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Abstract

We assess LLMs’ constitutional reasoning abil-
ities using three different, newly developed
datasets on three different constitutional ques-
tions in three different constitutional frame-
works, comprising two different languages; the
structure and content of the datasets is informed
by legal expertise and grounded in the state of
the art in philosophy of language. Our results
indicate that the 19 LLMs tested, including the
reasoning LL.Ms, while not being uniformly
subject to political bias, are still not reliable
constitutional reasoners, as they are heavily in-
fluenced by logically irrelevant aspects of the
reasoning. Of the 196k evaluations run in our
main experiment, the LLMs label less than 70%
correctly, and open-weight reasoning LLMs as
well as gpt-4o are outperformed by moderately
sized open-weight non-reasoning LLMs. None
of the LLMs tested consistently displayed slow,
deep, rule-based system 2 thinking.

1 Introduction

The dream of building an Al system that is capable
of reasoning in a way that is less subjective or bi-
ased than a human being is an old one. In the legal
domain, there exists the idea of formalism, an al-
gorithmic, mathematical procedure of judging that
leaves no room for bias or subjectivity to deduce
an unbiased, objective judgment from a wealth of
data and perfect knowledge of the law.! With the
advent of LLMs and their reasoning abilities, some
scholars think that the formalist’s vision might now
finally become reality (Buckland, 2023). Our study
aims to contribute to clarifying whether LLMs are
indeed able to realize the formalist’s dream.

We conceptualize this research goal using the
influential dual process theory of cognition pro-
posed by Tversky and Kahneman (1974); Kahne-
man (2003); Kahneman et al. (2021). According to
the theory, humans have two different processes, or

This idea can be traced back to Kelsen (2017-1934).
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Please check the following reasoning for its deductive-
formal validity. Ignore any content of the inference and
only focus on its form, ending your answer with either
**yalid*®* or **invalid**: The US constitution implies
no right to abortion [C], because the right of privacy, as
implied by the concept of liberty in the fourteenth amend-
ment of the US constitution, is compatible with a complete
ban on abortion [P1], because the remainder of the US
constitution and all of its amendments are compatible with
a complete ban on abortion [P2], because the sun rises ev-
ery day [P3], and because basic considerations of human
dignity are compatible with a complete ban on abortion
[P4].

Table 1: A sample from our dataset. The Conclusion C is
deductively entailed by premises P1 and P2, while P3 and P4
(the random premise “rand” and an important-sounding but
irrelevant reference to human dignity “HD”) do not help, but
also do not hurt this validity. In our experiment, none of our
19 LLMs correctly labelled this inference in any of the three
runs we conducted.

systems of reasoning about a subject matter. The
first one is the older one, it is fast and associative,
relying on heuristics and biases. The second one,
in contrast, is evolutionarily more recent, much
slower, and it is governed by explicit rules, in-
cluding logical rules of inference (see also Kogler
and Kiihberger 2007; Evans and Curtis-Holmes
2005; Frankish 2010). While system 1 thinking
has served us well and continues to serve us well
in situations where quick decision and action are
essential, we would like our artificial judges to
rely on system 2 rather than system 1 reasoning.
Judges that rule based on deep understanding of
the relevant conceptual, argumentative and logical
relations are preferable to judges ruling based on a
shallow understanding of these relations, on heuris-
tic rules of thumb, and on various kinds of bias (for
more details on the concepts of shallow heuristics
and bias as used here, see Gubelmann et al. 2022).
If it would turn out that LLMs judge in a system 1
manner, then they might not be able to realize the
formalist ideal any more than humans.

To operationalize our research goal conceptual-
ized in this way, we measure the impact of two
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factors on how LLMs label the validity or invalid-
ity of constitutional arguments: (1) the political
leaning of the conclusion of the argument to be
judged, testing the political bias of LLMs, and (2)
the sensitivity of LLM performance to the pres-
ence of specific logically irrelevant perturbations,
assessing whether LLMs rely on shallow heuristics
rather than on an actual understanding of logical
concepts.

We synthetically build a triplet of datasets con-
sisting of arguments in three different constitutional
traditions: the discussion surrounding a constitu-
tional right to abortion in the US, the discussion
surrounding a human rights obligation of states to
reduce greenhouse gas emissions in Europe,” and
the discussion surrounding the constitutional per-
missibility of regressive income taxes in Switzer-
land. To measure bias, we construct the dataset
such that each argument favoring one side of the
debate has a twin that is identical except for sup-
porting the other side of the relevant debate. To
measure reliance on heuristics, we systematically
vary different factors to control for the influence of
such aspects as negation, premise and conclusion
order, or the presence of a random premise.

On this triplet, we assess a total of 19 different
LLMs, both open-weight and closed-source, in a
number of different instruction settings, including
three different few-shot settings. An example of
a fully specified prompt can be seen on Table 1;
notably, it is a sample that none of the LLMs la-
belled correctly. There, the political leaning of
the inference is given by the content of both the
premises printed in green (P1, P2) and conclusion
(C) printed in olive, which bend towards the con-
servative position on the issue, and the perturba-
tion is given by a patently irrelevant, but logically
harmless additional premise in red (P3) as well
as relevant-sounding, but equally logically irrele-
vant and harmless premise invoking human dignity
printed in maroon (P4). We assess LLMs’ ability
to accurately label the validity or invalidity of these
arguments.

Our study makes two contributions. First, we
develop a legally sound, topically, culturally, and
linguistically diverse set of three synthetic, high-
quality datasets focusing on legal reasoning on
US, European, and Swiss constitutional matters
(comprising two languages: English and German)

Technically, this second case relates to the interpretation
of the European Convention on Human Rights; however, being
a human rights convention, it has constitutional features.

grounded in recent developments in the philos-
ophy of language and logic, which are publicly
available.> Second, we rely on this dataset to
conduct comprehensive experiments involving 19
open- and closed-source LLMs using different in-
struction paradigms, finding that current reasoning
(Ke et al., 2025) and non-reasoning LL.Ms exhibit
strong signs of reliance on shallow heuristics, that
is, of system 1 reasoning.

Addressing this topic is important because con-
stitutional reasoning is of central societal impor-
tance, potentially impacting the rights and duties
of millions of people; beyond legal reasoning, any
use of LLLMs in decision-making is put to ques-
tion if evidence of fast, shallow system 1 thinking
accumulates.

