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Abstract

Cross-task generalization mimics human intelli-
gence through the ability to perform tasks by re-
calling foundational skills acquired previously.
In this paper, we argue that argument genera-
tion and argument retrieval are complex tasks
that could leverage cross-tasking atomic argu-
ment mining and argument quality assessment
tasks, even if there is no supervision. We em-
pirically demonstrate the rationale behind our
claim through the ArgLLM framework1, includ-
ing a total of 18.9K instruction data using a
multi-choice question-answering format, scal-
ing up through multi-tasking and model merg-
ing, six natural language argumentation atomic
tasks to four complex argument generation and
argument retrieval tasks. Our results and anal-
ysis, using the backbone Mistral and Llama
models, show that cross-tasking in zero-shot
settings outperforms base models and is robust
to varying strategies, tasks, and model sizes,
offering a valuable trade-off between computa-
tional cost and task performance.

1 Introduction

Over the past two decades, argument retrieval (AR)
and argument generation (AG) have attracted sig-
nificant attention, largely motivated by practical
applications including intelligent personal assis-
tants (e.g., IBM Project Debater (Bar-Haim et al.,
2021)) and argument search engines (e.g., args.me
(Wachsmuth et al., 2017b)). In their essence, AG
and AR follow a process based on three core
tasks: (i) extracting argument units (e.g., premises,
claims) from large-text corpora; (ii) classifying re-
lations between argument units (e.g., pro, cons)
and between arguments (e.g., support, attack); and
(iii) assessing the quality of each argument accord-
ing to specific criteria (e.g., relevance (Bondarenko

1Our data and supplementary material are publicly avail-
able at https://huggingface.co/collections/mcodjo/
argllm-datasets

et al., 2020)). Fostered by the remarkable capabili-
ties of large language models (LLMs), an extensive
body of work in natural language argumentation
(NLA) has focused on exploring their potential
in performing argument unit extraction (Abkenar
et al., 2024; Chen et al., 2024a), argument rela-
tion extraction (Abkenar et al., 2024; Gorur et al.,
2024; Gemechu and Reed, 2024), and argument
quality assessment (Gupta et al., 2024; Muti et al.,
2024). However, although important, AG and AR
have not yet received the research interest they de-
serve. The literature on leveraging the capabilities
of LLMs for AG (Furman et al., 2023; Kao and Yen,
2024; Mouchel et al., 2024; Eskandari Miandoab
and Sarathy, 2024) and AR (Dhole et al., 2025;
Thakur et al., 2024) highlights their still open chal-
lenges: (i) generated or retrieved arguments are
long and complex, making human evaluation costly
and time-consuming; (ii) model fine-tuning is only
slightly beneficial to base model even with increas-
ing model sizes, inducing furthermore, computa-
tional and human-annotation costs; (iii) knowledge
prompting and in-context learning help AG and AR
but performance is critically sensitive to prompt op-
timization and to the quality of the examples used,
thus lowering model robustness.

In this paper, we overcome these limitations with
a new perspective. Specifically, we come back to
the essence of AG and AR by considering them
as complex tasks which invoke three foundational
atomic tasks: Argument STructure identification
(AST), ARgument reLation classification (ARL),
and Argument Quality Assessment (AQA). Our
key idea draws from previous work in multi-step
prompting (Wei et al., 2022; Zhou et al., 2023),
cross-task and compositional generalization (Chat-
terjee et al., 2024; Ye, 2024; Hupkes et al., 2020):
ideally, if an LLM has already learned foundational
skills, it is expected to be able to solve any task
whose outcomes are composable from the combi-
nation of these skills, a critical ability akin to hu-
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man intelligence. With this in mind, we formulate
the AG and AR complex tasks as a cross-tasking
learning problem, whose solution leverages the
combination of AST, ARL, and AQA atomic tasks’
skills. To this end, we employ multi-tasking (Raf-
fel et al., 2020; Radford et al., 2019) and model
merging strategies (Jang et al., 2024; Wortsman
et al., 2022) to combine the foundational skills.
As a first step in investigating this direction, our
goal is not to study how AG and AR can be con-
ceptually decomposed into atomic tasks2; instead,
our goal is to empirically evaluate the extent to
which the atomic tasks’ skills help improve AG
and AR complex tasks in zero-shot. To this end,
we propose ArgLLM, the first argumentation frame-
work that allows scaling from atomic tasks to AG
and AR complex tasks. It includes an instruction-
tuning dataset, with a total of 18.9K instruction
data, 6 cross-tasking strategies, and a set of 12
LLM-based models for AG and AR. To the best
of our knowledge, our proposal brings a new per-
spective to computational argumentation (CA). It
enjoys several potential benefits. First, it improves
LLM base models without fine-tuning the complex
AG and AR tasks, and does not require knowledge-
intensive prompt optimization. Second, we expect
LLMs to have a strong cross-task generalization
ability to diverse AG and AR tasks (e.g., argument
essay generation, claim generation) that can be
solved by combining foundational argumentation-
related skills. Third, it opens up research opportu-
nities: (i) inherently supporting continual learning
by adding to backbone LLMs new foundational
argumentation-related skills; and (ii) improving
their interpretability by supporting their generation
with the atomic tasks’ intermediate results.
Contributions: (1) We introduce cross-task gener-
alization from atomic argumentation skills to com-
plex tasks in CA; (2) We release ArgLLM, a frame-
work for cross-task generalization of AG and AR
tasks; (3) We empirically show the potential of
our perspective through in-depth experiments and
analyses of cross-tasking strategies, model train-
ing methods, and cost, which hopefully will open
avenues of research in this direction.

2This goal is left for future work as mentioned in the con-
clusion

2 Related work

2.1 Argument generation and argument
retrieval.

AG encompasses a wide range of tasks, includ-
ing counter-argument generation (Lin et al., 2023;
Jo et al., 2021; Alshomary et al., 2020) and essay
claim generation (Bao et al., 2022; Liu et al., 2021)
to cite but a few. AR aims to select a ranked list
of candidate arguments that support or attack a
controversial topic (Wachsmuth et al., 2017b). Ad-
ditional tasks, such as retrieval for comparatives
and image retrieval for arguments, have been sug-
gested in the Touché evaluation campaign (Bon-
darenko et al., 2020). However, the emergence of
generative information retrieval (Li et al., 2025),
closes the gap between AG and AR, allowing for
providing generative answers instead of a ranked
list of arguments (Dhole et al., 2025; Kiesel et al.,
2025). Previous works have shown the potential
of LLMs for AG and AR concerning diverse as-
pects among which the following: (i) LLMs can
generate reasonable-quality arguments and counter-
arguments but with a huge supervised training and
prompting (Lin et al., 2023; Freedman et al., 2024;
Mouchel et al., 2024; Eskandari Miandoab and
Sarathy, 2024) or high-quality training argumenta-
tion training examples (Furman et al., 2023); (ii)
LLMs can serve as judges of argument relevance by
relying on supervised training using gold human an-
notations or self-refinement instructions (Lin et al.,
2023; Kao and Yen, 2024). Recently, authors in
(Stahl et al., 2025; Farzam et al., 2024) explored
instruction-tuning of a wide range of argumenta-
tive tasks, including argument mining, argument
quality assessment, and AG tasks to design domain-
specific LLMs in CA. However, our objective here
is different; we are interested in whether LLMs
have zero-shot cross-task abilities by combining
foundational skills (AST, ARL, AQA) to acquire
new skills (AG, AR).

