knowledge base (Yang et al., 2025) or into a source
of privacy and copyright risks (Chen et al., 2025).
Although memorization is a key element of intel-
ligence, our understanding of it is limited, since
studying it requires access to training data, which
largely restricts the set of usable models. Previous
research usually focuses on a sandbox model or a
single model series (Carlini et al., 2021; Chen et al.,
2024; Changalidis and Härmä, 2025), leading to
isolated conclusions.

This study aims to bridge this gap while reveal-
ing new findings by studying models with known
pre-training data. This includes six families (Pythia,
StarCoder, OpenLLaMA, OLMo1, OLMo2, and
OLMo3), for a total of 20 models, ranging from 1b
to 32b, whose pre-training sizes span from billions
to trillions of tokens. By collecting sequences from
various domains in each family, we compute the
memorization score (Carlini et al., 2021) for each
example across model sizes. We then compara-
tively analyze these examples at both the statistical
and internal levels, aiming to connect the obser-
vations from individual models while discovering
new findings. At the statistical level, we analyze
the statistics of the collected scores. We first study
how the memorization rate relates to model and
data size, together with experiments showing the
distribution of memorization scores over all exam-
ples and the minimum number of tokens required
to recall the same memorized sequence. We also
discuss the distribution of memorized sequences
across different domains and token frequencies. At
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the internal level, we inject noise into the model
to analyze whether memorized sequences rely on
specific patterns. To understand the emergence of
memorized tokens, we also decode those memo-
rized sequences in the middle layers. Finally, to
determine whether a memorization-specific pattern
exists, we analyze the importance of each head
by observing how the generated sequences diverge
from the memorized ones when a specific head is
ablated. Our results show:
• Statistical Level:

– Cross-Model Commonalities: The memoriza-
tion rate generally scales log-linearly with param-
eter size. Memorized sequences can be elicited
by shorter prompts (even less than half of the
original context), indicating high compressibility.
Additionally, most models share a similar token-
frequency threshold for memorization, with a
lower threshold in larger models. At the domain
level, memorized sequences are mainly struc-
tured text (e.g., code), but scaling model size
shifts memorization toward free text.
– Model-Specific Signatures: Stronger model ca-
pacity does not indicate a higher memorization
rate. Instead, we observe up to a 100× diver-
gence in memorization rates across different fam-
ilies (e.g., StarCoder vs. OLMo1).

• Internal Level:
– Cross-Model Commonalities: Under noise per-
turbation of the residual stream, LLMs show ro-
bustness that could correct part of the injected
noise, while the memorized sequences are less
robust to the injected noise. Using attention abla-
tion, we find that memorization-important heads
overlap heavily within domains, and that a small
subset of heads is important for most domains.
– Model-Specific Signatures: While memoriza-
tion important heads exist, their layer-wise dis-
tribution is distinct. This distribution is signifi-
cantly consistent within a model family, but di-
verges across different families, which is shaped
by the individual training recipe of each family.

2 Related Work

2.1 Memorization in LLMs

There exist multiple definitions of memorization.
The strictest one is verbatim memorization (Carlini
et al., 2021), under which a sequence is considered
memorized if an LLM can generate exactly the
same sequence given a prefix of this sequence. Fol-
lowing this definition, Ippolito et al. (2023) defined

memorization based on the text similarity between
generated sequences and the actual sequences in
the pre-training corpora. Further, Schwarzschild
et al. (2024) defined memorization through com-
pression, i.e., the least number of sequences that
could elicit the maximum number of memorized se-
quences. However, unlike verbatim memorization,
these definitions require the implementation of a
text similarity measure or a threshold, which makes
the results depend on manually chosen parameters.

Besides generation-based memorization, coun-
terfactual memorization (Zhang et al., 2023) mea-
sures how much a model’s prediction on a sequence
would change if that sequence had been excluded
from training. However, this method requires build-
ing a counterfactual model that has not seen a par-
ticular sequence, making it infeasible at LLM scale.
Additionally, some research has also examined the
concepts learned by LLMs (Templeton et al., 2026)
to describe a higher-level, semantic abstraction of
memorization. However, this direction is hard to
evaluate at a large scale.

In this study, we choose the strictest definition,
verbatim memorization, as it is unaffected by any
threshold value, executable under a realistic budget,
and easy to judge.

2.2 Statistical Analysis of Memorization
One direction concerns research on texts of inter-
est. Lukas et al. (2023) identified memorized per-
sonal information in LLM output. In the area of
copyright, Cooper et al. (2026) have found that
LLMs can generate novels with iterative prompt-
ing, and recent research shows that the difficulty
of extraction relates to book popularity (Ma et al.,
2025). Additionally, some research focuses on fac-
tual knowledge (Lu et al., 2024) or financial doc-
uments(Takahashi and Ishihara, 2025), revealing
memorization behavior in specific domains.

Another line of research discussed general mem-
orization behavior. Tirumala et al. (2022) analyzed
memorization with a sandbox LLM, showing that
larger models memorize sequences more easily.
Following it, Carlini et al. (2023) studied the pre-
trained GPT-Neo (Black et al., 2021) models, re-
vealing that the number of memorized sequences
is related to model capacity, prompt size, and
the repetitions in the pre-training corpora. Chen
et al. (2024) showed that memorized sequences are
shared across model sizes, and the token frequency
gap between input and output is vital for generating
memorized sequences. To analyze memorization
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beyond fixed input, Schwarzschild et al. (2024) de-
veloped the compression ratio, i.e., the maximum
number of sequences that a sequence of a certain
length can recall. Hayes et al. (2025) studied mem-
orized sequences under different sampling strate-
gies and suggested that the actual memorization
may be greater than what has been observed.

2.3 Internal Memorization Mechanism

Dai et al. (2022) showed that knowledge neu-
rons exist in the later layers of BERT (Devlin
et al., 2019) and that editing some of these pa-
rameters could rewrite factual knowledge, a tech-
nique known as knowledge editing (Meng et al.,
2022; Wang et al., 2024). However, Templeton
et al. (2026) suggests that the learned knowledge
is represented as a vector rather than stored in indi-
vidual parameters.

Chen et al. (2024) shows the varied decoding
entropy feature for memorized and unmemorized
sequences. Arnold (2025) analyzed the Intrinsic Di-
mensions (IDs) of memorized sequences in LLMs
and found that sequences with a low ID complex-
ity are easier to memorize. Lasy et al. (2025) an-
alyzed the internal mechanism of the GPT-Neo-
125m model (Black et al., 2021) by interrupting
the input and observing whether the LLM can still
output the memorized sequences, suggesting the
existence of triggers and maintenance components
for memorization. Changalidis and Härmä (2025)
also analyzed the theoretical memorization capac-
ity through sandbox experiments on real data. Luo
et al. (2025) showed that memorization behavior
is shared among similar languages in multilingual
LLMs, suggesting that similar languages have a
shared representation space for memorization.

This study stands on both statistical and internal
perspectives, aiming to extend the analysis to a
wider spectrum of model families.

3 Experimental Setup

We first introduce the motivation for each experi-
ment. We begin with the basic statistics of mem-
orization, including its correlation with multiple
factors, its firmness measured by the compression
ratio, and the distribution of memorization scores
(Section 4.1). These statistics reveal general fea-
tures alongside model-specific curves, and provide
a basis for the further discussion of domain and
frequency distributions (Sections 4.2, 4.3). The
following studies examine noise robustness under

Model Size Pre-training Data

Pythia 160m, 410m, 1b Pile (Gao et al., 2020)2.8b, 6.9b, 12b
OLMo1 1b, 7b Dolma (Soldaini et al., 2024)

OLMo2 1b, 7b, 13b OLMo-Mix and Domino
32b (OLMo et al., 2025)

OLMo3 7b, 32b Dolma3 (Olmo et al., 2026)
OpenLLaMA 3b, 7b, 13b Redpajama (Weber et al., 2024)
StarCoder 1b, 3b, 7b The Stack (Kocetkov et al., 2022)

Table 1: Model families and their pre-training data.

internal perturbations to determine whether mem-
orized sequences are more sensitive to them (Sec-
tion 4.4). We then dive into the layer-level decod-
ing of memorized/unmemorized tokens to illustrate
the general decoding process and specific features
of memorized sequences (Section 4.5). Finally,
the last sections discuss shared components based
on attention ablation, analyzing their overlaps and
structure (Sections 4.6, 4.7, 4.8).

