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Abstract

Fine-tuning has emerged as a widely adopted
approach for adapting Large Language Mod-
els (LLMs) to a variety of downstream tasks.
However, how it reshapes their internal mecha-
nisms remains poorly understood. To address
this, we investigate how fine-tuning alters inter-
nal representations in LLMs, including atten-
tion patterns and layer-wise activations, and ex-
amine whether these changes are linked to task-
relevant components identified by Edge Attri-
bution Patching (EAP) (e.g., attention heads
and logit-level activations) that drive task per-
formance. We find that EAP-identified com-
ponents are concentrated within specific lay-
ers, indicating a degree of functional localisa-
tion in how models internalise task-specific be-
haviour. Notably, the distribution of these com-
ponents across layers is largely uncorrelated
with the layers undergoing the most substan-
tial representational changes during fine-tuning.
Furthermore, we observe that overlap in EAP-
identified components across tasks does not
translate into cross-task performance transfer
if the tasks are different in nature (e.g., classifi-
cation vs. generative tasks). More specifically,
fine-tuning on one task can lead to a degrada-
tion of performance on another when the two
tasks exhibit a high degree of overlap in their
EAP-identified components. Our code is avail-
able here. !

1 Introduction

Fine-Tuning (FT) has been widely used across di-
verse domains, including high-stake domains like
biomedical (Wu et al., 2024; Lee et al., 2019; Liu
et al., 2024; Luo et al., 2022) and legal applica-
tions (Chalkidis et al., 2020; Colombo et al., 2024;
Tewari, 2024; Shu et al., 2024), (Jain et al., 2024,
Rudman et al., 2023). However, there remains a
limited understanding of how model-level repre-

1https://github.com/LingfangLi/
repr-change-vs-causal-importance
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Figure 1: Examples of task-specific EAP-identified com-
ponents (e.g., attention heads, MLPs) for sentiment clas-
sification (top), question answering (middle), and ma-
chine translation (bottom). Notations are described in
Appendix A.

sentational changes relate to the underlying EAP-
identified components (e.g., embedding nodes, at-
tention heads, MLPs, and logit nodes) that are pri-
marily responsible for task performance. It also re-
mains unclear whether shared EAP-identified com-
ponents across tasks drive cross-task performance
transfer, a question that is crucial for developing
efficient and principled FT strategies.

To address the above-mentioned issue, we study
layerwise attention patterns and representation-
level changes before and after FT. The reason for
studying layerwise representations is to understand
how task-level information encoded in every layer
changes before and after FT. We used a causal
attribution-based approach from mechanistic inter-
pretability to find the causally relevant components
in the fine-tuned model. Our primary objective
is to investigate whether the layer undergoing the
maximum representational change is also similar
to the layer having the highest contribution to the
EAP-identified components responsible for the per-
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formance of the task.

We investigate FT across three different Natu-
ral Language Processing (NLP) tasks (a) Sentiment
Classification (label prediction), (b) Machine Trans-
lation (sequence generation), and (c¢) Question An-
swering (span extraction). To increase the gener-
alisability of our findings, for each task, we select
two datasets, resulting in six different datasets in
total. Our experiments are conducted on GPT-2
Small (124M), Llama-3.2-1B, Qwen2-0.5B, Llama-
2-7B. Figure 1 provides an illustrative example
of EAP-identified components for three tasks (i.e.,
sentiment classification (SST-2), question answer-
ing (SQuUAD), and machine translation (KDE4)),
visualising a subset of the top-ranked components
identified by our analysis. It can be observed that
different kinds of tasks have similar and different
causally relevant components. For example, MLP5
is present in both sentiment and question answer-
ing task, and the first attention head in the fifth
layer (a5h1) is present only in machine translation.
Broadly, our contributions can be summarised as
follows.

* We perform a comprehensive causal compo-
nent analysis rather than focusing only on the
attention heads or feedforward layer similar
to Yu and Ananiadou in three different NLP
tasks (§ 5.2). We perform further analysis
to quantify the overlap between known func-
tional components, such as induction heads,
and the identified causally relevant compo-
nents in our research scope. In addition, we
investigate the relative contribution of differ-
ent component types (e.g., MLPs, attention
heads, and logit nodes) among the top causally
relevant components for each task (§ 6).

* We show that the layers undergoing the largest
changes in attention patterns and representa-
tions during FT are not the layers that contain
the most EAP-identified components for task
performance ( § 5.1 and § 5.2).

¢ In contrast, for models fine-tuned on dif-
ferent tasks, we observe no performance
gains despite the presence of overlap of EAP-
identified components. This suggests that dif-
ferences in task nature (e.g., classification vs.
generation) restrict the effective reuse of EAP-
identified components across tasks (§ 5.3).

2 Related Work

Mechanistic Studies of Fine-Tuning. Existing
work has explored several techniques to under-
stand the internal mechanisms of FT techniques.
Prior studies have examined parameter, feature,
and representation-level dynamics. Mukherjee et al.
(2025) showed that FT can match full-update per-
formance while modifying only sparse parame-
ter subsets, Xu et al. (2025b) traced feature evo-
lution across different phases of FT, Jain et al.
(2024) used pruning and probing on procedurally
defined synthetic tasks and argued that FT acts
as a lightweight wrapper over pre-trained capa-
bilities. Ren and Sutherland (2025) proposed a
decomposition framework tracing how individual
training examples shape predictions. Recent circuit-
based work further studies FT through mechanistic
interpretability. Wang et al. (2025) tracked cir-
cuits across FT checkpoints on mathematical tasks
and found that FT primarily reorganises circuit
edges rather than simply adding or removing nodes,
motivating a circuit-aware LoRA method for FT.
Prakash et al. (2024) showed that fine-tuning can
preserve and strengthen existing task mechanisms
rather than construct new ones, using entity track-
ing as a case study. Our work asks a different ques-
tion: whether the components responsible for task
performance are also those that undergo the most
substantial changes during fine-tuning, and evalu-
ates this across multiple task families. These works
characterise what changes during FT, but they do
not relate model-level representational change to
the EAP-identified components responsible for task
performance, which is the gap our work addresses.

Component and Circuit-Level Analyses of LLM
Internals. A complementary line of work fo-
cused on localisation of internal components for
different types of model behaviours. Prior studies
identified task-relevant neurones in feed-forward
networks (Geva et al., 2021; Wang et al., 2022; Xu
et al., 2025a; Pan et al., 2024), used probing to in-
vestigate how task information is distributed across
layers (Belinkov, 2022), or recover task-relevant
circuits through attribution patching and automated
circuit discovery (Syed et al., 2024; Hanna et al.,
2024; Conmy et al., 2023). While these methods
provide evidence that specific neurones, heads, lay-
ers, or edges contribute to model behaviour, many
analyses focus on isolated component types (e.g.,
only on attention heads or only on feed-forward net-
work) or on pre-trained models. Leng and Xiong
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(2025) explored different task-specific neurones,
specifically focusing on feed-forward layer net-
works to develop an efficient FT approach. Pani-
grahi et al. (2023) showed that a small, localized
subset of model parameters can be sufficient to cap-
ture task-specific skills through parameter grafting.
In contrast to the above-mentioned line of work,
we use EAP to assign importance scores to edges
throughout the model and select the top-% task-
relevant edges across three different types of tasks.
We then derive the corresponding sets of model
components from these selected edges and examine
whether their layer-wise causal importance aligns
with the layers that change most during fine-tuning.

