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Abstract

Large Language Models (LLMs) exhibit In-Context Learning (ICL), which enables the model to perform new tasks condi-
tioning only on the examples provided in the context without updating the model’s weights. While ICL offers fast adaptation
across natural language tasks and domains, its emergence is less straightforward for modalities beyond text. In this work,
we systematically uncover properties present in LLMs that support the emergence of ICL for autoregressive models and
various modalities by promoting the learning of the mechanisms needed for ICL. We identify exact token repetitions in the
training data sequences as an important factor for ICL. Such repetitions further improve stability and reduce transiency in ICL
performance. We analyse in detail the training dynamics of such data sequences and explain how token repetitions enhance
the ICL learning mechanisms. Moreover, we emphasise the importance of the training task difficulty for the emergence of
ICL. Finally, by applying our novel insights on ICL emergence, we unlock ICL capabilities across various visual datasets
used for few-shot classification, and confirm the generalisability of our insights to much harder real-world examples of large-
scale object classification, and a more challenging EEG classification task. Code is available at https://github.com/jelenab98/
unlocking_icl

Keywords In-Context Learning - Training dynamics - Generalisation - EEG - Image classification

1 Introduction solve tasks not seen during training, such as looking up class

labels or learning an algorithm (mapping rule), solely by con-

In-context learning (ICL) is a notable emerging feature
observed primarily in transformer models, such as Large
Language Models (LLMs) (Brown et al., 2020; Radford et
al., 2019). ICL presents the ability to gather information to
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ditioning on the example input—output pairs provided in the
context. To achieve this, no weight updates or fine-tuning are
required as the task is learned and applied within the con-
text in inference. Precisely, the model takes a sequence of
example input—output pairs (context) followed by a query,
and it is expected to produce the correct output for the given
query. The model is not explicitly told which task to per-
form, but it must infer the algorithm or mapping rule from
the context. For instance, when a model is presented with
a prompt like "dog: animal, rose: plant, car: ?", it should
infer the underlying mapping rule and output "vehicle", even
though it was never explicitly trained on that exact category-
association task. ICL is similar to few-shot learning (Snell et
al., 2017; Finn et al., 2017), with the key distinction that ICL.
requires no training phase for the new task; instead, the model
leverages the pattern-matching learned during pretraining to
understand the context and perform the task at inference. As
a result, the same model can perform a wide range of tasks
purely from the given input—output pairs, such as classifica-
tion, regression, translation, or other sequence-based tasks.
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This paradigm (ICL) contrasts with the “classical" in-
weight learning (IWL), where the knowledge required for
inference tasks is embedded within the model weights dur-
ing training. While IWL can achieve strong performance,
its generalisation is limited as it is less flexible — adapting to
new tasks typically requires gradient descent updates or some
fine-tuning. With IWL, the model only performs the task for
which it was directly optimized and supervised (next-token
prediction, specific label mapping seen in training, etc.).

ICL enables rapid adaptation to new tasks and label spaces,
making it a standard way how humans interact with lan-
guage models for everyday use (Agarwal et al., 2024,
Long et al., 2023; Min et al., 2022; Pawelczyk et al., 2024;
Ram et al., 2023), as well as for vision-language models
(VLMs) (Alayrac et al., 2022; Laurengon et al., 2023; Sun
et al., 2023), and even tabular and algorithmic data (Holl-
mann et al., 2023, 2025; Akyiirek et al., 2024; Bai et al.,
2023; Garg et al., 2022). Overall, ICL promises to be a fast
and reliable method for new tasks with limited training data.
For instance, applications that require few-shot adaptation to
novel users or novel sensor/input data sets, like EEG-based
brain-computer interfaces, could greatly benefit from high-
quality adaptation methods that do not require retraining or
fine-tuning the model.

Despite its promising capabilities, the emergence of ICL in
models is non-trivial; it only emerges under specific training
conditions. For instance, training on natural language often
elicits strong ICL performance. Chan et al. (2022) attribute
this to particular data distributional properties inherent to
natural language, namely 1) burstiness: an increased likeli-
hood to observe a token again, after it was seen recently, and
2) skewness: a sharply declining distribution over token fre-
quencies with a long tail data distribution. Chan et al. further
demonstrate the effectiveness of these training properties on
Omniglot (Lake et al., 2015), resulting in the emergence of
ICL. However, as we show here, this does not generalise to
more complex vision datasets like CIFAR (Bertinetto et al.,
2019), Caltech-101 (Fei-Fei et al., 2004), DTD (Cimpoi et
al., 2014), and also Imagenet (Deng et al., 2009), nor does it
transfer to other modalities such as EEG. Thus, we ask our-
selves: What do we need to unlock ICL for more general
and arguably noisy datasets and modalities?

To answer this, it is necessary to have a deeper understand-
ing of ICL; specifically, we need to understand what a model
needs to learn for ICL. In general, ICL requires: 1) a knowl-
edge aggregation function, which extracts algorithms, rules,
or information from the context and aggregates this knowl-
edge in specific tokens of the context, and 2) a look-up
mechanism that allows retrieving this aggregated informa-
tion that is relevant to the current last token in a sequence (the
so-called query) (Olsson et al., 2022; Reddy, 2024; Singh et
al., 2024). Different ICL tasks will have slight differences
in these two functions. In our classification setup, shown
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on Figure 1A, where the sequence contains paired signal-
label tokens, the aggregation function gathers information
from the previous signal token into the corresponding label
token, forming a previous-token head, and the lookup mech-
anism is a simple similarity function that identifies similar
tokens, relevant to the query signal.

Learning from a previous token-attending head does not
contribute to ICL unless the similarity (look-up) mechanism
is also learned, as there is no learning signal from the loss.
Conversely, learning the look-up function (similarity func-
tion) between query and similar tokens is not helpful unless
useful information has already been aggregated in those
tokens. In essence, the learning of each component is inter-
dependent: the similarity function requires that the previous
token head has already been learned, and learning the previ-
ous token head requires the similarity function to be learned
(see Figure 1B).

