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Abstract

As Large Language Models (LLMs) are proposed as legal decision
assistants, and even first-instance decision-makers, across a range
of judicial and administrative contexts, it becomes essential to ex-
plore how they answer legal questions, and in particular the factors
that lead them to decide difficult questions in one way or another.
A specific feature of legal decisions is the need to respond to ar-
guments advanced by contending parties. A legal decision-maker
must be able to engage with, and respond to, including through
being potentially persuaded by, arguments advanced by the parties.
Conversely, they should not be unduly persuadable, influenced by
a particularly compelling advocate to decide cases based on the
skills of the advocates, rather than the merits of the case. We ex-
plore how frontier open- and closed-weights LLMs respond to legal
arguments, reporting original experimental results examining how
the quality of the advocate making those arguments affects the
likelihood that a model will agree with a particular legal point of
view, and exploring the factors driving these results. Our results
have implications for the feasibility of adopting LLMs across legal
and administrative settings.
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1 Introduction

As Large Language Models (LLMs) are proposed as legal decision
assistants, and even decision-makers, across a range of judicial and
administrative contexts [17, 20], it becomes essential to explore how
these models answer legal questions, and in particular the factors
that lead them to decide difficult questions in one way or another.
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One specific feature of legal decisions is the need to respond to
arguments advanced by contending parties. A legal decision-maker
must be able to engage with, and respond to, including through
being potentially persuaded by, arguments advanced by the parties.
Conversely, they should not be unduly persuadable, influenced by
a particularly compelling advocate to decide cases based on the
skills of the advocates, rather than the merits of the case. This paper
explores how frontier open- and closed-weights LLMs respond to
legal arguments, and specifically how far the quality of the advocate
making those arguments affects the likelihood that a model will
agree with a particular legal point of view.

It is a fundamental principal of natural justice that the subject of
a judicial or administrative decision should have the opportunity to
be heard in relation to that decision, and to put forward arguments
as to how that decision should be made [28]. This is expressed
in the Latin maxim audi alteram partem, and is a fundamental
principle of administrative law and due process. While typically
regarded as a requirement of fairness or justice, in its classical roots
it equally reflected a view that hearing from all parties made for
better decisions [16]. It requires not only that a party be heard,
but also that the decision-maker be open to being persuaded by
what they hear: a decision-maker who has prejudged the question,
reaching a conclusion before hearing from one of the parties, cannot
provide a fair hearing.

However, the requirement to be persuadable does not obviate
the need for the decision-maker to themselves make the decision,
which should be an exercise of their own judgment. The decision-
maker is not simply a transmission belt for parties’ arguments.
Rather, we appoint as responsible decision-makers persons who
we think, for whatever reason, are likely to make good decisions,
and we expect those decisions to be theirs [24]. Judges thus require
“intellectual autonomy, to form independent views about the case,
rather than being unduly subjected to the influence of lawyers
or other judges” [2]. In many legal contexts, there are no clear
objective standards which fully determine the right decision: either
legal answer may be logically defensible, so we entrust the decision-
maker to decide the question on its own merits [11]. We expect
them to treat the parties fairly, by hearing their side of the story,
and to do all they reasonably can to find the true, right or best
answer, including by considering the arguments of the parties; but
the final decision will be theirs, responsive to but not determined
by those arguments.

There is thus a tension in the judicial role: the judge must be
persuadable, but not unduly so. A good judge must exhibit “the
willingness to modify one’s position in light of other people’s argu-
ments, in a way that avoids both floppiness and fleetingness, on the
one hand, and rigidity and stubbornness, on the other” [2]. If LLMs
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are to serve in legal decision-support roles, we must understand
how they resolve this tension. Our work contributes to that task.
We make the following key contributions:

e We identify and explore a key tension for LLMs as adminis-
trative or judicial decision supports, namely that they should
be open to persuasion, but not to an excessively so;

e We propose a novel method of measuring persuadability of
LLMs in trilateral settings whereby two “Advocate” models
compete to persuade a “Judge” model;

e We provide the first systematic exploration of the persuad-
ability of LLMs in legal settings.

