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Abstract

Large Language Models (LLMs) can some-
times degrade into repetitive loops, persistently
generating identical word sequences. Because
repetition is rare in natural human language, its
frequent occurrence across diverse tasks and
contexts in LLMs remains puzzling.

Here we investigate whether behaviorally simi-
lar repetition patterns arise from distinct under-
lying mechanisms and how these mechanisms
develop during model training. We contrast
two conditions: repetitions elicited by natural
text prompts with those induced by in-context
learning (ICL) setups that explicitly require
copying behavior. Our analyses reveal that ICL-
induced repetition relies on a dedicated network
of attention heads that progressively specialize
over training, whereas naturally occurring rep-
etition emerges early and lacks a defined cir-
cuitry. Attention inspection further shows that
natural repetition focuses disproportionately on
low-information tokens, suggesting a fallback
behavior when relevant context cannot be re-
trieved. These results indicate that superficially
similar repetition behaviors originate from qual-
itatively different internal processes, reflecting
distinct modes of failure and adaptation in lan-
guage models.

1 Introduction

Text output by Large Language Models (LLMs)
diverges from human-generated text in systematic
ways that occur consistently across models and
tasks. One of the most striking examples of this
divergence is repetition, where identical token se-
quences are persistently produced in cycles (Fu
et al., 2021). It remains unclear why models gen-
erate repetitive patterns so commonly, and how
this tendency develops over the course of train-
ing. Is it a learned strategy, or an innate tendency
that emerges early and persists independently of
training? Repetition has largely been treated as a
unitary phenomenon, implicitly assuming a single

underlying cause. Yet it can be elicited by diverse
prompts and contexts, suggesting that distinct pro-
cesses may contribute to sustaining repetitive be-
havior, as shown for other generation tasks (Ortu
et al., 2024).

We explore whether multiple mechanisms act
concurrently in sustaining repetition, what specific
roles they play, and how dedicated circuitry is or-
ganized to support them. To this end, we investi-
gate how repetition arises under different inputs,
comparing two conditions with a controlled set of
prompts: one in which repetition follows natural
text, and another in which it is induced by the struc-
ture of the input through an in-context learning
task. Adopting a mechanistic interpretability ap-
proach, we analyze the model’s internal dynamics
during repetition from three complementary per-
spectives: (1) developmental trajectory, tracking
the emergence of repetitive behavior and attention-
head activity across training (Sec. 3); (2) atten-
tional focus, examining which tokens are attended
during repetition (Sec. 4); and (3) confidence of
next token prediction, analyzing output token prob-
abilities (Sec. 5).

Our analysis reveal that multiple, distinct mech-
anisms supporting repetition emerge at different
stages of training and act jointly in the latest train-
ing steps. Specifically, repetition as an in-context
learning behavior develops progressively, whereas
an early-available, degenerate mechanism produces
repetition when the model fails to attend to infor-
mative tokens. Over training, this early mechanism
stabilizes, yet both mechanisms persist and inter-
act to sustain repetitive behavior in fully trained
models. Together, these findings suggest that the
prevalence and persistence of repetition in LLMs
arise from the interaction between these mecha-
nisms.



1.1 Related work

Repetitions occurs across model sizes and architec-
tures in response to various tasks and prompts (Xi
et al., 2021; Shu et al., 2024; Wang et al., 2024),
and share some fundamental properties, like a ten-
dency to persist once initiated, especially when
relying on top probabilities for next token selec-
tion, like with greedy decoding (Holtzman et al.,
2019; Fu et al., 2021). Prior studies explained its
persistent as a self-reinforcing dynamic: once rep-
etition begins, the model increasingly favors the
same tokens when exposed to similar contexts (Xu
et al., 2022). Repetition would thus emerge as a
context-based strategy of copying previous tokens,
akin to an in-context learning (ICL) ability (Wang
et al., 2025; Yan et al., 2023), supported by special-
ized neurons and attention heads whose activation
strengthens across cycles (Hiraoka and Inui, 2024;
Yao et al., 2025). Repetition may thus arise as an
ICL skill, learned as a byproduct of optimization on
some repetitive patterns already present in training
data (Li et al., 2023), which can influence the prob-
ability distributions the model learns from. Few
details are known about how LMs would depart
from regular text generation and start outputting
repetitions (Fu et al., 2021; Yao et al., 2025); in
fully trained models, repetition has been described
as a fallback strategy arising under uncertainty, for
example when lacking epistemic knowledge in fact-
retrieval tasks (Ivgi et al., 2024). It is possible that
training has effect on it, as it is more frequently
present in smaller, shorter-trained models. Yet,
even though properties of ongoing repetitions are
known, such its self-reinforcing dynamics and con-
text reliance, it remains unclear why and how mod-
els start develop and maintain repetition instead of
converging toward more human-like generation.