These mechanistic insights compel us to investigate why
ICL succeeds on language tasks and Omniglot (Chan et al.,
2022) but fails to generalise effectively to broader datasets
and domains. We believe that the answers lie in the learning
interplay of the two components: 1) We show in Figure 4 and
Figure 1D thatlanguage naturally contains many exact copies
of tokens and n-grams as well as synonyms in a continuous
sequence of tokens. Moreover, prior work has shown that syn-
onyms tend to be clustered or represented closely (Clark et al.
2019; Elhelo and Geva 2025; Lindsey et al. 2025; Mikolov et
al. 2023; Pennington et al. 2014; Serina et al. 2023; Thief3en
et al. 2023). We hypothesise that this simplifies the learning
of the similarity function, as the required function is close to
the identity, and, by doing so, it breaks the interdependence
between the aggregation and similarity components neces-
sary for ICL to emerge. Thus, we argue that introducing exact
token repetitions into training sequences — when they are not
naturally present — can facilitate the learning of ICL (see Fig-
ure 1CD). We further analyse the training dynamics and track
the progress of ICL learning mechanisms, similar to (Reddy,
2024), to gain a deeper understanding of how exact token
repetitions help in the emergence of ICL.

We further suggest that 2) the relative difficulty (and
expected accuracy) of the ICL and the IWL solution influ-
ence whether the model prioritises ICL or not. When the
IWL task is overly simple, the model may exhibit a simplic-
ity bias, prioritising IWL learning and bypassing in-context
learning. We suspect this phenomenon extends to LLMs as
well, where language modelling serves as a fairly complex
IWL task, thereby encouraging the emergence of ICL.

While we focus our analysis mostly on the Omniglot (Lake
etal.,2015) dataset, we also show how our insights unlock in-
context learning in other real-world datasets with much more
diverse and complex data, including the Imagenet (Deng et
al., 2009) dataset for image classification, and a completely
different modality of EEG signals for BCI motor imagery
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Fig.1 A) ICL requires two operations: a similarity function and a head
that attends to the previous token for knowledge aggregation; together,
they present an induction head. B) A similarity function needs to be
established for the previous-token heads to form. Still, the similarity
function has no purpose if it can not be associated with relevant knowl-

classification. Enabling ICL on more challenging real-world
datasets, we show that the importance of token repetition
and task difficulty are general drivers of ICL learning mecha-
nisms across different modalities and levels of task difficulty.

To summarize, we examine in depth the details of learn-
ing ICL and investigate the circumstances under which ICL
emerges. 1) We find that using exact copies of tokens dur-
ing training facilitates ICL learning and leads to higher ICL
accuracy. 2) We further show that, against prior beliefs (Chan
et al., 2022), high burstiness is not essential for the emer-
gence of ICL. A single exact token copy in the context can
be sufficient. 3) We present evidence that exact token copies
simplify the ICL learning task by reducing the complexity of
the similarity function to be learned, giving an initial boost to
the ICL learning mechanisms. We demonstrate this through
detailed analysis of the training dynamics and tracking the
progress measures of the ICL learning mechanisms. 4) We
further show that ICL vs. IWL task difficulty is a significant
driver of ICL emergence, i.e. if the IWL task is difficult and
complex, the model is more likely to learn ICL. 5) Finally,
we demonstrate that our novel insight unlocks ICL for mul-
tiple standard vision datasets, varying from commonly used
in few-shot literature to a more complex real-world example
of large-scale natural images, and even enables ICL for noisy

edge. C) The formation of a previous-token head should be promoted
by simplifying the similarity function — by including exact token copies
in the sequence. D) Enforcing exact copies in the sequences enables
ICL for noisy and complex data beyond text, such as images and EEG.

continuous data, such as EEG, where ICL allows few-shot
transfer to novel datasets.

2 Related work

In-context learning (ICL). In-context learning, initially
observed as an emerging ability in LLMs (Garg et al., 2022),
but also reported in VLMs (Alayrac et al., 2022; Sun et al.,
2023) and vision-only models (Wang et al., 2023; Bai et al.,
2024; Bar et al., 2022) enables fast adaptation to various
new tasks without gradient updates (Hollmann et al., 2025;
Zhang et al., 2023; Zhu et al., 2024; Ferber et al., 2024;
Camaret Ndir et al., 2026). Plenty of research has been
dedicated to understanding how to obtain the best ICL perfor-
mance by analysing the importance of pretraining data (Chan
et al., 2022; Gu et al., 2023; Han et al., 2023; Levine et al.,
2022; Liu et al., 2022; Min et al., 2022; Wies et al., 2023),
demonstration selection and prompt design (Rubin et al.,
2022; Suo et al., 2024; Zhang et al., 2023; Voronov et al.,
2024; Yang et al., 2023; Sun et al., 2025) or framing ICL
as in-context vectors (Liu et al., 2024; Huang et al., 2024,
Peng et al., 2024). On the other hand, some works (Akytirek
et al., 2023; Dai et al., 2023; Oswald et al., 2023) provided
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insights into the ICL’s working mechanisms by studying ICL
on a simple regression task, showing how transformers act
as meta-optimisers performing gradient descent.

Numerous works indicate that the training data distribu-
tion plays a role in the emergence of ICL, where challenging
examples and long-tail tokens, and a large number of
rarely occurring classes have been demonstrated to promote
ICL (Han et al., 2023; Chan et al., 2022), while Razeghi et
al. (2022) found a correlation between the input data term
frequency and the ICL performance. Furthermore, Chan et
al. (2022) demonstrate how certain data distributional proper-
ties, such as skewed token distribution and burstiness, benefit
the ICL in a small synthetic scenario, while Singh et al.
(2023) subsequently showed that the ICL in this setup can
become transient, highlighting the conflict between the ICL
and IWL circuits. Similarly, Chen et al. (2024) argued that
parallel structures, which follow similar semantic or syntac-
tic templates in the pretraining textual data, facilitate ICL
in language models. Our work builds upon previous stud-
ies on the importance of data distributional properties (Chan
et al.,, 2022; Singh et al., 2023) and provides additional
insights into unlocking ICL for various modalities and com-
plex data. Concurrent with our work, Zucchet et al. (2025)
propose a theoretically grounded framework for sparse atten-
tion emergence and find that repetitions in data accelerate
induction-head formation and in-context learning, which
supports our finding on the importance of exact token repe-
titions. We provide further empirical validation of the exact
token repetitions across real-world modalities of images and
EEG signal, provide an explanation of their role for ICL
emergence by tracking progress measures, and identify IWL
task difficulty as another important driver for ICL.