All code and data used in this study is publicly available, includ-
ing templates used for generating prompts, the prompts themselves,
and detailed analyses of results?.

2 Existing Research

LLMs and Legal and Normative Reasoning. Various studies
have tested LLMs’ capacities for legal and moral reasoning. These
have included studies examining the psychological structure and
values implicit in LLMs’ moral and political judgments, and how
these can be aligned [1, 27]. Other work has specifically addressed
LLMs’ capacities to analyse and resolve legal questions, including
both their accuracy [21] and stability [4]. Others have examined
LLMs’ competence in specific forms of legal reasoning, including
statutory [3] and constitutional interpretation [7], syllogistic [30]
and purposive reasoning [18].

LLMs as agents of persuasion. There is also an extensive lit-
erature on LLMs as persuaders, predominantly focussed on the
effectiveness of LLMs in persuading human counterparties on a
range of factual, moral and political issues [5, 6, 10, 19, 22, 23]. Much
of this has focussed on informal settings and on questions of politics
and public policy (e.g. public health), where persuasion may be most
salient, and factual questions, in order to model misinformation.
Other work explores the capacity and willingness of LLMs to adopt
various (including unethical) persuasion strategies or goals, and
to exploit addressee characteristics [12, 14]. Others have examined
how knowledge that an argument was Al generated affected its
persuasiveness [26]. These studies have identified model size as
an important predictor of effective persuasion [10, 13], although
this may be subject to a ceiling effect [12]. Model architecture,
specifically reasoning architecture, is also identified as predicting
persuasion effectiveness [31].

LLMs as objects of persuasion. While most work on LLMs and
persuasion has focussed on the LLM as persuader, research has
also examined the complementary question of the persuadability
of LLMs [14, 29]. This has included efforts to identify strategies to
enable LLMs to distinguish good arguments, which tend towards
truth, from misleading arguments, in the context of factual issues
where there is a relevant ground truth [25]. This work has also
identified variation in persuadability depending on the subject mat-
ter/domain, and explored whether specific types/styles of argument
are more or less successful. Model size and reasoning architecture
have been identified as relevant to persuadability, with larger and
reasoning models less readily persuaded [31].
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These literatures inform our study, both contributing hypotheses
and identifying important gaps that we seek to fill. First, while there
is evidence that persuasion varies across domains, existing work
on LLM persuasion has not addressed legal questions, which have
distinctive features. Second, existing work has focused predomi-
nantly on persuasive dialogues between persuader and persuadee.
By contrast, the legal domain is most often trilateral, with two or
more persuaders seeking to influence a third-party decision-maker
in opposite directions. Existing results identifying the importance
of model size and reasoning architecture, and variation across con-
texts, inform features of our experimental design.

3 Experimental Approach

Our experimental approach can be summarised briefly. We first
identify a suitable set of scenarios presenting hard legal questions.
We use a set of “Advocate” models to generate a range of arguments,
of varying qualities, for each side of these hard questions. Given
these scenarios and arguments, we prompt a range of “Judge” mod-
els, giving them the relevant facts and a selection of arguments. By
measuring how Judge models’ responses vary given different argu-
ments, we can identify and compare these models’ persuadability.

Our first task is to identify a suitable set of such ‘hard’ questions.
A hard question, for our purposes, is one about which competent
legal experts are likely to disagree, with the consequence that there
is no uncontroversial ground truth against which model answers
can be judged, and persuasion and judgment become most relevant.
We follow Blair Stanek and Van Durme [4] in using appellate court
split decisions, where there is at least one dissenting opinion, as a
proxy for identifying these hard questions.

We draw five scenarios from each of three Anglophone jurisdic-
tions. For the US, we draw a random selection from [4]’s dataset
of summaries of US Court of Appeals split decisions. For our other
two jurisdictions we use the five most recent split decisions of the
England and Wales Court of Appeal and Irish Supreme Court, fol-
lowing [4]’s protocol to automatically generate case summaries.
Case summaries comprise three paragraphs setting out the relevant
facts, and two describing the principal legal arguments advanced
by the two sides.

