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Abstract. Large Language Models (LLMs) exhibit In-Context Learning
(ICL), which enables the model to perform new tasks conditioning 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 needed mechanisms 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. Moreover, we emphasise the sig-
nificance of training task difficulty for the emergence of ICL. Finally, by
applying our novel insights on ICL emergence, we unlock ICL capabili-
ties for various visual datasets and a more challenging EEG classification
task. Code is available at https://github.com/jelenab98/unlocking_icl

Keywords: In-Context Learning - Training dynamics - Generaliza-
tion - EEG - Image classification.

1 Introduction

In-context learning (ICL) is a notable emerging feature observed primarily in
transformer models, such as Large Language Models (LLMs) . ICL presents
the ability to gather information to solve tasks that were not seen during train-
ing, such as looking up class labels or learning an algorithm (mapping rule), by
solely conditioning on the examples provided in the context. To achieve this, no
weight updates or fine-tuning is required; instead, examples are used to define
a task within the context during inference. ICL contrasts with the “classical”
in-weight learning (IWL), where the knowledge required for inference tasks is
embedded within the model weights during training. The performance and gen-
eralization of the IWL depend on the pretraining task, and it is less flexible, as
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it does not allow for fast adaptation to new tasks without weight updates via
gradient descent.

In-context learning was first described as few-shot learning in LLMs [10}(50].
Given its rapid adaptation capabilities, it has become a standard way for hu-
mans to interact with language models for everyday use and has found various
applications in different domains [1,40,43}|46|52]. Furthermore, ICL has been
proven helpful for vision-language models (VLMs) [5L[33,61], and even for tabu-
lar data [27,|28] as it enables fast online adaptation, online algorithm learning,
adaptation to novel datasets and novel label mappings [3}[61/21,[28]. 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 rely on retrain-
ing or fine-tuning the model.

Despite its promising capabilities, the emergence of ICL within 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. [11] at-
tribute this to particular data distributional properties inherent to natural lan-
guage, namely 1) burstiness: an increased likelihood to observe a token again,
after it was seen recently, and 2) skewness: a sharply declining distribution over
token frequencies with a long tail data distribution. Chan et al. further demon-
strate the effectiveness of these training properties on Omniglot [32], resulting
in the emergence of ICL. However, as we show here, this does not generalize to
more complex vision datasets like CIFAR [9], Caltech-101 [19] and DTD |[13],
nor does it transfer to other modalities such as EEG. Thus, we ask ourselves:
What do we need to unlock ICL for more general and arguably noisy
datasets and modalities?

Answering this question requires a deeper understanding of ICL; specifically,
we need to understand what a model needs to learn for ICL. In general, ICL
requires: 1) a knowledge aggregation function, which extracts algorithms, rules
or information from the context and aggregates this knowledge in specific tokens
of the context and 2) a look-up mechanism that allows retrieving this aggregated
information that is relevant to the current last token in a sequence (the so-called
query) [44,|54/59]. Different ICL tasks will have slight differences in these two
functions. In our classification setup, 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 mechanism 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 learn-
ing signal from the loss. Conversely, learning the look-up function (similarity
function) between query and similar tokens is not helpful unless useful infor-
mation has already been aggregated in those tokens. In essence, the learning
of each component is interdependent: the similarity function requires that the
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Fig.1: A) ICL requires two operations: a similarity function and a head that at-
tends 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 knowledge. 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.

previous token head has already been learned and learning the previous token
head requires the similarity function to be learned (see Figure [1[B).

These mechanistic insights compel us to investigate why ICL succeeds on
language tasks, and Omniglot but fails to generalize effectively to broader
datasets and domains. We believe that the answers lie in the learning interplay of
the two components: 1) We show in Sectionthat language 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 synonyms tend to be
clustered or represented closely . 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 necessary 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. We further
suggest that 2) the relative difficulty (and expected accuracy) of the ICL and
the IWL solution influence whether the model prioritizes ICL or not. When the
IWL task is overly simple, the model may exhibit a simplicity bias, prioritising
IWL learning and bypassing in-context learning. We suspect this phenomenon
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extends to LLMs as well, where language modelling serves as a fairly complex
IWL task, thereby encouraging the emergence of ICL.