3.1 Model Setting

We use the base models of the Pythia (Biderman
et al., 2023b), OLMo1 (Groeneveld et al., 2024),
OLMo2 (OLMo et al., 2025), OLMo3 (Olmo et al.,
2026), OpenLLaMA (Geng and Liu, 2023), and
StarCoder (Li et al., 2023) families with details
in Table 1. For each model, we sample 300,000
sequences for each domain.1

3.2 Metrics and Methods

Memorization Score (Carlini et al., 2023)
For an LLM, we use context tokens Ci =
{c(i,1) · · · c(i,n)} sampled from its pre-training cor-
pus C as the prompt, and apply greedy decod-
ing to generate the predicted continuation tokens
Xi = {x(i,1) · · ·x(i,n)}. We also collect the ac-
tual continuations Yi = {y(i,1) · · · y(i,n)} for this
context. The memorization score for sample i is
calculated as follows:

Mi(X,Y ) =

∑n
k=1 I(xi,k = yi,k)

n
(1)

Here, n is the number of continuation tokens. I is
the indicator function. A sequence is memorized
when Mi = 1 and unmemorized when Mi = 0.
The numbers of input and output tokens are both
set to 32 (Chen et al., 2024; Biderman et al., 2023a),
meaning that a sequence is memorized if its 32
continuation tokens can be fully recalled from the
32 input tokens.

1Domain details are in Appendix A.1. We use OLMo1 to
refer the original name OLMo to avoid confusion.
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Additionally, we compute the memorization
rate as the number of memorized sequences di-
vided by the total number of sequences. We further
use the compression ratio (Schwarzschild et al.,
2024), defined as the minimum number of context
tokens that still elicits the full memorized sequence,
divided by the original context length.

Residual-Stream Gaussian Noise Injection is
used in Section 4.4 to study memorization robust-
ness. We perturb the first-layer residual stream
Hℓ ∈ RB×T×d as H̃ℓ = Hℓ + ε, where ε ∼
N (0, σ2

effI) and σeff = α · RMS(Hℓ) scales the
noise to the tensor’s root-mean-square magnitude.
We sweep α ∈ {0.0, 0.1, 0.2, 0.3, 0.4, 0.5}.

Logit-Lens (nostalgebraist, 2020; Belrose et al.,
2025) is used to probe the internal decoding prob-
abilities of LLMs in Section 4.5. For a hidden state
hl at layer l, we apply the final layer normalization
γ and the unembedding projection WU to com-
pute the decoding probability over the vocabulary
Vl = softmax(WUγ(hl)).

Attention-Head Ablation and Importance is
used to study head importance in Section 4.6. Let
the attention output at layer ℓ be Aℓ ∈ RB×T×d,
with H heads. To ablate head h, we replace its
value with the average of the other heads at this
layer, 1

H−1

∑
j ̸=hAℓ,:,:,j,:. We then obtain the gen-

erated sequence P
(ℓ,h)
i = {p(ℓ,h)(i,1) , . . . , p

(ℓ,h)
(i,s) } with

head h ablated at layer ℓ, for the originally memo-
rized sequence Ti = {t(i,1), . . . , t(i,s)} of length s.
The Importance Score IM of head h at layer ℓ for
memorized sample i is

IMi,ℓ,h =
1

s

s∑

k=1

I
(
p
(ℓ,h)
(i,k) ̸= t(i,k)

)
, (2)

where a larger IMi,ℓ,h indicates that head (ℓ, h) is
important for generating memorized sequence i.

4 Results

4.1 Memorization Statistics

In this section, we begin by revealing the correla-
tions among memorization rate, model size, and
data size. For those memorized sequences, we also
analyze their compression ratio (Schwarzschild
et al., 2024) to study how firmly they are mem-
orized. Finally, we present the distribution of the
collected memorization scores. The results are pre-
sented in Figure 1.

We first observe that a larger model naturally en-
ables more memorization, evidenced by a near-log-
linear increase in the memorization rate as model
size scales. However, this rate varies significantly
across model families. StarCoder shows a memo-
rization rate of nearly 10%, whereas OLMo1 shows
the lowest rate, an almost 100-fold difference. In-
terestingly, a more capable model does not imply a
higher memorization rate. OLMo3 has a lower rate
than OLMo2 at the same sizes since it is trained
on a larger corpus (6T tokens), but the absolute
number of memorized sequences still scales, as the
rates are close.2 While pre-processing techniques
like deduplication (Lee et al., 2022) help to reduce
memorization by removing duplicates, we see that
advancements in architecture and training counter-
balance pre-processing, leading to a net increase in
total memorized sequences.

For those memorized sequences, we also analyze
their compression ratio in Figure 1b. We see that
the compression ratio generally decreases as model
size scales. Pythia and StarCoder exhibit the lowest
ratios (often ≤ 0.5), indicating highly compressed
memory where less than half of the original context
is sufficient to trigger a full memorized sequence.
For most families (e.g., Pythia, OLMo1, OLMo2),
the ratio drops consistently up to the 7b scale. How-
ever, it often reaches a plateau between 7b and 13b
(notably in Pythia 6.9b–12b and OLMo2) before
dropping again at the 32b scale. This plateau re-
veals a critical boundary in model scaling. While
increasing parameters expands the total capacity of
memorized sequences, the firmness (compression
ratio) of these memories does not scale uniformly.
Instead, even large models encounter bottlenecks in
how firmly they can compress sequences, suggest-
ing that memorization firmness behaves more as an
individual emergent property than as a predictable
byproduct of scaling.

Finally, Figure 1c reveals a heavily polarized dis-
tribution of memorization scores across all models.
The probability mass concentrates predominantly
in the low-score region, paired with a sharp spike
at the fully memorized end.

4.2 Distribution over Domains

In this section, we show the distribution of mem-
orized sequences over domains using three cate-
gories: Free-Text (free-form text), Semi-Structural
(stylistically constrained, e.g., legal or research doc-

2Detailed numbers are given in Table 7.
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Figure 1: (Top figure) The relationship among memorization rate, model size, and pre-training corpus size. The
x/y-axis represent parameter counts and the memorization rate, respectively, on a log scale. Line width and color
also encode the training token count (thicker lines = more tokens). (Bottom left) The compression ratio across
models. A smaller compression ratio means that fewer tokens are needed to generate the same memorized sequence.
(Bottom right) The probability density distribution of memorization scores for all models (log-scaled y-axis).

Model Pythia OLMo1 OLMo2 OLMo3 OpenLLaMA

Size 1b 2.8b 12b 1b 7b 7b 13b 32b 7b 32b 3b 7b 13b
Structural 75.1% 76.3% 74.3% 57.1% 49.7% 44.7% 43.9% 39.8% 49.0% 44.4% 65.9% 61.3% 58.7%
Semi-Structural 19.4% 17.2% 17.1% 32.3% 34.6% 9.7% 10.5% 12.1% 6.4% 7.9% 12.1% 13.5% 13.2%
Free-Text 5.5% 6.5% 8.6% 10.6% 15.7% 45.6% 45.6% 48.1% 44.7% 47.7% 21.9% 25.2% 28.1%

Table 2: Proportion of memorized texts across the Structural, Semi-Structural, and Free-Text categories. StarCoder
is not presented because it is trained only on code.

uments), and Structural (strictly grammar-bound,
e.g., code/mathematical expressions), in Table 2. 3

The results show that for most models, structural
texts occupy the largest proportion of memorized
sequences, indicating that they are easier to memo-
rize. Surprisingly, when we scale the model size,
those LLMs do not further increase their memo-
rization of structural texts, but instead memorize
more semi-structural and, especially, free text. This
may be because scaling the model size increases
language understanding ability, which helps LLMs

3For the classification of each domain in different models,
please refer to Appendix A.1.2. OLMo2 has a default domain
that contains mixed text types, and we treat it as free text,
which gives it the highest proportion.

to also memorize free text even though it is less
predictable than code.

4.3 Frequency Distribution

We show the average token frequency distribution
for memorized and unmemorized sequences using
Infini-gram (Liu et al., 2024) in Figure 2.4

From the upper figure, we can first observe that,
except for StarCoder, which is trained on a code-
only domain, the other models show overlapping
normalized frequencies for memorized tokens, in-
dicating a general frequency threshold for memo-

4The detailed calculation method is given in Appendix
A.1.3. Infini-gram does not provide an API for the OLMo3
models.
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Figure 2: The average token frequency distribution for different models. The upper figure shows the normalized
frequency for memorized sequences. The dotted vertical lines indicate the average frequency for each model. The
lower figure shows the absolute frequency for memorized (solid line) and unmemorized (dotted line) sequences.
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Figure 3: (Left figure) Memorization score distribution shift under noise. (Right figure) The attention head similarity
between clean and noised models, with the variance represented by the shaded band. Solid/dotted lines represent
results for memorized/unmemorized sequences. The noise range is [0.1, 0.2, 0.3, 0.4, 0.5].

rizing certain sequences. By observing their aver-
age frequency lines, we see that these lines shift
leftward as model size increases within a family
when the number of training tokens is fixed, which
explains why larger models memorize more se-
quences. From the lower figure, despite this over-
lap, we can see that unmemorized sequences have
a higher distribution mass in the left region than
memorized sequences, indicating that most unmem-
orized sequences tend to have a lower frequency,
showing that frequency is one of the deciding fac-
tors for memorization. However, the existence of
memorized low-frequency sequences and unmemo-
rized high-frequency sequences also indicates a cer-
tain degree of randomness or an unexplored mech-

anism in memorization, showing that frequency is
only one of the reasons for memorization.

