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Abstract

Deep active learning has previously been ex-
plored for LLM in-context sample selection,
but not with methods that utilise recent ad-
vances in understanding of transformer activa-
tions. In this paper, we test the hypothesis that
model activations could provide a fine-grained
signal to optimise the selection of in-context
examples. We present a comprehensive analy-
sis of MLP activation-based deep active learn-
ing methods applied to in-context learning, in-
cluding how different attention masking strate-
gies impact active learning across diverse clas-
sification and generative datasets, using both
Llama-3.2-3B and Qwen2.5-3B base models.
However, we find a negative result: MLP and
embedding layer outputs, viewed through the
lenses of massive activations or the first four
moments, do not correlate with example quality
or task performance. Specifically, the absolute
Spearman correlation coefficient is at most 0.33
for all tasks and models we tested, showing that
such activation-based sampling should not be
used for in-context learning. We hypothesise
that this may be due to superposition, whereby
models represent more features than they have
dimensionality, suggesting that methods like
Sparse Autoencoders (SAEs) may be a promis-
ing future direction.'?

1 Introduction

In-context learning is a popular alternative to fine-
tuning for improving the performance of Large
Language Models (LLMs). It is the process of pro-
viding examples to the LLM in the prompt rather
than updating the model weights (Brown et al.,
2020). Recent studies have looked at the impact
and sensitivity of LLMs towards the provided in-
context examples (Schoch and Ji, 2025; Li and Qiu,

'Our code and a link to our project page containing more
results are available at https://github.com/yaseenosman/
activation-based-al.

2An arXiv.org version of this work is available at https:
//arxiv.org/pdf/2606.05134.
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2023; Ye et al., 2023; Qin et al., 2024; Rubin et al.,
2022; Zhang et al., 2022; Yao et al., 2024; Wu et al.,
2023).

Active learning (Settles, 2009; Cohn et al., 1994;
Ein-Dor et al., 2020) aims to optimise the data
selection phase by selecting data that is likely to
yield better model training performance. Active
learning has been extensively studied for machine
learning models, such as Support Vector Machines
(SVMs) (Tong, 2001) and neural networks (Cohn
et al., 1994). Recently, deep active learning has
been used with deep learning models such as trans-
formers (Liu et al., 2022b; Zhang and Zhang, 2020;
Shelmanov et al., 2019; Ein-Dor et al., 2020; Bayer
et al., 2026).

Deep active learning has been also adapted for
sampling in-context learning examples for LLMs
through a variety of techniques, such as using
model uncertainty (Margatina et al., 2023; Wang
et al., 2025), data diversity (Margatina et al., 2023;
Li and Qiu, 2023; Lee et al., 2025; Malik et al.,
2025), mixtures of both diversity and uncertainty
(Mavromatis et al., 2023; Treerath and Pittorino,
2026), similarity between in-context examples and
test samples encoded through sentence encoders
(Liu et al., 2022a; Margatina et al., 2023), training a
specialised retrieval-based model (Luo et al., 2023),
Monte Carlo sampling (Schoch and Ji, 2025) and
reinforcement learning (Zhang et al., 2022).

The hypothesis of this paper is that model ac-
tivations could provide a fine-grained signal to
optimise the selection of in-context examples,
grounded in both the transformer layer weights,
which encode LLM pre-trained knowledge, and
the relevance of the in-context example to the test
sample. In this paper, we focus on MLP layer ac-
tivations given the crucial role of the MLP layer
in knowledge memorisation (Dong et al., 2025;
Bricken et al., 2023; Nanda et al., 2023). We also
explore adjusting causal masking (BehnamGhader
et al., 2024; Lin et al., 2025) to better capture com-
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plex relationships and enable greater information
flow between the candidate in-context learning ex-
ample and test sample.

The contribution in this paper is a comprehensive
analysis of MLP activation-based active learning
methods applied to in-context learning to date, cov-
ering a diverse range of datasets comprising both
classification and generative tasks. We include
a study examining how different LLM masking
strategies impact active learning, including tailored
masking methods for in-context learning sampling.
Our results show that activation-based methods for
active learning do not correlate directly with task
performance. This is a negative result for our hy-
pothesis. However, this study provides a contribu-
tion in terms of useful insights and challenges that
we derive from our results to guide future research
in this area.

2 Related Work

Attention Masking Adjustments Recent work
explored removing the causal masking from pre-
trained decoder-only transformer models to en-
hance their performance in encoder-based and em-
bedding tasks by allowing the model to process full
sequences bidirectionally (BehnamGhader et al.,
2024; Lin et al., 2025). Additionally, Springer et al.
(2025) and Leviathan et al. (2025) achieved a simi-
lar effect by instead duplicating the prompt twice
in the input. Other work focusing on studying and
adjusting attention masking includes Barbero et al.
(2024, 2025); Swietojanski et al. (2023); Wu et al.
(2024).

