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Abstract

Argument mining (AM) traditionally relies on
multi-stage pipelines that train separate mod-
els for each sub-task, making end-to-end AM
challenging and often unstable under multitask
learning. In this work, we revisit multitask
end-to-end AM in the context of large language
models (LLMs) and show that multitask learn-
ing behaves fundamentally differently from
pre-LLM settings. Across multiple datasets
and LLMs, multitask fine-tuning of a single
LLM consistently outperforms single-task mod-
els, while also exhibiting greater robustness to
noisy labels and stronger cross-domain gen-
eralization. To understand these qualitatively
different behaviors of LLMs, we conduct a
layer-wise representation analysis, showing
that cross-task features emerge in middle lay-
ers, early layers are highly domain-sensitive,
and richer middle-layer representations drive
performance improvements, robustness, and
generalization. We further show that this mech-
anism extends beyond AM by observing similar
patterns across other tasks. Our findings pro-
vide new insights into multitask learning with
LLMs, highlight its potential for unified, effi-
cient, and robust language understanding, and
motivate layer-wise parameter efficient adapta-
tion strategies within and beyond AM. !

1 Introduction

Argument mining (AM) is an area in natural lan-
guage processing concerned with extracting argu-
mentative structure from data (Lawrence and Reed,
2019), with key tasks including argument compo-
nent identification, argument component classifica-
tion (ACC), argument relation identification (ARI),
and argument relation classification (ARC).
End-to-end AM aims to complete the entire AM
process in a single step. Prior work has predomi-
nantly explored two approaches: multitask learn-

!Code can be found at: https://github.com/
zqshizhiqiang/multitask_argument_mining.
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ing, where a single model is jointly trained on mul-
tiple AM sub-tasks (Kornblith et al., 2019; Bao
et al., 2021; Liu et al., 2023) and task reformula-
tion, in which AM tasks are restructured (Persing
and Ng, 2016; Eger et al., 2017; Bao et al., 2022).
However, most of these approaches were developed
for earlier neural architectures for which naive mul-
titask learning often degrades performance unless
combined with architectural constraints, auxiliary
objectives, or specialized training curricula (Kurib-
ayashi et al., 2019; Liu et al., 2023).

Whilst LLMs achieve strong performance in
AM (Al Zubaer et al., 2023; Cabessa et al., 2025),
their effectiveness for end-to-end multitask AM re-
mains largely unexplored. Existing works focus
on in-context learning or fine-tuning on a single
task, and initial attempts at LLM-based end-to-end
AM report performance degradation compared to
the single task model (Cabessa et al., 2025). While
some works investigate LLM-based multitask learn-
ing in computational argumentation (Savigny and
Yun, 2025) , they do not consider end-to-end AM.
Thus, it remains unclear whether the limitations of
multitask end-to-end AM stem from the task itself
or from constraints of the model architectures.

In this paper, we revisit multitask end-to-end
AM in the context of LLMs and demonstrate that
multitask fine-tuning of a single LLM consistently
improves performance across AM sub-tasks, in con-
trast to earlier approaches. Our evaluation on mul-
tiple datasets and LLMs shows that jointly trained
LLMs outperform their single-task counterparts on
most sub-tasks, while also exhibiting stronger ro-
bustness to label noise, greater stability under task
corruption, and better cross-domain generalization.

Further, we investigate why LLMs succeed at
multitask AM where prior architectures struggle
and conduct a detailed layer-wise representation
analysis using multiple metrics. Our analysis re-
veals that: 1) middle layers capture features shared
across tasks, enabling effective knowledge trans-
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fer; ii) early layers are highly domain-sensitive;
iii) richer middle-layer representations are linked to
robustness and cross-domain generalization. These
results suggest that multitask end-to-end AM ben-
efits from inherent representational properties of
LLM architectures. We show that the observed
patterns extend beyond AM by replicating our
analysis on eight climate-related tasks and four
out-of-domain datasets.

Our contributions are as follows: 1) A systematic
investigation of multitask learning for LLM-based
end-to-end AM, revealing qualitative differences
from pre-LLM behavior; 2) Comprehensive evalua-
tion across models, datasets, and tasks, demonstrat-
ing improved performance, noise robustness, and
domain generalization under multitask fine-tuning;
3) A multi-metric representation analysis, revealing
how tasks and domains shape multitask learning
in LLM-based end-to-end AM; 4) Extensions to
non-AM tasks, confirming that these representa-
tional patterns apply more broadly.

2 Related Work

End-to-end AM. Early AM approaches used su-
pervised learning to train separate models for each
task (Niculae et al., 2017; Bouslama et al., 2019)
and later pre-trained language models to model
contextual information (Srivastava et al., 2022).
Recently, LLMs have also been adopted in AM,
using in-context learning (Al Zubaer et al., 2023)
and supervised fine-tuning (Cabessa et al., 2025).
Different from traditional AM, end-to-end ap-
proaches perform the entire process in a single step
without the need of separate or hand-craft pipelines.
Existing end-to-end AM methods can be broadly
categorized as task reformulation and multitask
learning. In the former, the AM tasks are reformu-
lated so that the model jointly predicts outputs for
all sub-tasks, using methods such as integer linear
programming for pipeline-based systems (Persing
and Ng, 2016), AM as sequence tagging or depen-
dency parsing (Eger et al., 2017; Ye and Teufel,
2021), generative models with constrained pointer
mechanisms (Bao et al., 2022), and LLM-based
joint formulations (Cabessa et al., 2025). In mul-
titask learning, the model is fine-tuned on all sub-
tasks (Kuribayashi et al., 2019; Bao et al., 2021;
Morio et al., 2022; Liu et al., 2023). However, for
non-LLM models, fine-tuning jointly across sub-
tasks without additional techniques often leads to
performance degradation (Kuribayashi et al., 2019;

Liuetal., 2023).2 In this work, we show that LLMs
exhibit qualitatively different behaviors compared
to pre-LLM models.

Representation Analysis Various representation
analysis techniques have been used to under-
stand LLMs’ internal representations. Probing ap-
proaches (Belinkov, 2022) use classifiers to test
whether hidden states encode linguistic or semantic
properties. Representation engineering techniques
(e.g. RepE (Zou et al., 2025) and adversarial rep-
resentation engineering (Zhang et al., 2024)) ma-
nipulate latent directions to steer model behavior
without retraining, while Zhao et al. (2024) use cen-
tered kernel alignment (CKA) to analyse the hidden
representations of instruction fine-tuned models.

3 Methodology

3.1 LLM based End-to-end Argument Mining
with Multitask Learning

We revisit multitask end-to-end AM in the context
of LL.Ms by fine-tuning a single LLM jointly on
different AM sub-tasks. We consider three tasks:
argument component classification (ACC), argu-
ment relation identification (ARI), and argument
relation classification (ARC).? Figure 1 compares
AM pipelines using LLMs fine-tuned per task (e.g.
as in Cabessa et al. (2025)) with our LLM based-
end-to-end multitask learning approach.