Given these summaries, we next generate a set of arguments
on each side of each dispute. We use four different models as “Ad-
vocates”: OpenAl gpt-40, Google gemini-3-pro-preview (4,096
thinking budget), OpenAl gpt-5.1 (low reasoning effort), and An-
thropic Claude Sonnet 4.5 (8,192 thinking budget). We chose these
models based on preliminary studies that identified an apparently
significant difference in the persuasiveness of specific models.

We prompt each Advocate to generate the most convincing ar-
guments that it can for one or other party in each dispute. We
use two approaches to do this. In the first approach, we present
only the three factual paragraphs from our summaries, omitting
the summary of legal arguments actually advanced in the case, but
including a short statement of the central legal question. In the
second approach, we present the full summary, including both the
facts and the legal arguments from the actual case.

The rationale for these approaches is that there are two distinct
ways that we hypothesise one Advocate might be more effective
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than another, either by identifying a novel legal point, or by mak-
ing the same point(s) in a more persuasive manner. By separately
prompting our Advocates with and without the summary of ar-
guments actually advanced, we get insight into which of these
mechanisms dominates. We assume that the arguments advanced
in the original case include the ‘best’ arguments on both sides of the
question, given the typical calibre of advocates in appellate courts.
By including argument summaries in our Advocate prompts we
therefore provide ‘hints’ to our Advocates about the best arguments
to advance. If a Judge’s preference for an Advocate reflects the legal
content of arguments, we would expect this additional context in
the Advocate prompt to reduce performance differences between
strong and weak Advocates. Conversely, if the Judge’s preference
reflects argumentative form, this would make less difference.

For each of the 15 scenarios, and each prompt version (with and
without access to the original arguments), each of the 4 Advocates
generates 5 arguments for each side of the dispute (1200 arguments
in total). We use this bank of arguments, of ex hypothesi varying
quality, to test the persuadability of our Judge models. For each test,
we randomly select a scenario, then randomly draw one argument
for each of the parties, ensuring that the arguments are produced by
different Advocates. We then prompt each Judge model in turn with
a prompt combining the facts, the statement of the central legal
issue, the two Advocate arguments, and an instruction to decide
the case as a court in the relevant jurisdiction would. Experimental
results are based on Judge model responses to this prompt.

We test 20 models or model set-ups as Judges, as shown in Table 1.
We aim to test a range of different Judge models, as those seeking to
put LLMs into production as decision-supports or decision-makers
must choose from a panoply of available models. We ensure vari-
ance in model size and reasoning architecture, reflecting existing
research showing these are significant in explaining persuadability.
We trial both closed and open-weights models, as the former typi-
cally achieve higher performance on standard benchmarks, while
users deploying legal decision tools in practice are likely to prefer
the latter for inter alia security reasons. Each Judge is tested 1200
times: 600 times in both with arguments and without arguments
settings. (1200 total tests per judge model, 24,000 tests overall.)

4 Metrics and Measuring Persuadability

Our concern is the extent to which a Judge model is influenced by
the arguments presented on each side of a legal question. Given the
varying persuasive capacities of our Advocate models, we adopt
advocate identity as a proxy for argument quality, defining persuad-
ability as the extent to which a Judge model’s decision is affected
by the identity of the Advocate models. If a Judge model was en-
tirely non-persuadable (i.e. their decision was never affected by
the arguments presented to them) then, given random assignment
of Advocates to each side of each scenario, we would expect any
given Advocate to be successful 50% of the time (as nothing about
the advocate would affect the outcome). Conversely, if we find that
some Advocates are successful significantly more or less than 50%
of the time, this indicates that the Judge is more or less likely to
accept that Advocate’s arguments, independent of the merits of the
case (as each model appears randomly on either side of each case),
and is to that extent persuadable (and indeed persuaded).
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So understood, persuadability is not simply a feature of a given
Judge model. Rather, it is a function of the Judge model, given a
specific pair of Advocate models. More formally, for any given pair
of Advocate models, we define a Judge model’s Pairwise Persuad-
ability, p,, as:

|m1 — my|
p2= —— — (1)

where m; and m, are the number of times that each Advocate
model was successful against the other in our trial, and n is the
number of trials in which this specific pair of Advocate models was
presented to the relevant Judge model. Pairwise persuadability thus
takes a value between 0 and 0.5, representing the proportionate
departure from the 50% success rate that we would see if the Judge
model was wholly non-persuadable.

For a given population of Advocate models, we define the Judge
Model’s Population Persuadability, ppop, as the extent to which,
across all model pairs, the model favours one model over the other.

Ppop = sum(l — N)M 2
Npop

where N is the set of all model pairings, and n,,, is the total
number of trials across all model pairings.

Our approach differs from several existing studies, which mea-
sure persuasion success by the difference between an agent’s /
model’s agreement with a proposition before and after the persua-
sive interaction [15, 31, 32]. Given the importance of parties’ argu-
ments in legal settings, we do not consider that the pre-persuasion
baseline is suitable in this context, while the availability of multi-
ple Advocate models enables our alternative metric. (Comparing
persuadability and translating metrics across bilateral and trilateral
contexts will be an important avenue for future research.)

5 Results

Overall Results. Table 1 reports the Population Persuadabil-
ity (ppop) and Maximum Pairwise Persuadability (p,max) of each
model, in both with arguments and without arguments setups.

We first observe that, across all models and setups, pyop, and
p2max are statistically significant. All of our models are, to some ex-
tent, persuadable. p,,, ranges from 0.08 up to 0.2008, while p;max
runs from 0.1311 to 0.4052. This means that, across our full range of
models, the identity of the advocate model (and hence the quality
of the argument presented) has an average effect of between 8% and
21%, implying stronger Advocate models typically win between
58% and 71% of the time. As between the strongest and weakest
Advocate models, depending on the Judge model, those win rates
range from 63% to over 90%. We therefore conclude that all our
Judge models are to some quite substantially persuadable.

As is clear from Table 1, the extent of persuadability varies sub-
stantially across Judge models. Pairwise persuadability (p;) also
varies depending on the Advocate models involved?. Our Advocate
models were selected to ensure varying persuasiveness, so it is
unsurprising to find larger p, where a stronger Advocate is paired
with a weaker one than for two Advocates of similar strength. p,
is typically lowest and non-signficant for claude vs gemini (two

2Full results including confidence intervals and p-values for all Advocate pairs are
available in our data repository.
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Table 1: Maximum Pairwise Persuadability (p;max) and Pop-
ulation Persuadability (p,o,,) for all Judge models. All results
significant (p < 0.05). For p,max we use a binomial test for
significance. For p),, we use a Chi Squared test to compare ob-
served win rates of each advocate model with a 0.5 expected
win rate under a null hypothesis of no persuasion.

Judge Model ‘Without Arguments | With Arguments

p2max Ppop | pamax | ppop

claude-sonnet-4.5_8k-thinking 0.2328 0.1033 0.2500 0.1067

- claude-sonnet-4.5_1k-thinking 0.2931 0.1283 0.2759 0.1167

3‘0 2 gemini-3-pro-preview_8k-thinking 0.1724 0.1100 0.1638 0.1017
3 ao gemini-3-pro-preview_1k-thinking 0.1552 0.1083 0.2328 0.1233
gpt-5.1_medium-reasoning 0.2241 0.1083 0.1810 0.0950
gpt-5.1_low-reasoning 0.2328 0.1217 0.2069 0.1133
deepseek-reasoner 0.3707 0.1850 0.3276 0.1583

il)n é deepseek-chat 0.3966 0.1850 0.4052 0.1983
SO Qwen3-32B_thinking 0.3190 0.1950 0.2586 0.1683
Qwen3-32B_nothinking 0.2845 0.1517 0.2500 0.1433
claude-haiku-4.5_8k-thinking 0.3190 0.1700 0.3276 0.1567