In this work, we examine the details of learning ICL in depth, investigating
the circumstances under which ICL emerges. 1) We find that using exact copies of
tokens during training facilitates ICL learning and leads to higher ICL accuracy.
2) We further show that against prior believes [11] burstiness is not essential for
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. 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 multiple standard vision datasets and even
enables ICL for noisy 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 emerg-
ing ability in LLMs [21], enables fast adaptation to various new tasks without
gradient updates [5)[7}[8l[28l/71l|73|. Plenty of research has been dedicated to under-
standing how to obtain the best ICL performance by analyzing the importance
of pretraining data [11}[24}/25/34}37,|43}/67], demonstration selection and prompt
design [55,/62466L(69}/71] or framing ICL as in-context vectors [29,/38,47]. On the
other hand, some works [2}/15,65] provided insights into the ICL working mech-
anisms 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 distribution 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 [11}[25], while Razeghi et al. [53] found a correlation between the input
data term frequency and the ICL performance. Furthermore, Chan et al. [11]
demonstrate how certain data distributional properties, such as skewed token
distribution and burstiness, benefit the ICL in a small synthetic scenario, while
Singh et al. [58] subsequently showed that the ICL in this setup can become
transient, highlighting the conflict between the ICL and IWL circuits. Similarly,
Chen et al. [12] argued that parallel structures, which follow similar semantic
or syntactic templates in the pretraining textual data facilitate ICL in language
models. Our work builds upon previous studies on the importance of data distri-
butional properties [11,/58] and provides additional insights into unlocking ICL
for various modalities and complex data. Concurrent with our work, Zucchet et
al. [74] propose a theoretically grounded framework for sparse attention emer-
gence and find that repetitions in data accelerate induction-head formation and
in-context learning, which supports our finding that exact token repetitions in
the training sequences promote in-context learning.
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Understanding ICL mechanisms. Mechanistic studies on the emergence
of ICL have identified a specialised attention pattern that conducts matching
and copying operations as a key mechanism for ICL — an induction head [44].
Recent works have been studying the formation of the induction heads and their
role for ICL in a simplistic scenario [17}54L/59], where Reddy [54] 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. Our work builds on this interpretability framework to trace
the dynamics of the induction heads during training. We explain how certain
data distributional properties influence the formation of induction heads and
the performance of ICL.

Generalisation in EEG for motor imagery. Due to individual variabil-
ity, cross-dataset generalisation in EEG-based motor imagery (MI), although
highly desirable, remains a challenge. While zero-shot EEG methods are in-
creasing, they typically perform multi-modal alignment with EEG and enable
classification to unseen classes from the same datasets only [35[39,/60]. For MI-
decoding, pre-trained EEG transformer models show promise but lack zero-shot
capabilities [30,{45]. To our knowledge, only [16] have explored zero-shot learn-
ing for MI-EEG using outlier detection for base and novel classes. Our work
demonstrates 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 in-context learning (ICL) emerges by training a causal GPT-
2 model [50] on sequences of image-label pairs from standard few-shot learning
datasets: Omniglot [32], CIFAR-100 [9], Caltech-101 [19], and DTD [13].

The autoregressive model in this work is trained with a sequence length of
2L + 1 with L image-label pairs in the context followed by a query image, as
shown in Figure 2] The in-weight learning objective is to predict the label of
the last image, which is the (2L 4 1)-th token, given a sequence of L interleaved
image-label pairs. Each image-label pair is converted into token embeddings

w9 T T ow [T w
L L l l l l l l l
[Iincodcr ] [lincodcr ] [Encodcr ] [lincodcr] [Iiucodcr ] [lincodcr ] [Encodcr ] [El\codcr ] [lincodcr ]
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Fig. 2: We train GPT-2 as a next-token prediction from scratch with image-label
pairs forming a sequence with control of the training sequence distribution.
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Fig. 3: Different training and evaluation sequences with the main difference being
the number of repetitions and the use of identical copies in the context.

separately. The model is trained to maximize 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.

Training sequences. We employ a mixture of (1) standard sequences,
in which sample-label pairs are uniform 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 model weights. The proportion of each sequence type in the total amount of
training sequences is treated as a hyper-parameter. Following the setup from
we use 10% of standard and 90% of in-context sequences.

We illustrate the difference between the sequences leveraged in our exper-
imental 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 se-
quences, 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 burstiness (referred to as bursty (low) sequence) with one example
from the query class in the sequence. We further introduce bursty sequence in-
stCopy, 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 . We introduce this type of
sequence motivated by the frequent repetitions in natural language.

Evaluation sequences. During the evaluation, we leverage 2 different types
— IWL and ICL evaluation sequences. IWL is evaluated for the multi-class clas-
sification task on the held-out samples from the training classes. The standard
sequences, with an uniformly sampled format, are used for IWL evaluation (see
Figure . ICL is evaluated in a few-shot classification setting for 2-way-4-shot
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and 4-way-2-shot tasks. We present results in the main paper for the more chal-
lenging 4-way-2-shot setting, while 2-way 4-shot results are included in Sec-
tion [B:I} 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 evaluation, respectively.
Dataset construction. We conduct our controlled experiments and analy-
sis on the Omniglot dataset [32] and scale to the more realistic visual dataset,
often used in few-shot learning evaluation: CIFAR-100 [9], Caltech-101 [19],
and DTD texture datasets [13]. Omniglot contains 1623 classes with 20 images
each, following previous work [11], we use 1600 classes for training and the re-
maining 23 as novel classes for ICL evaluation. For CIFAR-100, Caltech-101 and
DTD datasets we perform ICL evaluation using 20, 10, and 10 novel classes,
respectively. More experimental details are included in the Section [B]

4 How to enable ICL?

Prior work has identified specific circuits in transformer models as the working
mechanism of ICL — induction heads [441|54,/59]. 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 aggre-
gated knowledge. ICL require two underlying components to be established: a
similarity or look-up function and a head attending 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 optimized without a similarity mechanism to retrieve
and apply the stored information.

