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Abstract

In-context learning (ICL) and supervised fine-tuning (SFT) are two common strate-
gies for improving the performance of modern large language models (LLMs) on
specific tasks. Despite their different natures, these strategies often lead to compara-
ble performance gains. However, little is known about whether they induce similar
representations inside LLMs. We approach this problem by analyzing the probabil-
ity landscape of their hidden representations in the two cases. More specifically,
we compare how LLMs solve the same question-answering task, finding that ICL
and SFT create very different internal structures, in both cases undergoing a sharp
transition in the middle of the network. In the first half of the network, ICL shapes
interpretable representations hierarchically organized according to their semantic
content. In contrast, the probability landscape obtained with SFT is fuzzier and
semantically mixed. In the second half of the model, the fine-tuned representa-
tions develop probability modes that better encode the identity of answers, while
the landscape of ICL representations is characterized by less defined peaks. Our
approach reveals the diverse computational strategies developed inside LLMs to
solve the same task across different conditions, allowing us to make a step towards
designing optimal methods to extract information from language models.

1 Introduction

With the rise of pre-trained large language models (LLMs), supervised fine-tuning (SFT) and in-
context learning (ICL) have become the central paradigms for solving domain-specific language tasks
[1]. Fine-tuning requires a set of labeled examples to adapt the pre-trained LLM to the target task
by modifying all or part of the model parameters. ICL, on the other hand, is preferred when little or
no supervised data is available. In ICL, the model receives an input request with a task description
followed by a few examples. It then generates a response based on this context without updating its
parameters.

While operationally, the differences between SFT and ICL are clear in how they handle model param-
eters, it is less clear how they affect the model’s representation space. Although both methods can
achieve similar performance, it is unknown whether they also structure their internal representations
in the same way. Differently from recent contributions which compared ICL and SFT in terms of
generalization performance [2–4] and efficiency [5], in this work we analyze how these two learning
paradigms affect the geometry of the representations.

Previous studies described the geometry of the hidden layers using distances and angles [6, 7],
often relying on low-dimensional projections of the data [8–10]. In contrast, we take a density-
based approach [11] that leverages the low-dimensionality of the hidden layers [12–14] and finds
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(a) Consistency between the peak composition and the MMLU subjects. A schematic view of the density
peaks in the early. The coloring reflects the presence of the subjects.

(b) Consistency between the peak composition and the MMLU answers. A schematic view of the density
peaks in the late layers. The coloring reflects the presence of answers with the same letter: A (blue), B (okra), C
(pink), and D (light blue).

Figure 1: The LLMs representation landscape of few-shot learning and fine-tuning. This figure
illustrates the distribution of probability modes in large language models (LLMs) during a question-
answering task (MMLU). The top row shows representations from layers near the input, while the
bottom row shows those near the output. We compare three scenarios: zero-shot (0-shot, left),
in-context learning (5-shot, center), and fine-tuning (right). In the 5-shot scenario, early layers (top,
center) develop better representations of the dataset’s subjects. Conversely, in the fine-tuned model,
the late layers (bottom, right) more accurately reflect better the letter answers.

the probability modes directly on the data manifold without performing an explicit dimensional
reduction.

For ICL and fine-tuning, we track how the multimodal structure of the data evolves across different
layers as LLMs solve a semantically rich multiple-choice question task and measure how the geomet-
rical properties intertwine with the emergence of high-level, abstract concepts. We study ICL in a
few-shot prompting setup and find that despite ICL and SFT can reach the same performance, they
affect the geometry of the representations differently. Few-shot learning creates more interpretable
representations in early layers of the network, organized according to the underlying semantics of
data (Fig. 1, top-center). On the other hand, fine-tuning induces a multimodal structure coherent with
the answer identity in the later layers of the network (Fig. 1, bottom-right).

The key findings of our study are:

1. Both few-shot learning and fine-tuning show a clear division between model layers, a marked
peak in the intrinsic dimension of the dataset, and a sudden change in the geometrical
structure of the representations (Secion 4.1);

2. Few-shot learning leads to semantically meaningful clustering of the representations in early
layers, organized hierarchically by subject (Section 4.2);

3. Fine-tuning enhances the sharp emergence of clustered representations according to answers
in the second half of the network (Section 4.3).

In summary, our geometric analysis reveals a transition between layers that encode high-level semantic
information and those involved in generating answers. By studying the probability landscape on either
side of this transition, we uncover how fine-tuning and few-shot learning take different approaches to
extract information from LLMs, ultimately solving the same problem in distinct ways.
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2 Related work

Probing the geometry of the embeddings. A classical approach to understanding the linguistic
content encoded in token representations is probing [15]. Inspecting the embeddings with linear
[16, 17] or nonlinear [18, 19] classifier probes allowed to extract morphological [20] syntactic [6] and
semantic [17, 21–24] information. Probing has also been used to explore the geometrical properties
of hidden layers. LLMs can represent linearly in hidden layers concepts such as space and time [25],
the structure of the Othello game board [26], the truth or falsehood of factual statements [27]. The
linear representation hypotheses [28] can be used to show that LLMs encode hyponym relations as
simplices in their last hidden layer [29]. However, another line of work suggests that LLMs represent
temporal concepts like days, months, and years, as well as arithmetic operations in a nonlinear way
using circular and cylindric features [30, 31].

Describing the geometry of the embeddings directly. Directly analyzing the geometrical distribu-
tion of embedding vectors and their clustering can also provide insights into how LLMs organize
their internal knowledge. Early studies on BERT, GPT2, and ELMo found that token embeddings are
distributed anisotropically, forming narrow cones [32] and isolated clusters [7, 13]. This phenomenon
has also been observed in CLIP embeddings [33], where image and text tokens occupy different
cones, separated by a gap. A similar gap also exists between the subspace of different languages in
multilingual LLMs [10], which enables approximating language translation with geometric translation
between these subspaces. Recent work has shown that changes in the intrinsic dimension of the
representations is related to different stages of information processing in LLMs, linking the rise of
abstract semantic content to layers characterized by geometric compression [34] and the transition
from surface-level to syntactic and semantic processing to layers of high dimension [35].

Comparing in-context learning and fine-tuning in LLMs. Recent studies have compared ICL
to fine-tuning in LLMs by analyzing their ability to generalize, their efficiency, and how well they
handle changes in the training data. Several factors can influence the outcomes when comparing ICL
and fine-tuning. These include the format of the prompts in ICL [36, 37], the amount of training
data used for fine-tuning [38, 39], and the size of models being compared [40]. In large models, ICL
can be more robust to domain shifts and text perturbations than it is fine-tuning smaller-scale ones
[2, 3]. However, when ICL and fine-tuning are compared in models of the same size fine-tuned on
sufficient data, SFT can be more robust out-of-distribution, especially for medium-sized models [4].
Additionally, SFT achieves higher accuracy with lower inference costs [41].

3 Methods

3.1 Models and Dataset.

MMLU Dataset. We analyze the Massive Multitask Language Understanding question answering
dataset, MMLU [42], taking the implementation of cais_mmlu from Huggingface. The MMLU
test set is one of the most widely used benchmarks for testing factual knowledge in state-of-the-art
LLMs [43–46]. The dataset consists of multiple-choice question-answer pairs divided into 57 subjects.
All the questions have four possible options labeled with the letters "A," "B," "C," and "D." When
prompted with a question and a set of options, the LLMs must output the letter of the right answer. In
this work, we will analyze the MMLU test set, where each subject contains at least 100 samples, with
a median population of 152 samples and the most populated class containing about 1534 examples.
To reduce the class imbalance without excessively reducing the dataset size, we randomly choose up
to 200 examples from each subject. The final size of our dataset is 9181.

Language models and token representations analyzed. We study the models of Llama3 [45],
Llama2 [47] families, and Mistral [43]. We choose these LLMs because, as of May 2024, they
are among the most competitive open-source models on the MMLU benchmark, with an accuracy
significantly higher than the baseline of random guessing (25%, see Table A1). All the models we
analyze are decoder-only, with a layer normalization at the beginning of each attention and MLP
block. Llama2-7b, Llama3-8b, and Mistral-7b have 32 hidden representations, Llama2-13b 40,
Llama2-70 and Llama3-70 80. In all cases, we analyze the representation of the last token of the
prompt after the normalization layer at the beginning of each transformer block. For transformers
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trained to predict the next token, the last token is the only one that can attend to all the sequence, and
in the output layer, it encodes the answer to the question.

Few-shot and fine-tuning details. We sample the shots from the MMLU dev set, which has five
examples per subject. This choice differs from the standard practice, where the shots are always given
in the same order for every input question. Table A1 shows that the final accuracies are consistent
with the values reported in the models’ technical reports [43, 45, 47]. We fine-tune the models with
LoRA [48] on a data set formed by the union of the dev set and some question-answer pairs of the
validation set to reach an accuracy comparable to the 5-shot one. The specific training details are in
Sec. A.

3.2 Density peaks clustering

We study the structure of the probability density of data representations with the Advanced Density
Peaks algorithm (ADP) presented in D’Errico et al. [11] and implemented in the DADApy package
[49]. ADP is a mode-seeking, density-based clustering algorithm that finds the modes of the
probability density by harnessing the low-dimensional structure of the data without performing any
explicit dimensional reduction. ADP also estimates the density of the saddle points between pairs of
clusters, which measures their similarity and provides information on their hierarchical arrangement.
At a high level, the ADP algorithm can be divided into three steps: the estimation of the data’s
intrinsic dimension (ID), the estimation of the density around each point, and a final density-based
clustering of the data.