2.2 Cross-task generalization of LLMs
It is well-acknowledged that LLMs exhibit strong
abilities for multi-tasking a wide range of NLP
tasks (Raffel et al., 2020; Radford et al., 2019).
However, it has been shown that they struggle in
understanding complex instructions or performing
complex tasks involving multiple or compositional
steps (He et al., 2024; Chen et al., 2024b). One ma-
jor finding is their limited ability to reuse learned
skills to acquire the required skills to solve com-
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plex unseen problems, a challenge known as cross-
task generalization (Chen et al., 2024b; Lin et al.,
2022). To tackle this challenge, previous work ad-
dressed several approaches improving one design
aspect of LLMs: (i) prompting through in-context
learning strategies such as chain-of-though (COT)
(Wei et al., 2022), Least-to most prompting (Zhou
et al., 2023), and compositional prompting (Chen
et al., 2024b). However, these methods require
huge prompt optimization; (ii) training: the key un-
derlying idea is to endow LLM with the ability to
compose vs. decompose complex tasks in less com-
plex ones by leveraging compositional fine-tuning
(Zhang et al., 2024, 2021; Bursztyn et al., 2022) or
retrieval-augmented training data (Lin et al., 2022).
(iii) orchestration of multiple LLMs: this strategy
involves several LLMs bringing each knowledge or
task skills, leveraged to build a multi-skill model
using either multi-agent frameworks (Khot et al.,
2021; Du et al., 2024), or model merging, where a
single multi-task model without access to the train-
ing data, is built upon the parameters of multiple
independent fine-tuned models with different skills
(Jang et al., 2024; Wortsman et al., 2022).
Drawing insights from this literature, we initiate
cross-task generalization in CA by investigating
whether zero-shot transfer to AG and AR can be
efficiently achieved by multitasking or merging the
foundational atomic tasks of AST, ARL, and AQA.

3 Problem definition

3.1 Definitions and notations

Atomic task. An atomic task τ , defined for an in-
put space X to an output space Y with a parametric
function f τ (x; θτ ) : X → Yτ , requires a relatively
low cognitive load to output yi ∈ Yτ from a given
input x ∈ X . We consider atomic task-specific loss
functions as Lτ (·, ·) : Yτ × Yτ → R+.

Complex task. A complex task T requires a high
cognitive load to output y ∈ YT from a given input
x ∈ X . In this paper, we consider a task as complex
when it involves multiple atomic tasks.

Cross-task generalization. Given a set of n
tasks T = {τ1 . . . τn} with each task τi a train-
ing dataset Di containg a set of ni examples
{(xik, yik)ni

k=1}, the objective of cross-task gener-
alization is to leverage training data D =

⋃n
i=1Di

and transfer knowledge to facilitate learning a seen
task (τi ∈ T ) on unseen examples or learning an
unseen task (τ /∈ T ).

3.2 Problem formalization.
In this paper, we hypothesize that AG and AR are
complex tasks that could leverage knowledge shar-
ing and transfer from the foundational atomic tasks
AST, ARL, and AQA tasks. To investigate the ra-
tionale behind our hypothesis, we model AR and
AG as a cross-task learning problem and use their
performance in zero-shot as a proxy to empirically
evaluate the effect of cross-tasking the atomic tasks
AST, AQA, and ARL.

Let us consider a language model Mθ that
generates from a vocabulary V an output answer
A = a1..am where ai ∈ V , is an argument state-
ment (or a list of argument statements), to answer
query input q (e.g, claim, essay). Mθ continuously
generates, at inference, the tokens of answer state-
ments ai as follows:

ai = Mθ(ai|θT , a<i, q, θ) (1)

where a<i are the previously generated tokens.
We consider T = {τAST , τARL, τAQA},

as the three atomic CA tasks defined re-
spectively by the parametric functions
fast(x; θast), farl(x; θarl), faqa(x; θaqa) used to
train Mθ based on two strategies of cross-tasking
methodologies:

Multi-tasking (MT): Multi-tasking (Raffel et al.,
2020; Radford et al., 2019) is a one-stage process
which consists of training the language model back-
bone Mθ0 on all the task-specific training exam-
ples (x, y) ∈ D with D =

⋃
τ∈T Dτ using the loss

objective:
L(θmt) = min

θsh,θτ

∑

(x,y)∈D
ατL(f τ (x; θsh, θτ ), y)

(2)
where ατ is a task-specific parameter, and θsh

are parameters shared between the atomic tasks
AST, ARL, and AQA.
Model merging (MG): Model merging (Jang
et al., 2024; Wortsman et al., 2022) is a two-stage
process. The first stage consists of fine-tuning inde-
pendently the language model backbone Mθ0 on
each task-specific’ training examples (xi, yi) ∈ Di

leading to the models Mθi , τi ∈ T . The second
stage involves merging the fine-tuned models us-
ing a parameter-wise merging strategy. Formally,
the goal of model merging is to find the optimal
coefficients λ∗

i , i = 1..n so that the merged model
Mθmg can transfer the capabilities of τi ∈ T . θmg

is computed using a core merging function f as:

θmg = f(λ∗
i , τ̂i)

n
i=1 (3)
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where τ̂i is the parametric task vector of τ i com-
puted by using θi and θ0.

4 The ArgLLM Framework

In the following, we detail the ArgLLM framework
designed to address our problem (§ 3).

4.1 Task categories, tasks and datasets

Atomic tasks (τ ). We consider a set of argument
mining and argument quality assessment atomic
tasks (n = 6) that fall into 3 categories:

- Argument Structure identification (AST): in-
cludes a set of argument mining tasks whose objec-
tive is the identification of argumentative structure
in natural language text. We consider the follow-
ing tasks: (1) argument unit segmentation (US) in
persuasive essays using the dataset AAE-v2 Essays
(Stab and Gurevych, 2014); the input is a text seg-
ment and the output a label (Premise, Claim, Major
claim); and (2) claim evidence detection (CD) for
fact checking using the dataset CheckThat!2022
(Nakov et al., 2022); the input is a claim and the
output is a candidate evidence.
- Argument Relation (ARL): includes a range of
argument mining tasks whose objective is to iden-
tify the relation between argumentative units. We
address the following tasks: (3) claim stance clas-
sification (SC) using the IBM Stance dataset (Bar-
Haim et al., 2017); the input is a pair (Topic,
Claim), the output indicates whether the claim sup-
ports (Favor) or contests (Against) the topic; and (4)
support/attack relation classification (SA) in persua-
sive essays using the dataset (Stab and Gurevych,
2014); the input is a pair (Premise, Claim) and the
output is the type of relation (Support vs. Attack).
- Argument Quality Assessment (AQA): includes a
range of tasks whose objective is to evaluate the
strength of an argument based on a set of quality-
related criteria. We address tasks based on two
different criteria: (5) the argument reuse (AU) cri-
terion where the quality of an input argument’s
conclusion is determined based on its reuse as a
premise, as proposed in the Webis-ArgRank-17 cor-
pus (Wachsmuth et al., 2017c); and (6) the cogency
criterion based on the objective acceptability (OA)
of an input argument as defined in the Dagstuhl-
15512 corpus (Wachsmuth et al., 2017a).

Complex Tasks (T ). We explore the following
AG and AR tasks:
- Argument Generation (AG): The objective of an

AG task is to generate from plain texts argumenta-
tive text segments. In this work, we consider: (1)
argument essay generation using the AEG dataset
(Bao et al., 2022), whose objective is to generate
a persuasive argumentative essay from a writing
automatically; and (2) claim generation using the
iDebate corpus (Wang and Ling, 2016), whose ob-
jective is to generate a claim given a set of argu-
ments on the same topic. We posit that achieving
each of the above AG tasks’ objectives involves
multiple atomic tasks: argument structure identi-
fication (AST) from plain or argumentative texts,
identifying the stance of the argument unit toward
a given topic (ARL), and appropriately logically
incorporating the arguments in a persuasive argu-
mentative text (AQA).
- Argument Retrieval (AR): This task consists of
retrieving relevant and acceptable arguments or
counter-arguments to a given claim or topic. In
particular, we consider the Arguana (Wachsmuth
et al., 2018) and Touché2020 (Bondarenko et al.,
2020) datasets.
Datasets’ statistics are presented in Table 1.