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

The presence of ICL capabilities in LLMs is well established. However, prior
work has struggled to obtain stable ICL in other domains, such as vision. Chen
et al. |[11] demonstrated that burstiness in the training sequences and skewness
in data — both inherently present in natural language — show the emergence of
ICL in simple visual tasks using the Omniglot dataset. However, despite these
changes, the vision model still suffers from diminished IWL performance along
with a transient decline in ICL performance as training progresses.

Besides burstiness and skewness, we argue that natural language typically
contains many exact token copies and n-grams (as shown in Section [C.1)), which,
we believe, is an important factor for stable and non-transient ICL in LLMs.
We train the model conforming to the bursty sequences introduced by Chan et
al. |[11] and propose a new type of bursty sequence with exact instance copies in
the context (instCopy) to test this hypothesis.

From Figure [d] we observe that including bursty sequences in the train-
ing data indeed leads to the emergence of the ICL, which supports previous
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Fig.4: Exact copies in the context (instCopy) promote ICL performance and
reduce transiency. Only a single copy ensures ICL emergence (bursty (low) case).

works [111/58,[59]. However, the model only achieves strong and more stable (less
transient) ICL performance while using exact copies in the bursty sequences (in-
stCopy). Furthermore, we can see that high burstiness is not essential for ICL —
a single exact copy in the context (bursty (low)+instCopy) is sufficient to obtain
ICL. This confirms that exact copies are a stronger driving factor for
ICL, even surpassing the burstiness, as previously reported [11].

4.2 Why do exact copies help?

In Figure [4] we show that exact copies facilitate strong and stable ICL perfor-
mance. We argue that this is due to the simplified similarity function, which
breaks its interdependence with previous-token head learning and ensures that
the model prioritizes the formation of the previous-token head.

To confirm this argument, we compare the QK attention scores of the model
trained with bursty sequences and the model trained with combined burstiness
and exact copies (instCopy) as in-context sequences.

During training, we observe higher scores for tokens corresponding to the
query label and formation of previous-token heads only for the model with in-
stCopy sequences. In Figure 1"ight)7 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 pre-
vious 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
query to previous tokens and successfully perform the needed ICL operations.

We observe the same patterns during inference for 2-way 4-shot classification
on novel classes, as illustrated in Figure [5] (left). We observe ICL performance
only for the model trained with bursty sequences and exact copies (bursty + in-
stCopy). For the same model, we observe more attention between similar tokens
in the sequence and a visible previous-token head. This confirms that includ-
ing exact copies in the context indeed simplifies the learning of the
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Fig. 5: We observe clear induction head and ICL emergence during inference only
for the model trained with burstiness and exact copies (bursty + InstCopy).
Attention patterns in the QK space reveal 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. On the right, we show average QK scores over the previous-
token head positions for these models during training. High attention scores for
instCopy sequences confirms previous-token head formation.

similarity function and promotes the formation of a previous-token
head, which is then utilised during inference to make a correct ICL
prediction.

4.3 What unlocks ICL for various visual datasets?

Previously, we confirmed that bursty sequences (without exact copies) unlock
in-context learning on simple vision datasets like Omniglot. However, we find
that the same setup fails to obtain any ICL for more complex vision datasets
like DTD [13], CIFAR-100 [9], and Caltech-101 [19], as shown in [6]

We hypothesize that burstiness alone does not provide a sufficient signal to
learn the similarity function, which is also much harder for complex images.
Here, we include exact instance copies (instCopy) in the bursty sequences. We
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Fig.6: Only when employing exact copies in the context (instCopy), we ensure
ICL emergence on the image classification datasets Cifar, Caltech and DTD.
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observe that instCopy enables strong ICL performance for all three
complex visual datasets, as shown in Figure[6] We also observe that the IWL
performance remains largely unaffected.

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?

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
prioritizes IWL learning over learning of induction heads. 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
ICL.

To test this hypothesis, we make IWL tasks more challenging in two ways
— increasing the number of classes and adding label noise by label swapping.
In Section [D| we demonstrate two more ways.