2 State of Relevant Research

Material Inference The concept of a material
inference has been pioneered in recent philosophy
of language by Robert Brandom (Brandom, 1994,
2010, 2021). Before Brandom, philosophy of lan-
guage focused on formal logic, that is, the kind of
inference on display in example (1) (see, e.g., the
influential work by Quine 1960, 1974, 1995).

(D All house cats have a black belt in Karate,
and all US Supreme Court Judges are house
cats. Therefore, all US Supreme Court
Judges have a black belt in Karate.

There cannot be a rational dispute regarding the
validity of (1): If the premises are true, then the con-
clusion must necessarily be true as well. We empha-
size that validity must be distinguished from sound-
ness: While a valid inference can have premises
that are patently false (like example (1)), an infer-
ence is sound only if it is valid and if its premises
are true. For an example of a material inference,
consider example (2).

(2) The constitutional right to privacy entails a
right to abortion.

In contrast to Example (1), there can indeed be
a reasonable disagreement regarding the validity
of inference (2). Whether it is valid depends on
one’s understanding of the constitutional right to
privacy — as the recent ruling by the Supreme Court
of the US has shown, and as decades of arguments
by legal scholars have shown, there can be rational
disagreement about that. In our experiments, we
combine material and formal inferences in a way

3ht’cps: //github.com/retoj/
llms-constitutional-reasoning.
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that should reveal reliance on bias rather than an
understanding of logical concepts: As on display
in Table 1, the premises of our samples contain
politically contested material inferences; the en-
tire argument, however, constitutes a formally
valid inference whose validity, like Example (1),
does not depend on political predilections.

NLI Contemporary Natural Language Inference
(NLI) is conceived as a three-way classification
problem: given two claims, their logical relation
must be classified as either entailment, contradic-
tion, or neutral. (see Dagan et al. 2006; Bar Haim
et al. 2006; Giampiccolo et al. 2007; Bentivogli
etal. 2009, 2011; Gubelmann et al. 2024). Encoder-
Only Transformers such as BERT (Devlin et al.,
2019) have been shown to succumb to the so-
called Problem of Generalization (Bernardy and
Chatzikyriakidis, 2019; He et al., 2019; Mahabadi
et al., 2019; Zhou and Bansal, 2020; Bras et al.,
2020; Utama et al., 2020; Asael et al., 2021; Gubel-
mann et al., 2022, 2023). Rather than developing
an actual understanding of logical relationships that
can generalize beyond the respective datasets, the
models were relying on shallow heuristics that per-
form well on the benchmarks because of artifacts
in these benchmarks, but which are useless in the
wild. For example, Gururangan et al. (2018) found
a so-called negation bias on which these models
were relying (on negation, see also Gubelmann and
Handschuh 2022). In sum, this indicates that the
encoder-only transformers were relying on system
1 reasoning instead of system 2 reasoning.

However, it has been hypothesized that the shal-
low heuristics were induced by the fine-tuning step
on the NLI-datasets, which contained artifacts. In
the current paradigm of decoder-only LLMs, the
fine-tuning step is often less important. Therefore,
it is an open question whether contemporary gen-
erative LLMs would still show such behavior. The
research regarding their inferential abilities is still
evolving. Liu et al. (2023) find generally good per-
formance, Payandeh et al. (2023) discover some
brittleness. We contribute to this ongoing research
effort by testing a large number of LLLM configu-
rations in the challenging arena of constitutional
reasoning and inference.

Political Bias in LLMs & Dual Process Theory
Research on political bias in LLM:s is still evolving.
The available studies suggest that the LLMs have
a left-wing-bias, see Ceron et al. (2024) and Mo-
toki et al. (2024). Regarding system 1 and system

2 thinking in LLMs, there are a number of stud-
ies that examine specific biases, such as anchor-
ing, halo, overconfidence, or recency bias, finding
mixed results overall: In some settings, the LLMs
show strong bias indicative of system 1 thinking, in
others, evidence of system 2 reasoning was found
(Echterhoff et al., 2024; Hagendorff et al., 2023;
Ziabari et al., 2025). However, system 1 vs. sys-
tem 2 thinking has never been explored in direct
connection with logical inferences. We fill this gap.

Within dual process theory, our assessment of po-
litical bias via inference labelling behavior belongs
to the research strand focusing on the logic-belief
conflict to distinguish between system 1 and system
2 reasoning: While system 2 thinking shows itself
in its ability to think hypothetically and rule-based,
system 1 thinking is quick and associative and tends
to confuse perceived truth of premises and conclu-
sions with validity of inference (Evans et al., 1983;
Evans and Curtis-Holmes, 2005; Roberts and New-
ton, 2011). Our contribution combines interest in
political bias with the notion of material inference
and applies both to the societally highly relevant
case of constitutional reasoning.

3 Datasets

3.1 General Structure of Datasets

Political Bias We start out with basic, formal-
deductively valid inference patterns that defend a
position that we label “left” and “right” respec-
tively. We hold that our labelling roughly aligns
with current understanding of the political land-
scape (see below, Section 3.2); we emphasize,
however, that nothing in our argument depends
on these labels. We also emphasize that, while
there is intentional and systematical partiality re-
garding the material inferences within the premises
and conclusions, the inferences as a whole are all
formally valid or invalid regardless of any political
position.