4.2 Building argument instructions

Learning a unique objective loss for Mθ

(Mθmt ,Mθmg ) with the same underlying decoding
process faces the issue of the heterogeneity of the
input-output (i.e., {(xik, yik)}ni=1) formats across
the atomic tasks. To tackle this issue, we build a
unified text-to-text instruction framework as pre-
viously done in NLP (Raffel et al., 2020; Radford
et al., 2019), enabling standard causal language
model training with a cross-entropy loss. To al-
low fair comparison with the merging cross-tasking
methodology, we adopt the same instruction format
and loss objective to train Mθi . Specifically, we
adopt a unified MCQA format, based on a question
and a set of answer options with associated sym-
bols (e.g., A, B). This format is effective to endow
LLMs with the task knowledge through relevant
answer selection while mitigating token represen-
tation bias (Robinson and Wingate, 2022). To this
end, we approach each atomic task τi as either a
binary classification task or a multi-label classifica-
tion task from which we formulate the question and
answer options to fit the MCQA format presented
in Appendix A (full examples for each category are
presented in Table 5).

- Question: For each atomic task τi ∈ T , we
transform the task input element xik in the case of
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Type Task Category Task/Dataset Train Val. Test

Atomic

Argument
STructure

(AST)

Unit Segmentation
(Stab and Gurevych, 2014)

4860 1215 1575

Claim Detection
(Nakov et al., 2022)

3324 307 911

Argument
ReLation

(ARL)

Stance Classification
(Bar-Haim et al., 2017)

831 208 1355

Support/Attack Classification
(Stab and Gurevych, 2014)

2418 605 809

Argument Qua-
lity Assessment

(AQA)

Argument Reuse
(Wachsmuth et al., 2017c)

165 36 36

Objective Acceptability
(Wachsmuth et al., 2017a)

204 52 64

Total Atomic 11802 2423 4750

Complex

Argument
Generation

AEG (Bao et al., 2022) 1003
iDebate (Wang and Ling, 2016) 2259

Argument
Retrieval

Arguana (Wachsmuth et al., 2018) 1406
Touché2020 (Bondarenko et al., 2020) 49

Table 1: Statistics of the atomic and complex datasets.

ARL and claim detection, or the main input ele-
ment of the input xτk in the case of the AQA task
category, into a question (qτk ). For the unit seg-
mentation atomic task, we use markers as done in
Baldini Soares et al. (2019) to identify segment can-
didates, enabling us to form the input qik based on
the sequence labeling of segment tokens as claim,
major claim, or premise.
- Answer options: For AST and ARL, we consider
the candidate answers aikj to each question based
on the set of unique labels or gold answers in the
dataset (e.g., Favor, Against), and provide them as
answer options by ensuring that the gold answer
a∗i is among the options. For AQA, we provide
the remaining elements of the input as answer op-
tions. Subsequently, we form the training examples
(xik, y

i
k) by the concatenation of the question qk

and each of the candidate answers aikj to form the
input Xi

k, while the gold answer a∗i becomes the
supervision yik.

To enable the language models Mθ to under-
stand each of the atomic task objectives and es-
tablish patterns from training data (xik, y

i
k) to the

atomic task τi, we append to each training exam-
ple a template-based natural language instruction
Ii of τi to let the model Mθ learn the probability
p(x, y, τi). Detailed templates are presented in Ap-
pendix A, Table 6. The resulting ArgLLM training
dataset D includes a set of N = 18, 975 MCQA
instructions split into training, validation, and test
sets. Finally, we use causal language modeling
as the unified loss objective to train the language
models Mθmt and Mθi .

4.3 Cross-tasking methodologies
Multi-task instruction tuning. We explore three
strategies to train the model Mθmt :
- Mixing (ArgLLMMX ): As done in Raffel et al.
(2020), ArgLLMMX corresponds to proportion-

ally mixing instructions training data from multiple
atomic tasks’ categories to guarantee their joint
learning in each training batch.
- Sequential (ArgLLMSQ): Considers the task se-
quence based on an intuitive order (AST), then on
(ARL), and finally on (AQA).
- Partially-sequential (ArgLLMPS): We explore
a hybrid training strategy where the model fully
learns a target atomic task and then subsequently
learns additional tasks in a multi-task fashion (Raf-
fel et al., 2020).
Model merging. We explore the following core
functions f (§ Eq. 2) to train the model Mθmg :
-Model Soup (MS) (Wortsman et al., 2022): Con-
sists of performing a linear combination of input
models’ weights using a model-wise coefficient.
Formally θmg =

∑n
i=1 λiθ

i, where
∑n

i=1 λi = 1
and ∀iλi > 0.
-Model Ties (Yadav et al., 2023a): This model
takes into account the interference between differ-
ent parameters during merging. Formally θmg =
θ0 + λτ̂mg, where τ̂mg is the task vector using
the mean parameter values from the models whose
signs are the same as the aggregated elect sign of
the top k% parameters of each task vector θi.
- Model SVD (Stoica et al., 2025): This model
first aligns, using a Singular Value Decomposition
(SVD), LORA task vectors’ parameters with full-
finetuned ones before model merging. In this paper,
we performed the SVD and applied the linear com-
bination of input models as done in the model Soup
(Wortsman et al., 2022), i.e., θmg =

∑n
i=1 λiθ̂i

where θ̂i is computed as the concatenation of the
LoRA task’ vector parameters’ updates.

To build model Mθmg , ArgLLM relies on param-
eter tuning of θi based on the performance of each
atomic task and in the selection of λ∗. For the sake
of simplicity, we opted for equal λ∗ weights when
possible; Appendix B provides further details.

5 Experimental Results and Analysis

This section presents the main experiments and
results. Appendix B presents the implementation
details, and Appendix C details both these experi-
ments and additional ones.

5.1 Experimental Setup

Backbone models. We use two foundation mod-
els, Llama-3-8B3 (AI@Meta, 2024) and Mistral-

3meta-llama/Meta-Llama-3.1-8B-Instruct
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7B4 (Jiang et al., 2023). From these backbone
models, we derive the following models:
-ArgLLMAST is finetuned on argument structure
datasets within the AST task category and exclud-
ing all the other tasks.
-ArgLLMARL is finetuned on argument relation
datasets within the ARL task category and exclud-
ing all the other tasks.
-ArgLLMAQA is finetuned on argument quality
datasets within the AQA task category and exclud-
ing all the other tasks.
-ArgLLMMT is finetuned on all the considered
datasets within the atomic task categories AST,
ARL, and AQA in a multi-task setting.
-ArgLLMMG is obtained by combining the weights
of the three atomic task models: ArgLLMAST ,
ArgLLMARL, and ArgLLMAQA.

5.2 Effectiveness evaluation on AG and AR

Atomic tasks are worth cross-tasking. First, we
aim to understand to what extent the atomic NLA
task categories relate. To this end, we conduct a
study of "out-of-category" transferability and "task-
vector orthogonality" for the two cross-tasking
methodologies, namely, multi-tasking and merg-
ing, respectively. Each of the atomic-task mod-
els ArgLLMAST , ArgLLMARL, and ArgLLMAQA

was used to build a vector τ̂ i by using all train-
able parameters whose size is the vector dimension.
We evaluate the in-task performances as well as
the capabilities in transferability. To do so, each
model was tested within its own category and in the
remaining unseen atomic tasks. Additionally, to
measure the task-vector orthogonality, we calculate
cosine similarities between each pair of vectors.
Figure 1 (a) presents the cosine similarity values
between task vectors, while Figure 1 (b) presents
the performance results on the atomic tasks. Some
expected behavior is to have strong values on the
diagonal, paired values by considering each atomic
task category, reflecting the “in-category” interde-
pendence of the tasks. While it is the case for most
of the tasks for both backbone LLMs, we can see
that ArgLLMAQA generalizes to ARL atomic cate-
gory slightly better than their own category (55.12
vs 74.94 and 63.54 vs 72.53) but the task vectors
strongly differ (100 vs 1.24 - 2.11). This obser-
vation is consistent with previous findings from
Wachsmuth et al. (2024), arguing that LLMs can
leverage instruction-following across multiple con-

4mistralai/Mistral-7B-Instruct-v0.3

texts, but they need to be instructed systematically
toward the specific problems to solve. Regarding
the “out-of-category” evaluation, we can see that
the overall results are significantly lower than the
in-category evaluation scores, indicating the out-
of-domain knowledge that can be brought by each
task category, although the decrease rate is more
pronounced with the Llama-3-8B model. Besides,
we can observe that models fine-tuned with ARL
outperformed on the other tasks. This suggests that
this task is usable as a transfer task to other atomic
argumentation tasks.
Overall, this experiment emphasizes both task-
specific skills and shared information across task
categories that could be leveraged through cross-
tasking to improve AG and AR.