Number of training classes vs. ICL. We create IWL tasks on Omniglot
dataset with an increasing number of classes varying from 200 to 1600 classes.
Using the training setup with bursty in-context sequences (without instCopy),
we evaluate ICL and IWL performance. In Figure [Thb, we observe that IWL
converges more slowly as the number of classes increases, indicating that IWL
task becomes more challenging with a larger class set. In contrast, ICL per-
formance improves when the number of classes increase. This trend suggests a
competition between IWL and ICL circuits in the early phase of training. If the
IWL task is too simple, it may fulfil the IWL objective without learning the ICL
mechanism. Prior work [11}/54] 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 [32]. We perform random label swapping, where labels of

Number of classes Number of classes and label swapping (LS)
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Fig. 7: When increasing the number of classes monotonically (a, b) or applying
label swapping (c), ICL performance improves as the IWL objective gets harder.
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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 [Thb, due to the overly simple IWL. In Figure [7k, we observe that la-
bel swapping significantly improves ICL performance while for IWL, we observe
similar trend of slower convergence as in Figure (additional results in Sec-
tion @ Label swapping makes the IWL task challenging due to the introduced
label noise in the standard sequences. In contrast, label swapping promotes in-
context mechanisms in bursty sequences since the model cannot rely on in-weight
class embeddings to minimize the loss. We observe strong ICL performance even
for the simple IWL case of 200 classes with added label swapping. This further
confirms that hard IWL task with label noise via label swapping leads
to ICL.

5 Enabling ICL for EEG classification

As mentioned earlier, 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 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 [16}/45]. Following this motivation, we aim to enable
ICL for EEG data, a modality more challenging and noisy than text or images.

We modify our initial setup from image classification to EEG classification
(experimental details in Section and attempt to enable ICL by relying
solely on burstiness following [11]. However, similar to image classification results
in Section [£.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: exact
insights we have provided in Section

Enabling ICL for EEG. We build on our insights from Section[£.2]and Sec-
tion about the importance of the similarity function and previous-token head
for ICL. 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 func-
tion and more effectively learn the previous-token head. We further investigate
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 swapping to make IWL task harder to promote ICL. Details about
the training setup and sequence construction are provided in Section [E1]

Results. In Table [T} we present the results for ICL performance on three
novel datasets: BNCI [63], HGD [56], and Zhou [72| while using a mixture of
datasets for training (details in Section . We compare three models: 1) a
baseline bursty model trained with a combination of bursty in-context and stan-
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burstiness label swapping instCopy | BNCI [63] HGD [56] Zhou [72]
v 33.49 33.24 33.82
v v 35.15 34.75 38.82
v v v 37.56 39.65 47.66

Table 1: ICL generalization results across different novel datasets with random
chance of 33%. We observe the best ICL emergence when exact copies are present
in the context (instCopy), and label swapping has made the IWL task harder.

dard sequences only, 2) a model with burstiness and label swapping method, and
finally, 3) a model employing burstiness with exact copies and label swapping.
Consistent with the image classification results, we observe no ICL perfor-
mance when using only a combination of bursty in-context and standard se-
quences. Utilizing burstiness with label swapping yields little to no ICL. How-
ever, 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. This further supports our
insights into the training dynamics for ICL emergence; they not only apply to
diverse image datasets but also in more real-world domains such as EEG.

6 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 break-
ing the interdependence between the two operations necessary for ICL: a similar-
ity function that matches the relevant tokens with the query and a previous-token
head for knowledge aggregation.

We confirm earlier works [11,[54,|58] on the importance of data distribu-
tional properties coming from natural language for ICL emergence. However, we
find that using exact token copies during training facilitates stronger in-context
learning, leading to higher accuracy and more stable results. We further show
that, against prior beliefs [11], burstiness is not essential for ICL — a single token
copy in the context can be sufficient for ICL emergence. We provide an expla-
nation and evidence of why exact token copies 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.

We further identify another strong driver for ICL emergence — the relation-
ship between ICL and IWL task difficulty. When the IWL task is more challeng-
ing, 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 [11]. We even enable ICL on much more complex and
noisy continuous data, such as EEG, where ICL now, for the first time, allows
few-shot transfer to novel datasets.
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Limitations and Future work. ICL performance exhibits high variance
when trained with simple IWL tasks, probably due to its sensitivity to training
sequences [49]. Furthermore, we observe a significant impact on ICL stability
due to certain model design choices. Promising future research directions in-
clude improving robustness and expanding our training insights to additional
applications beyond image and EEG classification.
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Supplementary Material

A Model details

Architecture details. We train the GPT-2 model [50] with 12 layers and 8
heads with an embedding dimension of 64. We use a smaller model for the
induction head analysis experiments with 3 layers, a single head, and an em-
bedding dimension of 64. GPT-2 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 initialized the model with a truncated normal distribution, which
is important for training stability. We use a 3-block ResNet model [26] as the
image embedder with output channel dimensions [64, 128, 256]. After that, a
projection layer is added to match the embedding dimension of 64. We train the
image embedding model and GPT model together from scratch. We notice that
the emergence of ICL is sensitive to the input image embedder architecture. We
also report that pretrained embedders result in fast convergence of in-weight
task and ICL failure cases, as shown in Figure [§]

Embedder type
—— Pretrained ResNet-18 ResNet 3 blocks from scratch Chance

4-way 2-shot ICL accuracy
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0 50K 100K 150K 200K 250K 0 50K 100K 150K 200K 250K
Steps Steps

Fig. 8: 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.