3.2 Representation Analysis

To understand why LLMs exhibit qualitatively dif-
ferent behaviors in multitask end-to-end AM com-
pared to pre-LLM models, we employ three tech-
niques to analyze how multitask learning affects
LLMs’ internal representations: centered kernel
alignment (CKA) to measure layer-wise similarity
between multitask and single-task models, max-
imum mean discrepancy (MMD) to quantify do-
main invariance, and silhouette score to assess clus-
tering quality across domains. These methods al-
low us to analyze where cross-task and domain-
specific features emerge within the model layers.

2Eger et al. (2017) and Morio et al. (2022) report improve-
ments for multitask learning. However, Eger et al. (2017)
do not jointly fine-tune the model on different sub-tasks but
reformulate the AM task, with multitask learning introduced
through auxiliary tasks. Morio et al. (2022) use a two-stage
method, first pre-training the model on all sub-tasks across
multiple datasets and then fine-tuning it on the target sub-task.

3See Appendix A.1 for task definitions and Appendix A.2
for the prompts and example data used to fine-tune LLMs.
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Figure 1: (a) AM pipeline with LLMs per task and
(b) LLM-based end-to-end AM with multitask learning,
where a single LLM can perform all the sub-tasks.

3.2.1 CKA Similarity

We use CKA (Kornblith et al., 2019) to compute
the layer-wise representation similarity between
the multitask model and single-task models trained
on the same dataset (thus same domain). CKA
ranges from O to 1, with higher CKA (close to
1) indicating higher similarity. Let X € R"*d%
and Y € R"*% denote the representations (for the
same n examples) taken from a specific layer of the
multitask model and a specific layer of a single-task
model, respectively. Following Wang et al. (2024),
we utilize the representation of the final token at
each layer as the layer-level feature.

The procedure for computing CKA is as fol-
lows. We compute the gram matrices using a
linear kernel: K = XX' € R™™ and
L = YYT € R™"”. We center the gram ma-
trices using the centering matrix H = I, — %11T
and obtain K, = HKH and L. = HLH
and apply the Hilbert—Schmidt Independence Crite-
rion HSIC(K, L) = tr (KCLC). The (linear) CKA
between the two layers is the normalized HSIC:

HSIC(K, L)

CRAMXY) = /HSIo(k, K) /HSIO(, D)

Suppose we have stored the per-layer em-
beddings for the two models in tensors
embeddings_A, embeddings_ B €  R®xLxd,
where n is the number of examples, L is the
number of layers, and d is the hidden size . For
each pair of layers (i,j), we form the matrices
X® = embeddings_A[;,i,:] € R™ % and
Y0U) = embeddings_B[:,j,:] € R™*%. To
quantify the similarity between corresponding
layers of the multitask model and the single-task

models, we compute the diagonal elements of the
CKA similarity matrix:

Sim(i) = CKA(X®,y®W), i=1,...,L
where X and Y denote the representations
from layer 7 of the multitask and single-task models,
respectively. This yields a vector of layer-wise
similarities s = [Sim(1), Sim(2), ..., Sim(L)].

3.2.2 MMD and Silhouette Score

We use both maximum mean discrepancy (MMD)
(Gretton et al.,, 2012) and silhouette score
(Rousseeuw, 1987) to evaluate the model’s cross
domain representations. For the same model, we
obtain its hidden states from different domains on
the same task and compute the MMD and silhou-
ette score between these domain-specific represen-
tations. As with CKA similarity, we use the last
token representation as the layer-level representa-
tion for each layer.

MMD can be used to measure how close 2 distri-
butions are and is widely used in domain adaptation
(Ghifary et al., 2014; Yan et al., 2017) and distri-
bution alignment. Given two sets of embeddings
X = {z;}j*; and ¥ = {y;}}_;, the empirical
estimate of MMD? with an RBF kernel is:

MMD?(X,)) =

Zk Tiy i)

'L;éz’

1
+ nin—1) Z k(ys, ;1)

Ji#3’

2
T mn ;k(mmyj)

The Gaussian (RBF) kernel k(-, -) is defined as
k(z,y) = exp (—v[lx — y|[*) where v is the ker-
nel bandwidth parameter, often chosen using the
median heuristic.

Lower MMD indicates that the two distribu-
tions are more similar, which implies better cross-
domain generalization.

The silhouette score for a sample ¢ is defined as:

. b(i) —a(e
R conion

where a(7) is the average distance from i to all
other points in the same cluster (domain), and
b(7) is the minimum average distance from ¢ to
points in other clusters (domains). The over-
all silhouette score is the mean over all samples

S =5 2y s(i).
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Model AbstRCT (neo test)

CDCP PE

ACC ARIC ACC ARI

ARC ACC ARI ARC

Best non-LLM 0.928 0.750 0.825 0.678

0.892 0.827 0.810

LLaMA3.2 1B S
LLaMA3.2 1BM

0.924 £ 0.006
0.927 £ 0.004

0.700 £ 0.009
0.711 £ 0.012

0.843 £ 0.005
0.847 £ 0.002

0.595 £ 0.003
0.637 £ 0.004

0.479 £ 0.000
0.617 £ 0.092

0.826 £ 0.010
0.838 £ 0.003

0.774 £ 0.006
0.795 £ 0.010

0.804 £ 0.010
0.766 £ 0.005

LLaMA3.23B S
LLaMA3.23BM

0.934 £ 0.001
0.931 £ 0.002

0.681 £ 0.009
0.708 £ 0.008

0.853 £ 0.003
0.866 £ 0.004

0.672 £ 0.008
0.685 £ 0.015

0.479 £ 0.000
0.821 £0.177

0.867 £ 0.005
0.872 £ 0.009

0.756 £ 0.003
0.801 £ 0.015

0.876 £ 0.015
0.882 £ 0.021

LLaMA3.18B S
LLaMA3.1 8B M

0.927 £ 0.007
0.933 £ 0.002

0.737 £ 0.005
0.751 £ 0.008

0.870 £ 0.002
0.872 £ 0.007

0.714 £ 0.003
0.700 £ 0.014

0.723 £ 0.004
0.761 £ 0.082

0.866 £ 0.005
0.882 £ 0.005

0.811 £ 0.007
0.824 £ 0.004

0.926 £ 0.012
0.899 £ 0.018

Qwen2.51.5B S
Qwen2.5 1.5BM

0.934 £ 0.003
0.921 £ 0.005

0.704 £ 0.007
0.695 £ 0.008

0.847 £ 0.002
0.867 £ 0.003

0.521 £ 0.003
0.629 £ 0.020

0.492 £ 0.022
0.606 £ 0.021

0.855 £ 0.004
0.867 £ 0.004

0.780 £ 0.002
0.798 £ 0.009

0.815 £ 0.005
0.795 £ 0.014

Qwen2.57B S
Qwen2.57BM

0.939 £ 0.004
0.935 £ 0.003

0.753 £ 0.004
0.755 £ 0.004

0.867 £ 0.002
0.871 £ 0.020

0.712 £ 0.009
0.715 £ 0.017

0.584 £ 0.000
0.749 £ 0.095

0.866 £ 0.003
0.880 £ 0.006

0.798 £ 0.004
0.819 £ 0.006

0.870 £ 0.016
0.905 £ 0.005

Table 1: Results on single-task (S) fine-tuning following Cabessa et al. (2025) and multitask (M) fine-tuning the
LLM jointly on all sub-tasks. Best non-LLM: Liu et al. (2023) for AbstRCT and PE, Bao et al. (2021) for CDCP.