1.2 Motivations

The aim of this study is to better understand repeti-
tive behavior, by looking at how it develops during
training, in different input contexts. Repetition can
occur in response to diverse tasks and linguistic set-
tings, likely reflecting multiple underlying causes.
It may occur under uncertainty, when the model
lacks the knowledge to select appropriate tokens,
or paradoxically from overconfidence, when it as-
signs excessive probability to repeating sequences
despite their degeneracy. Repetition may continue
from already repetitive input, or unexpectedly arise
after well-formed natural text. This complexity

suggests that repetition can arise and develop in dif-
ferent ways, as a response to diverse contexts. Here,
we investigate how repetitive behaviors emerge dur-
ing model training and how models develop mech-
anisms that sustain them. Specifically, we compare
two conditions: one where repetition arises sponta-
neously following natural well-formed sentences,
and one prompting it as form of in-context learning,
where it is induced as a procedural copying behav-
ior (Wang et al., 2024; Yan et al., 2023; Hiraoka
and Inui, 2024).

2 Experimental setup

We conducted our experiments on Pythia 1.4B (Bi-
derman et al., 2023), which provides intermediate
training checkpoints, enabling analysis of learn-
ing dynamics while remaining small enough to run
extensive experiments on all checkpoints. We re-
produce our results on a similar OLMo model in
Appendix C. Experiments are run on A30 GPUs.
A run on all heads of a single layer, for a single
checkpoint can take up to 10h. We ran experiments
for all layers, on 10 different checkpoints.

Dataset. We designed a dataset to contrast two
types of prompts, both eliciting repetitive outputs.
First, we built a raw set of prompts by randomly
sampling 1,000 well-formed human sentences from
a Minipile partition of the Pile (Kaddour, 2023;
Gao et al., 2020) and truncating each to 32 tokens.
These sequences were then input to the model, and
continuations up to 1,000 tokens were generated
using greedy decoding, a method known to induce
repetition (Holtzman et al., 2019; Li et al., 2023;
Xu et al., 2022).

From the raw set, we retained as Natural
prompts only those sequences that spontaneously
trigger repetitions under greedy decoding: specifi-
cally, cycles of more than one token that persisted
until the end of generation (excluding repetitions
of the end-of-text token). If a cycle did not start
immediately after the original 32-token extract, we
included in the prompt the model’s output up to
the first token in the cycle. Constructed this way,
when a prompt from this dataset is submitted to
the model, it outputs cycle from the first generated
token.

For the ICL prompts, we sampled input from
the set that did not trigger repetitions at all during
the 1000 token generation. By taking those raw
sequences and repeating them at least once in the
prompt, we create prompts which induce repetition



Training steps Repeating Generated Output (Excerpt)

Prompt: “The capital of France is”

1 No NOTE real defend bro held portfolio 377 People straytheseNOTE . ..
1k Yes The capital of France is the capital of France. The capital of France is the capital of France.
10k No The city of Paris. The city is the seat of the French government . ..
Final Yes Paris. The capital of the United States is Washington, D.C. The capital of the United Kingdom is

London. The capital of the United States is Washington, D.C. The capital of the United Kingdom
is London.

Prompt: “In the year 2020,”

1 Yes *),fogial 948Pickng psy ainda regulargial 948 Abbey Proof ainda regular regular regular regular
1k Yes The company has been in the company’s capital, and has been in the company’s capital, and has
been in the company’s capital . . .
10k Yes The number of people who have been diagnosed with COVID-19 has increased by more than
50%. The number of people who have been diagnosed with COVID-19 has increased by more
than 50%.
Final No The number of people living with HIV in the United States will be approximately 1.1 million ...

Table 1: Representative Pythia generations at different training steps.

in the model.

