
Proceedings of the Fifteenth Language Resources and Evaluation Conference (LREC 2026), pages 93–106
11–16 May 2026. ©ELRA Language Resources Association (ELRA), 2026

93

Why So Separate: Analyzing In-Context Learning from a Vector
Space Perspective

Tobias Kalmbach, Sandipan Sikdar
L3S Research Center

Leibniz University Hannover
Hannover, Germany

{tobias.kalmbach, sandipan.sikdar}@l3s.de

Abstract
In-context learning (ICL) is a popular prompting strategy for large language models. ICL allows models to learn
tasks using demonstrative examples alone, without any weight updates or training. Nevertheless, it is still largely
unclear why ICL works. In this paper, we investigate ICL from a new viewpoint, namely a vector space perspective,
and extract insights for ICL from this analysis. In our experiments, we extract the hidden representations, i.e.,
embeddings, created by a large language model when passing an ICL prompt through it. We find that these
embeddings generated by large language models are separable in the vector space when applying ICL. The degree
of separability is dependent on the difficulty of the task, the size of the model and other factors, like the labels
of demonstrative examples. We also find that, especially for large models, the separability is indicative of the
classification performance. As an application, we utilize our findings to explain peculiarities of ICL and to select
demonstrative examples for ICL. Experiments across multiple datasets show that this way of selecting examples
consistently outperforms the commonly used random selection method.

Keywords: In-context learning, Large language models, Interpretability

1. Introduction

Few-shot and zero-shot learning have demon-
strated remarkable capabilities in large language
models (LLMs) for many applications (Long et al.,
2024b,a; Dong et al., 2024). Few-shot and
zero-shot learning, also called in-context learn-
ing (ICL) (Brown et al., 2020), are prompting
paradigms, generally improving performance for
LLMs. With ICL, pre-trained models only need the
demonstrative examples to adapt to unseen tasks,
eliminating the need for task-specific training data
and expensive model updates. The task is learned
solely using demonstrative examples in the input
prompt. For instance, given a few examples of sen-
timent classification like “This movie was great! —
Positive” and “I did not like the food. — Negative”,
followed by an unseen sentence, LLMs can accu-
rately classify the sentiment despite never being
explicitly trained for this task.

Several studies have shown the effectiveness
of this paradigm, yet the underlying mechanisms
why ICL works remain poorly understood (Li
et al., 2024b; Tang et al., 2024). As models can
adapt to new tasks, this suggests that LLMs de-
velop some meta-learning capabilities during pre-
training, enabling pattern recognition and align-
ment during inference based on demonstrative ex-
amples only (Wei et al., 2022b). Nonetheless, the
precise mechanisms underlying this adaptation re-
main debated in the research community.

In this paper, we provide an alternative analysis
of ICL through the lens of vector space geometry,

examining how LLMs process and represent ICL
prompts in their hidden states1. An overview of our
analysis is shown in Figure 1.

LLMs are neural networks based on the Trans-
former architecture (Vaswani et al., 2017), com-
prising multiple layers of self-attention and feed-
forward neural networks. For an input, the text is
tokenized and embedded into a high-dimensional
vector space. Typically, the early layers encode ba-
sic linguistic features like syntax and relationships,
while deeper layers focus on semantic represen-
tations and task-specific features (Rogers et al.,
2020). Moreover, the output of the hidden layers
corresponding to the last token represents an en-
coding of the processed version of the complete
input.

By extracting and visualizing embeddings for
the last token, we find that for classification tasks,
LLMs can produce embeddings that are clustered
based on class distinctions. We also find that clas-
sification accuracy, in general, is higher with better
clustering (see Figure 1(d)). This clustering is, how-
ever, specific to larger models (>10B parameters)
and is not necessarily observed for smaller models.
Such clustering in the embedding space suggests
that as model scale increases, LLMs develop more
structured internal representations of task-relevant
features during ICL.

Building on these insights, we aim to explain
peculiarities observed for ICL (Min et al., 2022;
Shi et al., 2024) and we propose a method for

1Code: https://github.com/Tobi2K/Why-So-Separate

https://github.com/Tobi2K/Why-So-Separate
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Figure 1: Overview of our method. (a) When passing an inference instance xi with the shown prompt through the
model, (b) we extract the hidden representation h(xi) corresponding to the last token of xi. (c) We repeat this for
several xi and (d) apply t-SNE to visualize and a linear classifier (LC) to analyze the hidden representations. The
two runs (Run 1 and Run 2) correspond to two different sets of demonstrative examples in the prompt, and hence
also the difference in embeddings of xis for the two runs. We find that runs with well-separated embeddings (Run 1)
achieve higher classification and linear classifier accuracy than poorly separated embeddings (Run 2).

selecting demonstrative examples based on their
degree of separability in the vector space. This
method achieves better ICL performance than ran-
dom sampling, which is usually deployed in many
applications. Our work sheds light on why some
demonstrative examples work better than others.
Further, this vector space perspective is a simple
and intuitive view that uses the model’s internal rep-
resentations directly instead of employing a proxy.