3 Methodology

Here, we describe the frameworks used to anal-
yse model-level internal changes and identify EAP-
identified components.

3.1 Quantifying Model-Level Changes

We focus on attention patterns and representation-
level changes because they capture two comple-
mentary aspects of model behaviour under FT.
Attention patterns provide insights into how the
model routes information across tokens, reflect-
ing dependency structure and contextual reason-
ing (Vaswani et al., 2017; Clark et al., 2019; Voita
et al., 2019; Michel et al., 2019). In contrast,
representation-level analyses capture how FT al-
ters the geometry of the model’s internal feature
space, which encodes semantic and syntactic in-
formation (Ethayarajh, 2019; Hewitt and Manning,
2019; Kovaleva et al., 2019). Such changes reflect
shifts in the model’s learned abstractions beyond
individual components.

Measuring Attention Pattern Changes. We
first compare attention patterns before and after
FT on each head across all the layers in an LLM.
Given a fixed layer ¢ and a head h, for the k-th
test instance, tokenised into a sequence of length
dy, let Azz’k, Azg’k € [0, 1]%>r denote the cor-
responding attention pattern in the pre-trained and
fine-tuned model, respectively. Each row in Ay, ; .
is a softmax output and thus a probability distri-
bution over the dy, key positions (A, ;; = 0 for
7 > 7 under causal masking), making the Kullback-
Leibler (KL) divergence well defined between cor-
responding rows. Below, we measure the change
magnitude of head h in layer ¢ by averaging the

row-wise KL divergence over all dj query posi-
tions, and then over n test instances as follows:

AAgp = — Z EKL(AEEf Ang)

ey
Taking the pre-trained pattern as the reference,
Equation 1 measures how much FT shifts head
(£, h). We then average over the H heads, AAy, =
+ S AAy, to obtain the average change in
attention pattern per layer.

Measuring Representation Level Changes. To
estimate whether task-relevant information remains
encoded within different layers of fine-tuned LLMs
in a way similar to that of the pretrained model, sim-
ilar to Geva et al. (2023) and Jiang et al. (2024), we
adopt a probing framework using logit lens (nostal-
gebraist, 2020). Specifically, for each test sample s
and layer ¢, we map the intermediate hidden state
representation to the vocabulary space using the
same output prediction head used for the final-layer
representation, obtaining a per-layer prediction g)és)
for every sample s € S. The probing procedure is
identical across tasks, what differs is the metric M
used to compare @és) against the ground truth ys;.

M= = SME ). @
|S‘ seS

Equation 2 describes the mathematical formula-
tion of the metric M used to measure the effective-
ness of the representation obtained from a layer ¢
for an LLM for a task. We instantiate M as binary
classification accuracy for sentiment classification,
BERTScore (Zhang et al., 2020) for machine trans-
lation, and SQuAD F1 (Rajpurkar et al., 2016) for
question answering. A higher M indicates that the
representation at layer ¢ encodes more sufficient
information to estimate the correct output, allow-
ing us to compare how task-aligned information is
distributed across layers in the base and fine-tuned

models.

3.2 Quantifying Causal Relevance

Although the model can undergo multiple changes
during FT, there may be certain components which
are potentially causally responsible for the perfor-
mance of a model in a task. To understand this,
similar to Wu et al. (2023), we used the EAP tech-
nique (Syed et al., 2024) to estimate the important
task-related components from an LLM.
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Broadly speaking, EAP identifies the importance
of each edge in an LLM, where an edge F,,_,, ex-
ists between a source node u and a destination
node v (e.g., outputs of previous layers and inputs
of subsequent components). An edge essentially
consists of two components while doing analysis
related to causal relevance, we consider the union
of all the components corresponding to top-k edges
identified by EAP. EAP assigns a score to each
edge. The saliency score Sy, of an edge F,_,,, is
defined as the expected cumulative causal contribu-
tion to the task metric £. To estimate the saliency
score of an edge, we essentially corrupt an edge
and observe the change in the model output. A
first-order Taylor expansion is used to approximate
the effect of corruption. Equation 3 gives the math-
ematical formulation of the saliency score for an
input x.

Su—sv = |Eznp [(Va, L(2), A2y )] (3)

where Aa,, ; is the change in activation due to ap-
plying corrupted input to node u. Mathematically,

Aa, ; = a,(z) — a,(z)) 4)

In this formulation, a,(z) denotes the activations
generated by the input z, while a,(z’) denotes
those from a corrupted prompt z’. The corrupted
input 2’ is specifically constructed to remove key
task-related information, thereby allowing us to
isolate the causal necessity of each edge. The term
Va, L(x) represents the sensitivity gradient of the
metric with respect to the input of the node v on
clean data; (-, -) denotes the inner product; D rep-
resents the task-specific dataset; 7' is the sequence
length; ¢ denotes the token position. Similar to
Syed et al. (2024), we implement the difference in
logit values corresponding to ground truth and the
predicted output by the LLMs, as the primary met-
ric £ to measure the model’s confidence. For spe-
cific tasks, this metric is defined as follows. Since
EAP relies on a first-order approximation rather
than an actual intervention, we validate the identi-
fied components with activation patching. Specif-
ically, we replace their clean-run contributions to
the child inputs with the corresponding contribu-
tions from the corrupted run. Across all models
and tasks, this intervention degrades task perfor-
mance substantially more than intervening on the
same number of randomly selected edges. Further
details are in Appendix D.2.

Metric for Binary Sentiment Classification
(Lsent) Here we measure the difference between
the logit of the target label y* (denoted as zy«)
and that of the highest-scoring incorrect label for
a particular input x. If certain edges are impor-
tant, then corrupting them should not only alter the
model’s output significantly but also reduce this
logit difference. Mathematically Lgep is defined in
Equation 5.

Lsent = 2Zyx — Max z; )
J#y*
where j ranges over all class labels.

Metric for Generative Tasks (Lga, mT) For
generative tasks, token sequences are produced un-
der a teacher-forcing regime. At each decoding
step, we compute the logit difference between the
ground-truth token (G'T;) and the highest-scoring
incorrect token within the top-K predicted can-
didates. This logit difference is then aggregated
across all n decoding steps, where n denotes the to-
tal number of tokens in the ground-truth sequence
(GT). Equation 6 describes the mathematical for-
mulation for this metric.

|GT|
Loa, MT = Z <ZGTi N jEKI?\%}éTi}Zj > ©

=1

where j ranges over the top-K candidate tokens at
that step excluding the ground-truth token.