In-Context Data Sampling Adjacently, for in-
context learning examples sampling, Liu et al.
(2022a) and Margatina et al. (2023) have utilised
another model’s embeddings to encode both exam-
ples and tests, then employed the k-nearest neigh-
bours algorithm. Furthermore, sampling using
the attention weights of the queried transformer
model has been explored in the context of Retrieval-
Augmented Generation (RAG) (Chen et al., 2025)
and Visual Instruction Tuning (Hu et al., 2025). We
consider these sampling techniques to be the most
relevant.

Mechanistic Interpretability of Activations and
In-Context Learning Several works have used
Sparse Autoencoders (SAEs) to facilitate the in-
terpretation of activations and mitigate difficulties
from superposition (Sharkey et al., 2022; Bricken
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et al., 2023; Huben et al., 2024). Superposition is
when the model represents more features than its
dimensionality, resulting in highly uninterpretable
and entangled activation matrices (Elhage et al.,
2022).

Notably, Cho and Hockenmaier (2025) used
SAEs to perform downstream steering to increase
the in-context learning performance of a model.
On the other hand, Cho et al. (2025) utilised SAEs
beyond interpretability and found that SAEs recon-
struction loss correlates with prompt task perfor-
mance for in-context learning settings.

Moreover, Olsson et al. (2022) attributed the
emergence of the in-context learning ability to spe-
cialised attention heads called induction heads.

3 Method

In this section, we present our methodology for
scoring in-context examples using active learning
and how different types of masking impact sam-
pling performance.

3.1 Masking

To allow for different information-flow variants be-
tween the example and the test sample, we explored
various masks. Given a 1-shot prompt, these are:

e Causal Mask, which blocks the attention
from future tokens (i.e., default masking).

* No Mask, which removes the causal masking
following (Lin et al., 2025).

* Row Test-Based, which only masks the test
queries (i.e., rows of test tokens in attention
weights).

* Col Test-Based, which only masks the test
keys (i.e., columns of test tokens in attention
weights).

Figure 1 depicts these maskings.

3.2 In-Context Examples Scoring

Once the masking of a model, containing L lay-
ers, has been adjusted, given a set of candidate
examples M and test samples N, for each exam-
ple m € M, we construct len(N) 1-shot prompts.
Specifically, for an n € N, py, 5, is the concatena-
tion of example m, a delimiter "\n\n", n. We then
input this as a prompt to the model for a single for-
ward pass, resulting in L + 1 output hidden states
as activation matrices (i.e., one for each MLP layer
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Figure 1: Shows a visualisation of the different attention
maskings used in this paper using a prompt consisting
of both example tokens (i.e., Ex. Token) and test tokens.

and for the embedding layer) { Xy, . .
score of the prompt is given by:

.,XL}. The

L
1
pt_score(pmn) = E metric(X;), (1)
=0

L+1
such that metric() is a metric of choice to re-
duce an activation matrix to a score.
To get the overall score of m, we take the mean
of all prompt scores that consist of m, as follows:

st_score(m)

Z pt_score(pmn)-

neN

len(N) @

3.3 Metric Choices

The choices of metrics used in Equation 1, given
X, are the first four moments: mean, variance,
skewness, and kurtosis. These moments allow the
capturing of various activation patterns. For the
mean, we take the absolute value of X before cal-
culating its mean. This is because we empirically
observe that the mean of MLP activations is close
to zero, owing to the presence of many positive and
negative activation values. We do not make any
changes to the other three moments.

We use the largest massive activation, given
its importance in model performance (Sun et al.,
2024), as an additional metric by selecting the ac-
tivation with the largest absolute magnitude in X;.
We refer to this as the max activation. For com-
pleteness, we also explore the max activation, but
for each feature vector and take the mean across all
vectors in X;. We refer to it as per-vector max.
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4 Experimental Setup

In this section, we outline our experimental setup
in detail before presenting our results. We conduct
all our evaluations using the LM evaluation harness
framework (Gao et al., 2023).

4.1 Models

We mainly experimented with two models, which
are Llama-3.2-3B (Grattafiori et al., 2024), and
Qwen2.5-3B (Team, 2024; Yang et al., 2024).
These provide examples for two different families
that are frequently used. We also explored Llama-
3.1-8B and Llama3.1-8B-Instruct.

4.2 Datasets

We use a diverse set of datasets, covering
classification-based (i.e., two multiple-choice tasks
and a true/false task) and generative-based tasks
(i.e., a math reasoning task). These are ARC-
Challenge (ARC-C) (Clark et al., 2018), Open-
BookQA (OBQA) (Mihaylov et al., 2018), BoolQ
(Clark et al., 2019; Wang et al., 2019), and GSM8SK
(Cobbe et al., 2021), with the number of test sam-
ples, len(N), being 1172, 500, 3270, and 1319,
respectively.