Intrinsic dimension estimation. We measure the ID of the token embeddings with Gride [50].
Gride estimates the ID of data points embedded in RD, using the distances between a token and its
nearest neighbors. This is done by maximizing the likelihood function L(µk) =

d(µd
k−1)k−1

B(k,k)µ
d(2k−1)+1
k

where µk is the ratio of the Euclidean distances between a point and its nearest neighbors of rank
k2 = 2k and k1 = k, d is the ID, and B(k, k) a normalizing Beta function. By increasing the value
of k, the ID is measured on nearest neighbors of increasing distance. The ID estimate is chosen as the
value where the ID is less dependent on the hyperparameter k and the graph d(k) exhibits a plateau
[50, 51]. On this basis, we choose k = 16.

Density estimation. We measure the local density ρi,k with a kNN estimate: ρi,k = k/NVi,k. Here,
N is the number of data points and Vi,k the volume of the ball, which has a radius equal to the
distance between the point i and its kth nearest neighbor. Crucially, in this step, we compute the
volume using the intrinsic dimension, setting k = 16, the value used to estimate the ID.

Density-based clustering. With the knowledge of the ρi, we find a collection of density maxima
C = {c1, ...cn}, assign the data points around them, and find the saddle point density ρα,β between a
pair of clusters cα cβ with the procedure described in Sec. B. We can not regard all the local density
maxima as genuine probability modes due to random density fluctuations arising from finite sampling.
ADP assesses the statistical reliability of the density maxima with a t-test on log ρα− log ρα,β , where
ρα is the maximum density in cα. Once the confidence level Z is fixed, all the clusters that do not
pass the t-test are merged since the value of their density peaks is compatible with the density of the
saddle point. The process is repeated until all the peaks satisfy the t-test and are statistically robust
with a confidence Z. We set Z = 1.6, the default value of the DADAPy package.

In the following sections, we will also use the notion of core cluster points defined as the set of points
with a density higher than the lowest saddle point density. These are the points whose assignation to
a cluster is considered reliable [11, 52]. With a slight abuse of terminology, we will use the terms
"clusters", "density peaks", and "probability modes" interchangeably.

Measuring the cluster similarity. The ADP algorithm considers two clusters similar if connected
through a high-density saddle point. This is done defining the dissimilarity Sα,β between a pair of
clusters cα and cβ as Sα,β = log ρmax − log ρα,β , ρmax being the density of the highest peak. With
Sα,β , we perform hierarchical clustering of the peaks. We link the peaks starting from the pair with the
lowest dissimilarity according to Sα,β and update the saddle point density between their union cγ and
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Figure 2: Intrinsic dimension, number of density peaks, and fraction of core points. Figure
shows the ID (left), the number of density peaks (center), and the fraction of core points (right) for
the last-token representation of Llama3-8b for an increasing number of few-shots and fine-tuned
models. The three quantities change in the proximity of layer 17 in a two-phased fashion.

the rest of the peaks cδi with the WPGMA linkage strategy [53]: log ργ,δi =
log ρα,δi + log ρβ,δi

2
.

After the update of S, we repeat the procedure until we merge all the clusters. In this way, we display
the topography [11] of the representation landscape of a layer, namely the relations between the
density peaks, as a dendrogram.

Reproducibility. We run the experiments on a single Nvidia A100 GPU with a VRAM of 40GB.
Extracting the hidden representation of 70 billion parameter models requires 5 A100, and their
fine-tuning requires 8 A100. We provide code to reproduce our experiments at https://github.
com/diegodoimo/geometry_icl_finetuning.

4 Results

4.1 The geometry of LLMs’ representations shows a two-phased behavior.

We start by exploring the geometric properties of the representation landscape of LLMs. Our analysis
proceeds from a broad description of the manifold geometry to its finer details. First, we measure
the intrinsic dimension (ID) to understand the global structure of the data manifold. Next, we will
describe the intermediate-scale behavior, counting the number of probability modes on it. Finally,
we analyze the density distribution at the level of individual data points within the clusters. These
three quantities consistently show a two-phased behavior across the hidden layers of the LLMs we
analyzed. All profiles of this and the following sections are smoothed using a moving average over
two consecutive layers. We report the original profiles in the Appendix from Sec. D.2 to D.4 and in
Sec. D.6.

Abrupt changes in intrinsic dimension and probability landscape in middle layers. We measure
the ID of the hidden representations with the Gride algorithm (see Sec. 3.2). Figure 2 shows the
results for Llama3-8b; the analysis on the other models can be found in Sec. D.2 to D.4 of the
Appendix. The left panel shows that the ID changes through the layers with two phases, increasing
during the first half of Llama3-8b and decreasing towards the output layers. Specifically, the ID rises
from 2.5 after the first attention block and peaks around layer 16. The value at the peak increases
with the number of shots, from 14 in the base model to 16.5 when a 5-shot context is added. The
fine-tuned model (0-shot) reaches a maximum ID of 21 at this layer. In the second half of the network,
the IDs sharply decrease over the next three layers. For the few-shot representations, the ID profiles
gradually decay in the final part of the network, while for the 0-shot models, the ID increases again.

The same two-phased behavior appears in the evolution of the number of clusters on the hidden
manifold (center panel). In the first half of the network, the probability landscape has a higher
number of modes, ranging between 60 and 70, when the model is given shots, roughly matching
the number of subjects. In the 0-shot and fine-tuned cases, it remains below 40. After layer 16, the
number of peaks decreases significantly, remaining between 10 and 20. The right panel describes the
representation landscape within individual clusters, measuring the fraction of core cluster points –
those with a density higher than the lowest saddle point, indicating a reliable cluster assignment [11].
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Figure 3: Adjusted Rand Index (ARI) between clusters and subjects. ARI between clusters and
the subjects for Llama-3-8b (left), Llama-3-70b (center), and Mistral-7b (right) for an increasing
number of few-shots and fine-tuned representations. In all cases, the match between cluster and
subjects partition is highest at the beginning of the network and for an increasing number of shots.

Before layer 17, the core point fraction is higher, indicating a better separation between probability
modes. Notably, the few-shot setting shows a core-point fraction of about 0.6, much higher than the
0-shot and fine-tuned case, which remains around 0.2.

The evolution of ID, number of clusters, and core cluster points is qualitatively consistent among
the models we analyzed. In the Llama2 family, the ID peak is less evident (Fig. A3-bottom). In
particular, it is absent for the less accurate model, Llama2-7b. Nonetheless, the number of clusters,
core points, and the remaining quantities, presented in the following sections, change according to
the same two-phased trend as the other models.

4.2 The probability landscape before the transition.

We now describe the data distribution by focusing on the semantic content of the last token, specifically
analyzing whether the cluster composition is consistent with the prompt’s topic. Using the 57 MMLU
subjects as a reference, we compare the differences in the early layers of the LLMs between ICL and
fine-tuning.

Few-shot learning forms clusters grouped by subject. To evaluate how well the clusters align with
the subjects, we use the Adjusted Rand Index (ARI) [54]. An ARI of zero indicates that the density
peaks do not correspond to subjects, while an ARI of one means a perfect match (see Appendix C for
a detailed presentation). Figure 3 shows that as the number of few-shots increases, the ARI rises from
below 0.27 in the 0-shot context to 0.82 in Llama3-8b (left), 0.72 in Llama3-70b (center) and 0.63 in
Mistral (right) in the 5-shot settings. These ARI values correspond to a remarkable degree of purity
of the clusters with respect to the subject composition. When the ARI is at its highest, 75 out of 77
clusters in Llama3-8b (layer 4), 53 out of 69 in Llama3-70b (layer 7), and 43 out of 53 in Mistral
(layer 5) contain more than 80% of tokens from the same subject. In the next section, leveraging this
high homogeneity of the clusters, we will connect the cluster similarity to the similarity between the
subjects of the points they contain.

Additionally, when the number of shots grows, the ARI peak shifts to earlier layers, and the peak
becomes narrower. For example, in Llama3-8b, the 0-shot profile (blue) has a broad plateau extending
until layer 13. With one and two-shot settings (orange and green), the profiles show a couple of
peaks between layers 3 and 9, and with 5-shots (red), a single large maximum at layer 3. The trend
is consistent across other models, especially those with 70 billion parameters (see Fig. 3-center
for Llama3-70b, and Fig. A9 in the Appendix for Llama2-70b). In all cases, providing a longer,
contextually relevant prompt enables models to identify high-level semantic features (i.e., the subjects)
more accurately and earlier in their hidden representations.

Few-shot prompting is not the only factor that increases the ARI with the subject. In the 0-shot setup,
as the performance improves, LLMs organize their hidden representations more coherently with
respect to the subject. In Llama3-8b and 70b models, where the 0-shot accuracy is above 62% (see
Table A1), the 0-shot ARI is around 0.25. For the rest of the models with lower accuracy (below
56%), the ARI is below 0.18 (see blue profiles in Figs. 3 and A7).
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Figure 4: Density peaks in the layers that best encode the subjects in Llama3-8b. The dendrograms
show the organization of the density peaks in Llama3-8b in the layers where the ARI with the subjects
is highest for the 5-shot setup (top) and 0-shot set-up (bottom left) and fine-tuned model (bottom-
right). In the 5-shot setup, the clusters are populated by examples from one or two related subjects,
and their similarity reflects the semantic relationships between the subjects. In 0-shot and fine-tuned
representations (bottom panels), some large clusters contain many subjects.

The distribution of the density peaks mirrors the subject similarity. When the models learn "in
context", not only do the number and composition of density peaks become more consistent with the
subjects, but they also organize hierarchically to reflect their semantic relationships. In this section,
we describe only the cluster distribution in Llama3-8b in the layers where the ARI is highest and
report the other models in the Appendix, Sec. D.7.