Across all generative task datasets, the output
sequence lengths exhibit low variability, with an av-
erage standard deviation of 2.12. This indicates that
token length variation is minimal and unlikely to in-
troduce any bias in the evaluation metric Lga, mT-

4 Experiment Setup

Dataset Description. Existing research (Alves
et al., 2024; Subramonian et al., 2023) showed
that the three tasks mentioned above are among
the most widely used NLP tasks. Hence, we fo-
cused particularly on these three tasks in our re-
search scope. For Sentiment Classification task,
we used two datasets: Large Yelp Review (Yelp)
Dataset (Zhang et al., 2015) and Stanford Senti-
ment Treebank (SST-2) (Socher et al., 2013). For
Question Answering task, we used two benchmark
reading-comprehension-style datasets: the Stan-
ford Question Answering Dataset (SQuAD) v1.1
(Rajpurkar et al., 2016) and Conversational Ques-
tion Answering (CoQA) (Reddy et al., 2019). For
Machine Translation task, we used KDE4 dataset
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(Tiedemann, 2012) and Tatoeba dataset (Artetxe
and Schwenk, 2019). The details of the datasets
are given in Appendix B.

Preprocessing. As described in § 3.2, the EAP
algorithm used to estimate the EAP importance
of different components requires corrupted inputs
corresponding to each sample input. To generate
the corrupted sentences for the sentiment classifi-
cation task, we masked the tokens most indicative
of sentiment in each sentence using the ‘<mask>’
token. These sentiment-bearing tokens were auto-
matically identified using the Meta-Llama-3-8B-
Instruct model. Similarly, for the question an-
swering task, the answer span within the con-
text passage was replaced with the ‘<mask>’ to-
ken. For the machine translation task, where most
source tokens contribute significantly to the out-
put, we replaced all tokens in the English input
with ‘<mask>’ to simulate maximal information
loss. Examples of generated corrupted data are
shown in Appendix C. Although the corrupted to-
ken strategies differ across tasks, they follow the
same principle of removing information directly
relevant to the task output. We do not assume that
the resulting corruption severity is identical across
tasks; instead, EAP is applied within each task to
rank task-relevant components, and our cross-task
analyses compare these identified component sets.
We also test sensitivity to the corruption token in
Appendix D.3. Replacing ’<mask>" with several al-
ternative tokens produces strongly correlated edge
rankings (p = 0.71-0.72), suggesting that the iden-
tified components are not specific to the ’<mask>’
token.

For EAP algorithm described in § 3.2, we con-
sidered only the components within top 400 edges
for our research scope since we found that most of
the important components across all of the LLMs
and for all the tasks lie within this range. Figure 7
in Appendix D.1 shows the contribution of these
components across different tasks. It can be ob-
served from Figure 7 that using only components
from top-400 edges preserves at least 90% of the
original task performance across the evaluated set-
tings.

FT Setup. We used GPT-2 Small, Llama-3.2-1B,
Qwen2-0.5B and Llama-2-7B model in our experi-
ment. All four models were fine-tuned in a full FT
setup, i.e., all model parameters were updated. In
Appendix F, we described in detail other parame-
ters like batch size, epoch used in FT.

5 Results

We present results along three dimensions, namely,
(i) the distribution of changes induced by FT, (ii)
the distribution of causally relevant components
after FT, and (iii) the relationship between overlap
of EAP-identified components and the cross-task
performance transfer capability of the fine-tuned
model.

5.1 Heterogeneity of Fine-tuning Dynamics

To demonstrate the non-uniformity of FT dynam-
ics, Figure 2 illustrates the changes in attention
patterns across layers (computed using Equation 1),
while Figure 3 shows the variation in the amount
of information encoded in each layer after FT.

Two key observations emerge from Figure 2.
First, attention pattern change is specific to a par-
ticular task and model, and it is not uniform. We
quantify this non-uniformity using the normalised
layer-wise entropy H € [0, 1] of each distribu-
tion (defined in Appendix E). The different val-
ues of attention entropy across different variations
(i.e., different models and tasks) also further con-
firm this observation. Secondly, we observe that
smaller models exhibit a substantially greater mag-
nitude of representational change during FT com-
pared to larger models. For instance, the aver-
age KL-divergence values in Llama-3.2-1B span
a higher range (approximately 7—10), whereas for
Llama-2-7B they remain significantly lower (ap-
proximately 0—1). This observation is broadly con-
sistent with prior work on representation preser-
vation and parameter-efficient adaptation (Agha-
janyan et al., 2021), which suggests that larger pre-
trained models possess richer reusable features and
therefore require comparatively smaller represen-
tational modifications during downstream FT. For
the rest of the models and the datasets, refer to
Figure 12 and Figure 13 in Appendix L.

Figure 3 shows how task-related information en-
coded in different layers change after FT. The
main observations from it are as follows. Firstly,
both for pretrained and finetuned setup for all the
tasks and for all the models, the probing perfor-
mance of the initial layers is worse than later layers.
Consequently, it can be said that the initial layer
representations do not contain much information
about the task. This observation is similar to Zhao
et al. (2024) who show that in general, initial lay-
ers of LLMs store core language capabilities and
the later layer has more derived properties. Sec-
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Figure 2: Layer-wise distribution of average KL divergence in the attention matrices before and after FT, and
summed EAP scores across Fine-tuned Qwen2 and llama-3.2-1B. For GPT-2 Small and Llama-2-7B refer to
Figure 12 in Appendix L; results for Qwen2 and Llama-3.2-1B on the selected remaining datasets are shown
in Figure 13 in Appendix L. Values in parentheses are the normalised layer-wise entropy (Hatm, ﬁEAp); the
consistently lower Heap indicates that EAP importance is more localised across layers. See Appendix E for the

entropy definition.

ondly, the probing performance in the FT setup
only changes at later layers mostly. This obser-
vation concludes that FT doesn’t affect the core
capabilities of the model. Thirdly, it can be ob-
served clearly that for all the models and for all the
tasks the probing performance has increased after
FT. It indicates that FT increases the amount of
task-level information encoded in each layer. For
GPT-2 Small model and the rest of the datasets,
refer to Figure 14 in Appendix L. Since probing
results are output-mediated and capture layer-wise
decodability, we further investigate a direct mea-
sure of representational geometry change in each
layer rather than passing through the output head
of model in Appendix K. It shows that across all
models and tasks, the most substantial layer-wise
representational changes occur in the later layers
(in the order of 0.7 to 0.9), specifically from ap-
proximately the 90th percentile layer to the final
layer.

Overall, from both Figure 2, Figure 3 and Ap-
pendix K, it is evident that the internal change in
the model is not uniform across all the layers and
it is valid across all the models and tasks.

5.2 Localisation of EAP-Identified
Components

Figure 2 presents the layer-wise distribution of the
total importance of causally relevant components,
where importance scores are computed using EAP
equation described in Equation 3. Equation 3 pro-
vides score to each edge and then for each layer we
show the sum of the scores corresponding to the
top-400 edges belonging to that layer.