Understanding ICL mechanisms. Mechanistic studies
on the emergence of ICL have identified a specialised atten-
tion pattern, i.e. an induction head, that conducts matching
and copying operations as a key mechanism for ICL (Olsson
etal., 2022). Recent works have been studying the formation
of the induction heads and their role for ICL in a simplistic
scenario (Reddy, 2024; Singh et al., 2024; Edelman et al.,
2024), where Reddy (2024) demonstrates with a simple two-
parameter model that ICL is driven by the formation of an
induction head, which emerges due to nested non-linearities
in a multi-layer attention network. Reddy further introduces
progress measures for deeper analysis of the ICL learning
mechanisms. Our work builds on this interpretability frame-
work to trace the dynamics of the induction heads during
training through different progress measures. We explain
how certain data distributional properties influence the for-
mation of induction heads and the performance of ICL.

Generalisation in EEG for motor imagery. Due to indi-
vidual variability, cross-dataset generalisation in EEG-based
motor imagery (MI), although highly desirable, remains a
challenge. While zero-shot EEG methods are increasing,
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they typically perform multi-modal alignment with EEG
and enable classification to unseen classes from the same
datasets only (Li and Wei, 2025; Song et al., 2023; Liu et al.,
2023). For MI-decoding, pre-trained EEG transformer mod-
els show promise but lack zero-shot capabilities (Jiang et al.,
2024; Patil et al., 2024). To our knowledge, only Duan et
al. (2020) has explored zero-shot learning for MI-EEG using
outlier detection for base and novel classes. Our work demon-
strates how enabling ICL for EEG provides a promising new
direction for cross-dataset EEG generalisation without any
fine-tuning.

3 Experimental setup

We investigate how ICL emerges by training a causal GPT-2-
like model (Radford et al., 2019) on sequences of image-label
pairs from scratch on standard few-shot learning datasets:
Omniglot (Lake et al., 2015), CIFAR-100 (Bertinetto et al.,
2019), Caltech-101 (Fei-Fei et al., 2004), DTD (Cimpoi et
al., 2014). After the investigation, we employ the uncov-
ered factors for ICL and apply it to much harder real-world
data examples of Imagenet (Deng et al., 2009) dataset and
different EEG motor imaging datasets (Zhou et al., 2016;
Schirrmeister et al., 2017; Tangermann et al., 2012).

The autoregressive model in this work is trained with a
sequence length of 2L+ 1 with L image-label pairs in the con-
text followed by a query image fully from scratch, as shown
in Figure 2. The in-weight learning objective is to predict
the label of the last image, which is the (2L + 1)-th token,
given a sequence of L interleaved image-label pairs. For
IWL task, the sequence format should not impact the perfor-
mance, as the model should rely on the knowledge embedded
within the model weights instead of relying on the context to
solve the task. Each image-label pair is converted into token
embeddings separately. The model is trained to maximise the
likelihood of the next token, with the loss applied to the final
query output, thus using last-token prediction as the IWL
training objective.

3.1 Data

The design of the data sequences is really important. We
distinguish between training and evaluation sequences, each
composed of distinct sequence types with specific properties.

Training sequences. We employ a mixture of (1) stan-
dard sequences, in which sample-label pairs are uniformly
randomly selected from the training dataset without any
repetitions in the sequence, and (2) in-context (bursty)
sequences, where the query image-label information is
enforced to be present in the sequence by using a pair similar
to the query image-label pair. Using in-context sequences,
the model can solve the task without relying solely on the
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Fig. 2 We train a GPT-2-like architecture as a next-token prediction from scratch with image-label pairs forming a sequence with control of the

training sequence distribution.

model weights. The proportion of each sequence type in the
total amount of training sequences is treated as a hyperpa-
rameter. Following the setup from (Chan et al., 2022), we use
10% of standard and 90% of in-context sequences.

We illustrate the difference between the sequences lever-
aged in our experimental setup on Figure 3. We employ a
sequence of length L = 8 with eight image-label pairs. In
this case, standard sequences have 8 unique image-label pairs
in the context, and the 9th image comes from a 9th class. For
bursty sequences, we distinguish between high burstiness in
the sequence (referred to as bursty sequence) with three
instances from the query class in the sequence and low bursti-
ness (referred to as bursty (low) sequence) with one example
from the query class in the sequence. We further introduce
bursty sequence instCopy, which follows the same logic as
bursty sequence, but instead of having three instances from
the query class in the sequence, it has the same example as
the query image repeated (copy-pasted) three times in the
sequence (see the same pattern in query-class instances on
Figure 3). To explain the examples from Figure 3 clearer, the
bursty sequence with query class 3 has 4 distinct instances of
the class 3 present in the sequence, with 3 distinct instances
being in the context, and the fourth one is the query image.
On the other hand, the InstCopy sequence with query class
3 has only one instance of that class that appears at all four
locations in the sequence, with the possibility of slightly dif-
ferent augmentations between them. We introduce this type
of sequence, motivated by the frequent repetitions in natural
language.

Evaluation sequences. During the evaluation, we lever-
age 2 different types — IWL and ICL evaluation sequences,
following a similar evaluation protocol as in (Chan et al.,
2022). IWL is evaluated for the multi-class classification task
on the held-out samples from the training classes. The stan-

dard sequences, with a uniformly sampled format, are used
for IWL evaluation (see Figure 3). ICL is evaluated in a few-
shot classification setting for 2-way 4-shot (2 classes with 4
supporting samples each) and 4-way 2-shot (4 classes with 2
supporting samples each) tasks. This evaluation is performed
on held-out novel classes. The trained classifier output is used
for the few-shot evaluation, utilising label mappings from 0-1
or 0-3 to 2-way 4-shot and 4-way 2-shot, respectively.

Dataset construction. We conduct our controlled exper-
iments and analyses on the Omniglot dataset (Lake et al.,
2015) and scale to more realistic visual datasets, often used
in few-shot learning evaluation: CIFAR-100 (Bertinetto et
al., 2019), Caltech-101 (Fei-Fei et al., 2004), and DTD tex-
ture datasets (Cimpoi et al., 2014). Finally, we also show the
performance on the large-scale natural images dataset Ima-
genet (Deng et al., 2009).