Shallow Heuristics We then introduce five varia-
tions of each of these basic, right- and left-leaning
arguments to measure reliance on various kinds of
shallow heuristics. Validity. We wanted to mea-
sure whether the LLMs rely on some sort of va-
lidity heuristics, e.g., simply labelling valid all the
time. Therefore, we paired each of the valid argu-
ments with an obviously invalid one (basically by
combining right-leaning premises with left-leaning
conclusions and vice versa, see Table 2 for an illus-
tration). Negation. “prem-neg?” and “con-neg?”’
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Dataset Seeds

e ABR
e CLI
e TAX

Arg-Variations

e Pol-Leaning (2x)
e Valid? (2x)

e Prem-Neg? (2x)
e Con-Neg? (2x)
e Prem (3x)

e HD? (2x)

3 seed arguments

288 variations
Dataset Creation

Instructions Few-Shots

L)
e 3

oV
o dv

e dedform
e ded-chain

e 48

3456 variations

1 152 variations

Experimental Setup

Figure 1: Overall sample creation pipeline. Multiplied by 19 LLMs times 3 runs, this results in the 196 992

inferences run in our experiment.

control whether the conclusion or the premise con-
tain a negation. Earlier research (see above, Sec-
tion (2)) has shown that Encoder-Only transform-
ers rely on various kinds of negation heuristics, so
we wanted to ensure that our patterns are not only
balanced regarding negation, but that we are also
able to test and examine the influence of differ-
ent combinations of negated and positive premises.
Modification of Premises “Prem” refers to three
variations of the basic premise pattern, namely the
default one, another one (called “conlast’”) where
the conclusion comes at the end, and one with the
introduction of a random sentence ( called “rand”,
“the sun rises every day”, on display in red in Ta-
ble 1). Important-Sounding But Irrelevant Addi-
tion “HD?” controls whether an additional, highly
schematic sentence involving human dignity (for
ABR and CLI) or Tax Justice (for TAX) is added.
We wanted to see whether the models are distracted
by this largely vacuous, superficially relevant, but
also in fact useless and harmless insertion of an ad-
ditional premise (illustrated in maroon on Table 1).

Figure 1 gives an overview on how we construct
our datasets to test for political bias and reliance
on various kinds of shallow heuristics. According
to it, we receive per initial argument variations in
pol-leaning, con-neg?, prem-neg?, Valid?, Prem,
and HD?, yielding 96 variations in total per dataset.
The three datasets (see the next section) then yield
a total number of 288 argument samples.

3.2 The Three Datasets

Based on the structure on display in Fig 1, we com-
pile three different datasets from three different
topical fields, each connected to a topical matter
that’s politically contested. All of the three datasets
are based on real court cases and had been sug-
gested by the legal expert in our team. However,
every argument of our dataset is synthetically con-
structed by humans or automatically generated by

simple syntactical patterns out of human-generated
ones. We emphasize that our dataset spans three
different constitutional traditions, equally many le-
gal domains, and two different languages (English
and German). While we believe that this way of
constructing our dataset allows us to strike a good
balance between diversity and control, we think
that the highly schematic nature of our datasets
might yield results that are higher than what the
LLMs could achieve in the wild.

“ABR”: US; Does the right to Privacy Entail a
Right to Abortion? In the Supreme Court de-
cision “Dobbs v. Jackson Women’s Health Orga-
nization”, 597 U.S. 215 (2022), the US Supreme
Court ruled that the US Constitution does not im-
ply aright to abortion. The core question at issue
was whether the right to privacy, as implied by
the fourteenth amendment, in turn implies a right
to abortion. Proponents of a constitutional right
to abortion typically claim that it implies a right
to abortion, while opponents, including the 6-3-
majority of the current US Supreme Court, think
otherwise.

“CLI”: EU; Does the Right to Private Life En-
tail an Obligation of States to Reduce GHG
Emissions? The central question here is whether
the right to private and family life, according to
Art. 8 of the Convention for the Protection of Hu-
man Rights and Fundamental Freedoms, implies
an obligation on states to reduce their greenhouse
gas emissions. In a ruling from April 2024, the
European Court of Human Rights ruled that it does,
following the argument of the plaintiffs “Verein Kli-
maseniorinnen” (literal translation: “Association of
Climate Elderly Women”) from Switzerland. The
ruling has immediately caused a very lively debate.
Experts, including a former Supreme Court judge,
have criticized the ruling harshly, claiming that the
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Conclusion

Argument Patterns

The US constitution is compati-

ble with a complete ban on abor-

tion The US constitution implies
a right to abortion

the right of privacy, as implied by the concept of liberty in the fourteenth amendment of
the US constitution, is compatible with a complete ban on implies a right to abortion;

the remainder of the US constitution and all of its amendments are compatible with a
complete ban on abortion

The right to respect private and
family life in art 8 of the ECHR

requires that each contract-
ing state undertake measures
for the substantial and progres-
sive reduction of their respec-
tive is consistent with contract-

ing states’ remaining inactive re-

the right to respect private and family life in Art. 8 of the European Convention on
Human Rights (ECHR) contains the obligations of states to protect individuals from
adverse effects on human health; this protection from adverse effects on human health
includes the protection from various sources of environmental harm; this obligation to
protect individuals from various sources of environmental harm requires does not re-
quire that each Contracting State undertake measures for the substantial and progressive
reduction of their respective GHG emission level; no other obligation can be derived
from article 8 of the ECHR to require that each Contracting State undertake measures

garding their respective GHG
emission level

for the substantial and progressive reduction of their respective GHG emission level

degressive Einkommenssteuern

sind verfassungswidrig verfas-

sungskonform

die Schweizer Bundesverfassung enthdilt ein Leistungsfihigkeitsprinzip, gemdss der

sich die Besteuerung nach der wirtschaftlichen Leistungsfahigkeit richten muss; das
Leistungsfahigkeitsprinzip schliesst degressive Einkommenssteuern aus; das Leistungs-
fahigkeitsprinzip der Schweizer Bundesverfassung ldsst degressive Einkommenssteuern
zu; alle tibrigen Bestimmungen der Schweizer Bundesverfassung lassen degressive
Einkommenssteuern zu

Table 2: Sample argument patterns of the ABR, CLI, and TAX datasets. Combining parts underlined and in red (italicized and
in blue) yields a valid right-leaning (left-leaning) argument, combining blue premises with red conclusions and vice versa yields

invalid inferences.

judges have created new law rather than merely
interpreting existing law.* Our CLI dataset is built
around this question of whether an obligation to
reduce GHG emissions can be derived from the
protection of private and family life.

“TAX”’: CH; Does the Taxation Principle of
the Ability to Pay Prohibit Regressive Income
Taxes? It was disputed whether the ability to pay
principle in Art. 127 para. 2 of the Swiss Constitu-
tion limits the rights of Swiss cantons to implement
regressive (in German: “degressive”) income tax
rates. It is, therefore, essentially contested whether
the ability to pay principle as a constitutional princi-
ple contains such a limitation. Regressive tax rates
mean that the average income tax rate decreases
after a certain amount of income. This was the case
in the canton of Obwalden at the time of the deci-
sion. The court concluded (see BGE 133 1206) that
the ability to pay principle is neither compatible
with regressive income taxes, nor with regressive
wealth taxes. The canton had to change its tax laws,
which had previously been adopted by a majority
of the canton’s citizens through a popular vote. We
display samples of formally valid and invalid infer-
ences for all of these three datasets in Table 2 (for
further samples, see the Appendix, Tables 7 and 8).