Two key observations emerge from the EAP
score distribution in Figure 2. First, a substantial
number of layers exhibit negligible or no contri-
bution to the set of causally relevant components.
The entropy score of the EAP score distribution
further supports this observation. In contrast to
the attention change, the EAP-score distribution
has a lower entropy (Hgap = 0.40-0.74; see Ap-
pendix E). This pattern is consistent across all
models and tasks, suggesting that EAP-identified
components are highly localised. Second, the lay-
ers that undergo the largest changes in attention pat-
terns do not necessarily correspond to those with
the highest EAP importance. This indicates that
the magnitude of internal change is only weakly
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coefficient. The result for GPT-2 Small is provided in Figure 10, Appendix L.

correlated with causal relevance. performance transfer. In particular, we investigate
whether the overlap in EAP-identified components
5.3 Cross-task Performance Transfer between Task 1 and Task 2 influences performance

on Task 2 when the model is fine-tuned on Task 1.
To this end, Figure 4 shows the correlation between
a decrease in performance and overlap of top 400
EAP-identified components, and for each task, we
consider four distinct tasks to compute both per-
formance changes and overlap of EAP-identified
components. In total, this results in 24 task pairs

Here, we analyse whether FT a model on Task 1
leads to improvements or degradation in perfor-
mance on Task 2, where the two tasks are substan-
tially different in nature (e.g., sentiment analysis
and machine translation). More specifically, our ob-
jective is to examine the relationship between over-
lap of EAP-identified components and cross-task
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for comparison. The list of tasks is in the Appendix,
Table 6 "Dissimilar Task Analysis".

Two main observations emerge from Figure 4.
Firstly, we observe that FT a model on Task 1 gener-
ally leads to a degradation in performance on Task
2, relative to the pretrained model’s performance
on Task 2. Secondly, we observe a positive cor-
relation across all models (Qwen2, Llama-3.2-1B,
and Llama-2-7B) between the degree of overlap
of EAP-identified components and the extent of
performance degradation. See result for GPT-2
Small in Figure 10, Appendix L. This suggests that
higher overlap between the EAP-identified com-
ponents of Task 1 and Task 2 is associated with
greater performance decline on Task 2 when the
model is fine-tuned on Task 1 and vice versa. A
plausible explanation for this phenomenon is that
FT adapts a specific set of components to the re-
quirements of Task 1, which is unlikely to gener-
alise well to Task 2 when the two tasks are different
in nature. To validate that the shared components
are responsible for the degradation directly rather
than correlational, we perform an intervention in
Appendix J: we identify the components that are
shared between the two tasks, freeze them, and
fine-tune only the remaining parameters on Task
1. Protecting the overlapping components during
fine-tuning recovers part of the lost performance on
Task 2. So protecting them provides intervention-
based evidence that the overlapping components
contribute to the observed interference.

6 Causal Structure Analysis

To further investigate the important EAP-derived
components, we analyse the distribution of differ-
ent architectural elements, specifically embedding
nodes, attention heads, MLP neurones, logit nodes,
and among the EAP-derived components selected
for each task. Figure 5 presents pie charts illustrat-
ing the composition across three tasks in Llama-
3.2-1B. More analysis on the rest of the models and
datasets are shown in Figure 8 in Appendix G. The
results show a consistent pattern across tasks and
models: the components spanned by the top-400
EAP-ranked edges are predominantly composed of
MLP neurones and attention heads, with relatively
limited contribution from other component types.
To avoid the frequency bias from the component
distribution of the original model, we also provided
normalised frequency of different components in
Appendix G. It can be seen that the presence of

MLPs and logits are multiplied in the normalised
frequency.

Given the prominence of attention heads within
these important components, we further investi-
gated the specific involvement of induction heads
(Olsson et al., 2022), components responsible for
pattern matching within input context. We inves-
tigated induction heads following the synthetic
repeated-sequence protocol of Olsson et al. (2022)
(implemented via TransformerLens, Nanda and
Bloom, 2022). Table 1 shows the Jaccard over-
lap between the detected induction heads and the
task-specific causally important attention heads,
computed as the size of their intersection divided
by the size of their union. The detection details and
the full metric table are provided in Appendix 1.

We observe three key trends from Table 1.
Firstly, three of the four models exhibit their high-
est overlap on question answering, with CoQA
yielding the maximum overlap for GPT-2 Small
(16.66%), Llama-3.2-1B (6.16%), and Llama-2-7B
(4.34%). Qwen2-0.5B is the exception, reaching its
highest overlap on KDE4 (7.19%). Secondly, the
results suggest a task-dependent pattern in the reuse
of induction heads. Question answering tends to
show relatively higher overlap with induction heads
for GPT-2 Small, Llama-3.2-1B and Llama-2-7B.
This may be related to the reading-comprehension
nature of the QA datasets used in our study, where
answers must be identified from or grounded in the
input context. Such behaviour is conceptually simi-
lar to the pattern-matching mechanisms associated
with induction heads (Olsson et al., 2022). Thirdly,
this tendency is not consistent across all models
and datasets. Qwen2-0.5B exhibits its highest over-
lap on KDEA4, while its overlap on Tatoeba remains
considerably lower. Likewise, MT shows relatively
low overlap for the two Llama models. These re-
sults suggest that induction-head involvement is
not determined solely by task family, but may also
depend on model- and dataset-specific factors.

7 Conclusion

We studied how FT reshapes LLM internals along
two aspects: the relationship between representa-
tional change and the EAP-identified components
driving task performance, and the effect of shared
EAP-identified components on cross-task transfer.
Across four models and six datasets, we find that
the layers undergoing the largest representational
and attention changes do not necessarily coincide
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Figure 5: Distribution percentage of important components among the top-400 edges in Llama-3.2-1B across three
tasks: Sentiment Classification (SST-2), Question Answering (SQuAD). Machine Translation (KDE4). The full
results for four models and six datasets are given in Figure 8 in Appendix G.

Model Task #Induction Heads #Attention Heads Overlap(%)
Sentiment (Yelp) 26 101 8.54%
Sentiment (SST-2) 24 80 1.96%
QA (SQUAD) 24 98 12.96%
GPT2Small 4\ (0o0A) 24 109 16.66%
MT (KDE4) 24 99 7.89%
MT (Tatoeba) 24 93 7.33%
Sent (Yelp) 62 151 3.39%
Sent (SST-2) 58 146 1.49%
QA (SQUAD) 62 158 5.76%
Llama-3.2-1B 5\ co0a) 62 162 6.16%
MT (KDE4) 64 167 221%
MT (Tatoeba) 57 132 271%
Sent (Yelp) 40 112 2.70%
Sent (SST-2) 35 83 1.85%
QA (SQUAD) 36 97 3.10%
Qwen2-0.58 5\ (coQa) 39 110 3.75%
MT (KDE4) 33 116 7.19%
MT (Tatoeba) 40 75 1.76%
Sent (Yelp) 53 263 1.28%
Sent (SST-2) 52 94 0.00%
QA (SQUAD) 15 270 3.70%
Llama-27B )\ (coQa) 61 27 4.34%
MT (KDE4) 58 166 0.00%
MT (Tatoeba) 49 88 0.00%

Table 1: Overlap of Induction head vs. Attention heads
derived from the top-400 EAP-ranked edges across all
models for Sentiment Analysis (Sent), Question An-
swering (QA) and Machine Translation (MT). For each
model the highest overlap is boldfaced and the highest
overlap percentage across all the models is underlined.

with those carrying the highest EAP importance.
More generally, the magnitude of internal change
is only weakly correlated with causal relevance.
On cross-task transfer, we find that a high overlap
in EAP-identified components between two tasks
does not aid generalisation; instead, it is associated
with greater performance degradation on the sec-
ond task, which suggests that components adapted
to one task do not transfer benignly to a substan-
tially different one. Together, these results indicate
that effective fine-tuning is governed by a small,
localised set of EAP-identified components rather
than by broad representational shifts.