4.4 Memorization Robustness Under Noise

From this section onward, we turn to the discus-
sion of internal components, where the most in-
triguing question is whether specific components
exist for memorization. Compared with previous
research that studies models using perturbed input
tokens (Bigoulaeva et al., 2026), we observe the
change in memorization under noise perturbation
of the residual stream, based on the hypothesis that
if memorization relies on certain specific compo-
nents, those components should be more sensitive
to noise. At the statistical level, the W1 distance
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is used (Givens and Shortt, 1984) to measure the
memorization score distribution shift under noise.
The cosine similarity of attention heads between
noise and clean models is used to measure the in-
ternal change under noise.

As shown in Figure 3a, increasing noise strength
shifts the memorization score distribution across all
models. StarCoder is the most vulnerable to noise
perturbation, as its learned representations are too
domain-specific to be noise-robust. While the other
models share a similar curve, for the OLMo fam-
ilies we see that more capable models are more
robust to noise perturbation, meaning that although
capable models may not have a lower compression
ratio, they memorize sequences more firmly at the
internal level. To understand the internal mechanics
behind this robustness, we analyze the layer-wise
cosine embedding similarity between the noised
and clean models (Figure 3b). While noise pre-
dictably disrupts the early layers, similarity gen-
erally recovers in later layers across all models,
revealing an internal error-correction mechanism.
Crucially, however, memorized sequences exhibit
lower similarity recovery than unmemorized se-
quences, indicating that memorized sequences are
more sensitive to the perturbation. This suggests
that LLMs possess general error-correction capabil-
ities regardless of whether a sequence is memorized
or not. However, the results show that memorized
sequences are more sensitive to perturbation, sug-
gesting the existence of specific components for
memorization, i.e., if those components receive the
perturbed input, information regarding the memo-
rized sequence cannot be correctly reconstructed.

4.5 Decoding the Middle Layers
To further investigate the emergence of memoriza-
tion, we apply the Logit-Lens to probe token de-
coding probabilities across layers (Figure 4).

For both memorized and unmemorized se-
quences, decoding probabilities increase gradually
in the early layers before exhibiting a sharp burst
in the later layers. This shared trend suggests that
the late-layer probability spike is primarily a gen-
eral mechanism for output generation, rather than
a phenomenon exclusive to memorization. Despite
this shared pattern, memorized tokens maintain a
distinct probability advantage (often > 0.5) over
unmemorized tokens in the later layers, becom-
ing highly predictable well before the final layer.
Linking this with our previous observation—where
noise perturbation severely disrupts the internal

similarity in early layers while late layers attempt
to recover it—we hypothesize a two-stage mecha-
nism for memorization: the core features and rout-
ing for exact memorization are likely established in
the early layers, whereas the later layers primarily
serve to activate and translate this prepared infor-
mation into final output probabilities.

4.6 Overlap of Important Heads
The results from noise robustness and layer decod-
ing suggest that a shared pattern exists in gener-
ating memorized sequences. To locate this pat-
tern, we use attention head ablation to trace the
importance of each head for memorized examples
in each domain. We then sort and compare the
resulting importance-score lists across heads for
each example in different domains. To ease the
self-compensation effect when removing attention
heads (McGrath et al., 2023; Bigoulaeva et al.,
2026), instead of absolute rankings, we compare
the within- and cross-domain set overlap for the
top-20% most important heads in Table 3.5

First, the in-domain example overlap is notably
high, meaning that most of the important heads
are shared across examples within each domain,
and this overlap increases with model size, suggest-
ing that larger models compress domain-specific
memorization into dedicated heads. Conversely,
the cross-domain overlap is generally lower, mean-
ing that the important heads of different domains
do not overlap much, and this overlap decreases
as models scale, indicating that heads for different
domains decouple in larger parameter spaces. De-
spite this decoupling, for almost all models, a small
but crucial subset of heads remains important for
over 90% (or even all) of the domains. For exam-
ple, in the OLMo3 32b model, around 1.4% of the
heads are important for all domains. This indicates
the existence of some heads that are crucial for
memorization behavior itself.

4.7 Example Distribution of Shared
Important Heads

Based on our discovery of cross-domain, univer-
sally important attention heads, we investigate
their layer-wise distribution in the OLMo2-13b
and Pythia-12b models, because these two mod-
els have a similar number of layers. As shown
in Figure 5, these shared memorization heads are
not distributed uniformly across layers but show

5The hypothesis test for these results and the sample cov-
erage of the experiments are provided in Section A.10.
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Figure 4: Decoding probability (y-axis) for memorized and unmemorized tokens across different layers (x-axis) for
all models. The solid/dotted lines represent the probability for memorized/unmemorized sequences.

Model Size Any Two Domain Pair In-Domain Example Pair Percentage of Shared Important Heads Among > x% Domains

Mean Jaccard Max Jaccard Random Mean Jaccard > 30% dom > 50% dom > 70% dom > 90% dom all dom

OLMo1 1b 28.58% 57.58% 11.39% 57.86% 28.12% 12.11% 5.08% 1.17% 0.78%
7b 24.41% 48.01% 11.14% 80.03% 29.79% 10.84% 2.05% 0.98% 0.98%

OLMo2

1b 52.08% 89.09% 11.39% 57.69% 23.05% 18.75% 14.06% 7.42% 4.69%
7b 21.97% 70.12% 11.14% 82.26% 23.24% 9.96% 3.42% 0.78% 0.29%
13b 18.93% 38.23% 11.12% 87.66% 20.62% 8.94% 1.75% 0.62% 0.38%
32b 20.76% 25.49% 11.12% 91.18% 42.58% 14.30% 3.12% 3.12% 3.12%

OLMo3 7b 22.51% 41.87% 11.14% 93.66% 20.31% 8.89% 2.64% 1.17% 0.29%
32b 22.46% 27.05% 11.12% 96.57% 30.90% 16.17% 3.71% 1.37% 1.37%

OpenLLaMA
3b 17.21% 30.47% 11.18% 74.97% 33.29% 15.62% 1.56% 0.84% 0.84%
7b 18.04% 33.99% 11.14% 83.91% 32.81% 15.23% 1.86% 0.49% 0.49%
13b 17.69% 29.03% 11.12% 83.87% 31.44% 15.50% 1.44% 0.44% 0.44%

Pythia

1b 46.17% 92.59% 11.48% 58.03% 19.53% 18.75% 17.19% 1.56% 1.56%
2.8b 17.03% 37.58% 11.14% 69.84% 16.89% 6.74% 1.76% 0.20% 0.10%
6.9b 19.72% 39.46% 11.14% 65.98% 27.34% 11.43% 1.66% 0.39% 0.10%
12b 14.97% 29.15% 11.13% 67.55% 16.25% 3.75% 0.76% 0.14% 0.00%

StarCoder
1b 18.38% 67.39% 11.20% 94.79% 19.01% 6.51% 2.08% 0.52% 0.26%
3b 15.69% 24.71% 11.19% 95.29% 19.44% 4.17% 1.01% 0.00% 0.00%
7b 13.57% 19.03% 11.14% 96.84% 19.35% 1.04% 0.00% 0.00% 0.00%

Table 3: Cross-domain top-20% head overlap against a random-selection baseline, together with the mean within-
domain example-level overlap and the ratio of heads that remain in the top 20% of importance in at least X% of the
domains, or in all domains.
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Figure 5: Distribution of shared important heads across
layers for Pythia-12b and OLMo2-13b

distinct, model-dependent patterns. While the gen-
eral trend is that the most important heads for both
models are in the early-middle layers, the distribu-
tion after the early-middle layers differs. OLMo2
also has a certain number of important heads in
the middle-to-late layers, whereas the number in
Pythia decreases steadily. This fluctuating distribu-
tion further explains the results in Figure 4, where
we hypothesize that the information is prepared
in the early layers but activated in the later lay-
ers. In the early-middle layers, the general retrieval

for memorization relies on shared important heads.
As information progresses to deeper layers, shared
heads activate domain-specific memorization com-
ing from specialized heads, leading to a decrease
in shared important heads. Finally, the exact mem-
orized tokens are activated and reinforced by the
gathered information in the last layers, leading to
near-deterministic decoding.