2. Related Work

The phrase “in-context learning” for LLMs was first
introduced by Brown et al. (2020), although the
technique was already used previously (Radford
et al., 2019). In-context learning (ICL) has since
been used for various tasks, including, but not lim-
ited to, NLP tasks (Zhu et al., 2024a), embedding
generation (Li et al., 2024a), even computer vi-
sion (Zhang et al., 2023) and many others (Nafar
et al., 2024; Chen et al., 2024; Li et al., 2023; Zhou
et al., 2023; Mohamed et al., 2025; Hegde et al.,
2025).

Why ICL works (and when or why it does not)
is still fundamentally unanswered (Dherin et al.,
2025). Some investigations point out that adding
a context improves task performance (Min et al.,
2022), while others explicitly point to the oppo-
site (Li et al., 2024b). Other studies show that se-
lecting too similar examples does not improve per-
formance (Fu et al., 2024) and may not show the
breadth of possible classes (D’Oosterlinck et al.,
2024). Some works point to changes in the for-
matting of examples impacting performance (Tang
et al., 2024), although different models work best
with different formatting (Voronov et al., 2024). On
the other hand, Min et al. (2022) show that replac-
ing ground truth labels with random labels only

slightly worsens performance. Nevertheless, ICL
can be highly sensitive to various parameters like
the ordering of examples in the prompt (Chang and
Jia, 2023; Lu et al., 2022), but also model config-
urations like the chosen decoding strategy (Ling
et al., 2024). Further, other works have shown that
ICL is also unreliable (i.e., can both increase and
decrease performance) for reasoning tasks (Liu
et al., 2025; Alazraki et al., 2025). All these investi-
gations indicate that there isn’t a single recipe to
make ICL work.

ICL, depending on the task, can outperform tra-
ditional instruction tuning (e.g., SFT and RLHF) in
LLMs (Wang et al., 2024; Lin et al., 2024). Recent
works have found that ICL can act as gradient de-
scent optimization in the forward pass (Ahn et al.,
2023; von Oswald et al., 2023a,b; Akyürek et al.,
2023; Dai et al., 2023). However, Deutch et al.
(2024) argue that most of the analyses above are
too simple or insufficient to confidently claim that
ICL acts as gradient descent.

Selecting Demonstrative Examples Most stud-
ies default to using randomly selected examples,
but options like ordering or formatting of demonstra-
tive examples can impact the performance (Chen
et al., 2023; Lu et al., 2022; Min et al., 2022; Zhu
et al., 2024b). One group of selection frameworks
that does not use random sampling uses rank-
ing metrics to select examples that influence the
prediction of the LLM the most (Wu et al., 2023;
Guo et al., 2024; M.S. et al., 2024). Other ap-
proaches let the model rank the demonstrative ex-
amples itself (Yao et al., 2024) or train an encoder
to summarize inference instances and select sim-
ilar demonstrative examples (Gupta et al., 2024).
Another group of works uses external models to
rank or predict the effectiveness of candidate exam-
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ples (Long et al., 2024a; Qian et al., 2024; Wang
et al., 2023; Xie et al., 2022). Other works (Li and
Qiu, 2023; Gao et al., 2024) use filtering or com-
pression to more efficiently select examples from
a large set.

Present work While all prior investigations have
their merit, our approach analyzes demonstrative
examples solely from a vector space perspective,
which is simpler and more visually intuitive. As
Deutch et al. (2024) point out, analyses claiming
that ICL is equivalent to gradient descent are in-
sufficient. We are therefore motivated to view ICL
from a different perspective. The proposed vector
space perspective is a simple and, using t-SNE
visualization, intuitive approach that can not only
be used to analyze ICL itself but can also be ex-
tended to use cases like demonstrative example
selection or ranking. Lastly, our method also allows
for interpreting the idiosyncrasies observed in ICL,
e.g., replacing ground truth labels with random la-
bels only slightly worsens performance (Min et al.,
2022).