Figure 4 shows the probability landscapes of the Llama3-8b in 0-shot (bottom left), 5-shot (top), and
fine-tuned model (bottom-right) as dendrograms. Dendrograms are helpful visual descriptions of
hierarchical clustering algorithms [55]. We perform hierarchical clustering of the density peaks using
the agglomerative procedure described in Sec. 3.2. In the layers where the ARI is highest, the density
peaks are homogeneous, and we can assign a single subject to each leaf of the dendrogram. This
one-to-one mapping between clusters and subjects allows us to estimate subject similarity based on
the dendrogram obtained from the (density-based) hierarchical clustering of the peaks.

In all cases (0-shot, 5-shot, and fine-tuned model), clusters of subjects from the same broader field
(STEM, medicine/biology, humanities, etc.) tend to be close together. However, in 0-shot and
fine-tuned settings, the probability landscape has fewer and less pure density peaks at the subject level.
In contrast, in the 5-shot setting, the number of clusters and their purity increase, and the 77 peaks are
organized according to their high-level semantic relationships. For example, in the top panel of Fig. 4,
four major groups of similar subjects can be identified: medicine and biology (orange), philosophy,
jurisprudence, and moral disputes (blue), math, physics, and chemistry (red) and machine learning
and computer science (green). In addition, these groups and hierarchical structures are consistent
across different models (see A11 to A12). For instance, clusters related to statistics, machine learning,
and computer science are often grouped together, as are those of chemistry, physics, and electrical
engineering, or economy, geography, and global facts.

The structure we described is also robust to changes in the confidence level Z. In the Appendix, from
Sec. E.2.1 to Sec. E.2.8, we report the dendrograms obtained with Z = 0 and Z = 4. Importantly,
even with Z = 0, where all local density maxima are considered as probability modes, the probability
landscape of the 0-shot and fine-tuned models remains largely mixed. In contrast, the probability
landscape of 5-shot representation is more stable to variations of Z.
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Figure 5: Adjusted Rand Index between clusters and final answers. Adjusted Rand Index (ARI)
between clusters and the MMLU answers (test set) for Llama3-8b (left), Llama3-70b (center), and
Mistral-7b (right). In the second part of the network, the purity of the clusters w.r.t the answer
partition is highest for fine-tuned models.

4.3 The probability landscape after the transition.

In Sec. 4.1, we observed that the number of density peaks decreases in the middle layers of the
network. This reduction happens because the model needs to identify the answer from four options
at the output, causing points related to the same answer to cluster around the same unembedding
vector. In addition, when the model is uncertain about its predictions, some output embeddings tend
to lie close to the decision boundaries of the last hidden representation, resulting in a flatter density
distribution with fewer peaks. Even when the model is highly accurate, the linear separability of
the answers does not guarantee distinct density peaks because the embeddings may still be near the
decision boundary as long as they are on the correct side. However, more pronounced density peaks
emerge as the model confidence grows and the data moves away from the decision boundaries. This
section shows that SFT sharpens these density peaks in the later layers more than ICL. However,
as model size and accuracy increase, the representation landscapes of ICL and SFT become more
similar.

Fine-tuned density peaks better encode the answers better than few-shot ones. We evaluate
how well the clusters match the answer partition (i.e., "A," "B," "C," "D") using the ARI (see Sec. 4.2).
When the models are fine-tuned, four to five large clusters emerge in the second part of the network,
grouping answers with the same label. These clusters collect more than 70% of the data between
layers 20 and 30 in Llama3-8b, more than 90% between layers 45 and 75 of Llama3-70b, and more
than 65% between layers 21 and 30 in Mistral. In these clusters, the most common letter represents
over 90% of the point in Llama3-8b, over 70% in Llama3-70b, and over 90% in Mistral. As a
result, the ARI (see purple profiles in Fig. 5) rises sharply in the middle of the network, reaching
approximately 0.25 in Llama3-8b, 0.45 in Llama3-70b, and 0.2 in Mistral. These ARI are related to
the MMLU test accuracies of 65%, 78.5%, and 62%, respectively (see Table A2).

In contrast, in ICL, the clusters are more mixed, and their number is smaller. In Llama3-8b in the
5-shot setup, one cluster contains 70% of the points in the last layers. In the 0-shot case, four clusters
with a roughly equal distribution of letters contain the same amount of data (blue profile). Similar
trends appear in Mistral’s late layers. In both models, the ARI values for few-shot context stay below
0.05 (Fig. 5). Interestingly, in Llama3-70b (and to a lesser extent in Llama2-70b, see Fig. A8-right),
the representation landscape of ICL starts to resemble that of the fine-tuned models. Between layers
40 and 77, about 80% of the dataset forms five large peaks, and in four of them, the fraction of the
most common letter is above 0.9, similar to fine-tuned models. Consequently, in these layers, the
ARI for few-shot contexts (see orange, green, and red profiles in Fig. 5-center) oscillates between
0.35 and 0.40, except for the 0-shot profile, which decays from 0.3 to 0.05 (blue profile).

The different ways in which fine-tuning and ICL shape the representations of the network in the
second half depend on the learning protocol, model size, and performance. In smaller models with
moderate accuracy (below 65% / 70%), SFT and ICL can perform similarly as in the 5-shot setup
(see Table A1) but they alter the geometry of the layers in different ways. However, with higher
accuracy models like Llama3-70b (accuracy above 75%), both the performance of the model and the
topography of the hidden representation tend to converge.
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Figure 6: Evolution of similarity between 0-shot and fine-tuned models during training.. Panels
show the dynamics of the representations’ similarity with the base models for Llama3-8b (left) and
Llama3-70b (center), and Mistral (right). Late representations change the most during fine-tuning.

Fine-tuning primarily alters the representations after the transition. In fine-tuned models,
training leads to the emergence of structured representations that align with the labels. Figure 6 shows
where, during the training, layers change the most in Llama3-8b (left), Llama3-70b (center), and
Mistral (right). We compare the fine-tuned checkpoints with the 0-shot representations before training
begins. To measure the similarity between representations, we use the neighborhood overlap metric
[34, 56] that calculates the fraction of the first k nearest neighbors of each point shared between
pairs of representations, averaged over the dataset. Figure 6 shows that the similarity between
representations is lower in the second part of the networks, decaying more sharply to its final value
in the middle of the network from 0.5 to roughly 0.3 between layers 13 and 17 in Llama3-8b and
Mistral, from 0.6 to 0.4 after layer 33 in Llama3-70b (see dark blue profiles).

This picture is consistent with what is shown in the previous sections. In the first half of the network,
the representation landscapes of 0-shot and fine-tuned models are similar both geometrically (Fig. 2)
and semantically (Figs. 3 and 4). In the second half of the network, where the representations are
modified more during the training, fine-tuned models develop fewer peaks, more consistent with the
label distribution than those of the other models (Fig. 5).

5 Discussion and conclusion

This study described how the probability landscape within the hidden layers of language models
changes as they solve a question-answering task, comparing the differences between in-context
learning and fine-tuning. We identified two phases in the model’s internal processing, which are
separated by significant changes in the geometry of the middle layers. The transition is marked
by a peak in the ID and a sharp decrease in the number and separation of the probability modes.
Notably, few-shot learning and fine-tuning display complementary behavior with respect to this
transition. When examples are included in the prompt, the early layers of LLMs exhibit a well-
defined hierarchical organization of the density peaks that recovers semantic relationships among
questions’ subjects. Conversely, fine-tuning primarily modifies the representations to encode the
answers after the transition in the middle of the network.

Advantages of the density-based clustering approach. Our research highlights how variations in
density within the hidden layers relate to the emergence of different levels of semantic abstraction, a
concept previously explored by Doimo et al. [56] in convolutional neural networks (CNNs) trained
for classification. In CNNs, the probability landscape remains unimodal until the last handful of
layers, where multiple probability modes emerge according to a hierarchical structure that mirrors the
similarity of the categories. In decoder-only LLMs solving a semantically rich question-answering
task, these hierarchically organized density peaks appear in the early layers of the models, especially
when they learn in context. Our methodology also extends the work of Park et al. [29], enabling the
discovery of meaningful hierarchies of concepts beyond the final hidden layer of LLMs, where the
data representation can be non-linear [30].

Moreover, unlike previous studies that utilized k-means to identify clusters within hidden representa-
tions [9, 13, 57], the density peak method does not assume a convex cluster shape or impose a priori
the number of clusters. Instead, clusters emerge naturally once a specific Z value is set (see Sec. 3.2).
This allows for the automatic discovery of potentially meaningful data categorizations based on the
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structure of the representation landscape without specifying external linguistic labels and without
introducing additional probing parameters. In this respect, an approach is similar to that of Michael
et al. [58], who used a weakly supervised method relying on pairs of positive/negative samples to
uncover latent ontologies within representations.

Intrinsic dimension and information processing. As discussed in section 4.1, a peak in intrinsic
dimension separates two groups of layers serving different functions and being distinctly influenced
by in-context learning and supervised fine-tuning. Other studies have also highlighted the crucial
role of ID peaks in marking blocks of layers dedicated to different stages of information processing
within deep neural networks. For example, Ansuini et al. [12] observed a peak of the ID in the
intermediate layers of CNNs, separating layers that remove low-level image features like brightness
from those that focus on extracting abstract concepts necessary for classification. In transformers
trained to generate images, Valeriani et al. [34] identified two intermediate peaks delimiting layers
rich in semantic features of the data characterized by geometric compression. In LLMs, Cheng et
al. [35] showed that an ID peak marks a transition from representation that encodes surface-level
linguistic properties to one rich in syntactic and semantic information. These studies suggest that ID
peaks consistently indicate transitions between different stages of information processing within the
hidden layers.