Because the silhouette score measures how well
clusters are separated, a low silhouette score (close
to 0) between different domains indicates that the
model’s representations across domains are hard
to separate. This may suggest that the model has
better domain generalization.

4 Experiment Setup

Datasets. We use three datasets from different do-
mains. PE (Stab and Gurevych, 2014) contains
402 persuasive essays (1833 paragraphs) annotated
with argumentative components and relations. We
use paragraph level data without paragraph tags.
CDCP has 731 user-generated comments from on-
line policy discussions. AbstRCT (Mayer et al.,
2020) is a biomedical dataset of 650 abstracts anno-
tated with argumentative components and relations.
We merge MajorClaim and Claim in a single class
as in Liu et al. (2023) and use the neo test set as
in Morio et al. (2022). As Liu et al. (2023), we
consider ACC and ARIC (argument relation identi-
fication and classification) for AbstRCT, and ACC,
ARI, and ARC for CDCP and PE.

Models. We fine-tune LLaMA 3.1, LLaMA 3.2,
and Qwen 2.5 of different sizes, using LoRA (Hu
et al., 2022) for parameter efficient fine-tuning. For
LLaMA 3.1 8B and Qwen 2.5 7B, we use QLoRA
(Dettmers et al., 2023) with 4 bit quantization.* All
models are trained on a single NVIDIA A100 GPU
with 40 GB VRAM.

Baselines. We include baseline methods (single
task fine-tuning) for each model following Cabessa
et al. (2025). We also include the best non-LLM
results reported in the literature: Liu et al. (2023)
for AbstRCT and PE, Bao et al. (2021) for CDCP.

“See Appendix A.5 for hyperparameters.

5 Results: Performance, Robustness, and
Cross-Domain Generalization

We evaluate whether multitask learning enhances
LLM-based end-to-end AM across three dimen-
sions: end-to-end AM performance, robustness to
noisy labels, and cross-domain generalization. All
results are reported using macro F}.

5.1 End-to-end AM performance

Table 1 shows that multitask fine-tuning consis-
tently outperforms single-task fine-tuning on nearly
all sub-tasks and datasets. These results contrast
with pre-LLM findings, where jointly fine-tuning
non-LLM architectures typically degrades perfor-
mance unless combined by specialized training
strategies (Kuribayashi et al., 2019; Bao et al.,
2021; Liu et al., 2023). In the LLM setting, how-
ever, multitask learning emerges as a simple yet
effective approach for unified AM.

5.2 Robustness to Noisy Labels

To evaluate the robustness of multitask models,® we
conduct experiments where part of the training data
for a specific task is intentionally corrupted. Specif-
ically, we target the PE ACC task by randomly
selecting a fraction of its training instances and
changing their labels to incorrect classes. These
noisy mislabeled examples are then mixed with the
remaining original data to form a corrupted ACC
dataset, while the data for the other tasks remains
unchanged. We use this corrupted ACC data to
train (i) a single-task model and (ii) a multitask
model alongside the original ARI and ARC data.
We focus on ACC as it is a foundational task in

SAppendix A.4 details how the macro F) score is com-
puted for different tasks.
®Here, we refer to robustness against noisy training data.
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Corrupt  Single-task Multitask
Percentage  ,\cc ACC  ARI  ARC
Uncorrupted 0.820 0.829 0.808 0.788
0.1 0.793 0814 0.777 0.750
0.2 0.745 0.768 0.795 0.758
03 0.654 0.721 0.794 0.726

Table 2: Effect of corrupting PE ACC task data. Single-
task: model trained on corrupted ACC data. Multitask:
model trained on mixture of corrupted ACC, and origi-
nal ARI and ARC data.

the AM pipeline; by corrupting its data, we can
assess both model-level robustness to noise and
task-level robustness within multitask learning (e.g.
how changes in one task affect others).

The results are shown in Table 2 (LLaMA3.2
1B) and Table 11 in Appendix A.6 (Qwen2.5 1.5B).
As the corruption rate increases, the performance
on the ACC task drops for both models; however,
the multitask model outperforms the single-task
model and its performance degrades more slowly.
This suggests that multitask learning improves ro-
bustness to noisy data. For the multitask model,
corruption of ACC data also causes a slight drop in
other tasks, indicating that shared representations
influence cross-task performance. Nevertheless,
this drop remains small and stable across corrup-
tion levels, demonstrating the task-level robustness
of multitask learning. We further discuss the rea-
sons for this robustness in Section 6.2.

5.3 Cross-domain generalization

We analyze domain generalization for both single-
task and multitask models.” Since both are trained
on the same domain, similar generalization behav-
ior might be expected. To test this, we perform
zero-shot transfer and few-shot adaptation. First,
the multitask model trained on the PE dataset and
the single-task model trained on the PE ACC task
are evaluated on ACC test sets from AbstRCT and
CDCP. As Table 3 shows, the multitask model sur-
prisingly outperforms the single-task model.

To further test domain adaptation, we conduct
experiments using few-shot fine-tuning. We ran-
domly sample 10, 40, and 80 examples from the
CDCP ACC task and use them to fine-tune the
multitask model trained on the PE dataset, the
single-task model trained on PE ACC, and the base

"We refer to "domain" as the distribution of texts charac-
terized by its genre, annotation schema, and argumentative
conventions. Thus, we treat each dataset as a separate domain.

Single-task  Multitask
AbstRCT ACC 0.635 0.686
CDCP ACC 0.262 0.372

Table 3: Comparison of cross-domain performance for
single-task and multitask models trained on the PE
dataset and evaluated on AbstRCT and CDCP. Single-
task: model trained on PE ACC task. Multitask: model
jointly trained on PE ACC, ARI, and ARC tasks.

Number of From base  Single-task  Multitask

examples

10 0.182 0.322 0.345
40 0.273 0.380 0.409
80 0.484 0.446 0.593

Table 4: Results for using a few examples in a target do-
main to fine-tune the single-task and multitask models.