Cross-tasking atomic tasks improves AG and
AR in zero-shot. Our main results for both cross-
tasking strategies, using BLEU(-4) and NDCG@10
metrics, are presented in Table 2 (full metrics used
for these datasets are presented in Appendix C,
Tables 8 and 9). We can see that Llama-3-8B
versions of ArgLLMMT and ArgLLMMG outper-
form several other configurations in the AG com-
plex task. Indeed, in zero-shot configuration for
the AG task, Llama-3-8B (4.45 and 2.53) outper-
forms Mistral-7B (3.73 and 1.75) in both datasets
(AEG or iDebate). Moreover, our ArgLLMMT and
ArgLLMMG models outperform the zero-shot alter-
natives regardless of the dataset and models (Llama-
3-8B or Mistral-7B), which suggests robustness
in the training in atomic tasks. Moreover, some
atomic models, such as ArgLLMARL for Mistral-
7B or ArgLLMAQA for Llama-3-8B, outperform
the ArgLLMMT and ArgLLMMG models, which
suggests that a more elaborate cross-tasking strat-
egy may grasp extra improvement on top of our
proposal. Regarding the AR complex task, we can
observe from Table 2, that our multi-task strategy
outperforms zero-shot capabilities on both datasets
(Arguana and Touché2020). More interestingly,
the individual atomic tasks ArgLLMAST (35.01),
ArgLLMARL (36.71), and ArgLLMAQA (33.09)
outperform the zero-shot Mistral-7B (33.08), but
the ArgLLMMT successfully merges the individ-
ual efforts up to a 39.26 performance in terms
of NDGC@10. This shows that the atomic tasks
jointly contribute to outperforming the AR com-
plex task. A similar behavior is observed for the
same model (Mistral-7B) on the Touché dataset,
but with only ArgLLMAQA slightly outperforming
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(a) Transferability across atomic tasks.

(b) Task vectors similarity.

Figure 1: Comprehensive analysis of atomic tasks using
Mistral-7B (left) and Llama-3-8B (right): Top row (a) shows
performance transferability across atomic task datasets, and
bottom row (b) depicts the cosine similarities of task vectors.

Argument
Generation

Argument
Retrieval

AEG iDebate Arguana Touché
BLEU-4 BLEU NDCG@10

ZS
Mistral-7B 3.73 1.75 33.08 39.17
Llama-3-8B 4.45 2.53 32.14 33.35

Fi
ne

-t
un

ed

ArgLLMAST
Mistral-7B 4.60 4.10 35.01 35.37
Llama-3-8B 4.68 3.50 34.80 31.09

ArgLLMARL
Mistral-7B 4.50 4.30 36.71 37.60
Llama-3-8B 4.79 3.40 22.78 34.58

ArgLLMAQA
Mistral-7B 3.64 3.64 33.09 39.30
Llama-3-8B 4.38 3.83 32.13 33.40

C
ro

ss
-T

as
k

ArgLLMMT
Mistral-7B 4.56 2.77 39.26 43.89
Llama-3-8B 5.18 3.65 27.94 30.66

ArgLLMMG
Mistral-7B 5.40 3.80 37.41 38.20
Llama-3-8B 5.48 3.64 33.43 37.27

Table 2: Comparative analysis of ArgLLM using BLEU and
NDCG metrics in AG and AR complex tasks. Best LLM-
based performance is indicated in bold.

the zero-shot performances. Results with Llama-
3-8B are less successful for ArgLLMMT in AR,
however, ArgLLMMG (33.43 and 37.27) shows a
different behavior as they outperform the zero-shot
baselines of the same model (32.14 and 33.35).

5.3 Ablation study

Table 3 presents the results of our thorough ab-
lation study on the atomic task categories. Our
main observations are the following: (1) Mistral-
7B version of our ArgLLMMT and ArgLLMMG

shows that removing any of the atomic tasks neg-
atively affects the overall performance, except for
the iDebate dataset, and, partially, for the Ar-
guana dataset, where removing the ARL atomic
task is beneficial in the overall performance. This
is consistent on the iDebate dataset with the re-
sults in Table 2, where atomic-task models also
achieve better results; (2) Llama-3-8B version of
our ArgLLMMT is positively affected when remov-
ing the AQA atomic task. This specific behaviour

of AQA tasks has also been observed in the trans-
ferability evaluation of atomic tasks (§ 5.2). It
suggests a poor integration of the AQA atomic
task into our multi-task strategy for Llama-3-8B
that was not observed for ArgLLMMT when us-
ing Mistral-7B nor ArgLLMMG (regardless of the
LLM backbone); (3) ArgLLMMG is more stable
when combining different atomic task as ablating
some task may generate slightly better improve-
ments in only 3 out of 8 combinations of LLM and
datasets (5.48 vs 5.51, 37.41 vs 39.75, and 37.27
vs 40.13). While this ablation study corroborates
the overall benefit of cross-tasking atomic NLA
tasks for zero-shot AG and AR, it suggests better
tuning their combination within ArgLLMMG and
ArgLLMMT to optimize the overall performance.
Appendix C (Figure 4) presents a qualitative exam-
ple for AG using both cross-tasking strategies.

5.4 ArgLLM analysis

Impact of cross-tasking strategies. Figure
2 presents comparative results using three
Multi-tasking (ArgLLMMX , ArgLLMSQ,
and ArgLLMPS) and three Model merg-
ing (ArgLLMMSoup, ArgLLMSV D, and
ArgLLMTIES) for Mistral-7B and Llama-3-
8B. We can see that the multi-task setting,
ArgLLMMX , successfully obtains the best
performance (4.56, 39.26, and 43.89) over the
ArgLLMSQ and ArgLLMPS alternatives for three
complex task datasets out of four. Interestingly,
by cross-linking the results of the ArgLLMSQ

alternative with those of the atomic task models
(ArgLLMAST , ArgLLMARL, ArgLLMAQA) pre-
sented in Table 2, we can observe that sequential
training is even worse than the models trained
on task categories, demonstrating the interest of
using a multi-tasking strategy over the atomic
tasks to enhance the LLM with AG and AR task
understanding. Finally, the ArgLLMPS alternative
slightly outperforms the ArgLLMSQ but is still far
behind ArgLLMMT for three out of four datasets.
A similar pattern is observed with merging models
where ArgLLMMSoup outperforms six out of eight
merging configurations, with only two exceptions
where ArgLLMSV D obtains the best performance
for AEG using Mistral-7B and Touché using
Llama-3-8B.

Cross Tasking Cost Analysis. Table 4 illustrates
the relative performance difference in percentage
(raw values are available in Appendix C, Table 11)
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MultiTask (ArgLLMMT ) Merging (ArgLLMMG)

Task Dataset
(Metric) Model - w/o

AST
w/o

ARL
w/o

AQA -
w/o
AST

w/o
ARL

w/o
AQA

AG

AEG
(BLEU-4)

Mistral-7B 4.56 3.63 3.61 3.64 5.40 4.81 5.04 5.10
Llama-3-8B 5.18 4.39 4.46 4.45 5.48 5.51 5.14 5.04

iDebate
(BLEU)

Mistral-7B 2.77 3.75 4.01 3.97 3.80 3.69 2.57 3.08
Llama-3-8B 3.65 3.76 3.85 3.92 3.64 1.62 1.59 1.62

AR

Arguana
(NDCG@10)

Mistral-7B 39.26 33.09 33.26 33.67 37.41 33.20 39.75 33.67
Llama-3-8B 27.94 32.21 33.18 33.50 33.43 33.41 30.53 31.06

Touché
(NDCG@10)

Mistral-7B 43.89 37.24 36.28 35.94 38.20 37.52 37.17 38.02
Llama-3-8B 30.66 32.62 42.60 36.48 37.27 39.72 40.13 37.46

Table 3: Ablation study of ArgLLMMT and ArgLLMMG on atomic tasks.