Hyperparameters. We trained the model for different numbers of steps
varying from 250k to 2M iterations using optimizer Adam [31] with betas (0.9,
0.99) and epsilon 1e-08. We use learning rate warm-up for 15K iterations with a
square root decay scheduler with a maximum learning rate value of 6e-4. We find
that ICL performance is enhanced with longer warm-up periods. We perform
gradient clipping to value 1.0. We trained the model with a batch size of 16
on a single Nvidia RTX 3090 where 500k iterations took around 12 hours. For
all experiments, we run the approach for 3 random seeds and report averaged
results.
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B Experiment setup details

Training details. The model is trained with a mix of two types of sequences
with different burstiness forms: in-context sequences and standard sequences.
In-context sequences can have multiple reoccurring samples from the same class
as the query, whereas standard sequences have all samples selected from random
classes. The high-burstiness strategy uses in-context sequences with three repeti-
tions from the query class in context, while the instCopy strategy employs exact
copies and copy-pastes the query image in the context. All the supervised models
in this work are trained with a burstiness probability of 90%, which means 90%
in-context sequences and 10% standard sequences. All self-supervised models use
100% in-context sequences.

Evaluation details. We evaluate separately for both ICL and IWL. ICL
evaluation is performed in a few-shot manner with 2-way 4-shots and 4-way 2-
shots tasks. The evaluation is performed using the pretrained softmax classifier
without any model update. We use label mappings 0 to k with k& being the
number of classes in the few-shot setting. We notice that the ICL results are
agnostic to label mappings. ICL is always performed on the hold-out classes not
seen during training. ICL is performed over 10K presampled sequences to ensure
a fair comparison. IWL is evaluated on the hold-out samples from the training
classes where the sequence has no repetitions so the model does not rely on ICL,
but only on the model weights.

B.1 Datasets

All analysis experiments are performed on the Omniglot dataset [32]. We further
show ICL results on other visual datasets Cifar-100 [9], Caltech-101 [19], and
DTD textures [13] which are often used for benchmarking few-shot learning
classification task. A few details about these datasets are included below:

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 create a train-validation
split as 18-2. During the supervised training, we apply no augmentations except
for resizing to 64x64. However, self-supervised setup benefits from mild augmen-
tations (random crop resize to 64x64 with scale (0.5, 1.5) and horizontal flip).
For the self-supervised experiments in Section we used a batch size of 216
and a learning rate of le-3.

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
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Fig. 9: Including exact copies in the bursty sequences enables ICL for different
visual datasets — CIFAR-100, Caltech-101 and DTD, and results in strong and
stable ICL 2-way 4-shot performance.

roughly 300x200 pixels. 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).

Results on CIFAR, Caltech and DTD. The 4-way-2-shot ICL results are
included in the main paper. Here, we show 2-way 4-shot and IWL performance
for other datasets in Figure [J] We observe strong ICL performance using the
combined strategy of instCopy and high burstiness while the baselines alone
does not result in any ICL performance.

C Promoting ICL through exact repetitions

The presence of ICL capabilities in LLMs is well established, and many have con-
nected it to the specific data distributional properties of natural language. Chen
et al. demonstrated that burstiness in the training sequences and skewness
in data — both inherently present in natural language — show the emergence of
ICL in simple visual tasks using the Omniglot dataset . Besides burstiness
and skewness, we argue that natural language typically contains many exact
token copies and n-grams, which, we believe, is an important factor for stable
and non-transient ICL in LLMs. To test this, we performed a small analysis
of three pretraining corpora datasets: Wikipedia , OpenWebText , and
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C4 |51). We calculated the average number of n-gram repetitions within a con-
text window of 2048 tokens, where the text was tokenized using a BPE tokenizer.
In Figure [I0] we report many n-gram repetitions, even for the longer n-grams
of length 20, but we observe how different domains of the text (web, news, so-
cial media, wiki) influence the number of repetitions. Furthermore, we present
a truncated example from Wikipedia’s pretraining corpora that reports many
repetitions, and indeed observe many specific patterns reappearing throughout
the text.

Elymus,

. Eurytion, acted in an insulting manner to-
wards Hippolyte when she was being joined in
marriage to Azan or in the house of Pirithous...
Hodites, fought against the Lapiths at Pirithous’
wedding. Killed by Mopsus. Hyles,

30 Imbreus,
x
9 e OpenWebText
5 2 psgas I ... Isoples, killed by Heracles
- —e— Wikipedia when he tried to steal the wine of Pholus... Ly-
é 501283 cabas, attended Pirithous’ wedding, fought against
] \\\\ ""---.17_i54 the Lapiths and fled. Lycidas,
@ Sl e
o Sseel T . . -
2 1 b e " 4353 . Lycus, fought against the Lapiths at Pirit-
"610 han hous’ wedding was killed by Pirithous. Medon,
s> T 91 attended Pirithous’ wedding, fought against the
E |58 Lapiths and fled. Melanchaetes, killed by Heracles
=3 5 y
= 2.49 L4 when he tried to steal the wine of Pholus. Mela-
g 1 neus, attended Pirithous’ wedding, fought against
< 9 ) =] S =3

10 15 20 the Lapiths and fled. Mermerus, wounded by the
N-gram Length Lapiths at Pirithous’. ..