LLM.? Table 4 shows that the multitask model
consistently outperforms both the single-task and
from-base models, indicating that multitask learn-
ing is a promising approach for few-shot domain
adaptation. We further discuss the reasons for this
improved generalization in Section 6.3.

5.4 Summary of Empirical Results

Across all evaluated LLM architectures and
datasets, multitask learning reliably improves
end-to-end AM performance, enhances robust-
ness to label noise, and substantially strengthens
cross-domain generalization. These findings con-
trast with pre-LLM multitask AM studies, suggest-
ing that LL.Ms possess internal mechanisms that
support stable multitask learning. In Section 6, we
analyze these internal mechanisms directly through
layer-wise representation analysis.

6 Representation Analysis

6.1 Where do multitask and single-task
models diverge? (Layer-wise CKA)

We compute layer-wise CKA (see Section 3.2.1) be-
tween the multitask and single-task model trained
on the same dataset. The single-task model is fine-
tuned on the PE ACC task, while the multitask
model is fine-tuned on PE ACC, ARI, and ARC
tasks. We evaluate both models on the PE ACC test
set, extract their hidden representations, and com-
pute layer-wise similarity using CKA. The same
procedure is applied for ARI and ARC tasks.
Figure 2 shows the results for LLaMA 3.2 1B.
We observe that early layers of the multitask and

8Base LLM refers to instruction-tuned model such as
LLaMA 3.2 1B Instruct.
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Diagonal CKA Similarity Across Layers (LLaMA 3.2 1B)
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Figure 2: Layer-wise CKA similarity between the mul-
titask model and single-task model for LLaMA 3.2 1B.
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Figure 3: Layer-wise CKA similarity between multitask
and single-task models for other models.

single-task models are highly similar, but similar-
ity drops sharply in the middle layers, for example,
starting around layer 4 for LLaMA 3.2 1B, and then
stabilizes or slightly increases in the final layers.
This suggests that multitask models begin encoding
cross-task features in the middle layers, while later
layers focus more on task-specific representations.
These richer intermediate representations help ex-
plain the superior performance of multitask models
reported in Table 1, as they enhance generalization
to unseen examples in the test set. To assess the
robustness of these findings, we replicate the ex-
periments on other models and datasets; the results
are presented in Figure 3 and Appendix A.6 (Fig-
ure 10). Overall, the results show a similar trend,
further reinforcing our conclusions.

6.2 Why are multitask models more robust to
noisy labels?

As showed in Section 5.2, multitask models ex-
hibit greater robustness to corrupted data compared
to single-task models. To investigate what drives
these results, we compute layer-wise CKA simi-

Diagonal CKA Similarity Across Layers

—e— multitask (0.3)

multitask (0.2)
~@- single task (0.3)
-@- single task (0.2)

CKA similarity

0.95

Layer index

Figure 4: Layer-wise CKA similarity between a model
trained on corrupted data across different corrupt per-
centage of PE ACC and a model trained on clean data.

larity between models trained on clean and noisy
data. For each multitask or single-task model, we
compare the representations of a clean-data model
and its corrupted-data counterpart by inferring on
the test set and extracting hidden representations.

Figure 4 shows that, for both multitask and
single-task models, similarity remains high in the
early layers but drops in the middle layers. How-
ever, the decrease is slower for the multitask model,
and its similarity stabilizes at a higher level be-
yond layer 12. This trend aligns with Figure 2.
Together with the findings in Section 6.1, these
results suggest that the richer intermediate repre-
sentations learned by multitask models contribute
to their superior robustness against noisy data.

6.3 How do Multitask LL.LMs Improve
Cross-Domain Generalization?

To analyse why the multitask model has better do-
main generalization, we use both MMD and sil-
houette score (see Section 3.2.2) to compare the
model’s hidden representations on different do-
mains. Specifically, for each multitask and single-
task model trained on the PE dataset, we infer on
the PE ACC test set and the CDCP ACC test set
to obtain in-domain and out-of-domain represen-
tations. We then compute MMD and silhouette
scores using these two sets of representations.
Figure 5 shows the results on LLaMA 3.2 1B.
We observe that the MMD score increases dramat-
ically in the first two layers, indicating that the
model representations on different domains differ
significantly in the early layers. This suggests that
LLMs tend to encode domain-specific information
quickly in their early layers. The score then de-
creases in the middle layers and remains stable
in later layers for both models. Compared to the
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Figure 5: Layer-wise MMD between different domains
for multitask and single-task models (LLaMA3.2 1B).
The error bars are computed using bootstrap resam-
pling (Efron, 1979).
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Figure 6: Layer-wise MMD score for other models.

single-task model, the score of the multitask model
drops to a lower level, indicating stronger domain
invariance. Combined with the findings in Sec-
tion 6.1 that the multitask model learns richer rep-
resentations in its middle layers, we infer that the
multitask model’s improved domain generalization
is due to its richer representations in middle layers.

To ensure the generality of our findings, we repli-
cate these experiments on additional datasets and
models (see Figure 6 and Appendix A.6 (Figure
11)). While trends in the middle layers vary across
models, a consistent pattern emerges: after the mid-
dle layers, the multitask model achieves a lower
MMD score, indicating stronger domain invariance.
Furthermore, after a certain point (for example,
layer 20 for Qwen 2.5 1.5B), the MMD score of
multitask and single-task models shows a similar
trend. The silhouette score in Appendix A.6 (Fig-
ures 12 and 13) shows a similar trend to the MMD
score, which further enhances our conclusions.

To better illustrate the difference between mul-
titask and single-task models across domains, we

Multitask model; Sil=0.192 Single-task model; Sil=0.281
Single-PE
! by & Single-CDCP

PC2

g Multitask-PE
—40] Multitask-CDCP

-20 0 20 40 60 0 20 30

-40 -30 -20 -10 0
PC1 PC1

Figure 7: PCA visualization for the representations of
multitask and single-task model on different domains.
Multitask: multitask model trained on PE ACC, ARI,
ARC tasks. Single-task: single-task model trained on
PE ACC task. The base model is LLaMA 3.2 1B. Both
models are evaluated on PE and CDCP ACC test set.

apply PCA to reduce the dimensionality of the last-
layer hidden representations to two and visualize
them in Figure 7. Note that the silhouette scores
shown are computed in the original representation
space. We can see that representations from dif-
ferent domains are less separated for the multitask
model than for the single-task model, which further
proves the results in Table 3 and Table 4.

6.4 Summary: A layer-wise mechanism for
multitask LL.Ms

Our analyses reveal a consistent mechanism behind
the benefits of multitask learning in LLM-based
end-to-end AM: i) cross-task features emerge in
the middle layers, where multitask models diverge
most from single-task models, indicating that these
layers encode shared structure across sub-tasks;
ii) early layers are highly domain-sensitive, quickly
absorbing dataset differences; iii) the richer middle-
layer representations learnt through multitask train-
ing support greater robustness to noisy labels and
stronger cross-domain generalization.