Our methodology is partly inspired by ICV (“In-
Context Vectors”) proposed by Liu et al. (2024).
However, they are primarily interested in improving
ICL performance across tasks rather than explain-
ing ICL performance.

3. Methodology

In the following, we refer to the examples added
to the prompt as demonstrative examples. Unless
otherwise specified, we refer to the setup as in-
context learning when using one or more demon-
strative examples and zero-shot when no exam-
ples are specified in the prompt. Additionally, the
demonstrative examples are preceded by a short
instruction describing the task. This instruction is
task-dependent, e.g., “Classify the given text into
negative or positive.” for sentiment classification or
“Decide whether sentence 1 is equivalent to sen-
tence 2.” for semantic equivalence. When adding
n demonstrative examples, we also refer to this
setup as n-shot learning, and we add n

2 examples
of class 0 and n

2 examples of class 1. In the de-
fault case, we randomly select two demonstrative
examples of each class.

Proposed Method Our methodology builds on
two observations: (i) LLMs encode features linearly,
even for non-linear applications (Nanda et al., 2023;
Jiang et al., 2024), and (ii) later (upper) layers
encode high-level concepts (Elhage et al., 2022;
Gurnee et al., 2023). In fact, Hollinsworth et al.
(2024) show that sentiment is a concept that is
stored linearly, representing positive as one ex-
treme and negative as the other extreme. Based

on the above studies, we hypothesize that such
linearity should also be observed in the hidden
representations of demonstrative examples.

We consider only classification tasks in this work.
In this setup, we are given input sentences x, and
the task is to predict the corresponding class. In the
following, we will focus on tasks with two classes,
but the setup can be extended to more classes.
We illustrate our approach in Figure 1. We cre-
ate a prompt P with an instruction about the task,
followed by a set of demonstrative examples. For
a given inference instance x, we append it to P
(Figure 1(a)) and we copy the embedding gener-
ated in the model corresponding to the last token
(Figure 1(b)), which essentially corresponds to the
last token of x. Note that this embedding of x is
specific to the demonstrative examples used in the
prompt and would differ as we change the demon-
strative examples. This process is repeated for
several inference instances (200 in our case), re-
sulting in a distinct embedding corresponding to
each instance (Figure 1(c)). In Figure 1 (d), we
consider two different runs, each consisting of a
different set of demonstrative examples. Depend-
ing on the selected demonstrative examples, the
orientation of the embeddings changes: one case
(top) leads to embeddings where the instances of
the two classes are linearly separable, while for the
other (bottom), it is not so.

Separability Our overall hypothesis is that the
performance of ICL for a given task is directly as-
sociated with separability, i.e., the ability to lin-
early discriminate between the instances of the
constituent classes. Formally, we define separabil-
ity as the ability to split instances of a dataset, e.g.,
by class, using the vector space location of the hid-
den representations. The extent of separability is
further dependent on the demonstrative examples,
as each text instance is appended to the prompt
containing the demonstrative examples. Therefore,
it is imperative to select demonstrative examples
carefully, as using random examples can hinder
the internal separability of hidden representations.

The extent of separability can be visualized us-
ing methods such as t-SNE (van der Maaten and
Hinton, 2008), which allows for visualizing higher-
dimensional data in two dimensions. However, t-
SNE has drawbacks. The shown distances do
not necessarily correspond to closeness in high-
dimensional space, the visualization is invariant to
rotations and translation, and the compression to
two dimensions can result in a loss of information,
including separability. We use t-SNE as an easy
and appealing showing of the separability. We only
provide t-SNE visualization as a motivation and
always supplement them with the accuracy score
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of a linear classifier2 fit on the embeddings, which
is more reliable in terms of separability. Higher ac-
curacy indicates higher separability and vice versa.
We note for the reported accuracies that despite a
low linear classifier accuracy, the data may be sep-
arable in higher dimensions. A low score can still,
for example, happen if the linear classifier learned
a distribution that diverges from the tested data.

4. Experimental Apparatus

4.1. Datasets

We use five datasets comprising four tasks. The
tasks are sentiment analysis (IMDb (Maas et al.,
2011) and SST-2 (Socher et al., 2013)), textual
entailment (RTE (Wang et al., 2018)), grammatical
acceptability (CoLA (Warstadt et al., 2019)), and
semantic equivalence (MRPC (Dolan and Brockett,
2005)). For IMDb, we select inference instances
from the train set and demonstrative examples from
the test set. SST-2, RTE, CoLA, and MRPC are
part of the GLUE benchmark (Wang et al., 2018),
which does not provide labels for the test split. We
require the labels for both demonstrative and infer-
ence examples. Thus, we use the validation set to
select demonstrative examples for datasets part of
GLUE and the train split to select examples that
the model should classify.