Fig. 10: Left: Repetitions of n-grams in Wikipedia [20], OpenWebText [22| and
C4 [51] pretraining corpora, performed over 50 million tokens using a BPE tok-
enizer 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 in the
corpora’s format (e.g. web, news, social media, wiki) leads to substantial differ-
ences in repetition rates. Right: Truncated example of a 2048-token sample from
Wikipedia’s pretraining corpora, highlighting exact n-gram repetitions. Different
colors present different n-gram lengths (green: 10-grams, blue: 15-grams, orange:
20-grams), demonstrating both patterns in the pretraining data.

In this section, we present additional results and details on the effect of
burstiness and exact copies for ICL emergence.

C.1 Importance of burstiness for ICL

First, we confirm previous findings about the importance of burstiness format in
the training data. Here, we introduce a new notation to facilitate easier differen-
tiation between burstiness formats. Context of the sequence (image-label pairs)
as given as a sequence of C class identifiers and number of repetitions in the
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Fig. 11: High burstiness improves ICL performance without affecting IWL per-
formance. 2-way 4-shot evaluation is easier ICL setup which results in more
stable and less noisy performance than 4-way 2-shot. IWL performance remains
same similar with difference early in the training.



24 J.Bratuli¢ et al.

sequence. Thus, format (3xQ-3xA-B-C) represents a high level of burstiness with
three instances combing from the same class as query, three instances coming
from another class, and two instances from the other two classes; this format is
exactly the same as the one used in the main analysis and visualized in Figure
as a bursty sequence. Furthermore, we explore two additional levels of bursti-
ness: (3xQ-A-B-C-D-E) with three instances coming from the same class as the
query, while the other five are from five different classes, and (Q-A-B-C-D-E-F-G)
with all classes in the context being distinct from the query and without any rep-
etitions. In Figure [II} we show that a larger magnitude of burstiness promotes
better ICL performance, which is seen on both 4-way 2-shot and 2-way 4-shot
ICL performance. We further report IWL performance where we see that bursty
sequence slow down the IWL convergence early in the training, but in the end
all burstiness level converge to the same value, indicating that the model in the
case of bursty sequences is relying on the ICL mechanisms even during training
once they have been established.

C.2 Exact copies in burstiness further improve ICL

We further demonstrate that including exact copies in the bursty sequences
yields even better ICL performance, characterised by higher accuracy and re-
duced transiency, compared to using bursty sequences alone. Furthermore, by
employing a single token copy in the context, we are now able to emerge the ICL
performance, showing that, in this case, burstiness is no longer needed for ICL
emergence. In Figure [[2] we present the performance for the 2-way 4-shot ICL
task, where we achieve even better results than in the 4-way 2-shot case, as the
ICL task is now easier.

Sequence format
—— bursty —=~ bursty (low) Chance
bursty+instCopy —-- bursty (low)+instCopy

100 -
90+
80|/

70|

2-way 4-shot ICL accuracy

601

50 /==

0 200K 400K 600K 800K M
Steps

Fig. 12: Inlcuding exact copies in the bursty sequences results in stronger and
more stable ICL performance. Only one exact token copy is not sufficient to
enable ICL, demonstrating that high burstiness is not necessary when exact
copies are in the context.
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C.3 Deeper look into the training dynamics with exact copies

Here, we show the formation of induction heads and ICL emergence only when
using in-context sequences with exact copies in the context (bursty + instCopy).
We perform an analysis using a smaller GPT-2 model with 3-layers and 1-head.
We observe strong ICL performance; however, it is transient as the IWL pro-
gresses.

2-way 4-shot ICL evaluation query
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Fig. 13: Induction head analysis of the GPT-2 model with 3 layers and 1 head
for the models trained with and without exact copies in the bursty sequence.
We observe strong ICL performance only for the model with exact copies, where
the progress metrics confirm the formation of the previous-token head and the
model’s correct implementation of the ICL mechanisms. Interestingly, as the
ICL performance becomes transient, the model starts to behave similarly to the
model that has no ICL performance — just performing modality mapping.

Progress metrics. We study the formation of induction heads and the
emergence of ICL using four progress metrics: 1) image-image diagonal, 2) label-
image, 3) image-image query, and 4) image-label. The image-image diagonal
measure is the average attention 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 mea-
sures the average attention between the query image and other images from the
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same class, representing the similarity matching function instead of the knowl-
edge aggregation. Finally, the image-label measures the average attention be-
tween the query image and the correct label token positions, which represents
the final step in the induction head — retrieval of the correct label.