These findings show that multitask learning pri-
marily restructures mid-level representations, en-
abling stable and domain-invariant features that
explain the empirical gains observed in Section 5.

7 Going Beyond Argument Mining

To assess if the representational patterns uncovered
in AM reflect a broader property of multitask learn-
ing in LLMs, we extend our analysis to eight tasks
in the climate domain: Climate Sentiment (Bingler
et al., 2023), Climate Stance (Vaid et al., 2022),
Environmental Claims (Stammbach et al., 2023),
PIRA 2.0 MCQ (Pirozelli et al., 2024), TCFD Rec-
ommendations, Climate Commitment, Detection,
and Specificity (Bingler et al., 2023). We fine-tune
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Figure 8: Layer-wise CKA similarity between multitask
and single-task model trained on climate domain.

a multitask model on all tasks and train individ-
ual models for each task, using LLaMA 3.2 1B
as the base model. For cross-domain evaluation,
we select four datasets with similar tasks but dif-
ferent domains: IMDB (Maas et al., 2011) (senti-
ment analysis vs Climate Sentiment), IBM Claim
Stance (Bar-Haim et al., 2017) (stance classifica-
tion vs Climate Stance), CommonsenseQA (Tal-
mor et al., 2019) (multiple-choice QA vs PIRA
2.0 MCQ), and PubMed-200k-RCT (Dernoncourt
and Lee, 2017) (paragraph classification vs TCFD
Recommendations). We compute layer-wise CKA
similarity between the multitask model and each
single-task model, with results shown in Figure 8.
Additionally, using the same approach as in Section
6.3, we calculate layer-wise MMD scores between
in-domain and out-of-domain representations for
both multitask and single-task models (Figure 9).
The observed trends align with those in Sections
6.1 and 6.3: CKA similarity is high in early layers,
drops sharply in the middle layers before it shows
a slight increase, and then stabilizes in the final lay-
ers. For MMD scores, both models show a sharp
increase in early layers, but the multitask model
achieves a lower score after the middle layers, indi-
cating stronger domain invariance.

These results further prove our conclusions that
the ability of encoding multiple tasks for multi-
task models happens at middle layers and LLMs
tend to encode domain-specific information quickly
in their early layers, as well as that the multitask
model can have better domain generalization com-
pared to single-task models. When controlling for
domain, we do not observe the early-layer similar-
ity drop reported by Zhao et al. (2024). While they
attribute this drop to richer representations learned
from multiple tasks, our findings in Section 6.3 and
Figure 9 suggest a different underlying cause. For
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Figure 9: Layer-wise MMD score for multitask and
single-task models trained on climate domain.

multitask models trained on multiple domains, the
early-layer drop in similarity relative to single-task
models is largely due to domain-specific informa-
tion encoded in these layers. This is supported by
Figure 8, where the drop begins after layer 2, com-
pared to layer 4 in Section 6.1 (Figure 2). There,
both models shared the same domain as tasks were
derived from a single dataset. In contrast, the tasks
here, while all climate-related, come from differ-
ent datasets, introducing domain variation. This
accounts for the earlier drop in CKA similarity.
These results suggest that the benefits of multi-
task LLLMs stem from general architectural prop-
erties rather than task-specific effects. Multitask
training provides more robust and transferable inter-
mediate representations, with strong initialization
for downstream tasks and motivating mid-layer fo-
cused parameter-efficient adaptation strategies.

8 Conclusions

We presented the first systematic analysis of multi-
task learning for LLM-based end-to-end AM, our
experiments reveal that LLMs show qualitative dif-
ferent behaviors compared to pre-LLM methods
for multitask learning based end-to-end AM, where
a single multitask fine-tuned LLM outperforms the
single task models fine-tuned separately on each
task. Moreover, through extensive experiments,
we showed that multitask model can obtain bet-
ter noise robustness and cross domain generaliza-
tion compared to single-task models, and exhibits
task-level robustness. To understand why LLMs
behave differently from pre-LLM architectures, we
conducted a comprehensive layer-wise representa-
tion analysis, revealing that the ability of encoding
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multiple tasks for multitask LL.Ms happens in the
middle layers, while early layers reflect more about
domain difference. The richer representations in
the middle layers of the multitask model contribute
to its greater robustness and better cross-domain
generalization. Further experiments on eight cli-
mate tasks show similar representational patterns,
indicating that the benefits of multitask learning
arise from general properties of LLM architectures
rather than task-specific factors. Future work in-
cludes exploring larger models, multilingual exten-
sions, and mid-layer—focused parameter-efficient
adaptation strategies.

9 Limitations

While our study provides a comprehensive analysis
of multitask learning for LLM-based end-to-end
AM, several limitations remain. First, due to com-
putational constraints, we evaluate models up to
8B parameters. It is unclear whether the same
layer-wise patterns, particularly the emergence of
cross-task features in middle layers, hold for much
larger models. Second, we focus on three core
AM sub-tasks (ACC, ARI, ARC). Other AM tasks,
such as argument quality assessment, stance detec-
tion may behave differently under multitask learn-
ing. Third, while our representation analyses re-
veal correlations between layer-wise behavior and
empirical gains, establishing stronger causal con-
nections would require controlled interventions or
probing methods beyond the scope of this work.
Finally, LLMs are trained on broad web-scale cor-
pora, which makes it possible that widely used AM
datasets such as PE, CDCP, or AbstRCT may ap-
pear in the pretraining data of instruction-tuned
LLMs. While this is a general limitation shared
across prior LLM-based AM work (e.g., Cabessa
et al. (2025)), it does not affect the validity of our
comparative findings. In all experiments, both the
multitask and single-task models are fine-tuned
from the same base LLM, meaning any potential
pretraining exposure would influence both mod-
els equally. Thus, such exposure cannot explain
the performance or representational differences ob-
served between the two training regimes. Neverthe-
less, we acknowledge this as a broader limitation
of LLM research and encourage future work to
investigate data-leakage-controlled settings.
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A Appendix
A.1 Task Definition

ACC: This task involves classifying each argument
component (AC) in the input into different types
(such as claim or premise), in our work, we ask
the model to output the following for the given
paragraph:

{"<AC1>": "component_type",
"<AC2>": "component_type”, ...}

where "component_type" is replaced by the actual
component types.

ARI: This task involves identifying whether dif-
ferent pairs in the given paragraph are related or
not. We ask the model to output the following:

{"argument_relations_list":
[["source AC", "target AC"],...,
["source AC", "target AC"]]}

"source AC"” and "target AC" are argument com-
ponents (ACs) in the essay text (such as "<AC1>",
"<AC2>").