Omniglot consists of 1623 handwritten characters from
50 alphabets with 20 exemplars for each character. Unless
stated otherwise, we use 1600 classes as the base classes and
the remaining 23 classes (sampled from the official evalu-
ation subset with seed 42) for the ICL evaluation. We use
10% of data for the validation. During supervised training,
we apply no augmentations other than resizing to 64x64.

CIFAR-100 is a natural dataset consisting of 60000,
32x32 colored images divided into 100 categories with 600
examples from each one. We use 80 classes for supervised
training and 20 classes for the ICL evaluation, as it is given
by the Cifar-100FS (Few-Shot) version of the dataset. We
used 10% of the data for the validation. We do not apply any
augmentations, but we resize the image to 64x64 for training
and evaluation.

Caltech-101 is a natural, imbalanced dataset with 101
classes with 40-800 images per class, while most classes have
about 50 images, and each image is roughly 300x200 pixels.

@ Springer
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Fig. 3 Different training and evaluation sequences with the main dif-
ference being the number of repetitions and the use of identical copies
in the context. Bursty sequences in training have multiple repetitions

We randomly select 91 classes for the supervised training,
and the remaining 10 classes are used for ICL evaluation.
During training, we use random resized cropping to 64x64
with scaling from 0.5 to 1.5, horizontal flipping, and random
rotation of 15 degrees.

DTD is a texture dataset consisting of 5640 images across
47 classes with 120 images from each class with a size
ranging from 300x300 to 640x640. We use 37 classes for
supervised training and 10 classes for the ICL evaluation,
and create a train and validation split with roughly 10% of
data used for validation. We report better and more stable
results with an image size of 128x128 and random resize
with scale (0.5, 1.5).

Imagenet (ILSVRC-2012) is a natural, large-scale image
dataset with 1000 object categories (classes) introduced as a
part of the ILSVRC challenge in 2012. The dataset comprises
over a million images collected from the web via structured
query expansion and further refined with human annotations.
We use 15, 50, 100, and 950 classes for supervised training,
and 10 classes for the ICL evaluation, and create smaller
training and validation splits with 100 instances per class
(250 when using 15 classes) for training and 10 per class
for validation, which are sampled from the original train and
validation subsets. Data splits, both class and instances, were
randomly chosen with seed 42. During training, we use ran-
dom resized cropping to 128x128 with scaling from 0.5 to
1.5, horizontal flipping, and random rotation of 15 degrees.

@ Springer

of the same class, but different class instances as the query class in the
context. InstCopy sequence has the same instance as the query class
instance repeated (literally copy-pasted) multiple times in the context.

3.2 Architecture

We train the GPT-2-like model (Radford et al., 2019) with 12
layers, 8 heads, and an embedding dimension of 64. We use
a smaller model for the induction head analysis experiments
with 3 layers, a single head, and an embedding dimension of
64. The model expects a sequence-like format with aligned
embedding size, so we transformed our image-label pairs
into separate image and label tokens, using a ResNet-like
embedder for images and an embedding layer for labels. We
initialised the model with a truncated normal distribution,
which is important for training stability. We use a 3-block
ResNet model (He et al., 2016) as the image embedder with
output channel dimensions [64, 128, 256]. After that, a pro-
jection layer is added to match the embedding dimension of
64. We train the image embedding model and the GPT model
together from scratch, without language pretraining; we sim-
ply adopt a GPT-2-like architecture. We observe that ICL
emergence is sensitive to the input image embedder archi-
tecture, as shown in 14.

Hyperparameters. We trained the model for different
numbers of steps varying from 100k to 2M iterations using
optimiser Adam (Kingma et al., 2014) with betas (0.9, 0.99)
and epsilon le-08. We use a learning rate warm-up for 15K
iterations, with a square root decay scheduler and a maxi-
mum learning rate of 6e-4. We find that ICL performance is
enhanced with longer warm-up periods. We perform gradi-
ent clipping to a value of 1.0. We trained the model with a
batch size of 16 on a single Nvidia RTX 3090, where 500k
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Fig. 4 Left: Repetitions of n-grams in Wikipedia(Foundation, yyy),
OpenWebText(Gokaslan et al., 2019) and C4(Raffel et al., 2020)
pretraining corpora, performed over 50 million tokens using a BPE
tokeniser with a context length of 2048. We report the average number of
repetitions within the 2048-token window for different n-gram lengths.
The variety of the corpora’s formats (e.g., web, news, social media,

iterations took around 12 hours. For all experiments, we run
the approach for 3 random seeds (42, 1337, 3184) and report
the average results.

4 How to enable ICL?

Prior work has identified specific circuits in transformer
models as the working mechanism of ICL - induction
heads (Olsson et al., 2022; Reddy, 2024; Singh et al., 2024).
The induction head embodies the core concept of in-context
learning: examining the context to identify the most similar
or relevant token and then retrieving the associated, already
aggregated knowledge. ICL requires two underlying compo-
nents: a similarity or look-up function and a head that attends
to the previous token. These two components are mutually
dependent — the similarity function is ineffective without
meaningful aggregated information by the previous-token
head, and the previous-token cannot be optimised without a
similarity mechanism to retrieve and apply the stored infor-
mation.

4.1 Why is ICL learned and non-transient on text but
not on visual data?

Previous work has shown that burstiness and skewness are
drivers of ICL in LLMs (Chan et al., 2022). Here, we argue
that natural language typically contains many exact token

wounded by the Lapiths at Pirithous’...

wiki) leads to substantial differences in repetition rates. Right: Trun-
cated example of a 2048-token sample from Wikipedia’s pretraining
corpora, highlighting exact n-gram repetitions. Different colours present
different n-gram lengths (green: 10-grams, blue: 15-grams, orange: 20-
grams), demonstrating both patterns in the pretraining data.

copies and n-grams, meaning that the exact repetitions are
another important factor for ICL emergence. To show this,
we first conduct a brief analysis of three pretraining cor-
pora commonly used in NLP: Wikipedia (Foundation, yyy),
OpenWebText (Gokaslan et al., 2019), and C4 (Raffel et al.,
2020). We calculated the average number of n-gram repe-
titions within a 2048-token context window, using a BPE
tokeniser to tokenise the text. In Figure 4, we report many
n-gram repetitions and exact token copies in text, which we
believe are an important factor for stable and non-transient
ICL in LLMs.