In Figure[I3] we show the progress measure calculated on the ICL sequences
throughout the training, and we visualize the QK attention space of one sequence
at 65k iterations when a model with exact copies in the sequence had strong ICL
performance. In contrast, the one with just burstiness had no ICL performance.
We observe different patterns and trends in the progress measures for the two
models.

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.
Interestingly, for the model with just burstiness, we observe no such formation.
Instead, the model learns the modality mapping — image tokens attend to other
image token positions in the sequence.

In Layer 2, we initially observe a high image-label progress metric for the
model with exact copies, but these values become transient throughout training.
At the same time, ICL performance follows the same trend - initially high and
strong but then becomes 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. Furthermore, we observe that the model without ICL performs
similarity matching and modality attendance, as evidenced by high image-to-
image query values. Interestingly, we further observe an increase in the same
measure as the model’s ICL performance becomes transient.

D Role of IWL difficulty for ICL emergence

As motivated earlier, we showed that the emergence of ICL can be slowed down
or completely nonexistent if the IWL is overly simplistic. In such cases, the model
prioritizes the learning of IWL, completely ignoring bursty in-context sequences
and ICL mechanisms. In Section [£.4] we show how indeed ICL emerge once the
IWL task is made harder by increasing the number of classes or introducing
label noise through label swapping. Here, we present two additional methods
for making the IWL more challenging: adjusting the number of samples used
for training through skewness and switching to a significantly harder training
objective, namely instance discrimination.

Number of classes As previously mentioned, we observe that increasing the num-
ber of classes monotonically improves ICL performance. This finding follows sim-
ilar insights in prior work [11}/54]. However, these works explain the improved
ICL capabilities by the large number of rarely occurring classes. We interpret it
as just one way among many to make the IWL task harder.

To simulate more challenging IWL scenarios, we gradually increase the num-
ber of training classes from 200 to 1600. We observe poor and unstable ICL
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performance until 600 classes. ICL performance significantly improves for 1000
classes; however, it remains unstable, with occasional ICL failure cases. How-
ever, we observe strong and stable ICL performance for a high number of classes
as shown in Figure [14] where we report the strong ICL accuracies for the easier
(2-way 4-shot) and harder (4-way 2-shot) setup. Impaired IWL accuracy for a
higher number of classes shows the IWL task is now more difficult.
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Fig. 14: Increasing number of classes
makes the IWL task harder, which is
seen by slower IWL convergence. At
the same time, ICL is being enabled,
showing how certain IWL difficulty
can drive ICL emergence.
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Fig. 15: Adding label noise through
label swapping enables ICL as the
IWL task gets harder. Label swap-
ping places more emphasis on the
bursty in-context sequences, allow-
ing the model ICL.

Label noise through label swapping We further hypothesize that the model ignores
the context of the bursty sequences when the IWL task is overly simplistic. We
test this hypothesis by introducing label swapping to the sequences. We trained
the models on bursty sequences without exact copies, using a reduced number of
classes, specifically 200, 400, and 600, where no ICL was observed without noise,
as the IWL task was overly simple. We now perform random label swapping,
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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 modify the label
mappings to include all repetitions in sequences belonging to the query class.

In Figure[I5] we observe clear improvement in ICL performance for the mod-
els trained with label swapping. Further, comparing IWL convergences, we can
see that the IWL is progressing slower when label swapping is performed, in-
dicating that the IWL task is indeed now harder. Label swapping on standard
sequences introduces noise during training, confusing the model about the cor-
rect label mappings. At the same time, confusion over bursty sequences promotes
the learning of ICL mechanisms because the model needs to condition to the con-
text to identify the swapped label. We demonstrate that this simple intervention
improves ICL performance, even in cases where ICL was not previously emerg-
ing, such as with 200 classes. This again confirms our hypothesis that learning
the ICL mechanisms can be promoted by making the IWL more challenging and
enforcing the model to attend to the context.
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Skewed distribution Keeping the total number of samples the same, we com-
pare the ICL performance of a model trained with balanced and imbalanced
(Zipfian) distributions. We compare skewness across different sample sizes used
for training. We use three balanced datasets: 3600 samples across 200 classes,
7200 samples across 400 classes, and 10800 samples across 600 classes. These are
compared to imbalanced datasets: 3598 samples across 463 classes, 7200 sam-
ples across 992 classes, and 10798 samples across 1551 classes, using a Zipfian
distribution with a coefficient of 1.0. We observe improved ICL performance
with skewed distribution, as illustrated in Figure [I6] and Figure [I7} This ex-
periment confirms prior work [11], which also demonstrates improved ICL with
the increased long-tail distribution. However, including exact token copies in the
bursty sequences of the balanced data yields better performance, indicating that
exact copies in the sequence are a strong driver for ICL performance.