Repetition cycles. We formally define the no-
tion of repetition cycles as used in this work. A
sequence of tokens {w;} is repetitive with cycles
of length n if there exists an index 7" such that for
allt > T

Wt = Wi4n, \27 Z T

where {w;} is the sequence of tokens. T is the
starting point of periodicity. n is the cycle length.
This means that for ¢ < T', the sequence may be
arbitrary, but from 7" onward, it follows a periodic
pattern.

Cycle numbering. In what follows, we indicate
the first repetition of a cycle as cycle 1. By cycle
0, we indicate the input sequence not including
the tokens repeated by the model. In the natural
prompt case, this is solely the prompt. In the ICL
case, cycle 0 is an empty prompt, which we do not
plot. Cycle 1 is a single iteration of the sequence,
insufficient to expect a repetitive generation. From
cycle 2, the model has a pattern to detect and could
start repeating.

3 Development

3.1 Behavioral path

We examine the developmental trajectory of repeti-
tion in both Natural and ICL prompts. Specifically,
we test whether the ability to repeat in the ICL
condition emerges progressively over training, as
observed for other in-context learning abilities (Ols-
son et al., 2022), and whether it develops across
training or is early present as a default in natural
setting. Using the same raw set of 1,000 prompts

from the Pile, we quantified the proportion of out-
puts exhibiting repetition under each condition. We
then tracked whether the same prompts remained in
the repeating category across checkpoints to assess
the stability and development of repetition over
time. Examples are provided in Table 1.

Figure 1 illustrates the results: in the natural
setting, repetitions emerge as an early-available be-
havior starting from the first training timestep, with
initially present repeating sequences still signifi-
cantly represented at the latest training step. Once
the model is fully trained, natural repetition encom-
passes half sentences that were repeating since the
initial training stage, and half that were acquired
progressively, throughout training.

By contrast, in the ICL setting, no repetitions
appeared at the first timestep; the proportion of rep-
etitions increased gradually, with prompts moving
in and out of the repeating category, suggesting that
repetition develops progressively as an acquired be-
havior. The increasing proportion suggests that the
model learns to perform ICL repetition more ef-
fectively and generalizes it to new inputs with the
appropriate contextual structure.

3.2 Attention head activations

Having established distinct developmental trajec-
tories for natural and ICL repetition, we next as-
sess whether these behaviors rely on different cir-
cuitry. Specifically, we ask whether the developing
ability to match context recruits a network special-
izing over time, and whether a circuit is already
present to sustain the early-emerging repetition ob-
served in the natural setting. We focus in particular
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Figure 1: Proportion of repetitions across checkpoints in the ICL (left) and natural (right) settings. At each training
step, the same prompts are re-input to the model. Flows indicate whether they remain in the repeating (colored) or
non-repeating (light grey) category across steps. Early-emerging repetitions are largely preserved across checkpoints

in the natural setting while ICL is late emerging.

on attention heads, which are known to support
pattern-matching operations such as in-context rep-
etition (Olsson et al., 2022; Crosbie and Shutova,
2024; Zheng et al., 2024): we compare their activ-
ity across checkpoints in the two conditions.

3.2.1 Method.

To understand the contribution of each attention
head to repetitions, we map each head to the
model’s output space using an affine transforma-
tion, and the model’s unembedding matrix (Belrose
et al., 2023). We assess which output token can be
predicted from the attention-head probability distri-
bution, focusing on the first four cycles generated
after each prompt.

If k£ is the number of tokens of a sequence, and
each layer [ has n attention heads with input and
output dimension of d, then the update made to
the residual stream by an attention head a can be

noted:
Abn — gln (norm(xl_1)>

with 2 € R¥* the input from the residual stream,
and norm layerwise normalization. We train an
affine transformation to map each attention head’s
output to the unembedding space:

Zb = WEAY™ 4+ bygean

with W, € R%*? the trainable weight matrix map-
ping the hidden representation to the unembedding
space and bygcap € R the bias term added to each
logit.

We use the contrastive method from Ortu et al.
(2024) to highlight the contribution of each head
to the probability of outputting the next token in a

given cycle, rather than the next most likely, non-
cyclical token. In practice, we subtract the logits
of cycle token ctok from the most likely token that
is not ctok. This next most likely token, ntok,
corresponds to the token most likely to interrupt
the cycle:

contrast = softmaz(Z-mWetoR) — Zlnyy ntok))

with W, € R4V the unembedding matrix and V'
the vocabulary size.