Now, we can test if our hypothesis on the exact token
repetitions indeed affects the ICL emergence by interven-
ing on the co-dependency of the learning mechanism. We
train the model conforming to the bursty sequences intro-
duced by Chan et al. (2022) and propose a new type of bursty
sequence with exact instance copies in the context (instCopy)
to test this hypothesis. The difference between the sequences
is illustrated and explained in Figure 3.

From Figure 5, we observe thatincluding bursty sequences
in the training data indeed leads to the emergence of the ICL,
which supports previous works (Chan et al., 2022; Singh et
al., 2023, 2024). However, the model achieves strong and
more stable (less transient) ICL performance while using
exact copies in the bursty sequences (instCopy). Further-
more, we can see that high burstiness is not essential for ICL.
—asingle exact copy in the context (bursty (low) + instCopy)
is sufficient to obtain ICL. Finally, we observe that applying
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Fig.5 Exact copies in the context (instCopy) promote ICL performance and reduce transiency. Only a single copy ensures ICL emergence (bursty

(low) case).

exact copies in the context does not harm the IWL perfor-
mance of the model, and at the same time, it encourages the
emergence of ICL. This confirms that exact copies are a
stronger driving factor for ICL, even surpassing the high
burstiness, as previously reported (Chan et al., 2022).

4.2 Why do exact copies help?

In Figure 5, we show that exact copies facilitate strong and
stable ICL performance. We argue that this is due to the sim-
plified similarity function, which breaks its interdependence
with previous-token head learning and ensures that the model
prioritises the formation of the previous-token head.

To confirm this argument, we analyse the training dynam-
ics by tracking progress measures during training and vali-
dation, similar to (Reddy, 2024). For this analysis, we use a
simplified model with 3 layers and a single head, so we can
more easily spot the circles in the layers, which is common
in the interpretability research. However, the same observa-
tions should hold for a larger model with more layers and
heads, where one or more heads would form these circuits,
and the exact information flow would not be directly visible.
To track the emergence of the circuits, we introduce 4 dif-
ferent progress measures based on the QK attention scores
of the model: 1) image-image diagonal, 2) label-image, 3)
image-image query, and 4) query image-label.

The image-image diagonal measure is the average atten-
tion between all image tokens and all other image tokens on
the diagonal, representing the modality mapping. The label-
image measures the average attention between each label
token and its previous image token on the positions which
are expected to be activated if the previous-token head has
been formed (diagonal moved by one). The image-image
query measures the average attention between the query
image and other images in the same class, representing a
similarity-matching function rather than knowledge aggre-
gation. Finally, the query image-label measures the average
attention between the query image and the correct label token
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Fig.6 Average QK scores over the previous-token head positions dur-
ing training for smaller three-layer single-head models trained with
burstiness and with exact copies (bursty + instCopy). High attention
scores for instCopy sequences confirm the formation of a previous-
token head, which is needed for ICL emergence.

positions, representing the final step in the induction head:
retrieval of the correct label.

First, we examine the trends in the measure label-image,
comparing the QK attention scores of the model trained
with bursty sequences and the model trained with com-
bined burstiness and exact copies (instCopy) as in-context
sequences. We calculate the average attention score on the
diagonal with an offset of 1, as this pattern represents the
previous-token head.
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Fig. 7 QK attention space (top) during inference of a 2-way 4-shot
sequence (bottom; classes 0 and 1) on smaller three-layer single-head
models at inference time. We observe a clear induction head and ICL
emergence during inference only for the model trained with burstiness

During training, we observe higher scores for tokens
corresponding to the query label and for the formation
of previous-token heads only in the model with instCopy
sequences. In Figure 6, we trace the formation of previous-
token heads during training by computing the averaged QK
values off the diagonal (expected positions for previous-
token head) over the training process. The previous token
heads indicate aggregation of knowledge from the image to
the label token. Since the similarity function is now trivial,
the model learns to attend to the query from previous tokens
and successfully performs the required ICL operations.

We observe the same patterns during inference for 2-way
4-shot classification on novel classes, as illustrated in Fig-
ure 7 (bottom). We observe ICL performance only for the
model trained with bursty sequences and exact copies (bursty
+ instCopy). For the same model, we observe more atten-
tion between similar tokens in the sequence and a visible
previous-token head. We further track progress measures of
ICL evaluation sequences during training, and we visualise
the QK attention space of one sequence at 65k iteration when
amodel with exact copies in the training sequences has strong
ICL performance in Figure 8.

Here, we can clearly see different trends of the progress
measure throughout the training, where in Layer 1, we
observe a high label-image progress metric for the model
with exact copies, indicating that the label tokens now
strongly attend to the previous image in the sequence, which
confirms the formation of the previous-token head. Interest-
ingly, for the model with just burstiness, we observe no such
formation. Instead, the model learns the modality mapping

and exact copies (bursty + InstCopy) seen through specific patterns over
two layers: a previous-token head in layer one (diagonal with offset 1)
and a query token attending to the most similar label tokens in layer
two.

— image tokens attend to other image token positions in the
sequence, which is seen as high image-image diag value.
Further, we see slight decrease in the label-image metrics
and increase in image-image diagonal metric how the ICL
becomes transient in the model.

In Layer 2, we initially observe a high image-label
progress metric for the model with exact copies, but these val-
ues become transient throughout training. At the same time,
ICL performance follows the same trend: initially high and
strong, then transient. This measure directly reflects the ICL
ability in a model, and we indeed observe high values only for
the model that has ICL emergence, and it connects with the
knowledge aggregation in the previous layer. Furthermore,
we observe that the model without ICL performs similar-
ity matching and modality attendance, as evidenced by high
image-to-image query values. Interestingly, we observe a
further increase in the same measure as the model’s ICL
performance becomes transient.

This confirms that including exact copies in the context
indeed simplifies the learning of the similarity function and
promotes the formation of a previous-token head, which is
then utilised during inference to make a correct ICL predic-
tion.