= claude-haiku-4.5_nothinking 0.2586 0.1250 0.3362 0.1533
_E' % gemini-2.5-flash-lite_reasoning 0.3522 0.2008 0.3435 0.1857
i) gemini-2.5-flash-lite_nonreasoning 0.3000 0.1454 0.2652 0.1341
gpt-5-nano_medium-reasoning 0.2155 0.1350 0.2155 0.1350
gpt-5-nano_minimal-reasoning 0.1311 0.0893 0.1667 0.0800
Magistral-Small-2506 0.2155 0.1093 0.1810 0.1003

E §, Mistral-Small-3.2-24B-Instruct-2506 0.2157 0.1171 0.2345 0.0993
@» O Qwen3-8B_thinking 0.2051 0.1183 0.2155 0.1250
Qwen3-8B_nothinking 0.2130 0.1244 0.2759 0.1333

similarly persuasive models) and highest (and in all bar one case
significant) for gpt4o vs gpt5.1 (where there is the greatest per-
formance gap).

We observe some support for the hypothesis that larger models
are less persuadable than smaller models. However the evidence
here is mixed. Amongst our closed models, where we test pairs of
larger and smaller models from the same model families, we see,
in most cases, the larger / full model is less persuadable than the
smaller / lite model. The primary exception is gpt5-nano_minimal-
reasoning, which has the lowest Ppop of any model in our trial, in
both the with arguments and without arguments conditions. The
other exception is the marginally higher p,,, for claude-sonnet
with a low thinking budget, compared to claude-haiku with think-
ing disabled. Amongst our open models, the QWen-8b models appear
less persuadable than QWen-32b, across both thinking and non-
thinking settings. Mistral and Magistral are two of the smaller
models in our trial, but also amongst the least persuadable.

Similarly, we observe some support for the hypothesis that mod-
els with reasoning architecture are less persuadable than those
without, particularly for larger model sizes. Amongst our large
closed models, a higher reasoning setting / thinking budget corre-
sponds to lower persuadability in five of six cases (The exception
is gemini-3-pro in the setup without original arguments). For our
smaller closed models and a number of our open models (QWen-
32b,Mistral/Magistral) this relationship is reversed, with higher
reasoning variants appearing more persuadable on our metric. How-
ever in only one case (gpt-5-nano with original arguments) is this
difference statistically significant at the population level®.

We hypothesise that these unexpected results reflect the different
form that persuadability takes in our experiments. Bilateral per-
suasion scenarios test a model’s pre-interaction response, and then
present it with arguments tending in one direction only, measuring

3Chi Squared test, p<0.05. Full significance tests are included in the data repository.
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how far its response changes given this persuasive treatment. In
that setup a model need not be capable of evaluating arguments
in order to be persuaded by them. By contrast, in our setup mod-
els are presented with competing arguments. To be persuaded by
the stronger argument, a model must actually evaluate those argu-
ments to identify which is in fact stronger. For a model that is not
capable of evaluating arguments, we would expect the two compet-
ing arguments to be equally convincing, and hence lower overall
persuadability. We are exploring this point in ongoing research.

Legal Substance vs Argumentative Form. We use two strate-
gies to identify whether / how far persuadability is a function of
Advocate models presenting novel arguments, that the judge model
might not have otherwise considered, and hence improving the
quality of the decision, versus reflecting the greater fluency or
rhetorical powers of the relevant models.

First, we use two different setups to prompt our Advocates, in one
of which we provide only the facts, and in the other we present also
a summary of the arguments actually made in the case. We observe
(see Table 1) that in 14 of 20 model setups, population persuadability
is lower in the with arguments setup, suggesting that content, as
opposed to form, is playing some role in persuasion. However, the
difference is generally small, and in no case statistically significant
(Chi Squared test, p<0.05).