Positive values of this contrast mean the atten-
tion head favors the token that continues the cycle,
and negative values mean that it favors another
token, that is not in the cycle.

3.2.2 Training.

As in Belrose et al. (2023), we find the parameters
of the affine transformation using stochastic gra-
dient descent to minimize Kullback-Leibler diver-
gence between an attention head’s distribution and
the distribution of the final layer, right before the
unembedding matrix. We perform this training on
a set of 10k prompts extracted from minipile (Gao
et al., 2020; Kaddour, 2023), which we later discard
from further experiment to avoid data contamina-
tion. We use the representation extracted for the
final kth token to represent the entire sequence.

3.3 Results

Fig. 2 shows the evolution of each attention head’s
contribution to the repetitive behaviour. In the ICL
setting, contrast values show that repetition is char-
acterized by the activation of a few heads, which
specialize throughout training. Repetition in the
natural setting does not rely on the same circuits,



Natural

1e-6 | latest

Contrast

o | S

contrast

1 2 3 4 1 2 3 4 1 2 3 4
Cycle Number Cycle Number Cycle Number

—e-: 10.0
10.14

--®-+ 10.15
—e-: 10.2

—eo— 12.15
<@ 22,6

—eo— 23.10

5.14

1 2 3 4 1 2 3 4 0 2 4

Cycle Number Cycle Number Cycle Number
—— 7.2 —e- 7.4 —o— 7.6 7.8
7.3 --@ 7.5 —-e 7.7 --e 79

Figure 2: Attention head contrast between outputing a repeating token—above 0—or non repeating—below 0. On the
left are multiple steps of ICL training, showing progressive specialisation of specific heads in either directions. On
the right is the final training step for the natural dataset. Heads do not contribute either way. Heads with biggest
variation across cycle number are put in full opacity. In the legend, we use the layer.head-number format.

and is characterized by near 0 contrast on all atten-
tion heads at all intermediary step. This remains
true until the last step (we graphically illustrate
this last one in Fig. 2). The results suggest that
ICL-induced repetition engages a distinct and pro-
gressively specialized circuit of attention heads,
unlike repetition from natural text, which operates
independently of this system. We next detail how
this circuit develops.

ICL before step 10k: As observed in the previ-
ous section (see Fig 1, left panel), the proportion
of ICL-based repetitions is minimal until step 10k.
Expectedly, as we observe close to no ICL repe-
tition in this first phase of training, we find that
attention heads have random contrast values from
cycle to cycle, centered around 0. In this early
phase, the model has not learned yet to perform
ICL-based repetition.

ICL at steps 10k/100k: The majority of heads
have very low contrast values, between -.5e-6 and
.5e-6. There is a general shift observed between cy-
cles 2 and 3, when the sequence has been repeated
and it becomes possible to detect it. On cycle 3,
we observe that a majority of heads change con-
trast value rapidly. Heads which showed a positive
contrast value, in favor of repetition, will suddenly
drop well below zero, and vice versa. We under-
stand this change to mean that the heads have de-
tected the pattern, and will either act to contrast it
or encourage it. Before, they could only focus on
elements of context, it was impossible to detect a
repetitive structure. We take this to be character-
istic of an intermediary repetition behavior during
the training of the LLM. It uses specialized heads,
but they emerge only once the repetitive pattern is
completely available and sufficiently long to create

a stable context.

ICL at latest training step: As previously, only
a few specialized heads contribute to repetition,
while all others remain have very low activations.
The strongly activated heads (heads 2 to 8 from
layer 7) have increasingly polarized values as the
number of cycles increases. At the latest training
step, those specialized head’s contrast corresponds
to results from the literature reporting increasing
probabilities for repetition as number of cycles in-
creases. At this point, there is no radical change
after the cycle has been repeated twice, specialized
heads support repetition before without relying on
a previous repetitive pattern: this pattern agnostic
evolution can explain the increased proportion of
repetitions elicited at this step (Fig. 1).

Natural at latest training step: No activation
of attention heads beyond the noisy -.5e-6 and .5e-
6 thresholds is measured for natural. When the
number of cycles increases, there is no change in
contrast value for any given head. The absence of
contrast change with the evolution of the context
when cycle number increases will be further ana-
lyzed in the next section, which investigates the
tokens the different heads focus on.