0 1 2 3 4 5 6
BLEU/BLEU-4

ArgLLMSQ

ArgLLMPS

ArgLLMMX

0 10 20 30 40 50
NDCG@10

0 1 2 3 4 5 6
BLEU/BLEU-4

ArgLLMTIES

ArgLLMSVD

ArgLLMMSoup

0 10 20 30 40 50
NDCG@10

(a) Multi-task training methods (ArgLLM_MT)

(b) Model Merging methods (ArgLLM_MG)

AEG iDebate Arguana Touché Mistral 7B Llama 3.1 8B Best methodMistral 7B Llama 3.1 8B Best method

Figure 2: Results of ArgLLM versions by using different train-
ing and merging strategies.

of ArgLLM across three Llama backbone sizes (1B,
3B, 8B), normalized against the 8B vanilla (ZS)
baseline. We can see that while increased model
size generally improves performance (and compu-
tational cost), particularly for generation metrics,
we interestingly observe the effectiveness of cross-
tasking in smaller models: the 1B ArgLLM variants
consistently recover or exceed the capabilities of
the vanilla 8B baseline. Notably, for the AR task,
ArgLLMMT -1B (PEFT) achieves similar perfor-
mance than 8B ZS baseline (-1.8%), despite an
87.5% reduction in total parameters. A similar
trend is observed for the 3B variant in the AG task.
This suggests that cross-tasking enables smaller
models to recover capabilities typically associated
with larger backbones.

A second consistent trend that arises from Ta-
ble 4 is that parameter-efficient fine-tuning (PEFT)
matches or outperforms full fine-tuning (FFT)
across most settings. For the 1B and 8B scales,
PEFT yields substantial optimization margins

(∆%) over FFT, such as a +41.3% and +26.1% gap
in Arguana for MT and MG configurations, respec-
tively. While FFT occasionally shows competitive
generation performance at the 8B scale, it is prone
to significant regressions at smaller scales. We at-
tribute the robustness of PEFT to the optimization
stability of LoRA adapters under limited atomic-
task supervision, which mitigates the catastrophic
interference and overfitting observed in FFT.
These results support the deployment of our pro-
posal in compute and memory-constrained settings.
Impact of few-shot fine-tuning. We investigate
the impact of few-shot fine-tuning using a very
small portion (1–10%) of the available training
data, on the performance of ArgLLMMG and
ArgLLMMT . We conduct this analysis on the AEG
dataset, which is the only dataset in our setting that
provides an official train–test split, allowing fair
comparison with baseline models. The full AEG
training set consists of 9,276 instances. As shown
in Figure 3, with as little as 3% of the AEG training
data (278 samples), the Llama-3-8B–based model
already surpasses the state-of-the-art baseline (Bao
et al., 2022). Similarly, the Mistral-7B–based
model achieves superior performance when approx-
imately 7% of the training data (650 samples) is
used. These findings indicate that our models re-
quire substantially less supervision to outperform
existing fine-tuned strong baselines, trained using
the full AEG training set. These experiments con-
firm the low-cost of our cross-tasking approach
while maintaining strong performance gains over
both zero-shot base LLMs, allowing us to mitigate
current challenges in using LLMs for AG and AR.

6 Conclusion

We demonstrate that AG and AR can effec-
tively leverage cross-tasking foundational skills
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Argument Generation

AEG (BLEU-4) iDebate (BLEU)

Llama-3-8B (ZS) 4.45 2.70

PEFT FFT ∆% PEFT FFT ∆%

C
ro

ss
-T

as
k

A
rg

L
L

M
M

T 1B -5.4% -3.4% -2.0% ↓ -8.5% +12.6% -21.1% ↓
3B -4.9% +3.1% -8.0% ↓ +14.8% +17.4% -2.6% ↓
8B +16.4% -8.5% +24.9% ↑ +35.2% +3.7% +31.5% ↑

A
rg

L
L

M
M

G 1B -7.9% -3.6% -4.3% ↓ +4.4% +10.0% -5.6% ↓
3B +8.5% +3.6% +4.9% ↑ +22.2% +21.1% +1.1% ↑
8B +21.3% -0.4% +21.7% ↑ +34.8% +15.9% +18.9% ↑

Argument Retrieval

Arguana (NDCG@10) Touché (NDCG@10)

Llama-3-8B (ZS) 32.14 33.35

PEFT FFT ∆% PEFT FFT ∆%

C
ro

ss
-T

as
k

A
rg

L
L

M
M

T 1B -1.8% -43.06% +41.3% ↑ -0.6% -21.6% +21.0% ↑
3B -80.3% -82.8% +2.5% ↑ -44.0% -42.4% -1.6% ↓
8B -13.1% 16.3% +3.2% ↑ -8.1% +11.2% -19.3% ↓

A
rg

L
L

M
M

G 1B -16.7% -42.8% +26.1% ↑ -6.2% -26.5% +20.3% ↑
3B -81.3% -79.34% -2.0% ↓ -44.8% -43.7% -1.1% ↓
8B +4.0% -6.9% +11.0% ↑ +11.8% +17.0% -5.2% ↓

Table 4: Percentage gain/loss of ArgLLM relative to the Llama-3-8B (ZS) baseline. PEFT and FFT report relative changes. ∆
denotes the gap (PEFT% - FFT%).

0 1% 3% 5% 10%
Training samples

0

1

2

3

4

5

6

7

B
LE

U
-4

Bao et al., 2022

Llama 3.1 8B (Vanilla)
Llama 3.1 8B (MT)
Llama 3.1 8B (MG)

Mistral 7B (Vanilla)
Mistral 7B (MT)
Mistral 7B (MG)

Figure 3: Performances on AEG dataset for Vanilla and
ArgLLM models from Zero-Shot to Few-Shot Fine-Tuning.
Dashed line indicates the performance for Bao et al. (2022).

that cover argument mining and argument qual-
ity assessment, either by multi-tasking or merg-
ing. Through ArgLLM framework, our empirical
results show that cross-tasking significantly out-
performs base LLMs in zero-shot, that it is robust
to a range of cross-tasking strategies, and exhibits
a good trade-off between computational cost and
task performance. We believe that our findings can
pave the way to impactful future research in NLA.
Promising directions include: (1) designing NLA
models that learn to compose atomic task-specific
LLMs to achieve unseen complex tasks; (2) en-
hancing NLA-based applications (e.g., argument
search engines) with inherent interpretability by
allowing faithfulness of the outcomes based on the
underlying atomic NLA tasks performed.

Limitations

Although we manually designed the templates used
for dataset transformation, no manual nor full veri-
fication was performed on the transformed dataset,
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which may propagate errors present in the original
data or induce new ones during the transformation.
Also, only one template was used per atomic-task
dataset which maybe considered as limited when
compared to the richness that human-generated
MCQA may have. Although no verification was
performed, some data contamination of the test set
may exist as we used public available pre-trained
models. However, note that we used the templates
that changed the way that questions were presented
to the LLMs which may reduce any data contami-
nation issue. For example, in the case of ARL, we
combined separated input text and added marking
tokens to indicate specific content which may re-
duce the contamination effect, if any. Finally, due
to a limited compute budget, we focus the evalua-
tion on two small-sized LLMs. Although we used
GPUs, our PEFT experiments can be run in single-
GPU (H100) units while Full-Finetuning may need
multiple-GPUs (up to 4 H100). Regarding the eval-
uation metrics on the complex task, we limited
our experiments to standard metrics to the given
datasets without exploring more recent setups such
as LLM-as-a-judge. Last but not least, an in-depth
analysis of the impact of levels of heterogeneity be-
tween task categories and across categories would
have strengthened our conclusions, although this
would have significantly increased the computa-
tional budget.
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A Argument MCQA instruction dataset

Here we present the text-based inputs to baselines
and our models.

A.1 Full MCQA examples
For each atomic task, we designed a dataset spe-
cific transformation from an original text input to
a MCQA-based input. Examples for each atomic
task are presented in the Table 5.