Note that we apply our method on classification
tasks, as this is a common task where ICL performs
well (D’Oosterlinck et al., 2024; Rasheed et al.,
2025; Cho and Inoue, 2025; Dong et al., 2024; Ed-
wards and Camacho-Collados, 2024; Milios et al.,
2023) and classification has a clear categoriza-
tion, which we can then analyze for separability. In
contrast, open-ended tasks like QA or generative
tasks have a massive or even infinite answer space,
complicating or prohibiting the analysis entirely.

4.2. Procedure

For a given task dataset, we first select our n
demonstrative examples. The demonstrative ex-
amples are sampled randomly unless stated other-
wise. These demonstrative examples remain the
same for each run. We pass each inference in-
stance appended to our ICL prompt through the
model, extracting the hidden representations, and
have the model respond. Then, we compute the
accuracy using the responses given by the model.
We are further interested in the separability (or lack
thereof) shown by the generated hidden represen-
tations. Hence, we generate t-SNE visualizations
of the embeddings as well as train a linear classifier
to quantify the extent of separability.

2https://scikit-learn.org/stable/modules/generated
/sklearn.linear_model.SGDClassifier.html

4.3. Models

We apply our procedure to seven models in to-
tal. Phi-4 (Abdin et al., 2024) with 14B parame-
ters is our main model used for most experiments.
We additionally conduct a subset of the experi-
ments using Llama 2 (Touvron et al., 2023) with 7B
and 13B parameters, Falcon 7B (Almazrouei et al.,
2023), Llama 3 (Dubey et al., 2024) models with
3B and 8B parameters, and Qwen 2.5 (Yang et al.,
2024) with 14B parameters. We use the instruction
fine-tuned version and use default hyperparameter
settings for all models.

5. Results

As mentioned previously, our primary hypothesis
is that the ICL performance is governed by the
LLM’s ability to linearly discriminate between the
instances of the constituent classes in the embed-
ding space. This, in turn, is dependent on the
demonstrative examples used in the prompt. We
test this hypothesis first on the sentiment classi-
fication task (Section 5.1) and then generalize it
to other text classification tasks (Section 5.2) and
models (Section 5.3). Using insights into separa-
bility gained through these experiments, we fur-
ther investigate peculiarities often observed in ICL
(e.g., replacing ground truth labels with random
ones does not degrade performance (Min et al.,
2022)) through the lens of vector space geometry
(Section 5.4) and apply it to select demonstrative
examples (Section 5.5). All results are obtained
using Phi-4 and four randomly selected demonstra-
tive examples and 200 inference instances, unless
specified otherwise.

5.1. Does separability influence
classification accuracy?

The results presented here are for sentiment clas-
sification on the IMDb dataset. To gain an initial
understanding of how the model processes the in-
put, we aim to single out components that impact
the performance and separability. In preliminary ex-
periments, we observe that passing an ICL prompt,
as described in Section 3, leads to clear sepa-
rability, while passing only an inference instance,
without instructions or examples, does not. This
is intuitive in general and supports our separability
hypothesis, as the demonstrative examples direct
the model to better understand the objective of
the task, formatting of the answers, and the label
space.

Embeddings gained by a “default” run as de-
scribed above are visualized in Figure 2a. Note
that the embeddings created by the model during
inference separate true positive and true negative
instances well. Some outliers and false positive

https://scikit-learn.org/stable/modules/generated/sklearn.linear_model.SGDClassifier.html
https://scikit-learn.org/stable/modules/generated/sklearn.linear_model.SGDClassifier.html
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instances are mixed in with true positives and neg-
atives, but overall, the two classes are embedded
somewhat distinctly. As issues can arise with t-
SNE, we fit a linear classifier on the uncompressed
embeddings to better gauge and confirm the sep-
arability. This linear classifier (LC) achieves an
accuracy of 86.2% averaged across five “default”
runs, suggesting good separability irrespective of
t-SNE. We further observe that for our experiments,
changing the number of demonstrative examples
has little effect on the t-SNE visualization and LC
accuracy. Moreover, ordering has little impact on
both classification accuracy (on average < 5% dif-
ference) and the separability.
Discussion Our results indicate that LLMs can
embed distinct classes separately. We see that
demonstrative examples can improve (or in some
cases harm) separability and that this separabil-
ity is correlated with performance (Figure 1). It
is therefore important to carefully consider which
examples to use and not default to random sam-
pling. Interestingly, the model generally creates
similar embeddings for false positives as it does for
true positives. This indicates that an instance the
model deems “positive” has a certain internal rep-
resentation, and the model decides, based on this
representation, how to respond. It indicates that
the location of the embedding in the vector space
is relevant for the response to some extent. Note
that internally this need not be encoded as the lo-
cation in a vector space, but it can be a clearer
illustration.
Takeaway Classification accuracy and separability
are correlated. The model creates an internal rep-
resentation that represents a class, and these rep-
resentations are dependent on the demonstrative
examples used. It follows that there are examples
that lead to a high separability, while others do not.