Application to adaptive low-rank fine-tuning. Our findings could improve strategies for adaptive
low-rank fine-tuning. Several studies [59–61] tried to adjust the ranks of the LoRA matrices based
on various criteria of ‘importance’ or relevance to downstream tasks. Our analysis of the similarity
between fine-tuned and pre-trained layers (see Fig. 6) reveals that later layers are most impacted by
fine-tuning, indicating that these layers should be assigned ranks. This approach would naturally
prevent unnecessary modifications to the early layers during fine-tuning.

Limitations. Estimating the density reliably requires a good sampling of the probability landscape.
This can be a delicate condition if the intrinsic dimension is high, as often happens in neural network
hidden layers. The ID values we report in this work lie between 4 and 22, with most of the layers
having an ID below 16. Rodriguez et al. [62] showed that the density can be estimated reliably up to
15-20 dimensional spaces. Still, the upper bounds are problem-specific and depend on the density
estimator used, the nature of the data, and the dataset size. In this work, we analyzed MMLU, which
has a semantically rich set of topics characterized by good enough sampling. In the Appendix, in
Sec. D, we show that our results extend to another dataset mixture with a subject partition similar
to MMLU. However, the analysis of other QA datasets and generic textual sources would make our
observations more general. The prompt structure can also be made more general. In the current study,
we studied ICL framed as few-shot learning but further investigations on more differentiated contexts
would strengthen our findings. Finally, the description of the transition observed in the proximity of
half of the network can be analyzed more in detail, for instance, by providing an interpretation of the
mechanism [63] underlying the information flow from the context to the last token position [64].
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Appendix

A Fine-tuning setup.

The dataset on which we fine-tune the models is the union of the MMLU dev set (all five examples
per subject are selected) and a subset of the MMLU validation set. We select up to 20 examples per
subject for Llama2-7b and Llama2-13b and up to 40 examples per subject for the rest of the models.
In the first case, the dataset size is 1065, and the second is 1439. We train Llama3-8b and Mistral-7b
for 6 epochs and the remaining models for 4.

We fine-tune the models with LoRA. The LoRA rank is 64, α is 16, and dropout = 0.1. For the
70 billion models, we choose a rank of 128, and α is 32. This is an empirically reasonable choice
since the embedding dimension of these models is two times larger than the 7 billion ones. We use a
learning rate = 2 · 10−4; for the 70 billion models we decrease it to 1 · 10−4. For all the models, we
apply a cosine annealing scheduler and a linear warm-up for 5% of the total iterations. We fine-tune
all the models with batch size = 16 using the Adam optimizer without weight decay.

Below, we report the performance of the MMLU test set on all the 14042 samples, for 0-shot, 5-shot,
and fine-tuned models. To compute the macro average, we first measure the accuracy for each subject.
Then, we compute the arithmetic mean of the subject accuracies. The micro average is the fraction of
correct answers taken over the dataset. The two quantities differ since the dataset is unbalanced.

Table A1: Zero and 5-shot accuracies. We report micro and macro averages on the MMLU test set.

model num shots accuracy % (macro/micro)

Llama3-8b 0 shot 63.7 / 62.1
Llama3-8b 5 shot 66.5 / 65.1

Llama3-70b 0 shot 76.7 / 75.0
Llama3-70b 5 shot 79.2 / 78.5

Mistral-7b 0 shot 57.8 / 55.9
Mistral-7b 5 shot 63.7 / 62.1

Llama2-7b 0 shot 38.9 / 37.5
Llama2-7b 5 shot 46.6 / 45.9

Llama2-13b 0 shot 52.9 / 52.0
Llama2-13b 5 shot 55.4 / 54.8

Llama2-70b 0 shot 66.3 / 65.5
Llama2-70b 5 shot 69.5 / 68.8

Table A2: Fine-tuning accuracies. We report the micro and macro averages on the MMLU test set.
We only report the micro average on the train sets.

model epochs accuracy % test (macro/micro) accuracy % train (micro)

Llama3-8b 6 65.6 / 64.8 94.8
Llama3-70b 4 78.5 / 79.0 93.8
Mistral-7b 6 61.4 / 59.9 96.4

Llama2-7b 4 51.9 / 50.7 73.8
Llama2-13b 4 56.1 / 55.5 79.7
Llama2-70b 4 69.9 / 71.1 92.4
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B Iterative search of density peaks and saddle points.

Let Nk(i) be the set of k points nearest to xi in Euclidean distance at a given layer l.

The first step of the density-peaks clustering is finding the point of maximum density ρi (namely the
probability peaks). Data point i is a maximum if the following two properties hold: (I) ρi > ρj for
all the points j belonging to Nk(i); (II) i does not belong to the neighborhood Nk(j) of any other
point of higher density [11]. (I) and (II) must be jointly verified as the neighborhood ranks are not
symmetric between pairs of points. A different integer label C = {c1, ...cn} is then assigned to each
of the n maxima. The data points that are not maxima are iteratively linked to one of these labels by
assigning the same label as its nearest neighbor of higher density to each point. The set of points with
the same label corresponds to a cluster.

The saddle points between two clusters are identified as the points of maximum density between
those lying on the borders between the clusters. A point xi ∈ cα is assumed to belong to the border
∂cα,cβ with a different peak cβ if exists a point xj ∈ Nk(i) ∩ cβ whose distance from i is smaller
than the distance from any other point belonging to cα. The saddle point between cα and cβ is the
point of maximum density in ∂cα,cβ .

C The Adjusted Rand Index.

To determine to which degree the density peaks are consistent with the abstractions of the data, we
will compare the clustering induced by the density peaks algorithm with the partition given by the
300 classes and that given by the high-level subdivision in animals and objects. Among the many
possible scores, we choose the Adjusted Rand Index (ARI) [54], one of the best clusters of external
evaluation measures according to [65]. The Rand Index (RI) [66] measures the consistency between
a cluster partition C to a reference partition R counting how many times a pair of points:

a are placed in the same group in C and R;

b are placed in different groups in C and R;

c are placed in different groups in C but in the same group in R;

d are placed in the same group in C but in different groups in R;
and measures the consistency with RI = (a+b)/(a+b+c+d). The Rand Index is not corrected for
chance, meaning it does not give a constant value (e.g., zero) when the two assignments are random.
[54] proposed to adjust RI , taking into account the expected value of the Rand Index, nc, under a
suitable null model for chance:

ARI =
a+ b− nc

a+ b+ c+ d− nc
(1)

ARI is equal to 1 when the two partitions are consistent and 0 when the assignments are random and
can take negative values. A large value of ARI not only implies that instances of the same class are
put in the same cluster (homogeneity) but also that the data points of a class are assigned to a single
cluster (completeness).
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D Additional experiments

D.1 Analysis on an additional dataset mixture.

In this section, we validate the findings shown in Section 4.1 on a dataset constructed from Theo-
remQA [67], ScibenchQA [68], Stemez [3], and RACE [69]. This dataset contains roughly 6700
examples not included in MMLU, ten subjects from STEM topics, and a middle school reading
comprehension task (RACE), with at least 300 examples per subject. We keep four choices for
each answer. The 0-shot, 5-shot, and fine-tuned accuracies in Llama3-8b are 55%, 57%, and 58%,
respectively.

In Fig. A1-left, we see that the intrinsic dimension profiles have a peak around layers 15/16, the same
layers as in MMLU (see Fig. 2-left). This peak in ID signals the transition between the two phases
described in the paper. Before layer 17, few-shot models encode better information about the subjects
(ARI with subjects above 0.8). Between layers 3 and 7, the peaks in 5-shot layers reflect the semantic
similarity of the subjects (see the dendrograms for layer five reported in Fig. A2).

Fine-tuning instead changes the representations after layer 17, where ARI with the answers for the
is ∼ 0.15, higher than that of the 5-shot and 0-shot models. The absolute value is lower than that
reported in the main paper (Fig. 5-left) because the fine-tuned accuracy reached on the STEM subjects
in this dataset is lower. Overall, the results are consistent with those shown in the paper for MMLU.
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Figure A1: Intrinsic dimension (left), ARI with the subjects (center) and with the answers
(right) in Llama 3 8b. The dataset is constructed from Scibench, which has 541 QA pairs about
chemistry, math, physics), TheoremQA with 598 QA pairs about business, computer science, math,
and physics, Stemez with 4083 QA pairs about biology, business, chemistry, computer science,
economics, engineering, physics, psychology, and the test set of RACE with 1436 QA pairs about
middle school tests. We finetuned Llama 3 8b, keeping 50 examples per topic.

Figure A2: Organization of the density peaks of layer 5 of Llama 3 8b in the 5-shot setup.
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D.2 Intrinsic dimension profiles.
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Figure A3: Intrinsic dimension (ID) of the data representations in hidden layers of large
transformers for increasing number of shots in the prompt and fine-tuned representations. Llama 3
8b (upper left), Llama 3 70b (upper center), Mistral 7b (upper right), Llama 2 7b (lower left), Llama
2 13b (lower center), and Llama 2 70b (lower right). For each layer, we calculated the intrinsic
dimension of the hidden representations produced at the last token of the prompt, which provides the
answer. The algorithm used is Gride with k = 16 nearest neighbors considered. We observe that all
models exhibit similar behavior in the early layers regardless of the number of shots in the prompt.
However, from the middle of the network onwards, the profiles diverge. Configurations that achieve a
higher agreement between clusters and the letter given as the answer (as shown in A10) in the last
layers will have a lower intrinsic dimension. These results support the intuitive observation that fewer
features are needed to represent the information as the model starts to encode the letter it will provide
as the answer.