4.3 What unlocks ICL for various visual datasets?

Previously, we confirmed that bursty sequences (without
exact copies) unlock in-context learning on vision datasets
such as Omniglot. However, we find that the same setup fails
to obtain any ICL for other vision datasets like DTD (Cim-
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Fig. 8 QK attention space during inference of a 2-way 4-shot
sequence (classes (0 and 1) and progress measures during training
on smaller GPT-2 single-head models. We observe strong ICL perfor-
mance only for the model with exact copies, where the progress metrics

poi et al., 2014), CIFAR-100 (Bertinetto et al., 2019), and
Caltech-101 (Fei-Fei et al., 2004), as shown in Figure 9.

We hypothesise that burstiness alone does not provide a
sufficient signal for learning the similarity function, which is
now harder for these datasets. Here, we include exact instance
copies (instCopy) in the bursty sequences. We observe that
instCopy enables strong ICL performance for all three
visual datasets, as shown in Figure 9. We also observe that
the IWL performance remains largely unaffected, with some
convergence differences during training, but the same per-
formance by the end of the training, which directly shows
the difference in the model’s circuit training.

4.4 Does in-weight learning (IWL) task influence ICL?

Language modelling is a significantly harder task than
Omniglot classification, yet we naturally observe strong ICL
performance in LLMs, but not in Omniglot. Does the IWL
task influence ICL? If yes, then how?

@ Springer

confirm the formation of the previous-token head and the model’s cor-
rect establishment of the ICL mechanisms. Interestingly, as the ICL
performance becomes transient, the model starts to behave similarly to
one without ICL performance — just performing modality mapping.

The emergence of ICL requires the formation of induction
heads. However, when the IWL task is overly simple, the
model can exhibit simplicity bias and prioritise IWL learning
over induction head learning. Even highly bursty in-context
sequences may fail to enable ICL in such cases. Following
this, we argue that an in-weight task must have a minimum
level of complexity to encourage the emergence of ICL.

To test this hypothesis, we make IWL tasks more chal-
lenging in two ways — by increasing the number of classes
and by adding label noise via label swapping.

Number of training classes vs. ICL. We create IWL tasks
on the Omniglot dataset with an increasing number of classes,
ranging from 200 to 1600. Using the training setup with
bursty in-context sequences (without instCopy), we evalu-
ate ICL and IWL performance. In Figure 10, we observe
that IWL converges more slowly as the number of classes
increases, indicating that the IWL task becomes more chal-
lenging with a larger class set. In contrast, ICL performance
improves when the number of classes increases. This trend
suggests a competition between IWL and ICL circuits in the
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Fig. 9 Only when employing exact copies in the context (bursty + instCopy), we ensure ICL emergence on the image classification datasets
CIFAR-100, Caltech-101 and DTD, which shows how the ICL emergence can be encouraged in many different visual datasets.
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Fig. 10 When increasing the number of classes monotonically, ICL performance improves as the IWL objective gets harder, which shows the

connection between the IWL task difficulty and the ICL emergence.
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Fig. 11 When increasing the amount of label swapping (LS) noise in sequences, ICL performance improves as the IWL objective gets harder,
which shows the connection between the IWL task difficulty and the ICL emergence.

early phase of training. If the IWL task is too simple, it may
fulfil the IWL objective without learning the ICL mecha-
nism. Prior work (Chan et al., 2022; Reddy, 2024) indicate
similar findings. However, they attribute this improvement
to the presence of many rarely occurring classes, which can
be interpreted as another way to make the IWL task harder.
This shows that increasing the number of classes makes
IWL harder and improves ICL.

Label noise vs. ICL. Here, we create different training
setups with label noise using Omniglot (Lake et al.,2015). We
perform random label swapping, where labels of the query

items are randomly assigned to another training class in 20%
of all sequences. For the case of a bursty sequence, we change
the label mappings to all repetitions in sequences belonging
to the query class. We train models with 200, 400, and 600
classes, where no ICL was observed without noise, shown
in Figure 10, possibly due to the overly simple IWL. In Fig-
ure 11, we observe that label swapping significantly improves
ICL performance, while for IWL, we observe a similar trend
of slower convergence as in Figure 10. Label swapping makes
the IWL task challenging by introducing label noise into the
standard sequences. In contrast, label swapping promotes
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Fig. 12 Enabling ICL on ImageNet with 15 classes. ICL emerges only when exact token copies in the context are included, and it gets further
stronger with added noise through label swapping (LS). This shows our insights unlock ICL for a real-life dataset with large variability.

in-context mechanisms in bursty sequences since the model
cannot rely on in-weight class embeddings to minimise the
loss. We observe strong ICL performance even in the simple
IWL case of 200 classes, even with added label swapping.
This further confirms that hard IWL task with label noise
via label swapping leads to ICL.

5 Enabling ICL for challenging real-life
datasets

ICL ensures fast adaptation to new tasks, algorithms, and
unseen scenarios — a desirable feature for many applications.
Enabling ICL can be challenging for real-world datasets,
which are often noisy or exhibit significant variance between
instances —a common problem in large-scale or web-crawled
image datasets and EEG data.

On the other hand, EEG tasks would greatly benefit from
ICL ability, as it would enable fast adaptation to novel
datasets and setups without the need for retraining, which is
currently not the case (Duan et al., 2020; Patil et al., 2024).
Thus, we first aim to apply our insights in the same domain
as used in the analysis, but with much more complex data
from the ImageNet dataset, so we can ultimately transfer the
same insights to a modality completely different from text or
images, while also being noisy: EEG data.

5.1 Enabling ICL on Imagenet

We gradually explore how to enable ICL on a much harder
dataset while accounting for certain data constraints. We
first explore the version in which our data is highly diverse
but has only 15 classes. We use the same experimental
setup as for other visual datasets, with 90% of the training
sequences being bursty in-context sequences and 10% stan-
dard sequences. However, when using exact token repetitions
in the bursty ICL sequences, we now apply exact token repe-
titions in 80% of such sequences, while the rest have a normal
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bursty format. We introduce this change to achieve slightly
better and more stable results.