In the future, we plan to extend this work to a
larger number of tasks. Our findings related to

different aspects of localisation and generalisation
can also be used to design efficient and effective
strategies of FT in NLP.

Limitations

We restrict our analysis to three NLP task families
(sentiment classification, question answering, and
machine translation). Although these tasks encom-
pass diverse input—output structures, they do not
represent the full spectrum of real-world applica-
tions, such as reasoning-intensive or multimodal
tasks, which limits the transferability of our find-
ings. We also examined only GPT-2 Small and
Llama-3.2-1B, Llama-2-7B and Qwen2-0.5B due
to the shortage of computing resources, limiting
generalisability to larger models that may exhibit
different FT behaviours. Further work is needed to
investigate more models.

Ethical Considerations

This work involves non-sensitive publicly acces-
sible datasets. This work on mechanistic inter-
pretability presents a dual-use dilemma: while un-
derstanding FT internals can improve model safety
and efficiency, it could also enable adversarial ex-
ploitation. To mitigate this risk, we advocate for
responsible disclosure practices and recommend
that future work on efficient FT' methods include
built-in safety mechanisms.
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A Description of Notations

In Figure 1, each panel shows the top-12 highest-
|se| edges of the EAP causal-attribution graph for
one task. The visual encoding is the same across
all panels.

Nodes
by those edges, colour-coded by category: input

(embedding), m¢ (MLP of layer ¢), al.hi (at-
tention head ¢ of layer ¢; Q/K/V ports collapsed),

are the transformer components touched

and logits (unembedding).

Edges are coloured by the sign of their attribution
score se: red for s, > 0 (the edge helps the task
loss) and blue for s, < 0 (the edge hurts it). Line
width is proportional to |s.|, so thicker edges are
more causally important to the task; the thickness
scale is shared across all panels, so importance is
also comparable across tasks.

B Dataset Description

Sentiment Classification Dataset. In the sen-
timent classification task, we implemented two
datasets: Large Yelp Review (Yelp) Dataset (Zhang
et al., 2015) and Stanford Sentiment Treebank
(SST-2) (Socher et al., 2013). The Yelp dataset
is used for binary sentiment classification; it con-
tains 560, 000 training data and 38, 000 test data of
highly polar Yelp reviews. The dataset is extracted
from the Yelp Dataset Challenge by 2015 data.
SST-2 corpus, which we use the version integrated
into the GLUE benchmark (Wang et al., 2018), con-
sists of movie reviews originally extracted from the
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Task Information Original Input Sequence

Corrupted Input Sequence

Task 1: Sentiment Classification (SST-2/Yelp)

Info Column: Sentiment Label; Input Column: Review Text

Label: Negative a sometimes tedious film.

Label: Positive
alienation.

among the year’s most intriguing explorations of

a sometimes X film.

among the year’s most X explorations of alienation.

Task 2: Machine Tr

(Tatoeba/KDE4)

Info Column: Target Translation (French); Input Column: Source English

Target: Il est resté silencieux. ~ He remained dumb.

X X XX

Task 3: Question Answering (CoQA/SQuAD)
Info Column: Question; Input Column: Context Snippet (Answer Span Bolded)

Q: What color was Cotton?
lived high up...

... lived a little white kitten named Cotton. Cotton

... lived a little X kitten named Cotton. Cotton lived
high up...

Table 2: Examples of corrupted samples across three downstream tasks.

Rotten Tomatoes website. It provides a binary clas-
sification benchmark consisting of 67, 349 training,
872 validation and 1,821 test samples. In both
datasets, each sentence is labelled as either positive
or negative. For Yelp, we first select 11, 000 exam-
ples from the training split and apply a 90/10 split,
resulting in 9, 900 examples used for fine-tuning.
Evaluation is performed on 1,000 examples se-
lected from the test split. For SST-2, the GLUE
test labels are not public, so we evaluate on the
full labeled validation split. Training uses the first
15,000 examples of the SST-2 train split.

Question Answering Dataset. In the ques-
tion answering task, we used two benchmark
reading-comprehension-style question answering
datasets: the Stanford Question Answering Dataset
(SQuAD) v1.1 (Rajpurkar et al., 2016) and CoQA
(Reddy et al., 2019). Both datasets provide a con-
text passage as part of the input, and the answer
is expected to be grounded in the given context
rather than generated solely from the model’s para-
metric knowledge. In the train/validation splits
used in our experiments, SQUAD v1.1 contains
87,599 training and 10,570 validation question-
answer pairs, totaling 98, 169 QAs. The dataset is
based on Wikipedia articles, where each question is
answered using a text span from the corresponding
context passage. CoQA contains 108, 647 training
and 7,983 validation QAs, totaling 116, 630 QAs.
It is designed for conversational question answer-
ing across multiple domains and emphasises multi-
turn interactions with context-dependent responses.
For SQuAD, we select 11, 000 examples from the
training split and apply a 90/10 split, resulting in
9,900 examples used for fine-tuning. We evaluate

on 1,000 examples from the SQuAD validation
split. For CoQA, we flatten the training examples,
select 40, 000 instances, and apply a 90/10 split,
resulting in 36, 000 examples used for fine-tuning.
We evaluate on 1, 000 flattened examples from the
CoQA validation split.

Machine Translation Dataset. We employed
two parallel corpora for machine translation model:
the KDE4 dataset (Tiedemann, 2012) and Tatoeba
dataset (Artetxe and Schwenk, 2019). The KDE4
dataset consists of a bilingual corpus derived from
the localisation files of the KDE Software Envi-
ronment, with English and French pairs of sen-
tences. It has almost 200, 000 sentence pairs. The
English sentences in the KDE4 dataset have an aver-
age length of approximately 12.4 words, while the
French translations average 14.7 words, reflecting
the slightly more verbose nature of French in tech-
nical contexts. The Tatoeba dataset is a community-
driven, open-source collection of sentence trans-
lations across multiple languages, including En-
glish and French. It is widely used to evaluate
machine translation models because of its diver-
sity and naturalistic content. This dataset contains
approximately 300, 000 English-French sentence
pairs. For KDE4, we select 30,000 examples and
apply a 90/10 split, resulting in 27, 000 examples
used for fine-tuning. Evaluation is conducted on
a disjoint slice of 1, 000 examples from the KDE4
training corpus. For Tatoeba, we select 40, 000 ex-
amples and apply a 90/10 split, resulting in 36, 000
examples used for fine-tuning. Evaluation is con-
ducted on a disjoint slice of 1,000 examples from
the Tatoeba training corpus.
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C Corrupted Dataset Generation Details

To analyse the localisation of task-specific knowl-
edge, we constructed corrupted versions of the
datasets by masking tokens that are critical for task
performance. This section details the corruption
strategy and provides qualitative examples for each
task.