4.8 Distribution Similarity of Layer
Importance Across Models

To understand whether different models share the
same memorization structure or not, we compute a
layer-wise importance score by taking the average
of the importance scores of attention heads in each
layer. This layer-level importance is normalized
based on the number of layers, with distribution
comparison between each model in Figure 6.

Pythia has an average similarity close to 0.9
for each model size. Notably, for OLMo1/2/3,
we observe a high similarity not only within each
model family but also across these three families,
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Figure 6: Distribution Similarity Heatmap of Layer-
wise Average Head Importance for all models.

indicating a similar memorization structure within
this successively updated model series. Addition-
ally, different model families have a lower cross-
similarity, especially StarCoder, which is the most
distant from the other models. This suggests that
the memorization structure of a model family is
shared among its models, regardless of size. How-
ever, there is no universal memorization structure
shared by all LLMs. The memorization structure of
an LLM model family is determined by the training
recipe (model, data, and training algorithm) of each
model family.

5 Discussion

Understanding the Capacity of Memorization
While we have shown that memorization is related
to model structure (model size, architecture design,
etc.), data size, and data distribution, the interac-
tion among these factors remains unexplored in this
study. For example, if we could estimate the capac-
ity of memorization given certain model training
configurations, this could provide another perspec-
tive from which to inspect the training process.

Definition of Memorization We have studied
verbatim memorization, but verbatim memoriza-
tion is only one of the definitions used for LLMs.
From a cognitive perspective, humans do not usu-
ally memorize something in a verbatim way, and
human memory also relates to vague information
like concepts that do not connect to a specific data
fragment. The definition of memorization should
also be extended to those areas, together with a
practically executable measure, to help us further
understand the complex behavior of LLMs.

Fine-grained Analysis of Texts of Interest Our
analysis characterizes general memorization behav-
ior across models, but many sequences are not inter-
esting from a human perspective. It is not a concern
if we find that LLMs have memorized random code
fragments from the internet. However, we do care
about whether a personal address, banking details,
or an API key has been memorized by an LLM.
Such texts, however, come from narrow domains,
which means that their mechanisms or statistical
behavior may exhibit unique trends beneath the
general trends, and this may require further study.

6 Conclusion

In this study, we conducted a comparative analysis
of LLM memorization at both the statistical and in-
ternal levels to identify cross-model commonalities
and model-specific signatures. At the statistical
level, despite individual model differences, we un-
cover a general log-linear scaling of memorization
rate with model size, and show that memorized
sequences are highly compressible. Further, the
domain and frequency distributions show that large
LLMs have a lower frequency threshold for mem-
orization and tend to memorize more free text in-
stead of the structural text. At the internal level,
noise perturbation reveals that while LLMs show a
general denoising capability, memorized sequences
are more sensitive, indicating a reliance on specific
components. While memorized sequences show a
stronger signal, the decoding probability reveals a
shared generation process. Finally, the attention
ablation suggests that the memorization-important
heads are shared within domains, and that a small
set of them is domain-independent, indicating that
they may relate to memorization itself. Crucially,
the distribution of these heads is consistent within
families but diverges across them, showing that the
memorization structure is shaped by the model’s
training recipe.
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Limitations

Although we study most of the commonly used
fully open LLMs with accessible data, full cover-
age is impractical. Some models (e.g., Amber-7b,
Apertus-70b)6 7 release only their pre-training data
collection scripts rather than the data itself, and
re-running these scripts rarely reproduces the origi-
nal data because of broken links, whereas studying
memorization requires the original corpora. Most
open-weight models (Qwen, DeepSeek, Llama,
etc.) withhold their pre-training data. However, we
kindly think this does not limit our findings only to
data-transparent models. These models typically
combine proprietary in-house data with publicly
crawled corpora, which also overlap substantially
with the corpora of data-transparent models. Ad-
ditionally, these models are also built on frontier
research results, although their individual struc-
tures may differ. Data-transparent models are also
competitive with mainstream open-weight ones
(OLMo3 vs. Qwen 2.5/3). As our experiments are
cross-model, we believe that similar results would
also hold for open-weight models.

Infini-gram is the only service supporting token-
frequency queries over popular pre-training cor-
pora, but its uniform Llama-2 tokenization dif-
fers from the native tokenizers of the models we
study, potentially skewing the measured frequen-
cies. We accept this trade-off because no alternative
exists—building a fast-search API over hundreds
of terabytes of data is itself a substantial engineer-
ing challenge—and because our analysis relies on
sequence-level average frequencies rather than on
individual token counts, an approach that is more
robust to such skew. Several findings also align
with prior work, offering indirect validation.

Pre-training corpora are too large to analyze ex-
haustively at reasonable cost, so our results are
based on samples. The consistent trends we ob-
serve across model families, sizes, and domains
suggest the sampling is sufficient to surface gen-
eral patterns.

Ethical Considerations

The use of AI tools for this paper is limited to
proofreading; for the research as a whole, AI was
also used for coding assistance, and the results were
validated by the authors.

6Amber Data Script
7Apertus Data Script

While we have analyzed the sampled pre-
training data and inspected some examples for
observation, we did not observe any offensive
language or information related to personal pri-
vacy. Additionally, when sampling the Pile pre-
training data, we sampled from the version from
which content with copyright issues has been re-
moved8. These domains include Books3, BookCor-
pus2, OpenSubtitles, YTSubtitles, and OWT2, and
we did not sample data from them.

For all models and data used in this study, we
align our usage with their license and intended
usage.
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A Appendix

A.1 Experiment Details

A.1.1 Device and Running Settings
The computing devices used in this research are
mixed. We have used H100, H200, A100, and
A6000 servers. In this study, we did not train any
model; all CUDA devices were used only for gen-
eration and internal probing. The running time
depends on the model and its size. Generating
all memorization scores across six noise strengths
for all models used in this study took around two
months on eight A100 servers.

For the compression ratio analysis, it took
around two weeks to run the experiments on three
A6000 devices.

For the middle layer decoding analysis, it took
around two weeks to run the experiments on eight
A100 devices.

For the head importance results, it took around
one month to run all model sizes across their do-
mains on an H100 device. The total number of
attention heads grows very quickly as model size
increases, since model size scaling is usually ac-
companied by an increase in the number of layers
and an expansion of head size, which means that
increasing the model size leads to experiments on
hundreds of additional attention heads. In particu-
lar, we need to evaluate each head and regenerate
the sequence without this head, which means that
a single sequence requires hundreds of additional
generations when we use a larger model in a model
family. Therefore, we did not conduct experiments
on all memorized examples in the head ablation
study, as the computational cost is not affordable in
practice. For small models (1b to 7b), we sample
10,000 memorized examples in each domain. For
large models (above 7b), we sample 2,500 memo-
rized examples in each domain.

A.1.2 Data Details
We present the data domains for each model and
their corresponding classifications into the Free-
Text, Semi-Structural, and Structural text cate-
gories in Table 4.

For the collection of the data, we referred to
either their released self-collected HuggingFace
dataset9 or the dataset that was clearly mentioned
in their posts or repository10. We use a verified

9dolma data, ,olmo-mix-1124 data,dolmino-mix-1124 data
,dolma3 data

10the stack data
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token to access that data, download it to the server,
and split it by domain. After collecting the data,
we pre-process it by passing the documents to the
tokenizer of the corresponding target model and
filtering out the documents that have fewer than
128 tokens; we note that only a very small amount
of data is filtered out by this process.

A.1.3 Obtaining Token Frequency

In this study, we have used Infini-gram11 to obtain
the token frequencies of memorized and unmem-
orized sequences. We employ its official Python
API to obtain the frequencies.

We also note that the limitations of our frequency
analysis stem from Infini-gram. First, Infini-gram
mainly uses the Llama-2 tokenizer for its n-gram
database. In contrast, we use the corresponding
tokenizer of each model in our other experiments,
for example, the Pythia tokenizer for the Pythia
models. Furthermore, based on our observations,
the Llama-2 tokenizer tends to give shorter tok-
enized lists than the tokenizer of the corresponding
original model. For example, we find that some se-
quences with 64 tokens in the OLMo2 models have
46 tokens under the Llama-2 tokenizer. Therefore,
we note that the results of our frequency analysis
are approximate.

Second, due to the API limit of Infini-gram, we
queried the frequency only for fully memorized,
half-memorized, and unmemorized sequences.