When not many classes are present in the data, IWL can
be learned easily, and ICL may not be encouraged to be
learned, which we have demonstrated in Figure 10. Since
we are now limited to only 15 classes in the dataset, we can
still make IWL harder by adding label noise to the sequences
and by including exact token repetitions to further address
the co-dependencies between the similarity function and the
previous-token head. Thus, we compare: 1) the model with
only bursty sequences, 2) bursty sequences with instCopy,
3) bursty sequences with label noise in 10% of sequences,
and finally 4) bursty sequences with both instCopy and label
noise. We show the results in Figure 12.

We see that using only bursty sequences is not sufficient
and yields no ICL performance. Adding label noise enables
some ICL, but it is still not so strong. However, when includ-
ing exact copies via instCopy sequences and further boosting
with label noise, we achieve good, stable ICL performance.
We also observe the effect of such sequences on the IWL,
showing that adding label noise and instCopy sequences
slows IWL learning and that the ICL mechanisms now have
a chance to develop.

Next, we explore the case where we have 50, 100 or 950
classes available for IWL training. In such cases, given the
ImageNet’s data diversity, we would expect the IWL to be
hard enough to ensure promotion of the ICL mechanisms, but
since the learning of the similarity matching is also harder
(because of the data diversity), we would expect that includ-
ing exact token copies in the sequences would significantly
help the ICL emergence. We show the results in Figure 13,
where we confirm our hypotheses and indeed demonstrate
that including exact token copies significantly drives ICL
emergence, even on a much harder, more diverse dataset with
a different number of classes used for IWL training.

This confirms that our insights into the importance of
exact token repetitions in the sequence and IWL difficulty
enable ICL not just for the specific dataset of Omniglot
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Fig. 13 ICL emerges again when exact token repetitions are included in the sequences, while burstiness alone does not result in ICL emergence,

supporting our insights on training dependencies for ICL mechanisms.

handwritten characters, but also for much harder, more
complex image datasets.

5.2 Enabling ICL for EEG

Previously, we confirmed that our insights from Section 4
enable ICL even on much harder image data from the Ima-
geNet dataset. Here, we extend this investigation to EEG data
for EEG BCI motor imagery classification, where patient’s
brain activity was recorded when they were asked to imag-
ine a certain body movement, such as left hand, right leg or
arm. However, EEG data is a completely different modality,
much noisier and highly variable between patients and across
different trials, which becomes a real challenge.

We modify our initial setup from image classification to
EEG classification and attempt to enable ICL by relying
solely on burstiness, as in (Chan et al., 2022). However, simi-
lar to image classification results in Section 4.3 — we observe
no ICL emergence. This suggests that enabling ICL for EEG
classification requires further interventions to help the model
overcome the learning of the similarity function and form the
previous-token head, in line with the results on the Imagenet
dataset in 5.1. Given the high noise and variability in EEG
data, we posit that using exact copies can help the model
to initially bypass the complex similarity function and more
effectively learn the previous-token head. We further investi-
gate the relationship between the difficulty of IWL task and
ICL emergence. Our EEG setup doesn’t allow us many base
classes for IWL task, therefore, we only employ label swap-
ping to make IWL task harder to promote ICL.

Experimental setup. We rely on the same setup as intro-
duced in 3 with several modifications to the architecture and
data sequences since the EEG data differs from images.

For an EEG trial i, the EEG encoder produces a single
token representation #;. The corresponding class label y; is
embedded using a linear embedding layer. We obtain a train-
ing sequence by interleaving ¢ and y: [t1, y1, ..., %, i, Iy,
Y41, where the sequence up to the i-th index is used as con-
text. The model’s objective is to predict the label y, for the
input EEG signal 7, as shown in the Method overview fig-
ure for the original analysis, but the same principles transfer.
Unlike standard GPT training, we only compute the loss for
the last predicted token y,, the label corresponding to the
EEG token #,, referred to as the query.

Architectural details. We extend standard EEG encoder
D4 (Schirrmeister et al., 2017) with GPT-2-like model (Rad-
ford et al., 2019) and train the resulting overall architecture
end-to-end and from scratch. D4 (Schirrmeister et al., 2017)
is a simple yet effective convolutional network that produces
one token for each EEG input point. Our GPT-2 backbone
consists of 12 layers, 8 heads and 128-dimensional hidden
states. We further employ QK normalisation when using the
HGD (Schirrmeister et al., 2017) dataset as the novel dataset,
and in all experiments we use CutCat augmentation (Al-
Saegh et al., 2021) to improve convergence and robustness.
We trained the models using AdamW (Loshchilov and Hut-
ter, 2017) optimiser with learning rate of 5e-4, betas (0.9,
0.999), epsilon 1e-8 and weight decay le-2. We use a learn-
ing rate warm-up for 15K iterations, with a square-root decay
scheduler and a maximum learning rate of Se-4. We perform
gradient clipping to a value of 1.0. We trained the model with
a batch size of 16 on a single Nvidia RTX 4090, where we
trained for different amounts of iterations specific to the hold-
out dataset used for ICL. Specifically, we use 125k, 150k,
and 250k iterations for the BNCI, HGD, and Zhou datasets
as novel datasets, respectively.
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Table 1 ICL generalisation
results across different novel

datasets with a random chance v
of 33% reported as average

results with standard deviation
over 3 runs. We observe the best v v

burstiness label swapping instCopy BNCI HGD Zhou
33.49 +0.26 33.60 +0.37 33.32+0.43
v v 35.15 +£0.65 35.60 +0.43 38.82 +£1.24
v 37.56 £0.50 39.65 +0.69 47.66 +1.27

ICL emergence when exact
copies are present in the context
(instCopy), and label swapping
has made the IWL task harder.