Similarly, as shown in Appendix A MLP contri-
bution to repetition is much stronger for induced
repetition than for the natural ones. In both cases,
only the later layers contribute, and the contribu-
tion of MLP layers is not detected by the probes
during the first phases of training.

4 Attention head focus

While ICL-induced repetition depends on dedi-
cated attention heads, the natural setting shows
no clear head specialization yet still produces rep-



etition. This suggests that repetition may arise
either from alternative information sources or from
a lack of informative context, which could prevent
a meaninful continuation. We examine this possi-
bility by analyzing the tokens each head attends to
during generation. We therefore focus on the lin-
guistic information present in the prompt context
that attention mechanisms are expected to capture
to generate coherent continuations. To this end, we
analyze the attention weights assigned to different
classes of input tokens across the two conditions.

4.1 Method

Words from the prompts are categorized according
to their linguistic function, depending on the differ-
ent types of information they might be carrying: 1)
Content Words, carrying relevant semantic informa-
tion (such as nouns, adjectives, and verbs), which
occur most frequently in our prompt set, are classi-
fied as . 2) Structural Words and tokens which lack
semantic content. We segment those into different
categories (e.g. as seen in Fig. 3, newline, bracket,
sentence-ending punctuation, other punctuation),
and Other formatting tokens.

An attention head transfers information from
previous tokens in a sequence to the current token:
each token gets a specific attention weight, cor-
responding to it’s relevance in the given context.
In Fig. 3 we average the proportion of attention
weights given to each category of words in the se-
quence over all attention heads in the model. To
control for differences due to the frequency of each
category of words in the dataset, we report a ratio—
the proportion of attention given to a given category
divided by the proportion of words of that category
in the dataset. Here, if all categories had a bias of 1
(represented by a dotted line in Fig. 3) we would
have a uniform distribution of the attention weights
where all words in every prompt would be attended
equally.

4.2 Results

Attention in the two prompting conditions focuses
on different types of tokens. In the natural condi-
tion, compared with ICL, it is predominantly di-
rected toward tokens carrying little semantic or
linguistic content (most notably newline tokens)
and less toward semantically informative tokens
such as content words. This is on par with the at-
tention sink (Xiao et al., 2023) phenomenon where
a disproportionate amount of attention is given to
specific words.

Tokens forming a newline are very attended on
average by all heads in the model (We provide a
breakthrough of newline and content word atten-
tion focus at every layer in Appendix 3.2). This
pattern is notable also in the ICL case, with newline
given 3.1 times more weight than expected from
the uniform distribution. For Natural prompts, the
distribution of attention weights is even more bi-
ased towards newline, with a ratio of 9.9.

We emphasize that while Content words are
within a standard deviation of the uniform distribu-
tion in the case of ICL, a majority of words in our
prompts are content words (This can be visualised
in Appendix B, Fig. 8 where the distribution of
each dataset in the different categories is explicited.
Attention distribution for layer 4 is also provided
as an example) Content words are where most se-
mantics will be found. Attending content words is
an expected behavior in most contexts for LLMs
when performing next token prediction. They are
nonetheless vastly ignored when we input prompts
from the Natural dataset, and get on average less
than half of the attention we could expect with a
uniform distribution.

We make comprehensive causal tests to deter-
mine whether it is the newline tokens in themselves
that cause repetition (adding newlines, removing
newlines, forcing attention heads to give additional
/ less weight to newline). All these experiments
lead to O changes on our experimental subset of
100 prompts of each dataset.

A high bias to attend newlines and a bias to avoid
Content words do not cause repetition from the nat-
ural prompt dataset, but they nonetheless inform
us that repetitions co-occurs with attention heads
avoiding semantic information; newline, like other
structural tokens has previously been observed to
be completely replaceable, without any impact on
next token prediction (Rakotonirina et al., 2024).
Attention heads massively focusing on such a token
helps explain what we observed in Section 3.3: the
attention heads are not contributing significantly to
repetitive behavior as they are looking at overall
uninformative tokens. We further confirm this dis-
regard for semantics in Fig. 4 by observing which
words receive attention weight when we remove all
newline tokens from the prompts. Attention from
the newline tokens mostly shifts to other tokens that
do not hold semantic information, such as structural
tokens specific to tokenization or brackets. In in-
duced repetition on the other hand, the attention
weight is transferred to function words (e.g. "and",
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tokenizer.