Sentiment Word Identification Details In-
stead of using a fixed lexicon, we lever-
aged Meta-Llama-3-8B-Instruct® to dynami-
cally identify sentiment-bearing tokens relevant to
the specific context. The process involved three
steps:

Sample Selection: We first filtered for short sen-
tences (5-10 tokens) from the validation set where
our fine-tuned model originally made correct pre-
dictions. This ensures that the identified words are
indeed responsible for the model’s correct classifi-
cation behaviour.

LLM Querying: We constructed a few-shot
prompt containing three examples (positive, nega-
tive, and neutral) to guide Llama-3 in extracting the
most indicative sentiment words. The exact prompt
template used is shown in Figure 6.

Response Parsing: The generated output was
parsed to extract a comma-separated list of words.
We strictly validated that the extracted words ap-
peared in the original text and filtered out function
words or tokens with fewer than 3 characters. Up
to three unique words were selected per sample.

Table 2 presents a comprehensive side-by-side
comparison of original versus corrupted inputs
across the three downstream tasks.

D Validation of EAP-identified
components

This section provides three additional analyses to
demonstrate the faithfulness and robustness of the
EAP edge rankings: a) performance comparison
of retaining the top-k EAP-ranked edges, retaining
the same number of randomly selected edges and
retaining all the edges at different k values, which
is to prove the rationale for setting the top-400
edges in our research; b) performance comparison
that patching the activations of the top-400 EAP-
ranked edges against that caused by patching on
these same number of randomly selected compo-
nents, which is to strengthen the core causal claim;

2https://huggingface.co/meta—llama/
Meta-Llama-3-8B-Instruct

Prompt Used for Sentiment Word Iden-

tification

System Instruction:
You are a helpful assistant that extracts sentiment words
from reviews.

User Input:

Given that this review has a {sentiment} sentiment,
identify up to three words that most strongly indicate
this {sentiment} sentiment. Only select words that
appear in the review text. Return the words in a comma-
separated list. If no words strongly indicate the senti-
ment, return an empty list.

Examples:

* Review: The food was amazing and the service
was excellent!
Sentiment: positive — Output: amazing, excel-
lent

* Review: Terrible experience, never coming back.
Sentiment: negative — Output: terrible

* Review: It was okay, nothing special.
Sentiment: negative — Output: (empty)

Current Task:

Review: {input_text}
Sentiment: {label?}
Output:

Figure 6: The few-shot prompt template used to extract
sentiment-sensitive words via Llama-3-8B-Instruct. We
dynamically insert the specific sentiment label (posi-
tive/negative) and the review text into the placeholders
(marked in blue) for each query.

c) compare the Spearman rank correlation of re-
sulting edge-important scores between corruption
token "<mask>" and other tokens, which is to eval-
uate the robustness of corruption token selection.

D.1 Sufficiency and the Choice of &

Figure 7 shows the effect of using only top-k edges
(k = 100, 200, 300, 400, 500, 600, 700) on the
performance of GPT-2 small and Llama-3.2-1B,
Qwen2-0.5B and Llama-2-7B in Yelp dataset based
sentiment classification task. More specifically, we
retain only the top-k edges identified for each task
and set the contributions of all remaining edges to
zero. It can be observed that using only 400 edges
the 90% of the model’s original performance can be
attained. This shows the faithfulness of the top-400
edges identified by EAP. We can also observe that
the identified top-k edges have always performed
better than the randomly selected k edges.
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Model Task EAP Random A
Sent (Yelp) 85% 61% 24
GPT-2 Small QA (SQuAD) 80% 55% 25
MT (KDE4) 80% 67% 13
Sent (Yelp) 81% 58% 23
Llama-2-7B QA (SQuAD) 84% 52% 32
MT (KDE4) 79% 54% 25
Sent (Yelp) 83% 59% 24
Qwen2-0.5B QA (SQuAD) 82% 55% 27
MT (KDE4) 84% 56% 28
Sent (Yelp) 81% 61% 20
Llama-3.2-1B QA (SQuAD) 86% 52% 34
MT (KDE4) 82% 44% 38

Table 3: Performance drop caused by intervening on the
top-400 EAP-ranked edges versus the same number of
randomly selected edges. Random results are averaged
over 20 seeds. A is the absolute difference in percentage
points. The difference is significant for every model-
task pair (two-sided Wilcoxon signed-rank test, p <
0.05).

Corruption token Spearman p vs. <mask>

neutral 0.71
blank 0.72
abc 0.71

Table 4: Spearman rank correlation between edge-
importance scores obtained with alternative corruption
tokens and those obtained with <mask>, computed over
all edges of GPT-2 Small on the sentiment classification
task.

D.2 Necessity of Corrupting the Top-400
Edges

To verify that the observed degradation is specific
to the top-400 EAP-ranked edges, rather than a
consequence of intervening on a large number of
edges, in Table 3, we compare the performance
drop caused by intervening on these edges against
that caused by intervening on the same number of
randomly selected edges. In both cases, we inter-
vene by activation patching. For each selected edge,
its clean-run contribution to the child input is re-
placed by the corresponding contribution from the
corrupted run. The random baseline is constructed
by uniformly sampling 400 edges from the full set
of model edges, and the results are averaged over
20 random seeds.

D.3 Robustness to the Corruption Token

In Table 4, we run EAP on GPT-2 fine-tuned on the
sentiment classification task while varying the cor-
ruption token (i.e., "neutral"”, "blank", "abc"), and

measure the Spearman rank correlation between
the resulting edge-importance scores over the full
model. The edge rankings are highly correlated
across tokens. It can be seen that for all the cor-
rupted token variant it has a strong correlation with
the edges obtained using "<mask>" token.

E Entropy of the Attention-Change and
EAP Distributions

We summarise how localised each distribution in
Figure 2 is by a single entropy value, computed
as follows. For a model with L layers, each dis-
tribution provides one value per layer: x1,...,xr,
where z, is either the average attention change
AA; (Equation 1) or the summed EAP score at
layer /. We treat these per-layer values as a distri-
bution over layers by normalising them,

L

Zy

be = —L pr = 17
> j=1Tj =1

and then collapse the L per-layer values into a sin-

gle scalar via the Shannon entropy (in bits) and its

normalised form,

H

L
H:_ZPZIngply H:m,
— 82

with the convention 0 log, 0 = 0. The summation
over layers is what reduces each per-layer distribu-
tion to one number, so every distribution yields a
single entropy value. Normalising by log, L (the
maximum entropy, attained by a uniform distri-
bution) maps H to [0, 1] and makes it compara-
ble across models of different depths: H -1
means the change is spread evenly across all layers,
while H — 0 means it is concentrated in a few lay-
ers. Thus, each subplot is summarised by the pair
(ﬁ At I:IEAP) reported in the caption of Figure 2.
Across all models and tasks, JEIEAP is substantially
lower than H, atn» confirming that EAP-identified
components are concentrated in a small number of
layers.