Dataset details We evaluate our approach on five widely-
used motor imagery datasets (Goldberger et al., 2000;
Schirrmeister et al., 2017; Tangermann et al., 2012; Yi et
al., 2014; Zhou et al., 2016). To assess generalisation capa-
bilities, we employ a leave-one-out strategy where we train
on four datasets and evaluate on the fifth, permuting through
3 different combinations. All datasets are preprocessed to a
common format with a 200 Hz sampling rate and 3-second
trial windows, spanning from 0.5 seconds pre-stimulus to
2.5 seconds post-stimulus onset. Signals were bandpass fil-
tered between 0.1 Hz and 60.0 Hz, followed by exponential
moving standardisation. Due to architectural constraints in
the encoders requiring consistent channel configurations,
we retain only the nine channels shared across all datasets
(C3, C4, CP3, CP4, CPz, Cz, FC3, FC4, FCz). The datasets
differ in their class structures and sizes: BNCI (Tanger-
mann et al., 2012) contains four classes (left hand, right
hand, tongue, feet), (Schirrmeister et al., 2017) High Gamma
Dataset (HGD) includes four classes (left hand, right hand,
feet, rest), PhysionetMI (Goldberger et al., 2000) comprises
five classes (feet, hands, left hand, rest, right hand) with high
class imbalance between hands and other classes, Weibo (Yi
et al., 2014) features seven classes (feet, hands, left hand,
right hand, left hand right foot and right hand left foot), and
Zhou (Zhou et al., 2016) contains three classes (feet, left
hand, right hand).

We create train and validation splits by splitting the sub-
jects in the training datasets by keeping 80% for training and
20% for cross-subject testing. We further split the training
subjects by trials to create training and validation splits with
20% of patients in the validation split.

Training sequence construction. The training sequences
are constructed to encourage ICL, following the insights on
exact token copy repetitions in context. We use 90% bursty
sequences containing 3 shots for 3 distinct classes and 10%
of standard sequences without any repetitions in the con-
text. For bursty sequences, we further employ exact copies
(instCopy) and found that, for the BNCI (Tangermann et al.,
2012) and Zhou (Zhou et al., 2016) datasets, applying exact
copies to 90% of bursty sequences yields the best results. For
HGD (Schirrmeister et al., 2017), we always employ exact
copies in bursty sequences. Furthermore, we introduce label
noise via label swapping in both sequence types, thereby
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making the IWL task more challenging and further enhanc-
ing ICL performance. We use label swapping in 10% of
sequences for BNCI and Zhou, and in 15% of sequences
for the HGD dataset. We found these combinations worked
best, providing a good balance between learning the IWL
task and forming the ICL mechanisms.

Evaluation Details. For IWL evaluation, we sample
sequences without class repetition in the context. ICL and
generalisation to unseen datasets are assessed using 3-way
3-shot classification on unseen datasets, where context sam-
ples (few-shot samples) and query samples (both unseen) are
drawn from different subjects to simulate clinical deployment
conditions. We sampled all possible combinations of subject
pairs for evaluation and reported the average results. We used
presampled combinations of the ICL sequences to ensure a
fair comparison between runs. For all experiments, we report
the average results from three runs with different seeds.

Results. In Table 1, we present the results for ICL per-
formance on three novel datasets: BNCI (Tangermann et al.,
2012), HGD (Schirrmeister et al., 2017), and Zhou (Zhou
et al., 2016) while using a mixture of datasets for train-
ing. We compare three models: 1) a baseline bursty model
trained with a combination of bursty in-context and standard
sequences only, 2) a model with burstiness and a label swap-
ping method, and finally, 3) a model employing burstiness
with exact copies and label swapping.

Consistent with the image classification results, we observe
no ICL performance when using only a combination of bursty
in-context and standard sequences. Utilising burstiness with
label swapping yields little to no ICL. However, ICL reliably
emerges for EEG data when both bursty sequences with
exact token copies and label swapping are applied, as this
provides a balance that supports both ICL and IWL learning,
similar to the results on ImageNet in Figure 12. This further
supports our insights into the training dynamics of ICL emer-
gence; they apply not only to diverse image datasets but also
to more real-world domains, such as EEG.

6 Ablation: Importance ofimage embedder

We observe that the choice and design of the input image
embedder play an important role in the ICL’s training dynam-
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Fig. 14 4-way 2-shot ICL and IWL accuracy for different versions of the image embedder. Using pretrained models makes the in-weight task easier

and ICL does not emerge.

ics. When using pretrained embedders, model results with
fast convergence of the in-weight task and ICL have no oppor-
tunity to emerge or for its learning mechanisms to be learned,
as shown in Figure 14

7 Discussion

Key insights. In this work, we demonstrate how to unlock
ICL for various modalities beyond text, providing novel
insights into the training dynamics of ICL. Specifically, we
demonstrate that ICL can be learned more easily by breaking
the interdependence between the two operations necessary
for ICL: a similarity function that matches the relevant tokens
with the query and a previous-token head for knowledge
aggregation.

We confirm earlier works (Chan et al., 2022; Reddy, 2024;
Singh et al., 2023) on the importance of data distributional
properties coming from natural language for ICL emergence.
However, we find that using exact token copies during train-
ing facilitates stronger in-context learning, leading to higher
accuracy and more stable results. We further show that,
against prior beliefs (Chan et al., 2022), high burstiness is
not essential for the emergence of ICL — a single token copy
in the context can be sufficient for ICL emergence. We pro-
vide an explanation and evidence of why exact token copies
could facilitate ICL emergence: they simplify the similarity
function to be learned, breaking the interdependence of ICL
learning mechanisms and allowing the formation of previous-
token heads, which we clearly show through analysis of the
training dynamics and measuring the progress of the ICL
learning mechanisms.

We further identify another strong driver for ICL emer-
gence —the relationship between ICL and IWL task difficulty.

When the IWL task is more challenging, the model is more
likely to rely on context and learn ICL. Finally, we confirm
our novel insights by demonstrating that exact token copies
and increased task difficulty unlock ICL performance across
various visual datasets, where previous findings failed to do
so (Chan et al., 2022). We further enable ICL on much more
complex and noisy data representing more real-world sce-
narios, such as large-scale image dataset Imagenet and EEG,
where ICL now, for the first time, allows few-shot transfer to
novel datasets.

Limitations and Future work. ICL performance exhibits
high variance when trained with simple IWL tasks, probably
due to its sensitivity to training sequences (Press et al., 2023).
Furthermore, we observe a significant impact on ICL stability
due to certain model design choices. Finally, our EEG setup
is limited by 1) the use of a single-token embedder, poten-
tially resulting in the loss of temporal information that could
be relevant for other EEG tasks, and 2) an embedder that
requires all datasets to be reduced to the number of shared
channels between them, which could potentially discard a
high number of channels from the original dataset. Promis-
ing future research directions include improving robustness
and expanding our training insights to additional applications
beyond image and EEG classification.
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