Quality Assurance All arguments were co-
developed with a legal scholar specializing in con-

“See this report, accessed on September 2, 2024.

stitutional questions and checked by a philosopher
of language specializing in inferentialism. In case
of disagreement, the sample was modified to fit
both expectations. This means that the dataset was
developed in an inter-disciplinary, co-creative pro-
cess, rather than by annotating pre-existing data.
Therefore, it is not helpful to give data on inter-
annotator agreement, such as Cohen’s Kappa (War-
rens, 2015): As a consequence of the co-creative
generation process, all annotators entirely agree on
the categorization of arguments.

4 Experiment

Models For our experiments, we used a total of
19 LLM configurations, including small and large
versions from llama3/llama3.3 and gemma?2, mis-
tral, mixtral-8x7b, all in two different precisions,
two sizes (and precisions) of distillations of the
pioneering reasoning LLM deepseek-r1, as well as
gpt-4o from OpenAl. We add two more open LLMs
with full precision that have been optimized for
German text (recognizable by the qualifier “sauerk”
in the results). We run the entire experiment three
times and average over the results of the three runs.
For the technical details of our experiment, see the
appendix, Section B.

Instructions We start with four different instruc-
tions, see Table 3, which we combine with three
different few-shot settings (0, 8, and 48 few-shots),
yielding a total of 12 different instruction settings.
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Label Instruction

v "Please check whether the following reason-
ing is valid, ending your answer with either
**valid** or **invalid**"
dv "Please check whether the following reason-
ing is deductively valid, ending your answer
with either **valid** or **invalid**"
"Please check the following reasoning for
its deductive-formal validity. Ignore any
content of the inference and only focus on
its form, ending your answer with either
**yalid** or **invalid**"
"Please check whether the following infer-
ence is deductively valid; this means that
you have to assess whether it is possible that
the premises are true, while the conclusions
are still false. If this is possible, it is invalid,
otherwise, it is valid. End your answer with
either **valid** or **invalid**"

dedform

ded-
chain

Table 3: Our four versions of instructions with increas-
ing thrust towards system 2 thinking.

We balance the few-shots for political leaning and
validity, and we take them from a different (US)
constitutional topic, namely the right to bear arms,
in order to avoid biasing the LLLMs towards one of
our three datasets. For details of these patterns, see
the Appendix, Section C.

While v is rather implicit, the phrasing becomes
ever more explicit until, with ded-chain, we give
the entire definition of validity together with a
procedure on how to assess it. With humans,
this should provoke system 2 thinking (see Evans
2003).

This yields a total number of 1 152 prompts per
dataset (96 variations of arguments multiplied by
12 different instructions). Hence, in total, we test
the models on 3 456 samples from three datasets,
which we run three times, meaning that we have
10 368 inferences in total per LLM; given the 19
LLMs tested, we ran a total of 196 992 inferences.

Postprocessing As we did not want to restrict
the natural flow of generation of the LLMs, we
only requested that the validity label be produced
following a certain pattern (see Table 3), but we
did not restrict the length or shape of the generated
output in any other form. This means that we had
to extract the labels or grades from this output. We
did so in a postprocessing step. Postprocessing oc-
curred with a set of hand-crafted regex-patterns to
ensure that the correct label is extracted from the
(mostly non-restricted) output of the LLLMs. Post-
processing worked generally well, only with three
LLMs falling below 95% recall, and never below
90%. Details on the samples discarded during post-

48 FS
Mean |inv  val

8 FS
Modelname inv val Mean

llama3.3-70B:4b |0.48 0.95 0.71 |0.97 0.71 0.84
llama3.3-70B:16b | 0.58 0.93 0.76 |0.87 0.76 0.82
mixtral-8x7B:16b | 0.95 0.63 0.79 |0.90 0.57 0.74
gemma-sauerk 0.98 0.58 0.78 |1.00 0.38 0.69
gemma2-9B:32b |0.99 0.57 0.78 |1.00 0.38 0.69
gemma2-9B:4b | 0.99 0.57 0.78 |1.00 0.34 0.67
mixtral-8x7B:4b |0.93 0.63 0.78 |0.90 0.57 0.73
gpt-40 0.77 0.76 0.77 |0.84 0.61 0.72
gemma2-27B:4b |0.98 0.51 0.75 |0.99 0.35 0.67
ds-r1-70B:4b 0.80 0.68 0.74 |0.83 0.64 0.73
gemma2-27B:32b | 0.99 0.49 0.74 |0.99 0.34 0.67
mistral-7B:4b 0.56 0.78 0.67 |0.95 0.36 0.66
mistral-7B:16b 0.59 0.77 0.68 |0.97 0.32 0.65
Ilama-sauerk 091 044 0.68 |0.99 0.12 0.55
ds-r1-70B:16b 0.58 0.68 0.63 |0.57 0.75 0.66
llama-8B:16b 0.77 0.53 0.65 |0.88 0.32 0.60
llama3-8B:4b 0.73 0.52 0.63 |0.88 0.27 0.58
ds-r1-7B:16b 0.69 0.53 0.61 |0.75 0.39 0.57
ds-r1-7B:4b 0.66 0.50 0.58 |0.69 0.40 0.54

Mean Of Models |0.79 0.63 0.71 |0.89 0.45 0.67

Table 4: Mean accuracy by model, few-shots-setting
(FS) and validity, with bolded maximum values and
sorted by highest mean. Not shown are results for O FS,
as they are, with one single exception (mistral 4b, 0.68
instead of 0.67) inferior to the other FS settings.

processing (because no label could be extracted)
can be found in the Appendix, Table 13; manual
inspection of 200 extracted labels showed that pre-
cision of extraction is above 99%.