F Hyperparameter Setup in FT

To verify our findings across various settings, we
conduct experiments on four language model fami-
lies: GPT-2 Small (124M), Qwen-2-0.5B, Llama-
3.2-1B and Llama-2-7B. All experiments were run
on a single NVIDIA A100 80GB GPU. The total
computational budget was approximately 14 GPU
hours. The detailed fine-tuning parameters are in
Table 5.
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Parameter Llama-2 (7B) Llama-3.2 (1B)  Qwen2 (0.5B) GPT-2 (Small)

Core Optimization

Optimizer AdamW (fused) AdamW (fused) AdamW (fused) AdamW (fused)
Learning Rate 2x107° 2x107° 2x107° 5x 107°F
Weight Decay 0.0 0.0 0.0 0.0
Warmup Ratio 0.03 0.03 0.03 0.03

LR Scheduler Cosine Cosine Cosine Cosine
Precision bf16 bf16 bf16 bf16

Effective Batch Size
SST-2/ Yelp 16/8 32 32/16 32

QA (SQUAD/CoQA) 8 32 32/16 32
MT (KDE4/Tatoeba) 8 32 32 32
Training Epochs

SST-2/ Yelp 2 3 3 3
QA (SQUAD/CoQA) 2/1 2 2 3
MT (KDE4/Tatoeba) 1 3 3 3
Sequence Length

SST-2/ Yelp 256 512 512 512
QA (SQUAD/CoQA) 1024 1024 1024 1024
MT (KDE4/Tatoeba) 256 256 256 256

Table 5: Complete hyperparameter settings across
models and tasks. All four models are fully fine-
tuned. Effective batch size is per-device batch size x
gradient-accumulation steps. 'GPT-2 SQuAD/CoQA
used 2 x 1075,

G Component Distribution in Top-K
Edges

Figure 8 shows component-wise distribution of top-
400 edges across four models and six datasets.

Normalised Frequency The raw composition
in Figure 8 is dominated by the component types
that are simply most numerous in the model
(e.g., MLP and attention nodes), which makes
it hard to see whether a component type is se-
lected more often than its baseline abundance
would predict. To remove this frequency bias,
we report an architecture-normalised composi-
tion. Let foP be the fraction of the top-400
EAP edges whose endpoint is of component type
¢ € {attention, MLP, embedding, logit}, and let
fmodel pe the fraction of all components of type ¢
in the full model. We define the scaling factor

top

c
Te = fmodel’
c

which measures how strongly type c is over- or
under-represented among the EAP-identified com-
ponents relative to its natural abundance: r. > 1
means type c is selected more often than chance,
and r. < 1 means it is under-selected. Figure 9
plots . directly for each component type (grouped
along the z-axis) and task (bars). Under this nor-
malisation, the contributions of MLP and especially
logits are amplified, indicating that although these
types are not the most numerous overall, they are
disproportionately selected as causally important.

H Cross Task Performance
Transferability

Overlap of Causal Components
N " o -
> 8 & g 3 3

,ﬂ
53

o

10 15 20 25 30 35 a0 as 50
% Decrese in Performance

v

Figure 10: GPT2, p = 0.5

I Induction Head Detection Details

We detect induction heads with the synthetic
repeated-sequence protocol of Olsson et al. (2022).
We sample a random token sequence X =
[z1,...,z7] of length T" = 50, with token ids
drawn uniformly from [100, |V|) to avoid spe-
cial and other reserved low-id tokens, and feed
its twofold repetition [X, X] of total length 27" =
100 to a HookedTransformer (Nanda and Bloom,
2022), caching every layer’s attention pattern. For
each head we compute an induction score: the
mean attention, averaged over query positions
i € {T,...,2T—2} in the repeated half, that the
head places on key position ¢ — T' + 1 —the token
immediately following the previous occurrence of
the current token. A head is labelled an induction
head by a top-K rule on the sorted induction scores.
Let K pow be the elbow of the sorted-score curve
(the rank of maximum distance to the chord joining
its first and last points), searched within the top
20% of ranks; let Ky 1 and K 3 be the numbers of
heads scoring above 0.1 and 0.3, respectively. We
set

K = max(min(Keibow, Ko.1), Ko.3),

i.e., the elbow cut, tightened by a minimum-score
threshold of 0.1, but never dropping a head whose
score exceeds 0.3 (a safety floor). The K highest-
scoring heads are retained. The same protocol is
applied to the pre-trained and the fine-tuned model.

J Validation of the correlation claim

§ 5.3 reports a positive correlation between the
overlap in EAP-identified components and the
degradation observed on Task 2 when the model
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Similar Task Analysis
Task Pair GPT2 Llama3.21B Qwen2.05B Llama-2-7B
Fine-tuning Task | Evaluation Task Perf A Overlap A Perf A Overlap A Perf A Overlap A Perf A Overlap A
Yelp Yelp 34% 1 100 % 33.81% 1 100% 25.1% 1 100% 91% 1 100%
Yelp SST-2 47% 1 45.25% 52.2% 1 39.75% 23.51% 1 33.50% 94.5% 1 16.75%
SST-2 SST-2 52.81%71 100% 21.92% 1 100% 31.77% 1 100% 96.44%1 100%
SST-2 Yelp 29.39% 1 37.25% 8.41% 1 40.5% 16.7% 1 35.00 % 89.2% 1 8.00 %
SQuAD SQuAD 535% 1 100% 417.54% 1 100% 65.55% 1 100% 81.23% 1 100%
SQuAD CoQA 216% 1 37.00% 197.71% 1 30.75% 41.16% 1 35.50% 27.84% 1 45.50%
CoQA CoQA 287% 1 100% 203% 1 100% 106.59 % 1 100% 5.95%1 100%
CoQA SQuAD 319% 1 36.50% 312% 1 31.75% 56.99% 1 40.00 % 64.33% 1 51.25%
KDE4 KDE4 441% 1 100% 188% 1 100% 119.90% t 100% 10.31% 1 100%
KDE4 Tatoeba 206% 1 47% 4.52% 1 30.25% 4.13% 1 37.50% 11.35% 1 31.75%
Tatoeba Tatoeba 384% 1 100% 39.82% 100% 69.48% 1 100% 24.53% 1 100%
Tatoeba KDE4 13.83% 1 47.00% 76.84% 1 32.50% 9.92% | 40.00% 9.33% 1 29.25%
Dissimilar Task Analysis
Yelp SQuAD 67% 32.50% 81.71% 26.75% 9.50% 30.50% 0.59% 44.50%
Yelp CoQA 9.64% 30.50% 52.81% 30.50% 38.18% 29.75% 2.8% 39.75%
Yelp KDE4 54.61% 41.00% 82.92% 26.75% 38.97% 31.00% 8.20% 27.75%
Yelp Tatoeba 22.63% 42.75% 87.3% 27% 26.85% 31.25% 0.08% 14.75%
SST-2 SQuAD 47% 36% 90.31% 32.25% 72.29% 36.25% 24% 7%
SST-2 CoQA 48.2% 36.75% 61.33% 26% 64.62% 36.25% 6.7% 14.75%
SST-2 KDE4 71.21% 42.00% 91.54% 29.75% 88.22% 39.25% 23.76% 19.75%
SST-2 Tatoeba 33.15% 41.50% 99.00% 34.25% 99.31% 39.75% 33.15% 19.75%
SQuAD Yelp 83.91% 33.50% 8.41% 28.75% 58.31% 33.75% 2.2% 46.75%
SQuAD SST-2 4.26% 31.75% 10.31% 31.50% 44.38% 35.50% 6.77% 6.25%
SQuAD KDE4 24.63% 35.75% 6.91% 30.50% 41.82% 30.50% 66.52% 29.00 %
SQuAD Tatoeba 21.35% 35.00% 3.81% 28.25% 37.07% 31.50% 87.81% 3.50%
CoQA Yelp 0.31% 33.25% 1.81% 26.25% 421% 29.02% 451% 38.52%
CoQA SST-2 3.63% 34.00% 4.67% 25.00% 3.78% 32.25% 1.03% 12.50%
CoQA KDE4 35.83% 31.50% 12.63% 26.00% 31.46% 27.75% 25.86% 24.75%
CoQA Tatoeba 21.33% 31.75% 7.91% 19.75% 35.75% 27.50% 21.44% 5.25%
KDE4 Yelp 3.31% 39.50% 5.82% 26.25% 68.12 % 33.00% 6.51% 30.25%
KDE4 SST-2 6.91% 41.75% 13.81% 34.50% 60.09% 41.50% 0.11 % 25.75%
KDE4 CoQA 33.72% 30.75% 16.01% 30.25% 4.38% 34.00% 491% 28.25%
KDE4 SQuAD 42.61% 34.00% 13.14% 31.25% 13.19% 35.50% 8.86% 28.50%
Tatoeba Yelp 3.00% 40.50% 9.64% 26.25% 71.53% 35.25% 6.92% 23.00%
Tatoeba SST-2 5.41% 40.25% 29.48% 31.50% 60.78% 41.75% 0.00% 14.00%
Tatoeba CoQA 54.33% 31.00% 6.22% 25.50% 58.47% 32.00% 1.97% 14.75%
Tatoeba SQuAD 25.61% 34.75% 26.24% 28.00% 91.00% 32.50% 6.56% 5.00%