Instance discrimination task Using the copy-based strategy with repetitions in
the sequence, we devise a more complex IWL task by moving from supervised to
self-supervised learning. We design a task based on instance discrimination [68],
where the model is trained to classify each sample as its corresponding class.
EI We train the baseline model in the supervised high-burstiness setting with
3,600 samples from 200 classes, where the ICL does not emerge. However, when
we train with the instance discrimination objective using the same number of
samples, we obtain very strong and stable ICL performance, which is a result of
the hard IWL task and model now promoting the learning of ICL.
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Fig. 18: Moving the IWL task from multi-class classification to instance discrim-
ination encourages the ICL learning as the IWL task is now much harder.

® This would mean that in the case of the Omniglot instance discrimination setting
with 1600 classes and 18 exemplars per class, the total number of classes would be
28800.
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E Application to EEG Classification

We extend the insights of our analysis to the real-life application of EEG BCI
classification, where one of the main challenges is the large variability between
subjects and different setups (datasets). We construct a GPT-based model trained
from scratch on five widely used brain motor imagery datasets and show that
our model employs cross-dataset ICL generalization.

E.1 Experimental setup.

Architectural details. To enable ICL capabilities, we frame the problem as a
next token prediction task following the setup used for our initial analysis with
slight architectural changes for EEG data. To this end, we extend standard EEG
encoders D4 [56] with GPT-2 [50] and train the resulting overall architecture end-
to-end and from scratch. D4 [56] 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-dimension hidden states. We further employ QK
normalization when using the HGD [56] dataset as the novel dataset, and in
all experiments, we use CutCat augmentation [|4] for improved convergence and
robustness. We trained the models using AdamW [41] optimizer with learning
rate of 5e-4, betas (0.9, 0.999), epsilon le-8 and weight decay le-2. We use
learning rate warm-up for 15K iterations with a square root decay scheduler
with a maximum learning rate value of 5e-4. We perform gradient clipping to
value 1.0. We trained the model with a batch size of 16 on a single Nvidia RTX
4090, where we train for different amounts of iterations specific to the hold-out
dataset used for ICL. Specifically, we use 125k, 150k and 250k iterations for
BNCI, HGD and Zhou datasets as novel datasets, respectively.

Datasets. We evaluate our approach on five widely-used motor imagery datasets |23}
56,63,|70,(72]. To assess generalization capabilities, we employ a leave-one-out
strategy where we train on four datasets and evaluate on the fifth, permuting
through all possible combinations. All datasets are preprocessed to a common
format with 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
filtered between 0.1 Hz and 60.0 Hz, followed by exponential moving standardiza-
tion. 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 struc-
tures and sizes: BNCI [63] contains four classes (left hand, right hand, tongue,
feet), |56] High Gamma Dataset (HGD) includes four classes (left hand, right
hand, feet, rest), PhysionetMI [23| comprises five classes (feet, hands, left hand,
rest, right hand) with high class imbalance between hands and other classes,
Weibo [70] features seven classes (feet, hands, left hand, right hand, left hand
right foot and right hand left foot), and Zhou [72] contains three classes (feet,
left hand, right hand).
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We create train and validation splits by splitting the subjects in the training
datasets 80-20 for training and cross-subject testing. We further split the training
subjects 80-20 by trials to create training and validation splits.

Training sequence construction. For an EEG trial ¢, the EEG encoder produces
a single token representation t;. The corresponding class label y; is embedded
using a linear embedding layer. We obtain a training sequence by interleaving ¢
and y: [t1,y1,..-,t, Yi, tq, Yq), Where the sequence up to the i-th index is used
as context. The model’s objective is to predict the label y, for the input EEG
signal ¢, as shown in Figure [2| 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 t,, referred to as
the query.

The training sequences are constructed to encourage ICL, following the in-
sights on exact token copy repetitions in context from Section [4l We use 90%
bursty sequences containing 3 shots for 3 distinct classes and 10% of standard
sequences without any repetitions in the context. For the bursty sequences, we
further employ exact copies (instCopy), where we found that for BNCI [63] and
Zhou [72] as novel datasets, applying exact copies in 90% of bursty sequences
works best. For HGD [56], we always employ exact copies in bursty sequences.
Furthermore, we introduce label noise through label swapping in both types of
sequences, as this makes the IWL task more challenging and further enhances
ICL performance. We use label swapping in 10% of sequences for BNCI and
Zhou, while in 15% of sequences for HGD dataset. We found these combinations
to work the best, providing a good balance between learning the IWL task and
forming needed ICL mechanisms.

FEvaluation Details. For IWL evaluation, we sample sequences without class rep-
etition in the context. ICL and generalization to unseen datasets are assessed
using 3-way 3-shot classification on unseen datasets, where context samples (few-
shot samples) and query samples (both unseen) are drawn from different subjects
to simulate clinical deployment conditions. We sampled all possible combinations
of the subject pairs for evaluation and reported average results over them. 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.
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