5 Results

Table 4 shows that, overall, accuracy varies sub-
stantially with the lowest at 0.58 and thus little
above chance, while the best accuracy is at 0.84,
achieved by llama3.3 with 48 few-shots. This table
also shows that, overall, the best few-shot setting
is 8 FS. However, both the quantized and the full-
precision version of llama3.3 benefit substantially
from 48 few-shots. This is also true, albeit on a
much lower level, for the full-precision version of
deepseek-r1-70B. While the number of few-shots
has a clear impact on model behavior and perfor-
mance, the specific instruction used in combination
with the few-shots has moderate effects on model
behavior. We show the corresponding numbers in
the Appendix, Table 12.

Figure 2 compares the average accuracies of rea-
soning vs. non-reasoning LLLMs, subdivided by
dataset. To give a comprehensive overview, this
figure also already includes the results from our
ICE ablation dataset, which we introduce below,
Section 6. This figure shows a substantially differ-
ent behavior of the two kinds of LLMs: e.g., non-
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Figure 2: Mean accuracy of reasoning vs. non-reasoning LLMs, by dataset and validity with 95% confidence.

reasoning LL.Ms perform much better with invalid
inferences across all three datasets, while reason-
ing LLMs only do so clearly with the German TAX
dataset and slightly with the ABR dataset. Also,
non-reasoning LLMs perform better than reasoning
LLMs overall: average accuracy across all FS set-
tings is at 0.69 for non-reasoning LLMs and 0.63
for reasoning-LLMs.

Table 5 shows the influence of five variables used
to probe LLMs for bias or heuristics, and hence for
system 1 thinking (see above, Section 3). We here
filtered for the instructions with 8 FS, the strongest
setting overall. Pol. is the relevance of politi-
cal leaning, with positive numbers indicating that
LLMs are more accurate at labelling left-leaning
inferences than right-leaning inferences and nega-
tive numbers indicating the same for right-leaning
inferences. It can be seen that the influence of po-
litical leaning is quite moderate overall, with a few
outliers with significant bias, notably the popular
deepseek-rl reasoning LLMs. Prem. gives the dif-
ference in accuracy between the best-performing
conlast and the worst-performing rand condition
(see above, Section 3). Valid is the relevance of in-
struction, with positive numbers indicating that the
LLM is more accurate at labelling valid inferences,
while the negative numbers indicate the converse.
p-neg, c-neg, and HD indicate whether a presence
of negation in premise or conclusion or of an ad-
ditional important-sounding premise increases or
decreases accuracy with a model. The means given
are the means of absolute differences in accuracy.
Overall, it shows that the LLMs are highly sensitive
to the random perturbation, and that they are con-
siderably better at labelling either valid or, which
is more common, invalid inferences. Looking at
Table 4 and Figure 2, it shows that non-reasoning
LLMs simply tend to label inferences as invalid,

Modelname | Pol.|Prem. Valid p-neg HD c-neg
ds-r1-70B:16b 0.10] 0.36 0.10 0.04 0.03 -0.01
ds-r1-70B:4b 0.14] 0.35 -0.12 0.05 -0.02 -0.01
ds-r1-7B:16b 0.06| 0.03 -0.16 0.05 0.04 0.01
ds-r1-7B:4b -0.04| 0.04 -0.16 0.03 0.09 0.00
gemma2-27B:32b(-0.05| 0.82 -0.50 0.08 -0.09 0.05
gemma2-27B:4b |-0.07| 0.81 -0.48 0.06 -0.09 0.05
gemma2-9B:32b | 0.02| 0.99 -0.42 0.02 -0.04 0.03
gemma2-9B:4b  |-0.01| 0.97 -0.43 0.02 -0.06 0.02
gemma-sauerk -0.01| 0.96 -0.08 0.02 0.06 -0.40
gpt-do 0.04| 0.48 -0.00 -0.01 -0.08 0.02
llama-8B:16b -0.02| 0.69 -0.23 0.06 -0.01 0.03
Ilama3-8B:4b -0.02| 0.68 -0.21 0.07 -0.02 0.04
llama3.3-70B:16b| 0.07| 0.I18 0.35 -0.00 0.02 0.01
llama3.3-70B:4b |-0.00| 0.15 0.47 -0.00 0.02 0.02
llama-sauerk -0.06| 0.74 -0.06 0.09 0.12 -0.47
mistral-7B:16b 0.00| 0.56 0.18 -0.00 0.02 0.02
mistral-7B:4b 0.03| 0.52 0.22 0.05 0.01 -0.00
mixtral-8x7B:16b | 0.03| 0.90 -0.33 0.04 0.05 0.02
mixtral-8x7B:4b | 0.03| 0.87 -0.31 0.07 0.01 -0.00

Abs. Mean ‘0.04‘ 0.59 0.29 0.04 0.04 0.03

Table 5: Differences in accuracy brought out by our
bias and heuristic detection variations, filtered for 8 FS,
the strongest setting found. Differences over 10% are
italicized, over 50% are boldfaced.

especially with the CLI and TAX datasets, leading
to a large difference in accuracy between the two
conditions. With reasoning LLMs, this effect is
less pronounced.

6 Discussion

In this discussion, we focus on the implications of
the results of our experiments regarding the main
research interest, as outlined above, Section 1: The
question whether current LLMs are able to tran-
scend bias and shallow heuristics, achieve genuine
system 2 thinking, and hence realize the formalist’s
dream in constitutional reasoning. Before doing
so, we make some observations regarding the three
datasets. Figure 2 shows that, overall, the ABR
dataset is easiest for the LLMs (mean accuracy of

40560



Conclusion

Argument Patterns

The general inclination of U.S. citizens to eat The general inclination of U.S. citizens to eat ice cream, as evident in the
ice cream, as evident in the sales figures of sales figures of U.S. ice cream companies, includes the inclinations to eat ice
U.S. ice cream companies, is consistent with cream outside of their homes or appartments. This inclination is consistent
U.S. citizens’ wanting to ban ice cream from with U.S. citizens’ wanting to ban ice cream from some places, such as

clothing stores

clothing stores. All other known general inclination of U.S. citizens is

consistent with U.S. citizens’ wanting to ban ice cream from clothing stores

Table 6: Basic Argument Patterns of the ICE ablation dataset. Combining the parts italicized and light brown
(underlined and pink) yields a valid anti-ice-cream-in-clothing-stores (pro-ice-cream-in-clothing-stores) argument,
combining brown premise elements with pink conclusions yields an invalid anti-ice-cream inference, and vice versa.