Table 6: Cross-task Performance and Important Component Overlap Analysis for GPT-2 Small, Llama-3.2-1B,

Qwen2-0.5B and Llama-2-7B.

is fine-tuned on Task 1. Because this evidence is
correlational, it does not by itself establish that the
shared components are responsible for the degrada-
tion. To test this mechanism directly, we perform
an intervention: we identify the components that
are shared between the two tasks, freeze them, and
fine-tune only the remaining parameters on Task
1. If the overlapping components are indeed what
drives the interference, protecting them during fine-
tuning should recover part of the lost performance
on Task 2.

Table 7 reports the change in Task 2 performance
under this modified fine-tuning procedure, relative
to standard full fine-tuning on Task 1. Across all
model and task-pair combinations, freezing the
overlapping components improves Task 2 perfor-
mance, with gains ranging from 2.05% to 84.34%.

K Layer-wise Centred Kernel Alignment
Similarity

The probing analysis in § 5.1 measures represen-
tational change by mapping intermediate hidden
states through the model’s output head (Equation 2).

This quantity is therefore output-mediated: it cap-
tures how recoverable the task output is from a
given layer, rather than how much the geometry
of the representation itself has changed. Since the
EAP objective is also defined in terms of logit dif-
ferences, we complement the probing analysis with
a measure that does not pass through the output
head.

Specifically, we compute token-level hidden
states Centred Kernel Alignment (CKA), a standard
measure of similarity between layer-wise repre-
sentations, between the pre-trained and fine-tuned
models at every layer. A value of 1 indicates that
the representation at that layer is unchanged by
fine-tuning, so lower values correspond to larger
representational change. Because the four models
differ in depth, we plot CKA against relative depth
(layer index divided by the total number of layers),
which makes the curves directly comparable across
models. Figure 11 shows the resulting curves for
all models and datasets. Across all models and
tasks, the most substantial layer-wise representa-
tional changes occur in the later layers (in the order
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Model FT task Test task Change

MT QA +3.54%
QA MT 1 45.74%

Llama-3.2-1B g MT +7.91%
Sent QA +41.93%
QA MT +84.34%
MT QA +44.47%

Qwen2-05B  MT Sent +2.05%
Sent QA 1 83.82%
Sent MT 177.99%

Table 7: Effect of freezing the overlapping EAP-
identified components during fine-tuning. The model
is fine-tuned on Task 1 with the components shared be-
tween Task 1 and Task 2 held fixed, and then evaluated
on Task 2. The last column reports the relative change
in Task 2 performance compared to standard full fine-
tuning on Task 1. Performance on Task 2 improves in
every configuration.

of 0.7 to 0.9), specifically from approximately the
90th percentile layer to the final layer.

L More main results

This section contains the extended results of Fig-
ure 2 (see Figure 12 Figure 13), Figure 3 (see Fig-
ure 14), and Figure 4 (see Figure 10) for rest of
models and datasets, which exhibit the same trends
and confirm that our findings hold across all four
model families.
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Figure 7: GPT-2 Small, Llama-3.2-1B, Qwen2-0.5B and Llama-2-7B performance with using only top-K edges
obtained from EAP. The first row shows the performance on Yelp data, the second row shows the performance
on SQuAD data, the third row shows the performance on KDE4 data. Orange line shows the performance of
the finetuned model, blue line shows the performance with variation of top-k edges and green line shows the
performance using randomly selected k edges.
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Figure 8: Important component distribution percentage over top-400 EAP edges, broken down by model(columns)
and dataset(rows).The Llama-3.2-1B column on SST-2 / SQuAD / KDE4 reproduces the main-text Figure 5.
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Figure 9: Architecture-normalised component composition of the top-400 EAP edges. For each model (a-d),
bars show the scaling factor r, = fo / fmodel j e, the fraction of top-400 edges of component type c divided by
the fraction of type c in the full model. Components are grouped along the x-axis (attention heads, MLP, logit,
embedding) and the six bars per group correspond to the six tasks. A value above one indicates that the component
type is selected more often than its baseline abundance would predict. See § G for the definition.
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Figure 11: Token-level CKA between the pre-trained and the fine-tuned model at each layer, for the four models
(lines) across the six datasets (panels). The z-axis is relative depth (layer index divided by the number of layers),
which allows models of different depths to be compared on a common scale. A CKA of 1 means the representation
at that layer is unchanged by fine-tuning; lower values indicate larger representational change.
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Figure 12: Layer-wise distribution of average attention KL divergence and EAP scores for GPT-2 Small and
Llama-2-7B across Sentiment Classification, Question Answering, and Machine Translation.
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Figure 13: Layer-wise distribution of average attention KL divergence and EAP scores for Qwen2 and Llama-
3.2-1B across Sentiment Classification (Yelp), Question Answering (CoQA), and Machine Translation (Tatoeba).
Counterpart of Figure 2 .
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Figure 14: Layer-wise probing of pre-trained vs. fine-tuned models, full version of Figure 3. Rows are datasets
(Yelp, SST-2, SQuAD, CoQA, KDE4, Tatoeba); columns are models.(GPT-2 Small, Llama-3.2-1B, Qwen2-0.5B,
Llama-2-7B). Higher = more task-relevant information is already recoverable at that layer. (X-axis: layer index;
Y-axis: binary accuracy for SST-2, SQuAD F1 Score for SQuAD, BERTScore for KDE4)
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