ARC: This task involves classifying the related
AC pairs into a specific type, we ask the model to
output the following:

{"relation_types”: [relation_type (str)
, ... , relation_type (str)]1}

ARIC: This task involves identifying whether
different pairs in the given paragraph are related
or not and classifying the related AC pairs into
a specific type, we ask the model to output the
following:

{"argument_relation_types_list": [["source AC",
"target AC", "support” | "attack”],..., ["source
AC", "target AC", "support” | "attack"J1}

A.2 Prompts and example data

Example prompt for PE ACC task:

You are an expert in Argument Mining. You are
given a paragraph containing numbered argument
components enclosed in <AC> tags (e.g.,
<AC1>...</AC1>).

Your task is to classify each argument component
as either a "MajorClaim”, a "Claim” or a
"Premise”.

Output Format

Return a single dictionary mapping each <AC> tag
to its type:
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{
"<AC1>": "MajorClaim” | "Claim"” | "Premise”,
"<AC2>": "MajorClaim” | "Claim" | "Premise”,

}

Some paragraphs do not contain any argument
components (without <AC> tags), output an empty
dictionary for these paragraphs.

Do not include any explanations or extra text,
just the dictionary.

Example prompt for PE ARI task:

You are an expert in Argument Mining. You are
given an essay containing numbered argument
components enclosed in <AC> tags (e.g.,
<AC1>...</AC1>).

Your task is to identify argument relations
between argument components in the essay.

OQutput Format

Return a single json object containing the
argument component pairs:
{"argument_relations_list": [["source AC",
"target AC"],..., ["source AC", "target AC"]]}
"source AC" and "target AC" is argument
components (ACs) in the essay text (such as
"<AC1>", "<AC2>", ...).

Some paragraphs do not contain any argument
components (without <AC> tags), for these
paragraphs, output an empty list for
"argument_relations_list"”.

Do not include any explanations or extra text,
just the json object.

Example prompt for PE ARC task:

You are an expert in Argument Mining. You are
given an essay containing numbered argument
components enclosed in <AC> tags (e.g.,
<AC1>...</AC1>).

You are also given a list of pairs of related
argument components in the form: [["source AC",
"target AC"],..., ["source AC", "target AC"]].
Your task is to classify each pair of related
argument components in the list as either
"Support” or "Attack”. You must return a list of
relation types in following JSON format:
{"relation_types"”: [relation_type (str),
relation_type (str), ., relation_type (str)]l}

"source AC" and "target AC" are argument
components (ACs) in the essay text (such as
"<ACT>", "<AC2>", ...).

Some paragraphs do not contain any argument
components (without <AC> tags), for these
paragraphs, output an empty list for
"relation_types".

Do not include any explanations or extra text,
just the json object.

Example prompt for abstRCT dataset:

You are an expert in Argument Mining. You are
given a biomedical abstract containing numbered
argument components enclosed in <AC> tags (e.g.,
<ACT>...</AC1>).

Your task is to identify argument relations
between argument components in the abstract text
and classify their relation type as either
"support” or "attack”.

Output Format

Return a single json object containing the
relation types between different argument
components:

{"argument_relation_types_list”: [["source AC",
"target AC", "support” | "attack”],..., ["source
AC", "target AC", "support” | "attack”]]1}
"source AC" and "target AC" is argument
components (ACs) in the abstract text (such as
"<AC1>", "<AC2>", ...).

Do not include any explanations or extra text,
just the json object.

The following examples are some example data
for PE dataset. ‘instruction and ‘input’ will
be concatenated as the input to LLMs, while
‘output’ will be the label.

Example data for PE ACC task:

"instruction”: "You are an expert in Argument
Mining. You are given a paragraph containing
numbered argument components enclosed in <AC>
tags (e.g., <ACI>...</AC1>).\nYour task is to
classify each argument component as either a
\"MajorClaim\”, a \"Claim\” or a
\"Premise\".\nOutput Format\nReturn a single
dictionary mapping each <AC> tag to its
type:\n{\n \"<ACT>\": \"MajorClaim\" |
\"Claim\"” | \"Premise\"”,\n \"<AC2>\":
\"MajorClaim\"” | \"Claim\” | \"Premise\",6\n
...\n}\nSome paragraphs do not contain any
argument components (without <AC> tags), output
an empty dictionary for these paragraphs.\nDo
not include any explanations or extra text, just
the dictionary.\n"

"input”: "#i## Here is the paragraph text: On the
other hand , <AC@> the significance of
competition is that how to become more excellence
to gain the victory </AC0> . Hence it is always
said that <AC1> competition makes the society
more effective </AC1> . However , <AC2> when we
consider about the question that how to win the
game , we always find that we need the
cooperation </AC2> . The greater our goal is ,
the more competition we need . <AC3> Take Olympic
games which is a form of competition for instance
, it is hard to imagine how an athlete could win
the game without the training of his or her coach
, and the help of other professional staffs such
as the people who take care of his diet , and
those who are in charge of the medical care
</AC3> . The winner is the athlete but the
success belongs to the whole team . Therefore
<AC4> without the cooperation , there would be no
victory of competition </AC4> ."

"output”: "{\"<ACO>\": \"Premise\”, \"<AC1>\":

\"Claim\"”, \"<AC2>\": \"Premise\”, \"<AC3>\":
\"Premise\", \"<AC4>\": \"Claim\"}"

Example data for PE ARI task.
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"instruction”: "You are an expert in Argument
Mining. You are given an essay containing
numbered argument components enclosed in <AC>
tags (e.g., <AC1>...</AC1>).\nYour task is to
identify argument relations between argument
components in the essay.\n\nOutput Format\nReturn
a single json object containing the argument
component pairs:\n{\"argument_relations_list\":
[[\"source AC\", \"target AC\"],..., [\"source
AC\", \"target AC\"]11}\n\"source AC\" and
\"target AC\" is argument components (ACs) in the
essay text (such as \"<AC1>\", \"<AC2>\",
...).\nSome paragraphs do not contain any
argument components (without <AC> tags), for
these paragraphs, output an empty list for
\"argument_relations_list\".\nDo not include any
explanations or extra text, just the json
object.\n"

"input"”: "#i## Here is the paragraph text:
Secondly , <AC@> through tourism industry , many
cultural values have been preserved and natural
environments have been protected </AC0> . For
instance , <AC1> in Vietnam , many cultural
costumes and natural scenes , namely \u2018 Trong
Dong \u2019 drum performance and \u2018 Ha Long
\u2019 bay , are being encouraged to preserve and
funded by the tourism ministry </AC1> . <AC2>
Without this support and profit from tourism ,
many traditional cultures would disappear due to
its low income works </AC2> . Thus , <AC3>
tourism has survived many non - tangible cultural
values and beauty scenes </AC3> ."