"with", etc.) or numbers when they are available.
This further highlights that sequences that sponta-
neously lead to repetition are those where attention
strongly disregards content, and mostly focuses on
structural, mostly semantic-less tokens.

5 Confidence

We finally assess whether the two repetition mech-
anisms yield different levels of confidence in the
fully trained model. Specifically, we ask whether
the learned ICL strategy and the early-arising natu-
ral repetition reflect distinct confidence profiles, as
a hallmark of their different generation dynamics.

Previous studies have shown that models tend
to repeat under uncertainty (Ivgi et al., 2024), but
also that repetition can arise from excessive re-
liance on contextual cues (Fu et al., 2021; Xu et al.,
2022). To evaluate the model’s confidence during

repetition, we compute the entropy of the next-
token distribution, derived from the logits over
the first four cycles of 1000-token greedy gener-
ations. High-entropy distributions indicate lower
confidence, as probability mass is spread across
many tokens, whereas low entropy reflects peaked,
high-confidence predictions.

The results, plotted in Fig. 5 show that the dis-
tribution between quartiles is much wider in the
natural case, with more outlier values. Initially,
before the cyclical behavior begins, entropy is sta-
ble. For the first repetitive cycle there is a sharp
increase in entropy. as pointed out by (Ivgi et al.,
2024), repetitions tend to happen when there is
stronger uncertainty, here with probability distri-
bution shared across more different tokens. As
the number of cycles increases, in both cases both
datasets see their median entropy decrease, with a
slightly faster decrease for ICL. Here, the more we
repeat, the more certain likely it is to continue re-
peating. Within-dataset differences are also present:
while all ICL datapoints end up with the same low
entropy with 99% of data concentrated between 0
and 1 in cycle 4, sentences from the natural dataset
repeat with more uncertainty, with some outlier
sentences even keeping an entropy above 6 at cy-
cle 4, effectively increasing entropy slightly. This
suggests that natural repetitions start with lower
confidence, consistent with the view that, in the
fully trained model, ICL repetition represents a
consolidated strategy reinforced after the second
cycle, whereas natural repetition arises from incom-
plete information retrieval. Taken together, these
findings put together previous accounts, suggesting
that both uncertainty and over reliance on context
can lead to repetition, each reflecting concurring
mechanisms in repetition generation.

6 Discussion and Conclusions

This work investigates whether behaviorally similar
patterns of repetition in language models arise from
distinct underlying mechanisms, and how these
mechanisms evolve during training to jointly pro-
duce repetitive behavior. We find that repetitions
elicited by natural language and by in-context learn-
ing (ICL) prompts display distinct signatures across
multiple levels: behavioral development, underly-
ing circuitry involving attention heads and MLPs,
attention allocation, and model confidence.

Our analyses show that ICL-induced repetition
emerges as a learned strategy based in the model’s
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ability to detect and exploit context structure, be-
coming increasingly refined across checkpoints. A
dedicated circuit of attention heads, supported by
late-layer MLP specialization, develops to sustain
this ability. The presence of stable input patterns
enhances model confidence in token selection, con-
sistent with previous findings: longer repeating
contexts, encompassing more cycles, correlate with
lower entropy and higher probabilities for repeti-
tive tokens. This suggests that even when repetition
originates naturally, the learned ICL mechanism
can take over, reinforcing and sustaining repetitive
output.

In contrast, natural repetition appears very early
in training; although some of these early repet-
itive patterns are later unlearned, others persist
through to the final model. This suggests that
not all forms of repetition are learned—some may
instead stem from architectural or data-driven bi-
ases that manifest from the outset. Repetition in
this condition lacks a clearly identifiable circuit,
indicating that the model does not rely on a spe-
cific procedure. This pattern is consistent with the
uncertainty-driven behavior described by Ivgi et al.
(2024). Qualitative inspection of attention weights
reveals a disproportionate focus on tokens with lit-
tle semantic content—such as punctuation or syn-
tactic markers, while largely ignoring semantically
informative words. These tokens convey limited
information, and models cannot extract meaningful
content from them (Kervadec et al., 2023; Rako-
tonirina et al., 2024), leading the language model to
fall into a degenerate state. Because this behavior
resembles previously observed fallback patterns in
attention, and given the absence of a causal link
between structural tokens and repetition, we inter-

pret natural repetition as a fallback behavior that
emerges when the model fails to retrieve or attend
to relevant information through either attention or
MLP pathways. The causal mechanisms leading
into this and their practical implementation require
further investigation. Understanding the origins of
these early-emerging patterns remains an open and
compelling direction for future work.
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Limitations