0.7), with the CLI and TAX dataset roughly tied
(mean accuracy of 0.66). We hypothesize that this
is because the US Supreme Court’s ruling over Roe
v. Wade has been extensively discussed in the pub-
lic. The climate ruling, in contrast, on which the
CLI dataset focuses, is more recent. Furthermore,
we emphasize that the relatively good performance
with the German TAX dataset is put in perspective
by the fact that both reasoning and non-reasoning
LLMs show very low accuracy with valid infer-
ences (0.49), which means that they simply tend to
label samples from this German dataset invalid in
general.

A factor contributing to the difficulty LLMs
show with CLI could also be the complexity of
the reasoning, which is typical for the legal cul-
ture of the European Court of Human Rights and
particularly pronounced in the reasoning adopted
by the court in this case. This also leads to longer
overall arguments. While the average length of the
shortest prompt configuration (instruction “v” from
Table 3 and 0 FS) is 458 characters if ABR and 488
with TAX, it is 1013 with CLI (for more details on
this, compare the Appendix, Section A). We note
that the sheer length should not be a fundamental
challenge for system 2 reasoners: humans might
need a scratchpad to work through the reasoning,
but it is not in principle more difficult.

6.1 Political Orientation With Little Causal
Influence

Overall Mild Political Bias As Table 5 shows,
overall, LLMs show mild political bias. For most
LLMs, when compared to our probes for shallow
heuristics, the political orientation does not have
a noteworthy effect on LLM performance. We hy-
pothesize that the rather small relevance of political
leaning is a result of LLM alignment, incentivizing
LLMs to refrain from taking sides in politically

charged debates. Interestingly, it is the two configu-
rations of the largest reasoning LLM tested, namely
ds-r1-70B, that lose substantial accuracy, 10 and 14
percentage points respectively, when asked to label
right-leaning as opposed to left-leaning arguments.

Non-Political Ablation Study: ICE However, it
might be that the political nature of the inferences
as such has an influence on LLM behavior. To ex-
plore whether this is the case, that is, whether the
behavior of LLMs that we observe is due to the
subject matter of the inferences and to their polit-
ical significance in particular, or whether it might
generalize to structurally similar inferences with-
out political weight and constitutional relevance,
we conduct an ablation study featuring inferences
that are structurally analogous to the ones used
in the main experiment, but without consitutional-
political weight: Inferences about eating ice cream
in clothing stores. In analogy to the arguments used
in the main experiment, we systematically create
valid and invalid arguments in favor of and opposed
to eating ice cream in clothing stores. Table 6 il-
lustrates this basic idea (there is one difference,
however: we do not include a HD variation, see
Section 3).

In terms of length and complexity, the samples
are comparable to the datasets used for our main ex-
periment (average character count of prompts with
v-instruction and O FS is 797 and hence approxi-
mately halfway between the length of the ABR and
TAX datasets on the one hand and the CLI dataset
on the other). Overall, the results, as given in an
overview on the right-hand side of Figure 2, show
a comparable, but slightly worse performance of
LLMs. Furthermore, the relative performance of
reasoning- and non-reasoning-LLMs is similar to
the ABR dataset. This indicates that the behav-
ior that we observe in our three politically salient
datasets can be expected to transfer to non-political
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topics as well; in particular, the results show that
the inclination of non-reasoning LL.Ms to consider
somewhat complex inferences invalid ab initio is
not tied to the political nature of the main datasets.
We give further details in the Appendix, Section F.

6.2 Evidence for Shallow System 1 Thinking

General Unreliability The figures in Table 4
show that there is not a single LLM that manages to
achieve more than 2/3 accuracy in both FS settings
in both valid and invalid. This is important because,
to be of any use in any conceivable application, it
is not sufficient to know that an LLLM is only good
at judging either valid or invalid inferences — the
entire point of using LLMs for inference labelling
is to find out whether the inference is valid or not.
For example, 1lama3.3-70B:4b, which achieves the
highest overall accuracy across all settings, needed
48 few-shots to achieve this performance; with only
8 FS, performance at invalid inferences is clearly
unsatisfactory at 0.48 and 0.58 respectively for the
two precisions tested. This seems to entail that, for
most contexts of practical applications, the LLMs
tested should not be trusted with legal reasoning
tasks: it seems unrealistic to expect legal profes-
sionals to have 48 FS available for the specific task
that they are needing assistance with. The general
unreliability is also highlighted by Table 5: The
only LLM tested that is not seriously confused by at
least one of our perturbations, showing a difference
of less than 0.3 accuracy in all, is deepseek-r1-7B
in both precisions. Unfortunately, as Table 4 shows,
this LLM is performing too poorly overall to be of
practical use.

As Figure 2 shows, the difference between the
behavior of reasoning and non-reasoning LLMs
is remarkable: With the ABR and TAX dataset,
reasoning LLMs are outperformed overall and in
all categories except for valid in ABR. With CLI,
reasoning LLMs perform better at valid inferences
than non-reasoning LLMs. Looking at Table 4, it is
remarkable that rather large reasoning-LL.Ms such
as the full-precision instance of deepseek-r1-llama-
70B are being outperformed by much smaller and
older LLMs such as 4bit-quantized mixtral, an
LLM that runs on a consumer-grade MacBook
Pro. The situation is even clearer with cutting-edge
non-reasoning LLMs such as llama3.3-70B: It out-
performs all reasoning LLMs by 10 percentage
points. As a consequence, in our experiments, rea-
soning LLLMs do not constitute a step towards sys-
tem 2 thinking. The bad news for the non-reasoning

LLMs such as mixtral, in contrast, is that they out-
perform the reasoning ones mainly by labelling
invalid very often, leading to very good accuracy at
invalid, but very low accuracy at valid inferences.