"output”: "{\"argument_relations_list\":
[L\"<ACO>\", \"<AC3>\"1, [\"<AC1>\", \"<AC3>\"],
[\II<AC2>\” , \H<AC3>\”]]}H

Example data for PE ARC task:

"instruction”: "You are an expert in Argument
Mining. You are given an essay containing
numbered argument components enclosed in <AC>
tags (e.g., <AC1>...</AC1>).\n\nYou are also
given a list of pairs of related argument
components in the form: [[\"source AC\", \"target
AC\"], ..., [\"source AC\", \"target AC\"]1]. Your
task is to classify each pair of related argument
components in the list as either \"Support\"” or
\"Attack\". You must return a list of relation
types in following JSON format:
{\"relation_types\": [relation_type (str),
relation_type (str), ., relation_type
(str)I}\n\n\"source AC\" and \"target AC\" are
argument components (ACs) in the essay text (such
as \"<AC1>\", \"<AC2>\", ...).\nSome paragraphs
do not contain any argument components (without
<AC> tags), for these paragraphs, output an empty
list for \"relation_types\".\nDo not include any
explanations or extra text, just the json
object.\n"

"input”: "### Here is the paragraph text: However
, some people might ask : what if the criticism
proves to be wrong ? What if that I was at first
right but the seemingly reasonable criticism led
me to the wrong direction ? Doesn ' t insistence
also a good character ? In my point of view ,
<ACO> even if you are right , criticism is still
helpful </AC@> because <AC1> in this case it not
only is a fixer , but it also serves as a
practice to test you how much you know about your
work </AC1> . <AC2> Taking criticism doesn ' t
necessary mean that you have to take it all
</AC2> . <AC3> You should have your own judgments
too </AC3> ! <AC4> And it ' s kind of art to make
the best use of criticism </AC4> .###tHere is the
list of pairs of related argument components in
this paragraph: [['<AC1>', '<AC@>'], ['<AC2>',
'<ACO>'], ['<AC3>', '<ACO>'], ['<AC4>',
'<ACO>'1]"

"output”: "{\"relation_types\": [\"Support\”,
\"Support\", \"Support\”, \"Support\”]1}"

Example data for abstRCT dataset:

"instruction”: "You are an expert in Argument
Mining. You are given a biomedical abstract
containing numbered argument components enclosed
in <AC> tags (e.g., <AC1>...</AC1>).\nYour task
is to identify argument relations between
argument components in the abstract text and
classify their relation type as either
\"support\"” or \"attack\".\n\nOutput
Format\nReturn a single json object containing
the relation types between different argument
components:\n{\"argument_relation_types_list\":
[[\"source AC\", \"target AC\", \"support\” |
\"attack\"],..., [\"source AC\"”, \"target AC\",
\"support\"” | \"attack\"J1}\n\"source AC\" and
\"target AC\" is argument components (ACs) in the
abstract text (such as \"<AC1>\", \"<AC2>\",
...).\n\nDo not include any explanations or extra
text, just the json object.\n"
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"input”: "Here is the abstract text: <AC1> Taxol
(paclitaxel; Bristol-Myers Squibb, Wallingford,
CT) is a new anticancer agent with activity in a
number of human tumors, including epithelial
ovarian cancer. </AC1>In nonrandomized trials,
doses studied have ranged from 135 mg/m2 to 250
mg/m2 administered over 24 hours with
premedication to avoid hypersensitivity reactions
(HSRs). This study addressed two questions: the
dose-response relationship of Taxol in relapsed
ovarian cancer and the safety of a short infusion
given with premedication. Women with
platinum-pretreated epithelial ovarian cancer
and measurable recurrent disease were randomized
in a bifactorial design to receive either 175 or
135 mg/m2 of Taxol over either 24 or 3 hours.
Major end points were the frequency of
significant HSRs and objective response rate.
Secondary end points were progression-free and
overall survival. Of 407 patients randomized, 391
were eligible and 382 assessable for response.
Analysis was performed according to the
bifactorial design.<AC2> Severe HSRs were rare
(1.5\% patients) and were not affected by either
dose or schedule. </AC2><AC3> Response was
slightly higher at the 175-mg/m2 dose (20\%) than
at 135 mg/m2 (15\%), </AC3><AC4> but this was not
statistically significant (P = .2). </AC4><AC5>
However, progression-free survival was
significantly longer in the high-dose group (19 v
14 weeks; P = .02). </AC5><AC6> Significantly
more neutropenia was seen when Taxol was
administered as a 24-hour infusion. </AC6><AC7>
Response rates were similar in the 24- and 3-hour
groups (19\% and 16\%, respectively; P = .6).
</AC7><AC8> No survival differences were noted.
</AC8><AC9> The 3-hour infusion of Taxol is safe
when given with premedication and is associated
with less neutropenia. </AC9>There is a modest
dose effect with longer time to progression at
175 mg/m2.<AC10> The observation that longer
infusion produces more myelosuppression but does
not yield higher response rates should lead to
further studies to determine the optimal dose and
schedule of this interesting new agent. </AC10>"

"output”: "{\"argument_relation_types_list\":
[L\"<AC2>\", \"<AC9>\", \"support\"], [\"<AC3>\",
\"<AC7>\", \"attack\"], [\"<AC4>\", \"<AC3>\",
\"attack\"], [\"<AC5>\", \"<AC9>\", \"support\"],
[\"<AC6>\", \"<AC9>\", \"support\"], [\"<AC7>\",
\"<AC9>\", \"support\"], [\"<AC8>\", \"<AC9>\",
\"support\"113}"

A.3 Dataset licenses, statistics and models

We use three publicly available datasets for AM:
ADbstRCT (Mayer et al., 2020), CDCP (Park and
Cardie, 2018), and Persuasive Essays (PE) (Stab
and Gurevych, 2014). All datasets are cited
appropriately and distributed for research purposes.
Our use aligns with their intended purpose of
studying argumentative structures. The datasets
are released under the following licenses:
AbstRCT: Creative Commons Attribution-
NonCommercial-ShareAlike 4.0 International (CC
BY-NC-SA 4.0).

CDCP: ODC Open Database License v1.0 %1,
Persuasive Essays: Creative Commons Attribution-
NonCommercial-ShareAlike 4.0 (CC BY-NC-SA
4.0).

All datasets are in English.

The train test split for AbstRCT, CDCP and PE
dataset are shown in Table 5, Table 6 and Table 7
respectively.

split num
train 350
glatest 100
mix test 100
neo test 100

Table 5: Train test split for abstRCT datset.

num

split
train 580
test 150

Table 6: Train test split for CDCP dataset.

split num
train 1796
test 439

Table 7: Train test split for PE dataset.

We fine-tune and evaluate several open-source
large language models using LoRA adapters:
LLaMA 3.2: 1B, 3B; LLaMA 3.1: 8B; Qwen
2.5: 1.5B, 7B. All models are used under their re-
spective licenses for non-commercial research. We
report parameter sizes, compute resources (A100
GPU), and training configurations in the experi-
mental setup section.