Our study focused on Pythia, as its checkpoints
are freely accessible. We chose a relatively small-
scale model as it is more prone to repetition (Ivgi
et al., 2024) and moreover, its small size allowed
for intensive experimentation while avoiding in-
tense computation costs. Future work should ex-
tend this analysis across models of varying sizes
and architectures to confirm these results as a fun-
damental property of LLMs.

Risk

While repetition itself is a degenerate but harmless
form of failure, understanding its mechanisms pro-
vides valuable insight into the internal dynamics
of LLMs. By identifying how such non-functional
behaviors arise, we can better characterize the path-
ways that may also produce more harmful out-
comes, such as biased or toxic text generation.
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A MLP contribution to repetition

Like attention, the MLP is a main component
of LLMs. Previous works have studied it’s con-
tribution to different behaviors, including repeti-
tion(Hiraoka and Inui, 2024). We apply the method
from Section 3.2 but this time on each MLP module
in the model. For each of them, we get a contrast
value corresponding to how much the next token in
a repeating token is more likely than the next most
likely non-repeating token.

Fig. 7 shows that unlike with attention, none of
the MLP layers go against repetition. Contribution
of the MLP remain weak for natural prompts, while
they are very strong in the ICL setup, reaching up
to 0.5, many orders of magnitude above observed
contributions for the attention heads. In both cases,
the first non-zero contrast reported is on step 10
000 of training. For ICL this corresponds to results
observed in Section 3. For Natural, absence of
MLP signal is additional evidence towards a default
architecture or dataset behavior.

B Attention focus across layers

Following methods described in Section 4, Figure
7 look at the ratio of attention weights focusing
on either newline tokens, or any content words,
in both settings. We observe that bias in favor of
the newline token follows very similar patterns of
relative growth. Bias increases throughout the first
half of the network, and then hits a ceiling around
layer 13. A drastic drop is observed in the final
layer. These variations do not co-occur with the
sudden MLP activation (Fig. 6) in layer 10.

Fig. 8 is a complete overview for attention head
analysis in the fourth layer, allowing a more de-
tailed comparison of the proportion of each cate-
gory of word in each dataset, and the relative im-
portance of content words.

C Reproducing results on OLMo

We reran our full experimental pipeline on OLMo-
1B (Groeneveld et al., 2024), which is a more recent
model also using a transformer architecture, and
overall performs better than Pythia on all bench-
marks. It is also a fully open architecture, where
training algorithms, intermediary checkpoints and
training dataset are available. It should be noted
that the training dataset is not exactly the Pile,
which we use here, but there are strong overlaps.
Across all analyses, OLMo reproduces the core
phenomena observed in Pythia, hinting at a trend
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more generally spread to different transformer-
based models. Figure 10 shows the emergence of
Natural and ICL repetition patterns across check-
points are similar in the two models: Natural rep-
etitions are present as early as timestep 1. Some
of the prompts oscillate repeating - non repeating
across checkpoints ICL Repetition is also acquired
in OLMo, not present at initialization, and rather
emerging during later checkpoints.

In Fig. 9 we show that as also observed in Pythia,
manipulating these heads does not induce repeti-
tion strengthening the interpretation that repetition
correlates with insufficient contextual signal rather
than being caused by specific heads. In the ICL
context, attention focuses more on content tokens
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Figure 6: Contribution of each layer to promoting the repetitive token rather than any other token for both ICL,
in blue in the top row, and Natural prompts, orange in the bottom row. Columns show the emergence of an effect
during training at different training steps.
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the datasets, with error bars showind standard deviation across prompts. Plots in the second column show proportion
of attention assigned to each word category. Finally the third column is the ration of attention to a given category by
the proportion of words in that category for the dataset. The top line gives results for Natural prompts while the
second line gives results for the ICL prompts.
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