5.2. Transfer to Other Datasets

As mentioned in Section 3, sentiment analysis is
found to be a task that is linearly separable in dif-
ferent setups. Although our findings above shine
a new light on this task from a vector space per-
spective, we ask if the findings are only dependent
on the ease of sentiment classification. To support
the greater simplicity of sentiment analysis, we an-
alyze the performance in a zero-shot setup, i.e.,
prompting the model without providing demonstra-
tive examples.

We find that the accuracy remains rather high
at around 72.7%. When training a linear classi-
fier to predict the class of an embedding in the
zero-shot setting, we achieve an accuracy of 72.0%
(averaged across five runs), suggesting a lesser
but still notable separability in higher dimensions.
We further verify these results on SST-2, another
sentiment analysis task. In the zero-shot setting,

(a) Default labels: “negative” / “positive”

(b) Replaced labels: “tsunami” / “husband”

Figure 2: t-SNE visualizations of runs with 200 samples,
with 2 demonstrative examples per class and different
label settings. The captions of the subfigures show the
labels used for class 0 and class 1 in the ICL prompt.
Figure 2a shows a “default” run, with no label changes.
Figure 2b replaces the class labels by random, but fixed
nouns, i.e., “positive” becomes “husband” and “negative”
becomes “tsunami”. Key: Green, red, yellow and dark
red refer to true positive, true negative, false positive,
and false negative, respectively.

the classification accuracy is around 86.1%. A lin-
ear classifier trained on the embeddings achieves
an accuracy of 68.2%. With demonstrative exam-
ples, the classification accuracy increases slightly
to 90.6% and the linear classifier score increases
to 75.2%.

With these results, we can assume the gener-
ated embeddings for the sentiment are usually sep-
arable linearly, and more easily so when adding
demonstrative examples. Yet, as we have a high
accuracy and separability score in the zero-shot
case, we also find that sentiment analysis is an
easy task in general. To analyze whether this is
applicable to other, more difficult tasks, we apply
the same methodology to three new tasks, namely
textual entailment (RTE), semantic equivalence
(MRPC), and grammatical acceptability (CoLA).

Table 1 shows the classification accuracy and lin-
ear classifier accuracy for zero-shot and the default
ICL prompt, with two demonstrative examples per
class. We see that the zero-shot accuracy in both
zero-shot and four-shot drops for RTE, MRPC and
CoLA in comparison to both sentiment analysis
tasks. Especially for RTE, the zero-shot classifica-
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IMDb SST-2 RTE MRPC CoLA

0-shot Acc. 72.7% 86.1% 5.0% 6.3% 17.0%
LC 72.0% 68.2% 56.8% 61.4% 57.4%

4-shot Acc. 93.6% 90.6% 87.7% 75.6% 81.2%
LC 86.2% 75.2% 63.6% 66.0% 67.0%

Table 1: Classification accuracy (Acc.) and linear classi-
fier (LC) accuracy for a zero-shot setting and ICL setting
with two demonstrative examples per class (4-shot). The
metrics are averaged over 5 runs. The demonstrative
examples were selected randomly.

tion accuracy is 5% because close to all responses
are out-of-space, e.g., textual descriptions of the
task or further instructions not related to the an-
swer. The improvement in classification accuracy
by adding demonstrative examples is more signifi-
cant for RTE, MRPC and CoLA. This is largely due
to the better alignment to the correct formatting.
The linear classifier accuracy increases as well,
validating our hypothesis that linear separability is
indeed correlated to ICL performance.
Discussion We find that sentiment analysis is an
easy task. We have a high zero-shot accuracy
and separability for IMDb and SST-2. For other
tested tasks, we find a much poorer zero-shot per-
formance across the board. The performance with
no demonstrative examples is never above 20%
accuracy, and the embeddings are poorly separa-
ble. Most generated responses in this case did not
contain clear labels or no answers at all.