D.2.1 Scale analysis of the intrinsic dimension.
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Figure A4: Scale analysis of the intrinsic dimension for Llama 3 8b. The plot presented herein
depicts the intrinsic dimension (ID) at layers 5, 10, 15, 20, 25, and 30, varying the number of nearest
neighbors k utilized by the Gride algorithm. Following the methodology delineated in [50, 51]; we
observe the evolution of the ID as a function of k to identify a plateau in the estimates. After initial
growth, from k = 8 to k = 16, the ID stabilizes and then decreases. Consequently, we select k = 16
as it represents the scale appropriate for examining the topology of the data being.
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D.3 Number of Clusters
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Figure A5: Number of clusters across layers in large transformers. The plots above show the
number of clusters identified by the Adaptive Density Peak (ADP) clustering algorithm at each model
layer. In configurations where multiple examples are provided in the context, we can observe that
the number of clusters closely matches the 57 subject categories present in the MMLU dataset. This
phenomenon aligns with the observation that the agreement between the cluster partition and the
subject-induced partition from MMLU is primarily influenced by the number of examples provided,
as illustrated in Figure 3.

D.4 Core points
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Figure A6: Number of core points across layers in large transformers. The figure shows the
fraction of points classified by ADP as "core," indicating they were assigned to a cluster with higher
confidence. Conversely, the algorithm designates points with lower densities than the highest border
density between clusters as "halo" and thus, these points are discarded.
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D.5 Experiments on Llama2-7b, Llama2-13b and Llama2-70b.
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Figure A7: Adjusted Rand Index (ARI) between clusters and MMLU subjects (test set). The
figure shows the ARI with the subjects for Llama2-7b (left), Llama2-13b (center), and Llama2-70b
(right) for increasing the number of shots in the prompt and fine-tuned representations. The plot
illustrates the agreement between the partition generated by the clusters and the partition induced
by the subject labels from the MMLU dataset. The clustering was performed using Density Peak
Clustering with Z = 1.6, the default value of the DADAPy package. As depicted in 3, the agreement is
higher at the initial layers of the network and increases with a growing number of examples provided
in the context. In other words, the clustering aligns more closely with the subject label in the early
layers of the network in the few-shot setting.
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Figure A8: Adjusted Rand Index between clusters and final answers. Llama2-7b (left), Llama2-
13b (center), and llama2-70b (right) for increasing number of shots in the prompt and fine-tuned
representations. The plot depicts the correspondence between the partitions generated by the clusters
and the partitions induced by the model’s predicted answer letters. The clustering was performed
using Density Peak Clustering with Z = 1.6, the default value of the DADAPy package. As shown
in 3, we can observe a trend that is opposite to the one seen with the subject label: the purity of the
clusters with respect to the answer partition is higher in the final layers of the model, and it does not
depend on the number of examples provided in the prompt. In this case, the fine-tuned model with
zero examples in the context (0-shot) achieves the highest Adjusted Rand Index (ARI), indicating the
highest agreement between the clustering and the model’s predicted answer partitions.
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D.6 Profiles without moving average
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Figure A9: Adjusted Rand Index (ARI) between clusters and MMLU subjects (test set) without
moving average. Llama 3 8b (upper left), Llama 3 70b (upper center), Mistral 7b (upper right),
Llama 2 7b (lower left), Llama 2 13b (lower center), and Llama 2 70b (lower right). The plots are
produced on the same data as the one in A7, but in this case, we displayed the result without averaging
over range of successive layers
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Figure A10: Adjusted Rand Index between clusters and final answers without moving average.
Llama 3 8b (upper left), Llama 3 70b (upper center), Mistral 7b (upper right), Llama 2 7b (lower left),
Llama 2 13b (lower center), and Llama 2 70b (lower right). The plots are produced on the same data
as the one in 5, but in this case, we displayed the result without averaging over a range of successive
layers
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D.7 Dendrograms (5-shot) in layers where the subject ARI is highest
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us_foreign_policy
sociology
high_school_government_and_politics
public_relations, jurisprudence
high_school_geography
high_school_geography
miscellaneous
global_facts
human_aging
high_school_government_and_politics
high_school_macroeconomics
high_school_microeconomics
high_school_microeconomics
philosophy
jurisprudence
philosophy
prehistory
prehistory
human_sexuality
moral_disputes
moral_disputes
high_school_physics
high_school_physics, high_school_chemistry
college_mathematics
high_school_mathematics
conceptual_physics
conceptual_physics
college_physics
college_chemistry
high_school_chemistry, college_chemistry
formal_logic
formal_logic
elementary_mathematics
computer_security
machine_learning
college_computer_science
high_school_statistics
high_school_computer_science, high_school_statistics
econometrics
econometrics
electrical_engineering
astronomy
abstract_algebra
abstract_algebra
abstract_algebra

Figure A11: Llama3-8b, 5-shot, Z=1.6, ARI = 0.82, 77 clusters
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D.7.2 Llama3-70b

high_school_us_history, high_school_european_history

high_school_european_history, high_school_us_history

high_school_world_history
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prehistory
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formal_logic
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logical_fallacies

logical_fallacies

econometrics

professional_accounting

conceptual_physics

conceptual_physics

college_computer_science, college_mathematics, computer_security

high_school_physics, formal_logic

high_school_statistics, high_school_computer_science, college_computer_science

electrical_engineering

college_physics

high_school_chemistry, college_chemistry

security_studies

business_ethics

business_ethics

moral_disputes

moral_disputes

us_foreign_policy

anatomy

clinical_knowledge, anatomy

mix of 7 subjects

medical_genetics, high_school_biology

virology

college_biology, college_medicine, college_physics

high_school_psychology, professional_psychology

human_aging

miscellaneous

high_school_government_and_politics

high_school_government_and_politics

high_school_geography

high_school_microeconomics

computer_security

management

public_relations

Figure A12: Llama3-70b, 5-shot, Z=1.6, ARI = 0.65, 69 clusters
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D.7.3 Mistral-7b

professional_law
professional_accounting
professional_accounting
high_school_mathematics
elementary_mathematics
high_school_mathematics
college_computer_science, college_mathematics
machine_learning
mix of 5 subjects
college_mathematics, college_computer_science, high_school_computer_science
high_school_statistics, high_school_computer_science, machine_learning
abstract_algebra
abstract_algebra
formal_logic
formal_logic
logical_fallacies
logical_fallacies
business_ethics
international_law
sociology
high_school_geography
high_school_macroeconomics, human_aging, high_school_geography, high_school_microeconomics
high_school_microeconomics, formal_logic
professional_psychology
high_school_psychology
marketing, public_relations, jurisprudence
high_school_government_and_politics
high_school_government_and_politics
jurisprudence, public_relations
us_foreign_policy
management
miscellaneous
world_religions
philosophy
moral_disputes
virology, computer_security
security_studies
security_studies
anatomy
nutrition, clinical_knowledge
mix of 8 subjects
mix of 10 subjects
astronomy
prehistory
college_physics
electrical_engineering
college_chemistry, high_school_chemistry, high_school_physics
global_facts
conceptual_physics, medical_genetics
conceptual_physics
professional_medicine
moral_scenarios
econometrics
high_school_us_history, high_school_european_history
high_school_european_history, high_school_us_history
high_school_world_history
high_school_world_history

Figure A13: Mistral, 5-shot, Z=1.6, ARI = 0.53, 57 clusters
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D.7.4 Llama2-7b

world_religions
elementary_mathematics
conceptual_physics
electrical_engineering
astronomy
high_school_chemistry, college_chemistry
college_physics
high_school_physics
econometrics
machine_learning
college_computer_science, high_school_computer_science
high_school_statistics, econometrics, high_school_computer_science, college_computer_science
high_school_statistics, college_computer_science
formal_logic
formal_logic
college_mathematics, high_school_mathematics
high_school_mathematics
abstract_algebra
abstract_algebra
security_studies
business_ethics
international_law
management
global_facts
miscellaneous
high_school_government_and_politics
high_school_geography
high_school_macroeconomics
high_school_microeconomics
prehistory
jurisprudence
moral_disputes
human_aging, human_sexuality
philosophy
professional_psychology, high_school_psychology
sociology
computer_security
marketing
public_relations
college_biology
anatomy
medical_genetics, anatomy
virology
nutrition
clinical_knowledge
college_medicine, high_school_biology, clinical_knowledge, college_biology
us_foreign_policy
professional_medicine
high_school_european_history, high_school_us_history
high_school_world_history
professional_law
professional_accounting
professional_accounting
logical_fallacies
logical_fallacies

Figure A14: Llama2-7b, 5-shot, Z=1.6, ARI = 0.76, 60 clusters
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D.7.5 Llama2-13b

anatomy
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business_ethics
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logical_fallacies
logical_fallacies
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moral_disputes
moral_disputes
high_school_government_and_politics
high_school_geography
high_school_macroeconomics, high_school_microeconomics
jurisprudence
philosophy
us_foreign_policy
professional_psychology, high_school_psychology
marketing, public_relations
international_law
us_foreign_policy, sociology
sociology
miscellaneous
world_religions
global_facts
human_aging
management
virology
conceptual_physics
conceptual_physics
computer_security
machine_learning
econometrics
formal_logic
formal_logic
econometrics
electrical_engineering
mix of 6 subjects
nutrition
college_biology, high_school_chemistry
medical_genetics, human_sexuality, anatomy
mix of 6 subjects
elementary_mathematics
high_school_computer_science, high_school_statistics, college_computer_science
high_school_statistics, high_school_computer_science
abstract_algebra
abstract_algebra
college_computer_science, college_mathematics
professional_accounting
professional_accounting
professional_law
security_studies
professional_medicine
high_school_mathematics
high_school_mathematics
high_school_european_history, high_school_us_history
high_school_world_history