Third, Infini-gram does not provide a Python
API endpoint for the OLMo3 data. This is why we
do not report the frequency results for the OLMo3
models.

A.2 Detailed Distribution Over Domains

In this section, we show the detailed distribution
and exact counts for each domain for all models in
Table 7.

In this table, we observe essentially the same
results, where most of the memorized documents
come from code and the math domain, followed by
arXiv and Wikipedia, and finally by free-text do-
mains such as PES2O or OCRed documents. How-
ever, some domain classifications are also coarse-
grained, such as Pile-CC in Pythia and flan in the
OLMo2 models, which may contain documents

pile data
redpajama data
11https://infini-gram.readthedocs.io/en/latest/

api.html

of various types, making a very accurate domain-
specific distribution hard to obtain.

For the StarCoder models, since all training data
consists of code in different languages, we observe
a much less polarized distribution of memorized
documents than in the other models. However, we
still observe a very consistent ordering of propor-
tions across model sizes. Additionally, this order-
ing does not seem to strictly relate to the popularity
of programming languages, as Python is only in
the middle of the ranking, while Scala, which is
famous for its variable expressions, has the largest
share. Nonetheless, the trend still generally corre-
lates with the popularity and grammaticality of the
corresponding languages, since Java, C, HTML,
Go, and Kotlin have the highest shares, and these
languages are either common (C, HTML, Java) or
very predictable (Go, Kotlin), whereas less popular
languages (Ruby, R, Julia) have the smallest shares.

A.3 Domain Distribution with Injected Noise
In this section, we also discuss the distribution
over the three domain categories (Structural, Semi-
Structural, and Free-Text) under different injected
relative noise strengths (0.1, 0.3, and 0.5) in Table
5.

From the results, we can see that the distri-
butions of Pythia and OLMo1 are more affected
than those of the other models. When increasing
the strength of the noise, the distribution largely
shifts to the Structural domain, where OLMo1 7b’s
Structural domain increased from 51.3% to 91.3%
when changing the noise to 0.5. Similar results
are also observed for the Pythia models, where
the Structural proportion increases from 74.4% to
91.1% for the 12b model. However, the same ten-
dency is weaker (OpenLLaMA) or not observable
(OLMo2/3) in the other models, where the distri-
bution barely changes. In particular, the distribu-
tion of OLMo3 is essentially unaffected by the
increase in injected noise strength. The reason may
be that more capable models memorize free text
through semantic information, which is as robust as
the code or mathematical expressions memorized
through repetitive patterns.

We can observe that injecting stronger noise
shifts the curves downward, meaning that the distri-
bution moves to the left region, which is expected.
However, we do observe that the OLMo1 models
are largely affected by the injected noise, where
the highest memorization rate of OLMo1 7b de-
creased from near 0.1 to 0.001, which is almost
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Model Family Domain Type Domains #Dom

Pythia

Structural USPTO_Backgrounds, EuroParl, Enron_Emails, Github, StackExchange 5
Semi-Structural PubMed_Abstracts, PubMed_Central, FreeLaw, NIH_ExPorter 4

Free-Text arXiv, DM_Mathematics, Gutenberg (PG-19), HackerNews, Pile-CC, 8PhilPapers, Ubuntu_IRC, Wikipedia (en)

OLMo1

Structural starcoder, proof_pile_2_algebraic_stack, proof_pile_2_open_web_math 3

Semi-Structural redpajama_stackexchange, cc_news_head, cc_news_middle, cc_news_tail, 8c4_filtered, cc_en_head, cc_en_middle, cc_en_tail

Free-Text books, falcon_refinedweb_filtered, reddit, redpajama_arxiv, 8wiki, pes2o, tulu_flan, wikiref_megawika

OLMo2
Structural stackexchange, open-web-math, starcoder, math 4
Semi-Structural arxiv, pre_train_wiki, pre_train_dclm, pre_train_pes2o, pes2o 5
Free-Text default, flan, dclm 3

OLMo3

Structural

stack_edu_C, stack_edu_CSharp, stack_edu_Cpp, stack_edu_Go, stack_edu_Java,

15stack_edu_JavaScript, stack_edu_Markdown, stack_edu_PHP, stack_edu_Python,
stack_edu_Ruby, stack_edu_Rust, stack_edu_SQL, stack_edu_Shell,
stack_edu_Swift, stack_edu_TypeScript

Semi-Structural
dolma1_7_wiki_en, finemath_3plus, rpj_proofpile_arxiv,

9olmocr_science_pdfs_adult_content, olmocr_science_pdfs_art_and_design,
olmocr_science_pdfs_education_and_jobs, olmocr_science_pdfs_entertainment
olmocr_science_pdfs_sports_and_fitness

Free-Text

common_crawl_adult_content, common_crawl_art_and_design,

24

common_crawl_crime_and_law, common_crawl_education_and_jobs,
common_crawl_electronics_and_hardware, common_crawl_entertainment,
common_crawl_fashion_and_beauty, common_crawl_finance_and_business,
common_crawl_food_and_dining, common_crawl_games,
common_crawl_health, common_crawl_history_and_geography,
common_crawl_home_and_hobbies, common_crawl_industrial,
common_crawl_literature, common_crawl_politics,
common_crawl_religion, common_crawl_science_math_and_technology,
common_crawl_social_life, common_crawl_software,
common_crawl_software_development, common_crawl_sports_and_fitness,
common_crawl_transportation, common_crawl_travel_and_tourism

OpenLLaMA
Structural github_sample, stackexchange_sample 2
Semi-Structural arxiv_sample, wikipedia_sample 2
Free-Text c4_sample, common_crawl_sample 2

StarCoder Structural c, c_sharp, css, dockerfile, go, html, java, javascript, julia, kotlin, 21lua, php, python, r, ruby, rust, scala, shell, sql, swift, typescript

Table 4: Complete domain classification and counts by model family. Domains are categorized as Structural
(code/mathematics), Semi-Structural (mixed format), and Free-Text (natural language prose). The #Dom column
shows the count of domains in each category.

100 times lower than the non-noised model. Ad-
ditionally, in most cases, larger models are more
robust compared to their small counterparts, where
we also observed that the high memorization score
probability density of OLMo2 1b decreases signifi-
cantly, while larger models like 32b only show very
limited influence caused by the noise injection. We
also notice that the distribution of those lines is
more dispersed at higher noise levels than at low
noise levels. This means that the decreasing trend
is not the same for all model families, showing
that robustness to the injected noise is a model-
specific feature rather than a common feature that
is shared within a model family. The reason may
be differences in model parameters and in training
parameters that change with model size.

A.4 Similarity for the MLP Layer

In this section, we show the similarity between
the noised and clean models for the MLP layer in
Figure 7.

In this figure, we see that the MLP layer shows
essentially a trend similar to that of the attention
heads. The similarity also decreases in the initial
layers, then bounces back in later layers. The simi-
larity of memorized sequences is also lower in the
later layers than that of unmemorized sequences.
We also notice that, for memorized sequences, the
similarity to the original model is higher at early
layers compared to unmemorized sequences. This
means that the information itself is strong in the
early layers, but that more specific information
is required for those memorized sequences to be
successfully decoded. It means those memorized
sequences provide stronger information clues than
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Model Pythia OLMo1 OLMo2 OLMo3 OpenLLaMA

Size 1b 2.8b 12b 1b 7b 7b 13b 32b 7b 32b 3b 7b 13b
Structural 75.2% 76.4% 74.4% 58.3% 51.3% 44.9% 44.0% 39.8% 49.0% 44.4% 66.1% 61.5% 58.6%
Semi-Structural 19.6% 17.4% 17.2% 31.1% 33.5% 9.5% 10.5% 12.1% 6.4% 7.9% 12.0% 13.5% 13.1%
Free-Text 5.1% 6.2% 8.4% 10.6% 15.2% 45.6% 45.5% 48.1% 44.6% 47.7% 21.9% 25.1% 28.3%

(a) Noise = 0.1
Model Pythia OLMo1 OLMo2 OLMo3 OpenLLaMA

Size 1b 2.8b 12b 1b 7b 7b 13b 32b 7b 32b 3b 7b 13b
Structural 86.0% 80.0% 79.6% 73.5% 86.6% 48.2% 44.3% 40.0% 49.8% 44.5% 67.0% 61.6% 58.6%
Semi-Structural 11.4% 16.5% 15.2% 19.6% 5.5% 10.0% 10.5% 12.2% 6.4% 7.8% 11.4% 13.4% 13.1%
Free-Text 2.6% 3.4% 5.2% 6.9% 7.9% 41.8% 45.2% 47.9% 43.8% 47.7% 21.6% 25.0% 28.3%

(b) Noise = 0.3
Model Pythia OLMo1 OLMo2 OLMo3 OpenLLaMA

Size 1b 2.8b 12b 1b 7b 7b 13b 32b 7b 32b 3b 7b 13b
Structural 86.6% 91.6% 91.1% 85.3% 91.3% 55.9% 45.2% 40.5% 54.2% 44.6% 70.2% 61.8% 58.6%
Semi-Structural 8.5% 5.9% 5.2% 7.4% 3.3% 9.5% 10.5% 12.3% 6.2% 7.7% 9.1% 13.6% 13.1%
Free-Text 4.9% 2.5% 3.8% 7.3% 5.4% 34.6% 44.2% 47.2% 39.6% 47.7% 20.7% 24.7% 28.3%

(c) Noise = 0.5

Table 5: Proportion of memorized texts (score=1) across Structural, Semi-Structural, and Free-Text categories at
different noise levels.
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Figure 7: MLP similarity between noised and clean
models. Solid/dotted lines represent the experimental
results for memorized/unmemorized sequences.

unmemorized sequences, but decoding them would
require very accurate information; in a sense, little
perturbed information would drive the LLMs not to
generate memorized sequences even though those
memorized sequences are highly correlated with
model parameters.