To further test whether providing summaries of the arguments
in the original case made a weaker Advocate more persuasive, we
ran head-to-head trials involving the same Advocate model against
itself, with one version prompted with arguments, and the other
without. We thus directly test whether, given the same Advocate
model, providing the original arguments increases persuasiveness.
We trial this setup with two Advocates, gpt4o and gpt5. 1, and four
Judge models (claude-sonnet-4.5_8k, deepseek-chat, gemini-
2.5-flash-lite_reasoning, and gpt5.1_medium-reasoning),
with each head-to-head trial comprising 200 tests per Judge (800
tests in total).

Across all eight head-to-head trials (pairing two Advocate models
across four Judges), the Advocate prompted with arguments won
more frequently in every trial. However the treatment effects are
small, with only one case (gpt4o as Advocate, deepseek_chat as
Judge) reaching the threshold of significance (p < 0.05). If we
aggregate across all eight trials, applying a binomial test to this 8-0
result gives a p-value of 0.0039. i.e. it seems clear that, while the
effect size is small, providing original arguments when prompting
our Advocates does affect persuasiveness, in turn implying that
the substantive legal content of the argument, as opposed to mere
form, plays at least some role.

Second, we disaggregate results by jurisdiction (US / England
and Wales / Ireland) on the assumption that models have relatively
greater knowledge of US law, and relatively lesser knowledge of
England and Wales, and especially Irish law* There is thus greater
scope for persuasion based on legal content in larger jurisdictions.
If we observe higher persuadability in jurisdictions where Judge
models are assumed to have greater knowledge, this suggests that
persuasion is driven at least in part by the quality of substantive
legal arguments, as opposed to rhetorical skill or form.

4See [8, 9] for discussion on varying LLM knowledge by jurisdiction.
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For 13 of our 40 Judge model set-ups, we find a statistically
significant variation across jurisdictions. Variation is in most cases
in the direction which we would expect if substantive legal content
explained at least part of the observed persuadability. i.e. pyop is
lower for our Irish scenarios than for our UK scenarios, which are in
turn lower than our US scenarios. In 28 (of 40) cases, UKp,,, is lower
than USp,,,, and in 32 cases IRLp,,, is lower than UKp,,,. In 34
cases, IRLp,,, is lower than USp,,,,. We thus again find suggestive
evidence that the quality of substantive legal arguments, as opposed
to mere rhetorical skill, plays a role in model persuadability.

6 Conclusions and Future Work

We present results showing the persuadability of a range of frontier
closed and open-weights LLMs faced with hard legal questions from
real world cases. We confirm these models’ persuadability, show
how this varies across models, and offer some explanations for why
this may be the case. We also offer some tentative conclusions on
how far persuadability is a function of the content versus the form
of arguments presented.

Our motivating question was whether and to what extent LLMs
meet the requirement that an administrative or judicial decision-
maker is capable of being persuaded, while also being able to make
and stand over their own decisions. In this light, some conclusions
can be drawn. In the case of the smaller models, where lower per-
suadability may reflect difficulty evaluating competing arguments,
our results suggest these models are to that extent inappropriate in
this role. In contrast, the lower persuadability of our larger models
is likely better explained by these models forming their own views
about the substantive question. However, even for these larger mod-
els, very high figures for p;max in particular indicate that they are,
at least sometimes, very strongly affected in their decisions by the
form and content of arguments presented to them. Whether this is
excessive is ultimately a political question, reflecting our expecta-
tions of our justice system, and how it treats less able subjects in
particular. At a minimum, these choices should be made cognisant
of the persuadability characteristics of candidate models.

Our research points towards a number of open questions. First,
which features are persuading our Judge models in particular in-
stances? Second, does (and under what circumstances) exposure
to argument improve the quality of decisions reached? And third,
how does persuadability of models in relation to hard questions
compare with relevant human experts, including senior lawyers
and judges? While the resource implications of this latter task are
substantial, we hope that future research can take up these tasks.
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