Figure A15: Llama2-13b, 5-shot, Z=1.6, ARI = 0.64, 59 clusters
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D.7.6 Llama2-70b
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college_mathematics
machine_learning
econometrics
high_school_statistics
professional_law
security_studies
logical_fallacies
logical_fallacies
conceptual_physics
computer_security
management
global_facts
high_school_macroeconomics, high_school_microeconomics
human_aging
miscellaneous
human_sexuality
medical_genetics, virology, anatomy
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sociology
high_school_psychology
professional_psychology
clinical_knowledge, college_medicine, college_biology
nutrition
business_ethics
international_law
us_foreign_policy
high_school_government_and_politics
high_school_geography
high_school_geography
philosophy
jurisprudence
moral_disputes
world_religions
marketing
public_relations
college_physics
electrical_engineering
astronomy
prehistory
elementary_mathematics
college_chemistry, high_school_chemistry
high_school_biology, college_biology, high_school_chemistry
high_school_physics
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Figure A16: Llama2-70b, 5-shot, Z=1.6, ARI = 0.80, 56 clusters
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E Robustness with respect to Z

E.1 ARI profiles with letters
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Figure A17: The Adjusted Rand Index (ARI) between clusters and the MMLU answer letters
(test set) varying free parameter Z. Llama 3 8b (left, center) and Llama 3 8b fine-tuned (right). We
replicated the experiment depicted in 5, monitoring the changes in ARI as a function of Z. The results
indicate that the metric is robust to small variations in the free parameter, with all three configurations
showing that a change of Z = 2.1 corresponds to an approximate change of 0.3 in the resulting ARI.
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Figure A18: The Adjusted Rand Index (ARI) between clusters and the MMLU subjects (test
set) varying free parameter Z. Llama 3 8b (left, center) and Llama 3 8b fine-tuned (right). We
replicated the experiment depicted in 5, monitoring the changes in ARI as a function of Z.
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E.2 Dendrograms robustness with respect to Z in Llama3-8b (0-shot, 5-shot, fine-tuned).

The probability landscape of the 0-shot and fine-tuned models remains largely mixed even when Z
equals zero, and we consider all the local density maxima as genuine probability modes. For 0-shot,
the number of clusters increases from 43 to 70, but we still have two large clusters containing a
mixture of 22 and 10 subjects (see Fig. A19). Similarly, the fine-tuned model has several clusters
with more than 7 subjects (see Fig. A24). We also notice that the probability landscape of 5-shot
representation is more robust to variations of Z. Indeed, by increasing Z from 1.6 to 4, the number
of density peaks slightly decreases from 77 to 57, and the ARI with the subjects remains around 0.8
(see Fig. A23). In contrast, for the 0-shot and fine-tuned representations, it drops to 0 as most of the
probability peaks are merged into large-scale structures (Figs. A21, A26).

E.2.1 Llama3-8b 0shot Z=0

abstract_algebra
moral_scenarios
machine_learning
formal_logic
formal_logic
high_school_european_history
high_school_world_history, high_school_us_history, high_school_european_history
high_school_us_history, high_school_european_history, high_school_world_history
security_studies
logical_fallacies, jurisprudence
logical_fallacies
logical_fallacies
professional_accounting
professional_accounting
professional_accounting
professional_law, professional_psychology
professional_law
high_school_computer_science, college_computer_science
high_school_statistics
econometrics
computer_security, college_computer_science, high_school_computer_science, machine_learning
mix of 5 subjects
econometrics, high_school_macroeconomics, high_school_microeconomics, moral_disputes
high_school_microeconomics, high_school_macroeconomics
moral_disputes, philosophy, formal_logic
philosophy, jurisprudence, moral_disputes
international_law, security_studies, public_relations
us_foreign_policy
marketing
management, public_relations, jurisprudence, machine_learning
mix of 5 subjects
marketing, professional_psychology
computer_security, business_ethics, marketing
mix of 10 subjects
professional_medicine
business_ethics
college_computer_science, business_ethics, college_mathematics, high_school_computer_science
college_biology, high_school_biology
mix of 5 subjects
mix of 22 subjects
clinical_knowledge, anatomy
virology
anatomy
mix of 5 subjects
prehistory, high_school_geography, high_school_biology
high_school_macroeconomics, high_school_microeconomics, machine_learning
high_school_psychology, college_biology, professional_psychology, high_school_biology
human_aging
high_school_government_and_politics
sociology, professional_psychology, human_sexuality
astronomy
high_school_physics, high_school_chemistry, college_chemistry
high_school_chemistry, college_chemistry
college_physics, high_school_physics, college_chemistry
high_school_chemistry, college_chemistry
conceptual_physics, computer_security
conceptual_physics, high_school_chemistry, astronomy, college_physics
global_facts, high_school_computer_science
miscellaneous
world_religions
electrical_engineering
abstract_algebra, college_mathematics
mix of 5 subjects
high_school_mathematics

Figure A19: Llama3-8b, 0-shot, Z=0, ARI = 0.28, 70 clusters
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E.2.2 Llama3-8b 0shot Z=1.6

abstract_algebra

moral_scenarios

machine_learning

formal_logic

security_studies

professional_accounting

professional_accounting

high_school_us_history, high_school_european_history, high_school_world_history

professional_law, professional_psychology

professional_law

formal_logic

professional_medicine

global_facts, high_school_computer_science

astronomy

conceptual_physics, high_school_chemistry, astronomy

mix of 6 subjects

high_school_government_and_politics

sociology, professional_psychology, human_sexuality

business_ethics

mix of 11 subjects

mix of 6 subjects

marketing, professional_psychology

logical_fallacies

moral_disputes, philosophy, jurisprudence, formal_logic

mix of 7 subjects

mix of 5 subjects

mix of 26 subjects

high_school_microeconomics, high_school_macroeconomics, econometrics

econometrics

abstract_algebra, college_mathematics

mix of 5 subjects

college_computer_science, business_ethics, college_mathematics, high_school_computer_science

high_school_chemistry, college_chemistry

high_school_physics, college_physics, college_chemistry, high_school_chemistry

Figure A20: Llama3-8b, 0-shot, Z=1.6, ARI = 0.15, 34 clusters
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E.2.3 Llama3-8b 0shot Z=4

abstract_algebra

moral_scenarios

machine_learning

formal_logic

professional_law

professional_medicine

econometrics

formal_logic

mix of 6 subjects

global_facts, high_school_computer_science

high_school_physics, college_physics, college_chemistry, high_school_chemistry

mix of 47 subjects

conceptual_physics, high_school_chemistry, astronomy

Figure A21: Llama3-8b, 0-shot, Z=4, ARI = 0.02, 13 clusters
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E.2.4 Llama3-8b 5shot Z=0

world_religions
logical_fallacies
logical_fallacies
elementary_mathematics
elementary_mathematics
professional_law
professional_accounting
professional_accounting
computer_security
machine_learning
econometrics
econometrics
high_school_computer_science
college_computer_science
high_school_statistics
high_school_statistics
high_school_statistics
high_school_physics
high_school_physics, high_school_chemistry
college_mathematics
high_school_mathematics
high_school_mathematics
conceptual_physics
conceptual_physics
conceptual_physics
college_physics
college_chemistry
high_school_chemistry, college_chemistry
high_school_chemistry, college_chemistry
formal_logic
formal_logic
management
security_studies
security_studies
high_school_world_history
high_school_world_history
high_school_us_history
high_school_us_history
high_school_european_history
high_school_european_history
high_school_government_and_politics
high_school_government_and_politics
international_law
sociology
public_relations
us_foreign_policy
human_aging
global_facts
global_facts
miscellaneous
high_school_geography
high_school_geography
high_school_macroeconomics
high_school_macroeconomics
high_school_microeconomics
high_school_microeconomics
human_sexuality
moral_disputes
moral_disputes
prehistory
prehistory
high_school_government_and_politics
philosophy
jurisprudence
philosophy
professional_medicine
professional_medicine
nutrition
nutrition
medical_genetics
clinical_knowledge
college_medicine, clinical_knowledge
college_medicine
college_medicine
high_school_biology
high_school_biology
anatomy
anatomy
clinical_knowledge
virology
college_biology
college_biology
college_biology
high_school_psychology
high_school_psychology
professional_psychology
professional_psychology
business_ethics
marketing
marketing
electrical_engineering
electrical_engineering
abstract_algebra
abstract_algebra
abstract_algebra
astronomy
astronomy
astronomy

Figure A22: Llama3-8b, 5-shot, Z=0, ARI = 0.72, 110 clusters
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E.2.5 Llama3-8b 5shot Z=4

world_religions
logical_fallacies
logical_fallacies
security_studies
computer_security
machine_learning
management
virology
business_ethics
professional_psychology, high_school_psychology
marketing
miscellaneous
global_facts
human_aging
high_school_macroeconomics
high_school_microeconomics
high_school_geography
high_school_geography
philosophy
moral_disputes, jurisprudence
philosophy
human_sexuality
prehistory
high_school_government_and_politics
international_law
us_foreign_policy
public_relations, high_school_government_and_politics, jurisprudence
sociology
high_school_us_history, high_school_european_history
high_school_world_history
nutrition
professional_medicine
medical_genetics
anatomy
clinical_knowledge, college_medicine
high_school_biology, college_biology, college_medicine
college_mathematics
high_school_mathematics
college_chemistry, high_school_chemistry
high_school_physics
college_physics
conceptual_physics
professional_accounting
professional_law
formal_logic
elementary_mathematics
college_computer_science
high_school_statistics, high_school_computer_science
econometrics
econometrics
electrical_engineering
astronomy
abstract_algebra
abstract_algebra