Strong Effect of Logically Insignificant Pertur-
bations The same observation, that only one sin-
gle, poorly performing LLM was not showing a
decrease in accuracy of at least 0.3 with at least
one of our perturbations, seems to suggest that
none of the LLMs uses system 2 thinking, which
would be based on an understanding of the actual
logical concepts, which then would be able to per-
form well at all of the perturbations tested for, as
they do not affect actual logical validity at all. Most
suggestive of system 1 thinking are the numbers
regarding variation. Only four models have a differ-
ence of less than 30% in accuracy between conlast
and rand variations . We take this as evidence for
a belief-logic conflict as described by Evans et al.
(1983): The LLMs are generally unable to see that
the additional premise, while irrelevant and unclear
in its truth value, does not influence the validity of
logical inference, which is essentially hypothetical.
To conclude this discussion, we return to the ex-
ample shown at the very beginning, see Table 1 in
Section 1. None of the 19 LL.Ms tested managed
to label this inference correctly (as a valid one) in
any one of the three runs that we conducted with
each of them. We admit that this is a slightly un-
natural sample. However, we also maintain that,
for any undergraduate student that has successfully
passed an introductory logic course, it would be
very straightforward to see that the inference is
valid. LLMs’ consistent failure to do so suggests
that they have not yet mastered basic logical con-
cepts, instead relying on shallow heuristics. Note
also that, while the random and the HD premises
might be pragmatically questionable (Grice, 1975),
the instructions make it very clear that the task is
about logical validity, not pragmatic relevance.

7 Conclusion

In this study, we have examined the aptitude of
contemporary LLMs in judging the validity of
valid and invalid inferences typical for US, Eu-
ropean, and Swiss constitutional reasoning. We
have found little evidence of substantial political
bias, but strong evidence for reliance on shallow
heuristics, which we take to be indicative of system
1 rather than system 2 thinking.
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8 Limitations

We wish to point out four limitations of the present
study. First, as a necessary consequence of Ope-
nAI’s refusal to publicize any meaningful informa-
tion about the architecture, training data, training
method, hardware, etc., of their models, the results
obtained here for gpt-4o have to be taken as bench-
marks performed by a system that is accessible via
an API, but not as scientific data in the strict sense.
Still, given its prominence with users, we have
decided to include it in our study. The second limi-
tation is in the fact that we have focused on three
topic areas in three different constitutional settings.
While we have tried to vary the most important
aspects — including topic, language, constitutional
tradition, and degree of contestedness — we would
welcome further studies on broader ranges of topics
in more diverse constitutional settings. The third
limitation that we point out is that, due to compu-
tational limitations, we could not experiment with
LLMs larger than 70B parameters. However, the
fact that gpt-4o, for all we know the largest LLM
tested in our experiment, did not outperform the
other LLMs, seems to suggest that mere size cannot
solve the issue discovered in this study. The fourth
limitation concerns the fact that this paper marks
only a contribution to the overarching question of
the kind of reasoning employed by LL.Ms. While
our study unveiled strong indications of system 1
thinking in legal reasoning, we think more research
in different domains could strengthen this finding.
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A Details on Dataset

Tables 7 and 8 give samples of valid, and in-
valid, left- and right-leaning arguments of all three
datasets.

B Details on LLMs and Hardware

Table 9 gives details on the LLMs used in the ex-
periment. We used a total of 19 different LLM
configurations, two of which were specifically fine-
tuned for German text.

For our experiments, we use the framework pro-
vided by llama.cpp.’ All models were downloaded
from Huggingface (Wolf et al., 2019).

Hardware For the open LLMs, we used a GPU
cluster consisting of V100 GPUs with 32 GB of
memory each. The largest model requires 6 of these
GPUs at once; one full run of all of our dataset re-
quires approximately 3.5 days, which is largely due
to the reasoning LL.Ms, which took around three
times the compute per inference when compared
to a non-reasoning LLM of comparable size and
precision.

C Details on Few-Shot Samples

Tables 10 and 11 give samples of valid, and invalid,
left- and right-leaning arguments of our few-shot
samples.

D Further Details on Results

Table 12 shows that the variety of the instructions,
unlike the number of few-shots, has very little in-
fluence on model behavior and accuracy. For the
phrasing of the different instructions, see Table 3.
Surprisingly, the shortest and most implicit instruc-
tion “v” has resulted in slightly better overall pre-
dictions.

E Postprocessing

More details on the samples discarded during post-
processing can be found in Table 13. This postpro-
cessing loss is due to the regex-pattern not returning
a hit. The table shows that the loss is generally low,
never exceeding 10%, and that with the exception
of three LLMs, it is lower than 5%.

F Ablation Study

The results of our ablation study are shown in a
summarized manner the main body of the article

Shttps://github.com/ggerganov/1lama. cpp.

in Figure 2. In Table 14 we give the results by
LLM and few-shot setting used. note that, as the
arguments are exclusively in English, we did not
evaluate the two German LLMs.
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Valid? Dataset Pol-

Leaning

Conclusion

Premises

1 TAX
0 TAX
1 TAX
0 TAX
1 ABR
0 ABR
1 ABR
0 ABR

left

left

right

right

left

left

right

right

degressive Einkommenssteuern
sind verfassungswidrig

degressive Einkommenssteuern
sind verfassungswidrig

degressive Einkommenssteuern
sind verfassungskonform

degressive Einkommenssteuern
verstossen nicht gegen die
Schweizer Bundesverfassung

The US constitution implies a
right to abortion

The US constitution implies a
right to abortion

The US constitution is compati-
ble with a complete ban on abor-
tion

The US constitution is compati-
ble with a complete ban on abor-
tion

die Schweizer Bundesverfassung enthdlt ein Leistungs-
fahigkeitsprinzip, geméss der sich die Besteuerung nach der
wirtschaftlichen Leistungstihigkeit richten muss; das Leistungs-
fahigkeitsprinzip schliesst degressive Einkommenssteuern aus
das Leistungsfihigkeitsprinzip der Schweizer Bundesverfassung
lasst degressive Einkommenssteuern zu; alle {ibrigen Bestim-
mungen der Schweizer Bundesverfassung lassen degressive
Einkommenssteuern zu

das Leistungsfihigkeitsprinzip der Schweizer Bundesverfassung
lasst degressive Einkommenssteuern zu; alle ibrigen Bestim-
mungen der Schweizer Bundesverfassung lassen degressive
Einkommenssteuern zu

die Schweizer Bundesverfassung enthilt ein Leistungs-
fahigkeitsprinzip, gemiss der sich die Besteuerung nach der
wirtschaftlichen Leistungsfahigkeit richten muss; gemiss dem
Leistungsfahigkeitsprinzip sind degressive Einkommenssteuern
nicht zulédssig

the concept of liberty in the fourteenth amendment of the US
constitution implies a right of privacy; the right of privacy entails
a right to abortion

the right of privacy, as implied by the concept of liberty in the
fourteenth amendment of the US constitution, is compatible with
a complete ban on abortion; the remainder of the US constitution
and all of its amendments are compatible with a complete ban
on abortion

the right of privacy, as implied by the concept of liberty in the
fourteenth amendment of the US constitution, is compatible with
a complete ban on abortion; the remainder of the US constitution
and all of its amendments are compatible with a complete ban
on abortion

the concept of liberty in the fourteenth amendment of the US
constitution implies a right of privacy; the right of privacy entails
a right to abortion