A.2 Instructions used
Although MCQA allows an input normalization,
each atomic task needs a task-specific instruction
in order to inform the LLMs which option to pick.
The details of these instructions are presented in
Table 6.

B Implementation details

Models and training. All models are trained us-
ing the Hugging Face PEFT library (Mangrulkar
et al., 2022), employing LoRA (Hu et al., 2022).
We configure the LoRA adapters with a rank r =
64, a scaling factor α = 16, and a dropout rate
of 0.05. Following standard efficiency practices,
no additional bias parameters are trained. LoRA
adapters are applied to the q, k, v, and o projections,
as well as the gate, up, and down projections, while
all remaining model parameters are kept frozen.
Training is performed for 5 epochs with automatic
batch size selection, a learning rate of 2 × 10−4,
weight decay of 0.01, gradient accumulation of 4
steps, a warmup ratio of 0.03, and a cosine learning
rate scheduler. Full fine-tuning experiments are
conducted for 3 epochs using a batch size of 8, a
learning rate of 1×10−5, and weight decay of 0.01.

For model merging, we combine task-specific
adapters using uniform interpolation weights (λ =
0.33), for each model across all merging methods
and for TIES, we retain the top 80% of parameter
deltas by magnitude, which we found empirically
to work well and did not further tune (Wortsman
et al., 2022; Yadav et al., 2023b). We implement
merging using PEFT and MergeKit libraries.5

AG and AR considerations. Although the AG
task does not require extra considerations, the
AR task does. Indeed, we use the logits-based
re-ranking technique proposed by Zhuang et al.
(2024). It consists of giving the query and a list
of retrieved documents as input to the first-stage

5https://github.com/arcee-ai/mergekit

model ranker and then re-ranking them based on
the logit values of document positioning ids. This
method requires a ranker that provides a small list
of candidates and only requires one inference it-
eration by query. In our experiments, we use 20
documents for re-ranking as well as the BM25 and
SPLADE (Formal et al., 2021) models as first-stage
rankers. For comparative evaluation of AG and AR
across datasets, we use BLEU-based metrics and
NDCG-based metrics (in percentage), respectively.

C Additional Experiments

C.1 Qualitative analysis

In order to access the individual contribution of
each model trained on an atomic task, we analyzed
the alignment between the output obtained by
a cross-task model and atomic-task models
for the following sample of the AEG dataset:
"Topic: Mobile phones and the internet are very
useful. However, it is rare for old people to use
them. What ways could mobile phones and the
internet be useful to old people? How does the old
people to be encouraged using this new technol-
ogy?"

To do so, we used the outputs of cross-task
models, ArgLLMMT and ArgLLMMG, and as-
signed alignment value to each token by consider-
ing its ranking in a ordered list by logits extracted
from each atomic model, namely ArgLLMAST ,
ArgLLMARL, and ArgLLMAQA. These values are
used to build a heatmap at token level presented in
Figure 4, where high values indicate a logit close to
1st position on the rank while low values indicate
close to 1000th position, or even farther. From this
figure, we observe that: (1) the ArgLLMAST is the
model having the most high logits with both cross-
task models outputs, which explains why 7 out of
8 ablation configurations (§ 5.3) performed worse
without the structure component; (2) ArgLLMMT

aligns with ArgLLMARL more than ArgLLMAQA,
while ArgLLMMG follows a different pattern with
a stronger alignment with ArgLLMAQA. However,
as mentioned in previous observation, both strongly
align to ArgLLMAST ; (3) for each token there is a
model with highly ranked logit, each token gener-
ated by ArgLLMMT or ArgLLMMG was triggered
by either one or multiple atomic models (high log-
its at least in one model) which shows that the cross
task models combine differently the knowledge of
the atomic-models.
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Task
Category Task Dataset text question options answer

AST
US Essay

topic: Computers have made life easier
text: The advent of the computer is one of the results of the development of the advantaged technology.
While some people advocate for the idea that computers have made life more complex and stressful, others
support the idea that computers have made life easier and more convenient. In my point of view, computers
brought convenience and easiness to our life since they enabled easier access to information and increased
qualities of the communication.
First, computers through internet made our access to information easier. Through computers we can collect
appropriate data very quickly, store it in the hard disc as long as we want and use it when needed. Search
engines such as google, yandex with many features relevant to the characteristics of the information needed
enable search of information in few minutes. Social networks such as facebook, twitter have changed
traditional sources of information and decreasing the monopolization of the information by the governments.
Hence, with the use of computers we spend less time in search for information, and can get it from different
sources.
Second, in a globalized world that we live computers made communications faster, visual and cheaper.
With the use of email our messages can be delivered to any person in any part of the world in few minutes.
In addition, it is convenient because you do not need to mile to the post office, but just click the mouse of your
computer from the convenience of your arm chair in order to reach your friends, family members in any part
of the world. Internet facilities such as msn, skype made visual communication possible. For example, via
skype people not just communicate with their family members and friends, but also make interviews for
employment, enrolment into universities. In result, communication has become cheaper, faster and visual.
Finally, I believe that computers have made life easier and more convenient in the ways that it broadened
the sources of information and made access more quick, a long with the improving quality of the
communication in many ways.

<topic>Computers have made life easier</topic>

<essay>The advent of the computer is one of the results of the development of the advantaged technology.
While some people advocate for the idea that computers have made life more complex and stressful,
others support the idea that computers have made life easier and more convenient. In my point of view,
computers brought convenience and easiness to our life since <s>they enabled easier access to
information and increased qualities of the communication</s>.
First, computers through internet made our access to information easier. Through computers we can
collect appropriate data very quickly, store it in the hard disc as long as we want and use it when needed.
Search engines such as google, yandex with many features relevant to the characteristics of the
information needed enable search of information in few minutes. Social networks such as facebook,
twitter have changed traditional sources of information and decreasing the monopolization of the
information by the governments. Hence, with the use of computers we spend less time in search for
information, and can get it from different sources.
Second, in a globalized world that we live computers made communications faster, visual and cheaper.
With the use of email our messages can be delivered to any person in any part of the world in few
minutes. In addition, it is convenient because you do not need to mile to the post office, but just click the
mouse of your computer from the convenience of your arm chair in order to reach your friends, family
members in any part of the world. Internet facilities such as msn, skype made visual communication
possible. For example, via skype people not just communicate with their family members and friends,
but also make interviews for employment, enrolment into universities. In result, communication has
become cheaper, faster and visual.
Finally, I believe that computers have made life easier and more convenient in the ways that it
broadened the sources of information and made access more quick, a long with the improving quality
of the communication in many ways.</essay>

What type of argument is the segment marked with <s>in this essay on <topic>?

A. MajorClaim
B. Premise
C. Claim
D. None of the other options

C. Claim

CD CheckThat2022
Native American communities have been hit hard by COVID-19. But thanks to the Indian Health Service and
strong partnerships with Tribal governments, organizations, and urban Indian groups, more than 500,000
vaccines have already been administered with more on the way.

<tweet>Native American communities have been hit hard by COVID-19. But thanks to the Indian Health
Service and strong partnerships with Tribal governments, organizations, and urban Indian groups,
more than 500,000 vaccines have already been administered with more on the way.</tweet>
Does the <tweet>contain a factual and verifiable claim related to COVID-19?

A. Yes
B. No

A. Yes

ARL
SC ibm

Topic: This house would build hydroelectric dams</topic>
Claim: As time progresses, renewable energy generally gets cheaper,[ref][ref] while fossil fuels generally
get more expensive</claim>

<topic>This house would build hydroelectric dams</topic><claim>As time progresses, renewable
energy generally gets cheaper,[ref][ref] while fossil fuels generally get more expensive</claim>
What is the stance of the claim on the topic?