We can gather that sentiment analysis is thus
a more straightforward task, as the instruction
with no demonstrative examples is enough to gen-
erate mostly clear and distinct labels in the re-
sponse. Adding demonstrative examples for the
non-sentiment analysis datasets boosts the perfor-
mance considerably, e.g., for RTE, an improvement
of over 80 percentage points. Additionally, as the
linear classifier scores improve, these results show
that adding demonstrative examples not only helps
models to learn how to respond to a prompt but
also improves separability of embeddings gener-
ated by models, which leads to better performance.
Takeaway Sentiment analysis is an easy task that
a model manages without ICL, but ICL can improve
this good performance further and especially help
the model learn to accomplish more difficult tasks.
Moreover, ICL can help separability of embeddings,
which can in turn enable more in-depth analysis.

5.3. Transfer to Other Models

The results above were all obtained with Phi-4. In-
context learning has been found to be an emergent
ability (Wei et al., 2022a), so we will analyze how
our investigation holds for other models. Although

14 billion parameters is small compared to the num-
ber of parameters of commercial models like Chat-
GPT, there are smaller models that have between
three and eight billion parameters. We run a more
concise analysis on other models, namely Llama 2
7B, Falcon 7B, Llama 3.1 8B, Llama 3.2 3B, Llama
2 13B, and Qwen2.5 14B. For each model, we con-
duct a default run and fit a linear classifier on the
embeddings to ensure separability.

The accuracy for IMDb can be seen in the up-
per half of Table 2. Especially, the linear classifier
score for the three Llama models is rather low. This
suggests that the embeddings are less expressive
and cannot be easily separated using the linear
classifier. The linear classifier may be misaligned,
as mentioned above, leading to a low LC accuracy,
even though the data is separable. Nevertheless,
the accuracy is high for IMDb for the small Llama
models, although not as high as Falcon 7B, Llama
2 13B, and Qwen 2.5. For the latter three, the
separation is clearer, reflected in the higher lin-
ear classifier accuracy and classification accuracy.
Moreover, the jump between zero-shot and 4-shot
learning is larger for Falcon 7B and Llama 2 13B
than for the other models. Interestingly, for Qwen
2.5, the zero-shot performance is good, and, pri-
marily, the linear classifier score increases.

The lower half of Table 2 shows the classifica-
tion and linear classifier accuracy for MRPC. As
with Phi-4, MRPC is a more difficult task, lead-
ing to more misclassifications. Mostly, this can be
attributed to the models generating non-fitting re-
sponses or adding further explanations instead
of answering the prompt in the zero-shot case.
While this is less the case in the 4-shot setting,
we also have some false positives and false nega-
tives, leading to relatively low scores. Compared to
IMDb, the accuracy, both classification and linear
classifier, is lower, as we saw with Phi-4. Never-
theless, we see the same increased separability
for Falcon 7B, Llama 2 13B, and Qwen 2.5 when
compared to the smaller Llama models.
Discussion In total, we find that small Llama mod-
els are much less separable. This suggests that
the embeddings generated by these models are
not expressive enough, i.e., in the case of IMDb,
the embeddings do not encode enough information
to separate sentiment as clearly.

As the embeddings are larger for Phi-4 and com-
parable models, and the models have more layers,
the generated embeddings are more expressive
than for small models. Furthermore, we see a good
zero-shot separability for larger models. This sepa-
rability is greatly improved when adding demonstra-
tive examples. Some of these models, e.g., Falcon
7B, have a worse zero-shot classification accuracy
than the smaller models. Yet, adding demonstra-
tive examples for Falcon 7B, Llama 2 13B, and the
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Model L2 7B L3 8B L3 3B Falcon 7B L2 13B Qwen 2.5 Phi-4

IMDb
0-shot Accuracy 82.5% 82.7% 72.2% 67.8% 85.7% 90.5% 72.7%

LC 49.6% 52.2% 52.2% 78.0% 75.8% 76.6% 72.0%

4-shot Accuracy 90.0% 90.0% 90.8% 93.4% 91.2% 90.9% 93.6%
LC 56.2% 54.2% 56.6% 86.0% 86.4% 88.6% 86.2%

MRPC
0-shot Accuracy 26.5% 31.1% 19.9% 31.9% 6.8% 43.1% 6.3%

LC 51.8% 51.6% 47.6% 58.0% 51.8% 63.2% 61.4%

4-shot Accuracy 66.8% 66.7% 60.7% 66.8% 72.1% 71.0% 75.6%
LC 53.6% 53.8% 54.6% 65.6% 57.4% 68.8% 66.0%

Table 2: Accuracy and linear classifier score (LC) on IMDb and MRPC for various models. L2 and L3 refer to Llama
2 and Llama 3, respectively. For more model details, see Section 4.3.