Through comparison with the results of the atten-
tion head similarity, we also notice that the results
are smoother, indicating the internal robustness of
each head differs within each layer. Additionally,
we can also observe that the MLP layer tends to
have a lower similarity than the attention heads.
This may be because the MLP layer aggregates the
outputs of all attention heads, so inconsistent sim-
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Figure 8: Frequency distribution for memorized, half-
memorized, and unmemorized sequences.

ilarity across attention heads can also reduce the
similarity of the MLP layer to the original model.

A.5 Examples for Frequency Distribution
Including Half-Memorized Sequences

In this section, we present distributions that also
include the half-memorized sequences for the Star-
Coder model family in Figure 8. From these
results, we can observe that the frequency of half-
memorized sequences lies between those of the
fully memorized and the unmemorized sequences,
since the distribution area on the left side is smaller
than that of the unmemorized sequences but larger
than that of the memorized sequences. This indi-
cates, generally, that a higher frequency leads to
more memorized sequences.
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(a) Top 20% important heads overlap for OLMo2 13b models. (b) Top 20% important heads overlap for Pythia 12b models.

Figure 9: Top 20% important heads overlap for Pythia and OLMo2 models on selected domains.

A.6 Examples of Shared Important Head
Overlap Across Domains

In this section, we show two examples of the over-
lap ratio between two domains for the Pythia 12b
and OLMo2 13b models. The results are presented
in Figure 9.

From this result, we can observe that, for any
selected domains in those two models, they share
around 20% overlap in important attention heads,
which aligns with the results listed in Table 3. In the
left figure, we see that algebraic-stack has a higher
overlap with open-web-math. The reason may be
that both domains focus on math-related content. In
the right figure, EuroParl has a higher overlap with
other domains in general, and we also notice that it
is especially close to GitHub and DM Mathematics,
reaching around 30% overlap. The reason may be
that EuroParl contains mainly non-English docu-
ments, which are not memorized through semantic
understanding but through hard-coded memoriza-
tion. This makes the memorization pattern of Eu-
roParl closer to that of domains that are memorized
with hard rules, such as code or math.

A.7 Averaged Layer Importance of All
Models

In this section, we present the normalized layer
importance for different model families in Figure
12 to show the individual layer-level importance
structure.

From this figure, we can observe that the normal-
ized distributions within each model family share
certain common features. For example, for the
Pythia models, the layer importance drops across
layers for all sizes from 1b to 12b. Additionally,
OLMo1 also presents a similar behavior, where the

importance score gradually decreases and then in-
creases in the middle layers. Similar patterns are
also observed in other model families. For exam-
ple, even for StarCoder, where no similar trend can
be observed, all models show a very unstable layer
importance score, regardless of model size. The
reason may be that a domain-specific model has
a very different internal representation since the
learned knowledge is limited to one domain, so the
domain-specific knowledge is distributed across
the model rather than being constrained in a fixed
pattern. However, when we look at those curves
across models, we can hardly identify common fea-
tures, except that the beginning layers generally
have a high importance score.

A.8 Examples of Unnormalized Average
Layer Importance

We also provide a specific example of the average
layer importance of the OLMo1 models in Figure
10, which is not normalized and serves as an exam-
ple distribution. From this result, we can see that
the average layer importance decreases as model
size scales, which is expected since the number
of heads also increases with model size. For the
OLMo1 1b model, removing an attention head at
layer 0 gives an importance score of 0.15, meaning
that 15% of the output tokens change compared
with the original output. While at the OLMo1 7b
model, removing one head at layer 0 gives around
a 0.05 importance score, indicating only 5% of out-
put tokens changed compared to the original output.
This change is almost one-third of that of the 1b
model.
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(b) Average layer importance for the OLMo1 7b model.

Figure 10: Average layer importance across layers.
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Figure 11: Average norm value of the residual stream for different models.

A.9 Absolute Residual Stream Value

In this study, the injected noise is set relative to
the norm value of the residual stream. However, as
different models have different MLP structures and
training processes, the exact norm value also differs
across model families. In this section, we present
the norm value of the residual stream at the first
layer as reference material for the relative noise
injection. The results are presented in Figure 11.
From the results, we can see that the residual stream
of different models differs a lot. The StarCoder
and Pythia families have a higher residual stream
value, especially the StarCoder 7b, which shows a
significant burst at the 7b models. Their relatively
larger values also lead to a large absolute injected
noise, which explains why they are less robust to
noise perturbation. This could also be seen from the
OpenLLaMA model, which has the lowest average
residual stream norm. This also makes this model
family the most robust to noise, as reflected in its
memorization distribution shift. The OLMo1/2/3
families show a similar value range, showing the

effect brought by their inherited training recipe.

A.10 Significance Test for Attention Head
Ablation and Domain Coverage for
Memorized Sequences

To provide supporting evidence that our sampled
memorized sequences justify the results obtained
in this study, we report two additional analyses in
Table 6: a significance test for the important-head
overlap experiment, and the domain coverage of
the sampled memorized sequences. The signifi-
cance test establishes that the overlap of important
memorization heads across models exceeds what
would be expected by chance, and the coverage
statistics show that our sampled examples span a
wide range of domains, supporting the generality
of our findings.

Significance of the head overlap study based on
attention head ablation. For each pair of mod-
els, we compute the Jaccard overlap between their
sets of important memorization heads, and com-
pare it against the overlap expected when heads are
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Model Size Head Overlap (Jaccard) Domain Coverage of Sampled Memorized Sequences
Mean Max Rand. Med. p Smp./Dom. #Dom. Mem. Cov. Full Dom. Avg Cov.

OLMo1 1b 28.58 57.58 11.39 3.4e−5 10,000 19 5,785 100.0 19 / 19 100.0
7b 24.41 48.01 11.14 2.8e−11 10,000 19 11,287 100.0 19 / 19 100.0

OLMo2

1b 52.08 89.09 11.39 7.4e−18 10,000 14 39,219 94.2 13 / 14 98.7
7b 21.97 70.12 11.14 2.3e−6 10,000 14 60,509 85.9 12 / 14 95.7
13b 18.93 38.23 11.12 1.6e−5 2,500 14 69,080 36.1 6 / 14 69.3
32b 20.76 25.49 11.12 4.2e−14 2,500 14 96,284 29.3 4 / 14 57.3

OLMo3 7b 22.51 41.87 11.14 8.8e−10 10,000 47 164,336 100.0 47 / 47 100.0
32b 22.46 27.05 11.12 3.6e−25 2,500 47 244,693 42.8 7 / 47 56.3

OpenLLaMA
3b 17.21 30.47 11.18 1.7e−3 10,000 6 22,855 78.0 5 / 6 94.4
7b 18.04 33.99 11.14 5.0e−4 10,000 6 26,681 76.4 5 / 6 93.6
13b 17.69 29.03 11.12 8.1e−6 2,500 6 31,365 35.1 2 / 6 69.3

Pythia

1b 46.17 92.59 11.48 1.2e−7 10,000 13 8,368 100.0 13 / 13 100.0
2.8b 17.03 37.58 11.14 5.0e−4 10,000 14 9,147 100.0 14 / 14 100.0
6.9b 19.72 39.46 11.14 5.4e−6 10,000 15 10,531 100.0 15 / 15 100.0
12b 14.97 29.15 11.13 5.1e−3 2,500 16 10,647 44.8 15 / 16 95.6