Figure A23: Llama3-8b, 5-shot, Z=0, ARI = 0.81, 57 clusters
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E.2.6 Llama3-8b ft Z=0

econometrics
formal_logic
formal_logic
abstract_algebra
abstract_algebra
high_school_mathematics, college_mathematics, elementary_mathematics, college_computer_science
elementary_mathematics, college_mathematics, high_school_mathematics, electrical_engineering
machine_learning
econometrics
college_computer_science, high_school_computer_science, computer_security, college_mathematics
high_school_statistics
computer_security
conceptual_physics
electrical_engineering
electrical_engineering
astronomy
mix of 6 subjects
college_chemistry, high_school_chemistry, astronomy
high_school_chemistry, college_chemistry
security_studies
security_studies
high_school_european_history, high_school_us_history, high_school_world_history
high_school_us_history, high_school_world_history, high_school_european_history
logical_fallacies
moral_disputes
jurisprudence, security_studies
philosophy, moral_disputes
high_school_government_and_politics, high_school_geography
logical_fallacies, jurisprudence
professional_law
professional_accounting
professional_accounting
marketing, professional_psychology
management, public_relations, business_ethics, marketing
marketing, public_relations, management, professional_accounting
high_school_microeconomics, high_school_macroeconomics
high_school_macroeconomics, econometrics, high_school_microeconomics
mix of 5 subjects
high_school_microeconomics, high_school_macroeconomics
world_religions
world_religions, jurisprudence
international_law
us_foreign_policy
us_foreign_policy
business_ethics
sociology, human_sexuality
high_school_government_and_politics, business_ethics
high_school_government_and_politics
professional_medicine
high_school_geography, high_school_biology, prehistory
prehistory
clinical_knowledge, anatomy, college_medicine, medical_genetics
nutrition, clinical_knowledge
high_school_biology, college_biology, global_facts, prehistory
virology
mix of 5 subjects
human_aging
global_facts
mix of 5 subjects
mix of 8 subjects
college_biology, high_school_biology, medical_genetics, virology
mix of 7 subjects
mix of 9 subjects

Figure A24: Llama3-8b, finetuned, Z=0, ARI = 0.35, 69 clusters
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E.2.7 Llama3-8b ft Z=1.6

econometrics

professional_medicine

nutrition, clinical_knowledge

clinical_knowledge, anatomy, college_medicine, medical_genetics

business_ethics

international_law, us_foreign_policy

high_school_government_and_politics

sociology, human_sexuality

logical_fallacies

high_school_us_history, high_school_european_history, high_school_world_history, high_school_government_and_politics

logical_fallacies, jurisprudence

security_studies, jurisprudence

philosophy, moral_disputes

marketing, professional_accounting, professional_psychology

mix of 7 subjects

high_school_microeconomics, econometrics, high_school_statistics, high_school_macroeconomics

professional_accounting

professional_law

formal_logic

formal_logic

machine_learning

abstract_algebra

abstract_algebra

mix of 6 subjects

global_facts

high_school_chemistry, college_chemistry, astronomy

mix of 12 subjects

mix of 19 subjects

conceptual_physics

mix of 6 subjects

electrical_engineering

electrical_engineering

Figure A25: Llama3-8b, finetuned, Z=1.6, ARI = 0.23, 34 clusters
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E.2.8 Llama3-8b ft Z=4

econometrics

formal_logic

professional_medicine

clinical_knowledge, anatomy, college_medicine, medical_genetics

sociology, human_sexuality

abstract_algebra

machine_learning

professional_law

global_facts

professional_accounting

abstract_algebra

mix of 11 subjects

conceptual_physics

mix of 38 subjects

mix of 14 subjects

Figure A26: Llama3-8b, finetuned, Z=4, ARI = 0.05, 17 clusters
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NeurIPS Paper Checklist

1. Claims
Question: Do the main claims made in the abstract and introduction accurately reflect the
paper’s contributions and scope?
Answer: [Yes] .
Justification: The abstract summarizes the main results of the paper.
Guidelines:

• The answer NA means that the abstract and introduction do not include the claims
made in the paper.

• The abstract and/or introduction should clearly state the claims made, including the
contributions made in the paper and important assumptions and limitations. A No or
NA answer to this question will not be perceived well by the reviewers.

• The claims made should match theoretical and experimental results, and reflect how
much the results can be expected to generalize to other settings.

• It is fine to include aspirational goals as motivation as long as it is clear that these goals
are not attained by the paper.

2. Limitations
Question: Does the paper discuss the limitations of the work performed by the authors?
Answer: [Yes] .
Justification: The main limitations are described in a dedicated paragraph of the Section:
Discussion and conclusion.
Guidelines:

• The answer NA means that the paper has no limitation while the answer No means that
the paper has limitations, but those are not discussed in the paper.

• The authors are encouraged to create a separate "Limitations" section in their paper.
• The paper should point out any strong assumptions and how robust the results are to

violations of these assumptions (e.g., independence assumptions, noiseless settings,
model well-specification, asymptotic approximations only holding locally). The authors
should reflect on how these assumptions might be violated in practice and what the
implications would be.

• The authors should reflect on the scope of the claims made, e.g., if the approach was
only tested on a few datasets or with a few runs. In general, empirical results often
depend on implicit assumptions, which should be articulated.

• The authors should reflect on the factors that influence the performance of the approach.
For example, a facial recognition algorithm may perform poorly when image resolution
is low or images are taken in low lighting. Or a speech-to-text system might not be
used reliably to provide closed captions for online lectures because it fails to handle
technical jargon.

• The authors should discuss the computational efficiency of the proposed algorithms
and how they scale with dataset size.

• If applicable, the authors should discuss possible limitations of their approach to
address problems of privacy and fairness.

• While the authors might fear that complete honesty about limitations might be used by
reviewers as grounds for rejection, a worse outcome might be that reviewers discover
limitations that aren’t acknowledged in the paper. The authors should use their best
judgment and recognize that individual actions in favor of transparency play an impor-
tant role in developing norms that preserve the integrity of the community. Reviewers
will be specifically instructed to not penalize honesty concerning limitations.

3. Theory Assumptions and Proofs
Question: For each theoretical result, does the paper provide the full set of assumptions and
a complete (and correct) proof?
Answer: [NA] .
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Justification: The paper does not present new theoretical contributions.
Guidelines:

• The answer NA means that the paper does not include theoretical results.
• All the theorems, formulas, and proofs in the paper should be numbered and cross-

referenced.
• All assumptions should be clearly stated or referenced in the statement of any theorems.
• The proofs can either appear in the main paper or the supplemental material, but if

they appear in the supplemental material, the authors are encouraged to provide a short
proof sketch to provide intuition.

• Inversely, any informal proof provided in the core of the paper should be complemented
by formal proofs provided in appendix or supplemental material.

• Theorems and Lemmas that the proof relies upon should be properly referenced.
4. Experimental Result Reproducibility

Question: Does the paper fully disclose all the information needed to reproduce the main ex-
perimental results of the paper to the extent that it affects the main claims and/or conclusions
of the paper (regardless of whether the code and data are provided or not)?
Answer: [Yes] .
Justification: A general description the experiments are included in the main text, detailed
explanations are then provided in the appendices as needed. For the computation of ID,
clustering and the production of the dendograms we provide a link to github repo for our
code and we specify the package used for the main methods.
Guidelines:

• The answer NA means that the paper does not include experiments.
• If the paper includes experiments, a No answer to this question will not be perceived

well by the reviewers: Making the paper reproducible is important, regardless of
whether the code and data are provided or not.

• If the contribution is a dataset and/or model, the authors should describe the steps taken
to make their results reproducible or verifiable.

• Depending on the contribution, reproducibility can be accomplished in various ways.
For example, if the contribution is a novel architecture, describing the architecture fully
might suffice, or if the contribution is a specific model and empirical evaluation, it may
be necessary to either make it possible for others to replicate the model with the same
dataset, or provide access to the model. In general. releasing code and data is often
one good way to accomplish this, but reproducibility can also be provided via detailed
instructions for how to replicate the results, access to a hosted model (e.g., in the case
of a large language model), releasing of a model checkpoint, or other means that are
appropriate to the research performed.

• While NeurIPS does not require releasing code, the conference does require all submis-
sions to provide some reasonable avenue for reproducibility, which may depend on the
nature of the contribution. For example
(a) If the contribution is primarily a new algorithm, the paper should make it clear how

to reproduce that algorithm.
(b) If the contribution is primarily a new model architecture, the paper should describe

the architecture clearly and fully.
(c) If the contribution is a new model (e.g., a large language model), then there should

either be a way to access this model for reproducing the results or a way to reproduce
the model (e.g., with an open-source dataset or instructions for how to construct
the dataset).

(d) We recognize that reproducibility may be tricky in some cases, in which case
authors are welcome to describe the particular way they provide for reproducibility.
In the case of closed-source models, it may be that access to the model is limited in
some way (e.g., to registered users), but it should be possible for other researchers
to have some path to reproducing or verifying the results.

5. Open access to data and code
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Question: Does the paper provide open access to the data and code, with sufficient instruc-
tions to faithfully reproduce the main experimental results, as described in supplemental
material?

Answer: [Yes] .

Justification: For all experiments, we utilized publicly available datasets and open source
package for our primary methods. The chosen hyperparameters are detailed in the appendices
or plot captions. Additionally, we provide a link to an anonymized GitHub repository for
further transparency.

Guidelines:

• The answer NA means that paper does not include experiments requiring code.
• Please see the NeurIPS code and data submission guidelines (https://nips.cc/
public/guides/CodeSubmissionPolicy) for more details.