14B models improves the classification accuracy
to such an extent that they outperform the smaller
models and have an increased separability. This
means that models with good zero-shot separabil-
ity greatly benefit, both in terms of separability and
classification performance, from demonstrative ex-
amples.
Takeaway Small models’ embeddings do not con-
tain enough information to allow good separability.
Large models create more expressive and sep-
arable embeddings with ICL, leading to a major
performance increase.

5.4. Peculiarities in ICL

Prior work (Shi et al., 2024; Min et al., 2022) has
highlighted some peculiarities in ICL, e.g., what
impact changing the labels of demonstrative exam-
ples has on performance. As we have seen above,
the performance is related to vector space sepa-
rability. Consequently, we aim to use our vector
space hypothesis to explain the observations of
prior work. We consider four setups — (i) default,
i.e., no changes to the labels; (ii) flipped labels, i.e.,
we flip the labels for the demonstrative examples
(Shi et al. (2024)); (iii) blank labels, i.e., we insert
blank labels (“_____”) in place of the demonstrative
example labels in the prompt. This removes any
notion of what the possible classes are, and (iv)
absurd labels, i.e., we replace the labels with a
random but fixed noun3 (Min et al. (2022)). This
supplies labels that are not opposites (like nega-
tive vs. positive) to remove any inherent separation
in the label phrasings. We apply our setups to
sentiment classification.

In general, we expect the model to adhere to the
class labels provided for the respective class. We
refer to the original labels, i.e., class 0 is “negative”
and class 1 is “positive”, as ground truth labels.
We calculate the accuracy w.r.t. the labels listed in
Table 3 for each case, unless stated otherwise.

The default run shown in Figure 2a achieves

3The nouns are generated using wonderwords
(https://wonderwords.readthedocs.io) with a length be-
tween 5 and 10 characters.

Case Class 0 Class 1 Accuracy

(i) “negative” “positive” 92.0%
(ii) “positive” “negative” 6.5% (85.5%)
(iii) “_____” “_____” 99.5% ( 0.5%)
(iv) “tsunami” “husband” 81.0% (18.5%)

Table 3: Overview of labels used as class labels for
demonstrative examples. We expect the model to ad-
here to these labels. We refer to the original labels (as in
Case (i)) as ground truth labels. The accuracy listed is
calculated w.r.t. the class labels. Where applicable, we
report the accuracy w.r.t. ground truth labels in paren-
theses. The accuracies are achieved with Phi-4.

an accuracy of 92%. To examine the dependency
between the label and example text, in the sec-
ond case (flipped labels), we use 200 inference
instances as before; however, we set all occur-
rences of “positive” in the demonstrative examples
to “negative” and vice versa. The accuracy w.r.t.
the flipped labels is low at 6.5%. In contrast, the
accuracy w.r.t. the non-flipped labels only drops
slightly to 88.5%, indicating that simply flipping the
labels in the prompt leads to no substantial inter-
nal change in the model to adhere to these “new”
labels. The separation of ground truth positive and
ground truth negative instances remains clear, as
fitting a linear classifier on the embedding result-
ing from five such runs results in an LC accuracy
of 85.8%, a slight decrease from the default run.
This explains the marginal decline in performance
despite flipping labels.

In the blank label scenario, the model only re-
peats the blank labels during inference, except in
one case. Thus the measured accuracy is 99.5%.
Regardless, the embeddings remain more-or-less
separated by ground truth class, and the LC accu-
racy remains high at 79.2%.

Lastly, for the absurd label scenario, Figure 2b
shows the embeddings when replacing the class
label for “positive” with “husband” and replacing
“negative” with “tsunami”. Given this replacement,
the output of the model largely adheres correctly to
these new class labels. The accuracy calculated
with “husband” and “tsunami” as class labels is

https://wonderwords.readthedocs.io
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81.0%, while the LC accuracy is 82.0%. Out-of-
space responses (i.e., not “husband” or “tsunami”)
are not shown in the visualization, but we note that
the accuracy w.r.t. to the ground truth labels is
18.5%.
Discussion The above results indicate that ICL
can adapt to the provided labels to a consider-
able extent if the instances remain separable in
the vector space. We further find that inverting the
labels does not hinder the split of embeddings w.r.t.
to ground truth labels and does not significantly
decrease the classification accuracy. Flipping the
labels does not drastically change the vector space
representation, so the model can still output the
correct (ground truth) labels.