StarCoder
1b 18.38 67.39 11.20 1.4e−2 10,000 21 426,831 42.4 10 / 21 69.2
3b 15.69 24.71 11.19 1.9e−2 10,000 21 474,193 39.1 6 / 21 67.3
7b 13.57 19.03 11.14 5.2e−2 10,000 21 524,708 36.3 4 / 21 60.4

Group 1: 1b–7b (10,000 smp./dom.), 13 models 80.6 90.6
Group 2: ≥12b (2,500 smp./dom.), 5 models 37.6 69.6
Overall, 18 models 68.9 84.8

Table 6: Head overlap statistics and domain coverage of the sampled memorized sequences. All percentage columns
are in %. Rand. is the expected Jaccard overlap under a random-sampling baseline; Med. p is the median p-value
over all model pairs. Smp./Dom. is the per-domain sampling budget, Mem. the total number of memorized
sequences, Cov. the ratio of sampled to memorized sequences, and Avg Cov. that ratio averaged over domains. The
bottom block groups models by sampling budget.

drawn uniformly at random from the same head
budget. The random baseline is stable at roughly
11% across all models, reflecting the fact that the
number of selected heads relative to the total is
comparable across architectures. Every model ex-
ceeds this baseline: mean overlap ranges from
13.57% (StarCoder 7b) to 52.08% (OLMo2 1b),
so the observed agreement is not an artifact of the
selection budget.

The median pairwise p-value is below 0.05 for
all but one configuration. The strongest effects ap-
pear in OLMo3 32b (p = 3.6e−25), OLMo2 1b
(p = 7.4e−18) and OLMo2 32b (p = 4.2e−14),
indicating that for these models the majority of pair-
wise comparisons are significant by a wide margin.
The single exception is StarCoder 7b, whose me-
dian p of 0.052 falls marginally short of the con-
ventional threshold; its mean overlap of 13.57% is
also the closest to the random baseline in our study.
We therefore treat the head-overlap result as well
supported in general, while noting that it is weakest
for the largest code-only model.

Domain coverage. For each domain we sample
at most 10,000 or 2,500 memorized examples, de-
pending on the memorization rate of the model.
This cap is necessary because the attention head ab-
lation study regenerates every memorized sequence

once per ablated head. The cost therefore grows in
three directions simultaneously as model size in-
creases: larger models memorize more sequences,
and they have both more layers and more attention
heads per layer. Without a sampling cap, running
the ablation on the largest models would be infea-
sible within our computation budget.

Table 6 reports the resulting coverage. Under
this strategy, we cover 80.6% of all memorized
sequences for small models and 37.6% for large
models. Measured per domain, coverage is 90.6%
for small models and 69.6% for large models, so
the ablation study examines more than half of the
memorized examples in each domain regardless of
model scale.
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Figure 12: Layer-Normalized Averaged Importance Score for Attention Heads Across Layers.
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Figure 13: Probability density of the memorization score for all models across noise strengths. Each subplot
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Model Size Domain Count Share Total

OLMo1

1b

starcoder 2,834 48.99%

5,785

cc_en_tail 575 9.94%
c4_filtered 367 6.34%
books 334 5.77%
cc_news_head 318 5.50%
proof_pile_2_open_web_math 295 5.10%
cc_news_tail 202 3.49%
cc_en_middle 185 3.20%
proof_pile_2_algebraic_stack 175 3.03%
falcon_refinedweb_filtered 118 2.04%
cc_news_middle 113 1.95%
cc_en_head 97 1.68%
wikiref_megawika 53 0.92%
wiki 42 0.73%
redpajama_arxiv 34 0.59%
reddit 27 0.47%
pes2o 9 0.16%
tulu_flan 4 0.07%
redpajama_stackexchange 3 0.05%

7b

starcoder 3,952 35.01%

11,287

cc_en_tail 994 8.81%
proof_pile_2_open_web_math 981 8.69%
books 940 8.33%
c4_filtered 830 7.35%
proof_pile_2_algebraic_stack 679 6.02%
cc_news_tail 613 5.43%
cc_news_head 530 4.70%
cc_en_middle 342 3.03%
cc_news_middle 310 2.75%
falcon_refinedweb_filtered 215 1.90%
wiki 207 1.83%
cc_en_head 196 1.74%
wikiref_megawika 150 1.33%
redpajama_arxiv 92 0.82%
tulu_flan 92 0.82%
reddit 72 0.64%
pes2o 66 0.58%
redpajama_stackexchange 26 0.23%

13b

flan 17,133 24.80%

69,080

starcoder 14,447 20.91%
math 10,152 14.70%
algebraic-stack 7,072 10.24%
open-web-math 5,439 7.87%
arxiv 4,000 5.79%
dclm 3,251 4.71%
default 2,679 3.88%
pre_train_dclm 1,804 2.61%
wiki 1,377 1.99%

Continued on next page
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Model Size Domain Count Share Total

pre_train_wiki 1,293 1.87%
stackexchange 280 0.41%
pre_train_pes2o 81 0.12%
pes2o 72 0.10%

1b

flan 12,291 31.34%

39,219

starcoder 8,188 20.88%
math 5,223 13.32%
algebraic-stack 3,868 9.86%
open-web-math 3,766 9.60%
arxiv 2,457 6.26%
dclm 1,217 3.10%
default 1,169 2.98%
pre_train_dclm 600 1.53%
pre_train_wiki 184 0.47%
wiki 159 0.41%
stackexchange 83 0.21%
pes2o 10 0.03%
pre_train_pes2o 4 0.01%

32b

flan 19,828 20.59%

96,284

starcoder 19,185 19.93%
math 11,390 11.83%
algebraic-stack 10,433 10.84%
dclm 8,958 9.30%
open-web-math 7,130 7.41%
arxiv 5,389 5.60%
default 4,527 4.70%
pre_train_dclm 3,624 3.76%
wiki 2,593 2.69%
pre_train_wiki 2,451 2.55%
stackexchange 589 0.61%
pre_train_pes2o 95 0.10%
pes2o 92 0.10%

7b

flan 14,803 24.46%

60,509

starcoder 13,729 22.69%
math 8,142 13.46%
algebraic-stack 7,515 12.42%
open-web-math 5,035 8.32%
arxiv 3,603 5.95%
default 2,297 3.80%
dclm 2,256 3.73%
pre_train_dclm 1,436 2.37%
pre_train_wiki 774 1.28%
wiki 727 1.20%
stackexchange 161 0.27%
pre_train_pes2o 17 0.03%
pes2o 14 0.02%

32b

stack_edu_Java 12,600 5.15%

244,693

stack_edu_PHP 10,714 4.38%
Continued on next page
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Model Size Domain Count Share Total

stack_edu_SQL 10,488 4.29%
common_crawl_history_and_geography 9,791 4.00%
stack_edu_Go 9,535 3.90%
finemath_3plus 8,732 3.57%
stack_edu_Rust 8,363 3.42%
stack_edu_Ruby 8,066 3.30%
stack_edu_Python 7,392 3.02%
common_crawl_software 6,892 2.82%
common_crawl_software_development 6,652 2.72%
common_crawl_travel_and_tourism 6,603 2.70%
rpj_proofpile_arxiv 6,478 2.65%
common_crawl_transportation 6,412 2.62%
common_crawl_religion 6,257 2.56%
stack_edu_JavaScript 6,075 2.48%
common_crawl_literature 6,071 2.48%
stack_edu_Cpp 5,986 2.45%
stack_edu_C 5,753 2.35%
common_crawl_science_math_and_technology 5,729 2.34%
stack_edu_Swift 5,701 2.33%
common_crawl_home_and_hobbies 5,689 2.32%
common_crawl_games 5,676 2.32%
common_crawl_finance_and_business 5,569 2.28%
common_crawl_electronics_and_hardware 5,467 2.23%
common_crawl_entertainment 5,317 2.17%
stack_edu_Shell 5,303 2.17%
stack_edu_Markdown 5,258 2.15%
common_crawl_industrial 4,311 1.76%
common_crawl_crime_and_law 4,099 1.68%
common_crawl_education_and_jobs 4,000 1.63%
common_crawl_health 3,853 1.57%
stack_edu_CSharp 3,747 1.53%
stack_edu_TypeScript 3,652 1.49%
common_crawl_social_life 3,159 1.29%
common_crawl_food_and_dining 3,068 1.25%
common_crawl_art_and_design 3,043 1.24%
common_crawl_adult_content 2,932 1.20%
common_crawl_politics 2,806 1.15%
common_crawl_sports_and_fitness 1,865 0.76%
dolma1_7_wiki_en 1,802 0.74%
olmocr_science_pdfs_education_and_jobs 1,711 0.70%
common_crawl_fashion_and_beauty 1,506 0.62%
olmocr_science_pdfs_art_and_design 282 0.12%
olmocr_science_pdfs_entertainment 267 0.11%
olmocr_science_pdfs_sports_and_fitness 13 0.01%
olmocr_science_pdfs_adult_content 8 0.00%