A. Favor
B. Against

A. Favor

SA essay2

Topic:Traditional games or modern games in developing children’s skills
Essay:Games have played a key role in children’s growth, especially in terms of their abilities. With
technological advances, children have more access to modern games currently. In such case, the relative
importance of traditional games and modern games in children’s developments of skills has become a frequent
topic of discussion. For me, I believe parents and educators should attach more importance to traditional games.
It is true that modern games may be, to some extent, beneficial for children to foster some skills, such as
computer skills or the capacity to keep up with the latest trend. This is because children have to be proficient at
computers and the Internet if they want to join online games, which, in fact, helps children acquire a
particularly powerful skill at work in future. At the same time, children have the chance to experience the
state-of-the-art technology, raising their awareness of innovation rather than stay conservative.
However, I think traditional games are still indispensible in children’s learning process, even much more
essential than modern games, especially in modern society. One primary merit of traditional games is that they
foster children’s communication skills. <p1>Unlike most modern games which focus on the interactions
between children and machines, traditional games provide a relaxing and enjoyable atmosphere where
children can chat, laugh and cooperate face to face</p1>. As a result, <p2>communicating with a variety of
people will not be an issue for these children any more</p2>.
Furthermore, it is the educational functions traditional games hold that keep them alive today. In fact, these
traditional games were elaborately devised by educators and have been proven effective in improving children’s
skills on different aspects in previous teaching practices. By contrast, modern games are developed by game
companies for the purpose of profits. Therefore, there is a risk that children may be exposed to unhealthy
contents, such as violence or pornography, arranged in the games by such companies to secure financial survival.
Thus, I would conclude that traditional games should be, by no means, ignored by parents and teachers with the
advent of modern games. Only through traditional games can children be ensured a positive and healthy skills
learning process.

<topic>Traditional games or modern games in developing children’s skills</topic>
<essay>Games have played a key role in children’s growth, especially in terms of their abilities. With
technological advances, children have more access to modern games currently. In such case, the
relative importance of traditional games and modern games in children’s developments of skills
has become a frequent topic of discussion. For me, I believe parents and educators should attach
more importance to traditional games.
It is true that modern games may be, to some extent, beneficial for children to foster some skills, such
as computer skills or the capacity to keep up with the latest trend. This is because children have to
be proficient at computers and the Internet if they want to join online games, which, in fact, helps
children acquire a particularly powerful skill at work in future. At the same time, children have the
chance to experience the state-of-the-art technology, raising their awareness of innovation rather
than stay conservative.
However, I think traditional games are still indispensible in children’s learning process, even much
more essential than modern games, especially in modern society. One primary merit of traditional
games is that they foster children’s communication skills. <p1>Unlike most modern games which
focus on the interactions between children and machines, traditional games provide a relaxing and
enjoyable atmosphere where children can chat, laugh and cooperate face to face</p1>. As a result,
<p2>communicating with a variety of people will not be an issue for these children any more</p2>.
Furthermore, it is the educational functions traditional games hold that keep them alive today. In
fact, these traditional games were elaborately devised by educators and have been proven effective
in improving children’s skills on different aspects in previous teaching practices. By contrast,
modern games are developed by game companies for the purpose of profits. Therefore, there is a
risk that children may be exposed to unhealthy contents, such as violence or pornography,
arranged in the games by such companies to secure financial survival.
Thus, I would conclude that traditional games should be, by no means, ignored by parents and
teachers with the advent of modern games. Only through traditional games can children be
ensured a positive and healthy skills learning process.</essay>

What is the relation between the two premises enclosed in <p1>and <p2>tags in the essay?

A. Support
B. Attack

A. Support

AQA
OA dagstuhl

Topic: Gay marriage right or wrong
Stance: Allowing gay marriage is right
Argument: How can anyone say that gay marriage is wrong. it is a personal choice that is made from personal
beliefs so who are we to say that gay couples do not have the right to enjoy all of the benefits that straight
couples do?

<topic>Gay marriage right or wrong</topic>
<argument>How can anyone say that gay marriage is wrong. it is a personal choice that is made
from personal beliefs so who are we to say that gay couples do not have the right to enjoy all of
the benefits that straight couples do?</argument>
How would you rate the acceptability of the author’s argument toward the topic on the stance
’Allowing gay marriage is right’?

A. Low
B. High
C. Medium

C. Medium

AU WebisArgRank17 Conclusion: We lack any sense of the common good.
<conclusion>We lack any sense of the common good.</conclusion>

Which argument best supports the conclusion?

A. If an attack causes more
death injury and
phsychological and economic
damage than others in a
series of attacks it is by
definition the deadliest
attack in the series
B. The only thing we hold
in common is something
abstract, which is money.

B. The only
thing we hold
in common is
something
abstract,
which is money.

Table 5: Example of transformed MCQA for each dataset in ArgLLM framework.. “text” correspond to orignal text found in the
dataset while “question” is our transformed question.

Category Task/Dataset System User

AST

Unit
Segmentation

(US)

You are given a sentence from a student’s argumentative essay.
Your goal is to determine the argumentative role of the sentence.
Possible roles are: Major Claim, Claim, Premise, or None of the other options.

Segment:\n{question}
Options:\n{options}
Answer: {answer}

Claim
Detection

(CD)

You are given a sentence from an argumentative text.
Determine whether this sentence contains a factual claim.
Answer with the correct option.

Sentence:\n{question}
Options:\n{options}
Answer: {answer}

ARL

Stance
Classification

(SC)

You are a helpful assistant specialized in stance classification. For each question, you are given a claim and a topic, followed
by two possible answers labeled A and B. Your task is to determine whether the claim supports or opposes the belief
expressed in the topic, based on the provided choices. Respond with the letter of the correct option followed by its full text.

Question:\n{question}
Options:\n{options}
Stance: {answer}

Support/
Attack

Classification (SA)

Your task is to determine the relationship between two argumentative units, which are marked with tags in a given text.
These units can either support or attack each other. You will be given a multiple-choice question, and the possible
answers are labeled with the letters A and B. Provide your answer by selecting only the correct options.

Question:\n{question}
Options:\n{options}
Relation: {answer}

AQA

Argument
Reuse
(AU)

You are a precise assistant for evaluating arguments. You will be given a conclusion and two arguments labeled A
and B. Your task is to choose which argument better supports the conclusion.
Respond with ONLY one uppercase letter: ’A’ or ’B’. Do not explain your choice.

Conclusion: {question}
Options:\n{options}
Label:{answer}

Objective
Acceptability

(OA)

You are an expert assistant tasked with evaluating the acceptability of a comment from an online debate forum on a specific topic.
Acceptability means that at least one member of the target audience would find the comment relevant and well-expressed. You will
be given a multiple-choice question with labeled options, and only one option is correct. Respond with only the correct option.

Question:\n{question}
Options:\n{options}
Acceptability: {answer}

Table 6: Instructions used during training in each dataset of the atomic tasks. Strings into “{}” represent variables that will be
filled with values, such as in examples present in Table 5. System and User are inputs for the LLM.
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(a) ArgLLMMG’s output.
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(b) ArgLLMMT ’s output.

Figure 4: Comparative analysis of atomic models (ArgLLMAST , ArgLLMARL and ArgLLMAQA) influence on next-token
prediction, for generated output from ArgLLMMT and ArgLLMMT

C.2 Atomic-task results

We evaluated the performance of our models versus
a zero-shot baseline. Results show that our mod-
els are able to capture correctly the tasks of AST
and ARL, as well as the Argument Reuse of the
AQA task. However, both models were unable to
improve a zero-shot configuration in the Objective
Acceptability task. Detailed results are presented
in Table 7.

C.3 Argument Generation

Detailed performances on the argument gen-
eration are presented in Table 8. For each
dataset (AEG and iDebate), we present offi-
cials metrics of the models trained in each
task category (ArgLLMAST , ArgLLMARL, and
ArgLLMAQA) and our cross-tasking strategies
ArgLLMMT and ArgLLMMG. Note that this
are the same experiments than in Table 2 but extra

Task Subtask Model Zero-Shot
Prompting Fine Tuning

AST

Unit
Segmentation

Mistral-7B 29.2 84.4
Llama-3-8B 29.4 85.0

Claim
Detection

Mistral-7B 65.6 79.9
Llama-3-8B 67.8 77.9

ARL

Stance
Classification

Mistral-7B 60.97 88.63
Llama-3-8B 63.47 85.31

Support/Attack
Relation

Mistral-7B 90.11 94.31
Llama-3-8B 81.33 94.81

AQA

Argument
Reuse

Mistral-7B 66.67 80.56
Llama-3-8B 72.22 83.33

Objective
Acceptability

Mistral-7B 32.81 29.69
Llama-3-8B 45.31 43.75

Table 7: Comparison between zero-shot and fine-tuned models
on atomic tasks.