• While we encourage the release of code and data, we understand that this might not be
possible, so “No” is an acceptable answer. Papers cannot be rejected simply for not
including code, unless this is central to the contribution (e.g., for a new open-source
benchmark).

• The instructions should contain the exact command and environment needed to run to
reproduce the results. See the NeurIPS code and data submission guidelines (https:
//nips.cc/public/guides/CodeSubmissionPolicy) for more details.

• The authors should provide instructions on data access and preparation, including how
to access the raw data, preprocessed data, intermediate data, and generated data, etc.

• The authors should provide scripts to reproduce all experimental results for the new
proposed method and baselines. If only a subset of experiments are reproducible, they
should state which ones are omitted from the script and why.

• At submission time, to preserve anonymity, the authors should release anonymized
versions (if applicable).

• Providing as much information as possible in supplemental material (appended to the
paper) is recommended, but including URLs to data and code is permitted.

6. Experimental Setting/Details
Question: Does the paper specify all the training and test details (e.g., data splits, hyper-
parameters, how they were chosen, type of optimizer, etc.) necessary to understand the
results?

Answer: [Yes] .

Justification: We provide a high-level overview of our experiments in the main text, with
detailed explanations included in the appendices as needed. Our ID and clustering com-
putation data and code are available, accompanied by a readme file that documents their
usage.

Guidelines:

• The answer NA means that the paper does not include experiments.
• The experimental setting should be presented in the core of the paper to a level of detail

that is necessary to appreciate the results and make sense of them.
• The full details can be provided either with the code, in appendix, or as supplemental

material.

7. Experiment Statistical Significance
Question: Does the paper report error bars suitably and correctly defined or other appropriate
information about the statistical significance of the experiments?

Answer: [Yes] .

Justification: In the appendix we analyzed how the computed metrics varied slightly with
small change the free parameters, demonstrating the robustness of our results.

Guidelines:

• The answer NA means that the paper does not include experiments.
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• The authors should answer "Yes" if the results are accompanied by error bars, confi-
dence intervals, or statistical significance tests, at least for the experiments that support
the main claims of the paper.

• The factors of variability that the error bars are capturing should be clearly stated (for
example, train/test split, initialization, random drawing of some parameter, or overall
run with given experimental conditions).

• The method for calculating the error bars should be explained (closed form formula,
call to a library function, bootstrap, etc.)

• The assumptions made should be given (e.g., Normally distributed errors).
• It should be clear whether the error bar is the standard deviation or the standard error

of the mean.
• It is OK to report 1-sigma error bars, but one should state it. The authors should

preferably report a 2-sigma error bar than state that they have a 96% CI, if the hypothesis
of Normality of errors is not verified.

• For asymmetric distributions, the authors should be careful not to show in tables or
figures symmetric error bars that would yield results that are out of range (e.g. negative
error rates).

• If error bars are reported in tables or plots, The authors should explain in the text how
they were calculated and reference the corresponding figures or tables in the text.

8. Experiments Compute Resources
Question: For each experiment, does the paper provide sufficient information on the com-
puter resources (type of compute workers, memory, time of execution) needed to reproduce
the experiments?

Answer: [Yes] .

Justification: Details of the computational resources used are provided in the reproducibility
paragraph at the end of method section.

Guidelines:

• The answer NA means that the paper does not include experiments.
• The paper should indicate the type of compute workers CPU or GPU, internal cluster,

or cloud provider, including relevant memory and storage.
• The paper should provide the amount of compute required for each of the individual

experimental runs as well as estimate the total compute.
• The paper should disclose whether the full research project required more compute

than the experiments reported in the paper (e.g., preliminary or failed experiments that
didn’t make it into the paper).

9. Code Of Ethics
Question: Does the research conducted in the paper conform, in every respect, with the
NeurIPS Code of Ethics https://neurips.cc/public/EthicsGuidelines?

Answer: [Yes]

Justification: We have reviewed the Code of Ethics, and we confirm that our paper conforms
to it.

Guidelines:

• The answer NA means that the authors have not reviewed the NeurIPS Code of Ethics.
• If the authors answer No, they should explain the special circumstances that require a

deviation from the Code of Ethics.
• The authors should make sure to preserve anonymity (e.g., if there is a special consid-

eration due to laws or regulations in their jurisdiction).

10. Broader Impacts
Question: Does the paper discuss both potential positive societal impacts and negative
societal impacts of the work performed?

Answer: [NA]
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Justification: The current work interprets the geometry of hidden representation in LLMs.
The authors do not foresee any substantial societal impact.

Guidelines:

• The answer NA means that there is no societal impact of the work performed.
• If the authors answer NA or No, they should explain why their work has no societal

impact or why the paper does not address societal impact.
• Examples of negative societal impacts include potential malicious or unintended uses

(e.g., disinformation, generating fake profiles, surveillance), fairness considerations
(e.g., deployment of technologies that could make decisions that unfairly impact specific
groups), privacy considerations, and security considerations.

• The conference expects that many papers will be foundational research and not tied
to particular applications, let alone deployments. However, if there is a direct path to
any negative applications, the authors should point it out. For example, it is legitimate
to point out that an improvement in the quality of generative models could be used to
generate deepfakes for disinformation. On the other hand, it is not needed to point out
that a generic algorithm for optimizing neural networks could enable people to train
models that generate Deepfakes faster.

• The authors should consider possible harms that could arise when the technology is
being used as intended and functioning correctly, harms that could arise when the
technology is being used as intended but gives incorrect results, and harms following
from (intentional or unintentional) misuse of the technology.

• If there are negative societal impacts, the authors could also discuss possible mitigation
strategies (e.g., gated release of models, providing defenses in addition to attacks,
mechanisms for monitoring misuse, mechanisms to monitor how a system learns from
feedback over time, improving the efficiency and accessibility of ML).

11. Safeguards
Question: Does the paper describe safeguards that have been put in place for responsible
release of data or models that have a high risk for misuse (e.g., pretrained language models,
image generators, or scraped datasets)?

Answer: [NA]

Justification: The paper does not pose any such risk.

Guidelines:

• The answer NA means that the paper poses no such risks.
• Released models that have a high risk for misuse or dual-use should be released with

necessary safeguards to allow for controlled use of the model, for example by requiring
that users adhere to usage guidelines or restrictions to access the model or implementing
safety filters.

• Datasets that have been scraped from the Internet could pose safety risks. The authors
should describe how they avoided releasing unsafe images.

• We recognize that providing effective safeguards is challenging, and many papers do
not require this, but we encourage authors to take this into account and make a best
faith effort.

12. Licenses for existing assets
Question: Are the creators or original owners of assets (e.g., code, data, models), used in
the paper, properly credited and are the license and terms of use explicitly mentioned and
properly respected?

Answer: [Yes]

Justification: We credit the creators or original owners of assets (e.g., code, data, models)
citing their work.

Guidelines:

• The answer NA means that the paper does not use existing assets.
• The authors should cite the original paper that produced the code package or dataset.
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• The authors should state which version of the asset is used and, if possible, include a
URL.

• The name of the license (e.g., CC-BY 4.0) should be included for each asset.
• For scraped data from a particular source (e.g., website), the copyright and terms of

service of that source should be provided.
• If assets are released, the license, copyright information, and terms of use in the

package should be provided. For popular datasets, paperswithcode.com/datasets
has curated licenses for some datasets. Their licensing guide can help determine the
license of a dataset.

• For existing datasets that are re-packaged, both the original license and the license of
the derived asset (if it has changed) should be provided.

• If this information is not available online, the authors are encouraged to reach out to
the asset’s creators.

13. New Assets
Question: Are new assets introduced in the paper well documented and is the documentation
provided alongside the assets?
Answer: [NA]
Justification: we do not introduce any new asset.
Guidelines:

• The answer NA means that the paper does not release new assets.
• Researchers should communicate the details of the dataset/code/model as part of their

submissions via structured templates. This includes details about training, license,
limitations, etc.

• The paper should discuss whether and how consent was obtained from people whose
asset is used.

• At submission time, remember to anonymize your assets (if applicable). You can either
create an anonymized URL or include an anonymized zip file.

14. Crowdsourcing and Research with Human Subjects
Question: For crowdsourcing experiments and research with human subjects, does the paper
include the full text of instructions given to participants and screenshots, if applicable, as
well as details about compensation (if any)?
Answer: [NA]
Justification: No research with human subjects has been involved in the creation of this
paper.
Guidelines:

• The answer NA means that the paper does not involve crowdsourcing nor research with
human subjects.

• Including this information in the supplemental material is fine, but if the main contribu-
tion of the paper involves human subjects, then as much detail as possible should be
included in the main paper.

• According to the NeurIPS Code of Ethics, workers involved in data collection, curation,
or other labor should be paid at least the minimum wage in the country of the data
collector.

15. Institutional Review Board (IRB) Approvals or Equivalent for Research with Human
Subjects
Question: Does the paper describe potential risks incurred by study participants, whether
such risks were disclosed to the subjects, and whether Institutional Review Board (IRB)
approvals (or an equivalent approval/review based on the requirements of your country or
institution) were obtained?
Answer: [NA]
Justification: Same as above: no research with human subjects has been involved in the
creation of this paper.
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Guidelines:
• The answer NA means that the paper does not involve crowdsourcing nor research with

human subjects.
• Depending on the country in which research is conducted, IRB approval (or equivalent)

may be required for any human subjects research. If you obtained IRB approval, you
should clearly state this in the paper.

• We recognize that the procedures for this may vary significantly between institutions
and locations, and we expect authors to adhere to the NeurIPS Code of Ethics and the
guidelines for their institution.

• For initial submissions, do not include any information that would break anonymity (if
applicable), such as the institution conducting the review.
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