4.3 Sampling and Evaluation

For each dataset, we randomly sample a subset
M of 1000 in-context example candidates from its
training split. However, for ARC-C, we use the full
training split of 1119 samples as it is close to 1000.
Moreover, we calculate the st_score for all ex-
amples in M. We also evaluate each of the re-
sulting p,, , 1-shot prompts on the task. Specif-
ically, we evaluate task performance using ex-
act match with strict match filtering for GSM8K
and using accuracy for the other datasets. Fi-
nally, we compute the Spearman correlation coeffi-
cient between the task performance and st_score
through utilising the SciPy implementation (i.e.,
scipy.stats.spearmanr) (Virtanen et al., 2020).

5 Results

We focus solely on 1-shot in-context learning to
simplify the exploration and reduce the computa-
tional cost of our experiment, thereby enabling
a finer-grained analysis. However, our scoring
method can be applied to few-shot settings. Lastly,
we use a batch size of 1 for all our experiments on
an Nvidia L4, except for GSM8K, which we run
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Figure 2: Shows the Spearman correlation and the associated p-values between task performance and the different
activation-based metrics discussed. Results are for both Llama-3.2-3B and Qwen2.5-3B across three different
classification-based datasets.
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Figure 3: Shows the accuracy of Llama-3.2-3B on ARC-C when sampling examples with argmin, argmedian, and
argmax metric values (column pattern) using the different masks (column colour). The accuracy does not align
with argmin, argmedian, and argmax. The performances of the examples of the maximum, median and minimum
accuracies are also included.

on an Nvidia L40 with a batch size of 64 due to the  scores under each metric and mask combination on
computational time of the generative task. ARC-C using Llama-3.2-B, referred to as argmax,

In Figure 2, we present the correlation coefficient ~ argmedian, and argmin, respectively. The true best
across three classification-based datasets. For both ~ €xample is never selected. Moreover, across all
Qwen2.5-3B and Llama-3.2-3B, a consistently low metrics and masks, performance and score magni-
correlation coefficient is observed. Additionally, ~tude do notalign. Additionally, argmax and argmin
low p-values (i.e., p < 0.001) are observed across values indicate high variability in 1-shot perfor-
several experiments, reflecting a lack of correlation =~ Mance, and some examples drop performance even
with high statistical significance. However, some below the zero-shot accuracy, aligning with previ-
results, especially when using Qwen2.5-3B or both ~ OUS work, such as Schoch and Ji (2025).

models on BoolQ, have relatively higher p-values We expanded our Llama-3.2-3B to GSMS8K ex-
(i.e., p > 0.05), indicating lower statistical signif-  ample reasoning-based generative tasks in Figure 4.
icance. We argue that the lack of correlation is  However, the lack of correlation persists across all
persistent due to the very low correlation values  a5ks. The NaN value resulting from using causal
in these results, which approach zero (i.e., < 0.1).  masking with the max activation metric is due to
Furthermore, the highest overall correlation value e largest massive activation value not changing
achieved is only around 0.33. across all prompts. This results in zero variance,

Figure 3 includes the performance of examples  which in turn results in an undefined Spearman
that achieve the maximum, median, and minimum  correlation.
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Figure 4: Shows the Spearman correlation and p-values
between task performance and different activation-based
metrics for GSM8K using Llama-3.2-3B.
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Figure 5: Shows the Spearman correlation and p-values
between task performance and different activation-based
metrics for GSM8K using Llama-3.1-8B and Llama-3.1-
8B-Instruct.

Additionally, we run our GSM8K experiments
on both Llama-3.1-8B and Llama-3.1-8B-Instruct
to cover a wider variety of model sizes and vari-
ants. The observation of no correlation is still
maintained, as shown in Figure 5. The absence
of the NaN value in the case of the instruct vari-
ant (i.e., Llama-3.1-8B-Instruct) when computing
the max activation metric for the causal mask is
due to extremely low variance (i.e., around 7e-9)
in the example scores. This is in contrast to the
zero variance in the cases of Llama-3.1-8B and
Llama-3.2-3B.

Based on the above, we conclude that there is no
reliable correlation between activation patterns and
in-context example performance across the met-
rics we have explored. We hypothesise that this is
due to the superposition phenomenon, resulting in
each feature dimension representing complex, in-
terconnected features between dimensions, requir-
ing a non-linear filtering approach (Elhage et al.,
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2022). Hence, we highlight the use of Sparse Au-
toencoders (SAEs) (Huben et al., 2024; Cho et al.,
2025) being an alternative to the metrics used in
this paper, as a promising future direction to ad-
vance further.

6 Conclusion

In this work, we showed the significantly low cor-
relation between task performance and in-context
example scores using MLP and embedding layer ac-
tivations (i.e., per-layer output hidden states) across
a diverse set of tasks. Thus, we argue that MLP
activations should not be used to sample in-context
examples without further disentangling the MLP,
and that practitioners should use other sampling
methods that yield more reliable scores (e.g., model
uncertainty or attention weights). We hope these
findings contribute to both LLMs’ explainability
and active learning efforts.

Limitations

Due to computational costs and to provide finer-
grained analysis, we examine only 1-shot prompts
in this paper. We expect results to hold for higher
shot counts, but leave it for future work to confirm
this.
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