24879



metrics were added for the sake of transparency in
our results.

C.4 Argument Retrieval

Detailed performances on the argument retrieval
are presented in Table 9. For each dataset (Ar-
guana and Touché2020), we present standard re-
trieval metrics of the models trained in each
task category (ArgLLMAST , ArgLLMARL, and
ArgLLMAQA) and and our cross-tasking strate-
gies ArgLLMMT and ArgLLMMG. Note that
this are the same experiments than in Table 2 but ex-
tra metrics were added for the sake of transparency
in our results.

C.5 Comparative analysis

Comparative analysis of the ArgLLM models vs
task-specific state of the art. Note that more recent
works on AR datasets, such as (Ma et al., 2023), do
not outperform (Thakur et al., 2021) results.

C.6 Impact of instruction format

Previous work showed that prompt templates are
key in performing complex tasks, with prompt
length being one of the most impactful features
(He et al., 2024). Specifically, since we aim
to perform AG and AR in zero-shot settings,
we evaluate the effect of prompt length by
truncation. As an example of the truncation, our
original prompts for iDebate and Touché are:
"Given a query {query}, which of the following
passages is the most relevant to the query? Favor
passages with high-quality, well-structured argu-
mentative content"
"Here are reasons supporting a claim. Rephrase
them into one short sentence, using the same vo-
cabulary where possible. Avoid generalizations."

The respective truncated versions are:

"Given a query {query}, which of the following
passages is the most relevant to the query?"
"Rephrase following text into one short sentence"

Results of the performances of Arg-LLMMT and
the zero-shot models for Mistral-7B are presented
in Figure 5. We can see that both prompt template
versions have a positive impact on the performance
of both AG and AR compared to their counterpart
vanilla LLMs. Besides, we can observe that for the
AR task as well as the AEG dataset of the AG task,
the results show that our prompt choice is adequate
for both the trained atomic task models and the

vanilla ones. However, the iDebate dataset from
the complex AG task behaves differently. In this
case, the truncated version of the prompt template
outperforms our original prompt, suggesting that a
prompt tuning strategy may further improve upon
our results after training on this dataset.

C.7 Comparative analysis: PEFT vs Full
FineTuning

Raw values of the comparative analysis between
different model sizes using PEFT and Full FineTun-
ing for ArgLLM are presented in Table 11. Note
that this values where used in the percentage analy-
sis included in Table 4.
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Argument Generation
AEG iDebate

Dist-3 Dist-4 Nov-1 Nov-2 Rep-3 Rep-4 BLEU-4 BLEU METEOR ROUGE SU-4

ZeroShot
Mistral-7B-Instruct-v0.3 62.75 79.78 78.80 95.63 8.23 4.30 3.62 2.68 21.58 5.86

Llama-3-8B-Instruct 51.15 68.71 75.32 94.49 21.30 14.98 4.46 2.70 23.06 6.14

ArgLLMAST
Mistral-7B-Instruct-v0.3 64.73 81.85 74.21 94.26 8.40 4.34 4.60 4.10 18.41 7.13

Llama-3-8B-Instruct 59.25 78.30 72.23 93.78 16.13 10.08 4.68 3.50 20.01 6.30

ArgLLMARL
Mistral-7B-Instruct-v0.3 67.18 83.75 74.43 94.34 7.17 3.59 4.50 4.30 18.83 7.51
Llama-3-8B-Instruct 59.65 77.82 71.24 93.54 21.32 15.13 4.79 3.40 15.95 6.04

ArgLLMAQA
Mistral-7B-Instruct-v0.3 62.65 79.79 78.73 95.59 8.63 4.51 3.64 3.64 20.70 6.61
Llama-3-8B-Instruct 50.82 68.41 75.45 94.54 21.39 14.96 4.38 3.83 19.39 6.82

ArgLLMMT
Mistral-7B-Instruct-v0.3 66.16 83.18 73.68 94.29 8.67 4.65 4.56 2.77 11.96 3.24
Llama-3-8B-Instruct 57.74 76.31 69.19 93.05 20.87 14.14 5.18 3.65 16.16 6.48

ArgLLMMG
Mistral-7B-Instruct-v0.3 61.95 79.32 69.88 93.04 16.40 10.74 5.40 3.80 21.57 7.00
Llama-3-8B-Instruct 59.94 77.94 72.57 93.54 11.64 6.81 5.48 3.64 20.11 6.68

Table 8: Argument generation results on AEG and iDebate.

Argument Retrieval
Arguana Touché2020

NDCG@10 Recall@10 NDCG@10 Recall@10

Zero-shot
Mistral-7B-Instruct-v0.3 33.08 70.55 36.69 21.62

Llama-3-8B-Instruct 32.14 71.62 33.35 18.44

ArgLLMAST
Mistral-7B-Instruct-v0.3 35.01 72.04 35.37 21.07

Llama-3-8B-Instruct 34.80 74.32 29.67 19.42

ArgLLMARL
Mistral-7B-Instruct-v0.3 36.71 72.47 37.60 22.87

Llama-3-8B-Instruct 22.78 53.05 36.34 22.23

ArgLLMAQA
Mistral-7B-Instruct-v0.3 33.09 70.62 39.30 23.29

Llama-3-8B-Instruct 32.13 71.55 32.42 18.73

ArgLLMMT
Mistral-7B-Instruct-v0.3 39.26 71.69 43.89 25.58

Llama-3-8B-Instruct 27.94 61.09 29.51 17.86

ArgLLMMG
Mistral-7B-Instruct-v0.3 37.41 71.55 38.20 22.51
Llama-3-8B-Instruct 33.43 68.71 37.27 22.98

Table 9: Argumentation retrieval results (NDCG@10 and Recall@10) for Arguana and Touché2020 datasets.

Complex Task Dataset (source) Metric ArgLLMMT ArgLLMMG Task specific SOTA
Argument AEG BLUE-4 5.18 5.48 6.94 (Bao et al., 2022)
Generation iDebate BLUE 3.65 3.80 25.84 (Wang and Ling, 2016)
Argument Arguana

NDCG@10
39.26 37.41 49.3 (Thakur et al., 2021)

Retrieval Touché 43.89 38.20 36.7 (Thakur et al., 2021)

Table 10: Comparative analysis of the ArgLLM models vs task-specific state of the art. Note that more recent works on AR
datasets, such as (Ma et al., 2023), do not outperform (Thakur et al., 2021) results.

Figure 5: Impact of prompt templates on AG and AR performance using zero-shot (ZS) and ArgLLMMT , with and without
template truncation.
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Argument
Generation

Argument
Retrieval

AEG iDebate Arguana Touché
BLEU-4 BLEU NDCG@10

PEFT FFT PEFT FFT PEFT FFT PEFT FFT

ZS
Llama-3-1B 3.68 1.65 24.26 26.12
Llama-3-3B 4.04 1.91 6.74 18.71
Llama-3-8B 4.45 2.70 32.14 33.35

C
ro

ss
-T

as
k

A
rg

L
L

M
M

T Llama-3-1B 4.21 4.30 2.47 3.04 31.56 18.30 33.15 26.16
Llama-3-3B 4.23 4.59 3.10 3.17 6.33 5.52 18.69 19.21
Llama-3-8B 5.18 4.07 3.65 2.80 27.94 26.91 30.66 37.09

A
rg

L
L

M
M

G Llama-3-1B 4.10 4.29 2.82 2.97 26.78 18.38 31.29 24.52
Llama-3-3B 4.83 4.61 3.30 3.27 6.00 6.64 18.40 18.78
Llama-3-8B 5.40 4.43 3.64 3.13 33.43 29.91 37.27 39.01

Table 11: Comparison between different model sizes with both PEFT and Full FineTuning for ArgLLM.
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