A.4 Explanations for macro F1 score

Following Cabessa et al. (2025), for all tasks (ACC,
ARI, ARC, ARIC), the F1 score is computed over
the whole test set. Below, we provide explanations
for how we compute macro F1.

ACC: for this task, the model will output the
following:

{"<AC1>": "component_type",
"<AC2>": "component_type”, ...}

We process the data so the ground truth also has
the same format. Suppose we obtain the output

*http://www.opendatacommons.org/licenses/odbl/1.0/
https://spdx.org/licenses/ODbL-1.0.html
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which is a list of dictionaries. Each dictionary cor-
responds to a paragraph in test set with 2 keys:
predict which is the model predictions and label
which is the ground truth, both of them are in the
above format. Our process of computing F1 score
for ACC task is as follows:

1. Initial 2 lists: pred list which will store
the components and their labels from model
predictions and gt 1ist which will store the
components and their labels from ground truth.
We concatenate the output from different para-
graphs into these 2 lists. Therefore, pred
list and gt list are list of dictionaries with
predictions or ground truth per article.

2. Loop over all the article, for each article, we
have 2 dicts, gt dict and pred dict that
contain component and their types for ground
truth and model predictions. (1) We convert
the keys of gt dict and pred dict to digits
(remove < > and AC) to avoid format issues.
(2) We then compare whether they have the
same keys, if gt dict contains extra keys
which means the model misses some compo-
nents, we add ’none’ to the corresponding
keys. Note "none’ will not be used as a label
when computing F1 score, which means we
count the model as wrong for this situation. If
pred dict have more keys, we will pop the
extra keys. (3) We then append the compo-
nent types from gt dict and pred dicttoy
true and y pred in the same order, if a key
presented in gt dict but not pred dict, we
will append ’none’ toy pred.

3. Finally, we compute macro F1 score over y
true and y pred with the component types
in the datasets (such as ’claim’, *majorclaim’)
as labels in sklearn.metrics.f1_score.

ARI: For this task, the model will output the
following:

{"argument_relations_list":
[["source AC", "target AC"],...,
["source AC", "target AC"]11}

Suppose we obtain the output which is a list of
dictionaries. Each dictionary corresponds to a para-
graph in test set with 2 keys: predict which is the
model predictions and label which is the ground
truth, both of them are in the above format. Our
process of computing F1 score for ARI task is as
follows:

1. Initialize 2 lists: gt list and pred list
which will be used to store whether the given
argument component pair has relation or not.
These 2 lists contains 2 types of elements:
relation” which indicates the given argument
component pair has relation, 'none’ which
indicates the given argument component pair
does not have relation.

2. Loop over all the paragraph, for each para-
graph, we first find the maximum index of
argument component in the input max ac.
For both model predicted or ground truth
’argument relation list, we use the fol-
lowing method to append ’relation’ or "none’
topred list orgt list: for every possible
i, jpairin 0 < i,j < max ac, if [<ACi>,
<ACj>] appears in model predicted or ground
truth ’argument relation list, append
"relation’ topred listorgt list, other-
wise, append "none’ to them.

3. Compute macro F1 score over pred list and
gt list.

ARGC: For this task, the model will output the
following:

{"relation_types"”: [relation_type (str)
, ... , relation_type (str)]}

Suppose we obtain the output which is a list of
dictionaries. Each dictionary corresponds to a para-
graph in test set with 2 keys: predict which is the
model predictions and 1label which is the ground
truth, both of them are in the above format. Our
process of computing F1 score for ARC task is as
follows:

1. Initialize 2 lists: gt list and pred 1list
which will be used to store relation types
across all the paragraphs for ground truth and
model predictions.

2. Loop over all the paragraphs, for each para-
graph, let gt types denote the ground truth
"relation types’ and pred types denote
the model predicted ’relation types’. If
the length of gt types is less than pred
types, which means the model predicts more
than needed, in this case, we pop the extra
predictions. If the length of gt types is more
than pred types, which means the model
predicts less than needed, in this case, we as-
sign "none’ for the lacking predictions. Note
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"none’ will not be used as a label type when
computing F1 score. After these processes, ex-
tend gt types and pred typesto gt list
and pred list.

3. Compute F1 score over gt list and pred
list with the relation types in the datasets
(such as ’support’, ’attack’) as labels in
sklearn.metrics.f1_score.

ARIC: The computation of F1 score for ARIC
is similar to ARI, except that we append the actual
relation types (such as ‘support’, ‘attack’ to gt
list and pred list instead of using ‘relation’.

Hyperparameter value
max_length 1024
per_device_train_batch_size 8
gradient_accumulation_steps 1
num_train_epochs 5
Ir_scheduler_type ’cosine’
warmup_ratio 0.1
learning_rate le-4
bf16 True

Table 8: Training hyperparameters used in the experi-
ments.

Hyperparameter value
max_new_token 1024
do_sample False

Table 9: Generation hyperparameters used in the experi-
ments.

A.5 Experiment configurations

We use HuggingFace SFTTrainer!! for all the ex-
periments. The LoRA config is shown in Table
10 The training hyperparameters are reported in
Table 8. We use the hyperparameters in Table 9 for
generation. Training a LLaMA 3.2 1B multitask

11https ://huggingface.co/docs/trl/v@.26.1/en/
sft_trainer#trl.SFTTrainer

Hyperparameter  Value
r(rank) 8
lora_alpha 16
bias none
target_module all_linear

Table 10: Hyperparameters for PEFT.

Corrupt  Single-task Multitask
Percentage  ,cc  ACC  ARI  ARC
Uncorrupted 0.855 0.867 0.798 0.795
0.1 0.849 0.854 0.788 0.730
0.2 0.822 0.834 0.803 0.792
0.3 0.779 0.847 0.780 0.778

Table 11: Effect of corrupting PE ACC task data. Single-
task: model trained on corrupted ACC data. Multi-
task: model trained on mixture of corrupted ACC, and
original ARI and ARC data. The base LLM model is
Qwen2.5 1.5B.

Diagonal CKA Similarity Across Layers (LLaMA 3.2 1B AbstRCT)
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Figure 10: Layer-wise CKA similarity between mul-
titask and single-task model on AbstRCT dataset for
LLaMA 3.2 1B.

model on PE ACC, ARI, ARC tasks takes around
30 minutes.

A.6 Additional experiment results

2097


https://huggingface.co/docs/trl/v0.26.1/en/sft_trainer#trl.SFTTrainer
https://huggingface.co/docs/trl/v0.26.1/en/sft_trainer#trl.SFTTrainer

Layer-wise MMD Score (LLaMA 3.2 1B)
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Figure 11: Layer-wise MMD score between PE and
AbstRCT datset for LLaMA 3.2 1B.
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Figure 12: Layer-wise silhouette score between PE and
CDCP for LLaMA 3.2 1B.
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Figure 13: Layer-wise silhouette score for other models.
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