7b

stack_edu_Java 9,975 6.07%

164,337

stack_edu_SQL 8,621 5.25%
stack_edu_Go 7,712 4.69%
stack_edu_PHP 7,434 4.52%

Continued on next page
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Model Size Domain Count Share Total

common_crawl_history_and_geography 6,591 4.01%
stack_edu_Rust 6,484 3.95%
stack_edu_Ruby 5,625 3.42%
stack_edu_Python 5,147 3.13%
finemath_3plus 4,764 2.90%
common_crawl_software_development 4,675 2.84%
stack_edu_C 4,493 2.73%
rpj_proofpile_arxiv 4,239 2.58%
stack_edu_JavaScript 4,209 2.56%
stack_edu_Shell 4,193 2.55%
common_crawl_software 4,192 2.55%
stack_edu_Swift 4,177 2.54%
stack_edu_Cpp 4,112 2.50%
common_crawl_travel_and_tourism 4,080 2.48%
common_crawl_literature 4,038 2.46%
common_crawl_games 3,851 2.34%
common_crawl_home_and_hobbies 3,764 2.29%
common_crawl_entertainment 3,696 2.25%
common_crawl_science_math_and_technology 3,640 2.21%
common_crawl_transportation 3,525 2.14%
common_crawl_electronics_and_hardware 3,490 2.12%
common_crawl_religion 3,343 2.03%
common_crawl_finance_and_business 3,243 1.97%
stack_edu_Markdown 3,087 1.88%
common_crawl_crime_and_law 3,040 1.85%
common_crawl_industrial 2,820 1.72%
stack_edu_CSharp 2,655 1.62%
stack_edu_TypeScript 2,586 1.57%
common_crawl_education_and_jobs 2,527 1.54%
common_crawl_health 2,065 1.26%
common_crawl_politics 1,927 1.17%
common_crawl_art_and_design 1,885 1.15%
common_crawl_social_life 1,807 1.10%
common_crawl_adult_content 1,721 1.05%
common_crawl_food_and_dining 1,630 0.99%
common_crawl_sports_and_fitness 1,040 0.63%
common_crawl_fashion_and_beauty 788 0.48%
olmocr_science_pdfs_education_and_jobs 672 0.41%
dolma1_7_wiki_en 396 0.24%
olmocr_science_pdfs_art_and_design 214 0.13%
olmocr_science_pdfs_entertainment 154 0.09%
olmocr_science_pdfs_adult_content 6 0.00%
olmocr_science_pdfs_sports_and_fitness 4 0.00%

13b

github_sample 18,335 58.46%

31,365

common_crawl_sample 5,687 18.13%
wikipedia_sample 3,194 10.18%
c4_sample 3,137 10.00%
arxiv_sample 936 2.98%
stackexchange_sample 76 0.24%

Continued on next page
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3b

github_sample 15,029 65.76%

22,855

common_crawl_sample 2,797 12.24%
c4_sample 2,211 9.67%
wikipedia_sample 2,121 9.28%
arxiv_sample 654 2.86%
stackexchange_sample 43 0.19%

7b

github_sample 16,290 61.05%

26,681

common_crawl_sample 3,982 14.92%
wikipedia_sample 2,877 10.78%
c4_sample 2,749 10.30%
arxiv_sample 726 2.72%
stackexchange_sample 57 0.21%

12b

Github 8,380 78.71%

10,647

Pile-CC 1,427 13.40%
FreeLaw 420 3.94%
USPTO Backgrounds 134 1.26%
PubMed Central 127 1.19%
NIH ExPorter 47 0.44%
Wikipedia (en) 40 0.38%
Enron Emails 27 0.25%
StackExchange 27 0.25%
ArXiv 6 0.06%
HackerNews 4 0.04%
Gutenberg (PG-19) 3 0.03%
EuroParl 2 0.02%
PhilPapers 1 0.01%
PubMed Abstracts 1 0.01%
Ubuntu IRC 1 0.01%

160M

Github 2,082 91.40%

2,278

FreeLaw 107 4.70%
Pile-CC 51 2.24%
PubMed Central 36 1.58%
PhilPapers 1 0.04%
StackExchange 1 0.04%

1b

Github 6,929 82.80%

8,368

Pile-CC 815 9.74%
FreeLaw 353 4.22%
PubMed Central 125 1.49%
USPTO Backgrounds 60 0.72%
NIH ExPorter 45 0.54%
StackExchange 14 0.17%
Wikipedia (en) 10 0.12%
Enron Emails 7 0.08%
ArXiv 3 0.04%
Gutenberg (PG-19) 3 0.04%
HackerNews 3 0.04%
PhilPapers 1 0.01%

Continued on next page
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2.8b

Github 7,575 82.81%

9,147

Pile-CC 805 8.80%
FreeLaw 369 4.03%
USPTO Backgrounds 141 1.54%
PubMed Central 126 1.38%
NIH ExPorter 45 0.49%
Wikipedia (en) 29 0.32%
Enron Emails 26 0.28%
StackExchange 18 0.20%
ArXiv 5 0.05%
HackerNews 4 0.04%
PubMed Abstracts 2 0.02%
Gutenberg (PG-19) 1 0.01%
PhilPapers 1 0.01%

410M

Github 4,995 85.24%

5,860

Pile-CC 411 7.01%
FreeLaw 254 4.33%
PubMed Central 116 1.98%
NIH ExPorter 45 0.77%
USPTO Backgrounds 25 0.43%
StackExchange 9 0.15%
ArXiv 1 0.02%
Enron Emails 1 0.02%
Gutenberg (PG-19) 1 0.02%
PhilPapers 1 0.02%
Wikipedia (en) 1 0.02%

6.9b

Github 8,350 79.29%

10,531

Pile-CC 1,376 13.07%
FreeLaw 405 3.85%
PubMed Central 128 1.22%
USPTO Backgrounds 127 1.21%
NIH ExPorter 46 0.44%
Enron Emails 27 0.26%
Wikipedia (en) 27 0.26%
StackExchange 23 0.22%
ArXiv 7 0.07%
HackerNews 7 0.07%
Gutenberg (PG-19) 4 0.04%
PubMed Abstracts 2 0.02%
PhilPapers 1 0.01%
Ubuntu IRC 1 0.01%

1b

scala 69,591 16.30%

426,831

java 59,360 13.91%
html 43,000 10.07%
c 42,895 10.05%
go 38,165 8.94%
kotlin 28,411 6.66%
c_sharp 18,946 4.44%

Continued on next page
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php 18,309 4.29%
rust 17,913 4.20%
python 16,425 3.85%
javascript 11,033 2.58%
swift 9,282 2.17%
shell 8,943 2.10%
typescript 8,793 2.06%
sql 7,888 1.85%
ruby 7,659 1.79%
lua 7,534 1.77%
css 5,822 1.36%
dockerfile 3,779 0.89%
julia 2,811 0.66%
r 272 0.06%

3b

scala 72,282 15.24%

474,193

java 63,976 13.49%
c 48,425 10.21%
html 45,264 9.55%
go 41,146 8.68%
kotlin 31,384 6.62%
c_sharp 22,748 4.80%
php 21,139 4.46%
rust 20,112 4.24%
python 18,807 3.97%
javascript 12,895 2.72%
lua 10,242 2.16%
shell 10,195 2.15%
sql 10,172 2.15%
swift 10,031 2.12%
typescript 9,652 2.04%
ruby 9,273 1.96%
css 7,262 1.53%
dockerfile 4,688 0.99%
julia 3,789 0.80%
r 711 0.15%

7b

scala 74,377 14.17%

524,708

java 68,861 13.12%
c 53,398 10.18%
html 49,576 9.45%
go 44,513 8.48%
kotlin 34,436 6.56%
c_sharp 25,344 4.83%
php 24,442 4.66%
rust 22,102 4.21%
python 20,861 3.98%
javascript 15,167 2.89%
lua 13,309 2.54%
sql 12,755 2.43%

Continued on next page

42419



Model Size Domain Count Share Total

shell 11,726 2.23%
typescript 11,561 2.20%
swift 11,075 2.11%
ruby 10,645 2.03%
css 9,104 1.74%
dockerfile 5,755 1.10%
julia 4,849 0.92%
r 852 0.16%

Table 7: Domain distribution of memorized texts across model families and sizes.
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