On the other hand, replacing the demonstra-
tive example labels with blank labels results in
the model generating useless responses. Follow-
ing this, the model can generate roughly distinct
embeddings for each class yet still comply with
the formatting suggested (e.g., blank labels) in the
demonstrative examples, even overwriting prompt
instructions (e.g., “Classify as negative or positive”).
We further see the importance of label space in the
scenario when replacing the labels with random
but fixed words. We see that the model can learn
the “new” labels and correctly match these new
labels to the examples’ ground truth with only four
demonstrative examples.

It is unclear what connection the model assigns
between demonstrative examples and the speci-
fied labels. In the flipped labels case, there ap-
pears to be no connection, as the model does not
adapt to the flipped classification labels, but when
adding random, fixed words, the model does learn
correctly what the new labels are. A likely expla-
nation is that the model learned what “positive”
and “negative” mean during pre-training and ig-
nores the minor inconsistency in the demonstrative
examples when flipping labels. This recovery of
inconsistencies is similar to models fixing typos or
unscrambling text in prompts (Penteado and Perez,
2023; Cao et al., 2023). In the case of replacing
the labels with other words, the label space is dras-
tically different from what the model learned, and
the model “realizes” that no recovery is needed,
but it needs to use different labels for each class.
Takeaway The model does not learn how to com-
plete a task, like sentiment analysis, from the
ground up by seeing demonstrative examples, as
the classification performance on blank labels is
poor, yet the embeddings can still be split by class.
Rather, demonstrative examples help refine the
formatting and label space and can even enable
the model to completely relearn what labels corre-
spond to the relevant class. We also see a link be-
tween demonstrative examples and their assigned
label, although this link is not always precise.

Selection IMDb SST-2 RTE MRPC CoLA

Random 93.6% 90.6% 87.7% 75.6% 81.2%
Centroid 93.0% 91.9% 86.8% 73.8% 84.2%
Separated 96.2% 92.8% 88.5% 78.2% 86.9%

Table 4: Classification accuracy for different selec-
tion methods. We use embeddings created by Phi-4
to select demonstration examples. The accuracy is
averaged over 5 runs with 200 inference instances
per run.

5.5. Demonstrative Example Selection

We hypothesized that improving separability also
improves classification accuracy and that ICL helps
in clearly separating the embeddings. We have
shown that this hypothesis holds, especially for
larger models. Following these results, we should
be able to select demonstrative examples with well-
separated embeddings to improve classification
performance. We run a small case study in which
we select demonstration examples that, when
passed through the model, create well-separated
embeddings. This case study is only meant as a
proof-of-concept, and we leave the implementation
of a complete selection strategy using this method
as future work.

We use Phi-4 to create embeddings of 1000 can-
didate examples per dataset per run. For each
run, we then select two demonstration examples
per class according to the selection strategy. First,
random selection, which is the default in most stud-
ies. Second, centroid selection, which selects the
“center-most” embeddings in our embedding space
of 1000 examples. Lastly, separated selection se-
lects the two examples per class such that the intra-
class distance is minimized and the inter-class dis-
tance is maximized.

Table 4 presents the classification accuracy for
Phi-4 across datasets for different selection strate-
gies. We find that separated selection improves
over random and centroid selection. Further, se-
lecting the center-most examples performs worse
than random selection on three of five datasets.
This highlights the benefits of using well-separated
examples, as centroid always has poorly separated
examples, while random may select well-separated
examples by chance.

6. Conclusion

In this work, we analyze in-context learning and
shed some more light on why ICL works using a
vector-space perspective. Our research shows that
ICL helps models conform their output formatting
and adapt their pre-existing knowledge rather than
learning new tasks entirely. We show that LLMs
create expressive embeddings when performing
ICL for classification, such that these embeddings
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can be separated by their class. Further, embed-
dings for difficult tasks (e.g., grammatical accept-
ability) are not as easily separable as those for
easier tasks (e.g., sentiment analysis), paralleling
classification performance on these tasks. The
separability of generated embeddings can serve
as a predictor of performance, and this separa-
bility can be improved through the selection of
well-separated demonstrative examples, particu-
larly in larger, more capable models. Generally,
the larger the model, the more expressive the em-
beddings are, and small models, mostly, do not
encode enough information to significantly split
embeddings by their class. We believe our pro-
posed selection method shows the advantage of
looking at ICL from a vector space perspective for
practical applications.
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