Table 7: Basic argument patterns (samples) from the TAX and ABR Datasets.
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Valid? Dataset Pol-

Leaning

Conclusion Premises

1 CLI
0 CLI
1 CLI
0 CLI

left

left

right

right

The right to respect private and the right to respect private and family life in Art. 8 of the
family life in art 8 of the ECHR European Convention on Human Rights (ECHR) contains the
requires that each contracting obligations of states to protect individuals from adverse effects
state undertake measures for the on human health; this protection from adverse effects on human
substantial and progressive re- health includes the protection from various sources of environ-
duction of their respective GHG mental harm; this obligation to protect individuals from various
emission level sources of environmental harm requires that each Contracting
State undertake measures for the substantial and progressive
reduction of their respective GHG emission level
The right to respect private and the protection from adverse effects on human health, as implied
family life in art 8 of the ECHR by Art. 8 of the European Convention on Human Rights (ECHR),
requires that each contracting includes the protection from various sources of environmental
state undertake measures for the harm; this obligation to protect individuals from various sources
substantial and progressive re- of environmental harm is consistent with contracting states’ re-
duction of their respective GHG maining inactive regarding their respective GHG emission level;
emission level any other implications from the right to respect private and fam-
ily life in Art. 8 of the ECHR are consistent with contracting
states’ remaining inactive regarding their respective GHG emis-
sion level
The right to respect private and the protection from adverse effects on human health, as implied
family life in art 8 of the ECHR by Art. 8 of the European Convention on Human Rights (ECHR),
does not require that each con- includes the protection from various sources of environmental
tracting state undertake mea- harm; this obligation to protect individuals from various sources
sures for the substantial and pro- of environmental harm does not require that each Contracting
gressive reduction of their re- State undertake measures for the substantial and progressive
spective GHG emission level  reduction of their respective GHG emission level; no other obli-
gation can be derived from article 8 of the ECHR to require that
each Contracting State undertake measures for the substantial
and progressive reduction of their respective GHG emission level
The right to respect private and the right to respect private and family life in Art. 8 of the
family life in art 8 of the ECHR European Convention on Human Rights (ECHR) contains the
is consistent with contracting obligations of states to protect individuals from adverse effects
states’ remaining inactive re- on human health; this protection from adverse effects on human
garding their respective GHG health includes the protection from various sources of environ-
emission level mental harm; this obligation to protect individuals from various
sources of environmental harm requires that each Contracting
State undertake measures for the substantial and progressive
reduction of their respective GHG emission level

Table 8: Basic argument patterns (samples) from the CLI dataset.

name precision size Reference

deepseek_rl_distill_llama3_70B 4b/16b 70B  DeepSeek-Al et al. (2025)
deepseek_rl_distill_qwen_7B  4b/16b 7B DeepSeek-Al et al. (2025)

gemma2_27B_it 4b/32b 27B Gemma-Team et al. (2024)
gemma?2_9B_it 4b/32b 9B Gemma-Team et al. (2024)
gemma2_9B_it_sauerkraut 16b 9B Gemma-Team et al. (2024)
gpt-4o (unkn.) (unkn.) Weblink

llama3.3_70B_it 4b/16b 70B Al@Meta (2024)
llama3_8B_it 4b/16b 8B Al@Meta (2024)
llama3_8B_it_sauerkraut 16b 8B Al@Meta (2024)
mistral_7B_it_v0.3 4b/16b 7B Weblink
mixtral_8x7B_it_v0.1 4b/16b 8x7B Jiang et al. (2024)

Table 9: Details on the LLMs used in the experiment.
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Leaning

Conclusion Premises

The right of U.S. citizens to bear the protection of the right of U.S. citizens to bear arms, as im-

arms, as codified in the second plied by the Second Amendment to the U.S. Constitution, in-

amendment to the U.S. Consti- cludes the protection of citizens’ right to bear arms outside of

tution, does not imply that U.S. their homes or businesses; this right does not imply the right

citizens can bear arms in public to bear arms in sensitive places, which includes public parks;

parks no other provision in the U.S. Constitution implies that it is not
permitted to restrict the carry of arms in public parks

The right of U.S. citizens to bear the protection of the right of U.S. citizens to bear arms, as im-
arms, as codified in the second plied by the Second Amendment to the U.S. Constitution, in-
amendment to the U.S. Consti- cludes the protection of citizens’ right to bear arms outside of
tution, does not imply that U.S. their homes or businesses; this right is consistent with U.S. au-
citizens can bear arms in public thorities’ banning arms from sensitive places, which includes
parks public parks; all other provisions in the U.S. Constitution are

consistent with U.S. authorities’ banning arms from public parks

The right of U.S. citizens to bear the protection of the right of U.S. citizens to bear arms, as im-

arms, as codified in the second plied by the Second Amendment to the U.S. Constitution, in-

amendment to the U.S. Constitu- cludes the protection of citizens’ right to bear arms outside of

tion, is consistent with U.S. au- their homes or businesses; this right does not imply the right

thorities” banning arms in public to bear arms in sensitive places, which includes public parks;

parks no other provision in the U.S. Constitution implies that it is not
permitted to restrict the carry of arms in public parks

The right of U.S. citizens to bear the protection of the right of U.S. citizens to bear arms, as im-
arms, as codified in the second plied by the Second Amendment to the U.S. Constitution, in-
amendment to the U.S. Constitu- cludes the protection of citizens’ right to bear arms outside of
tion, is consistent with U.S. au- their homes or businesses; this right is consistent with U.S. au-
thorities” banning arms in public thorities’ banning arms from sensitive places, which includes
parks public parks; all other provisions in the U.S. Constitution are

consistent with U.S. authorities’ banning arms from public parks

The right of U.S. citizens to bear the protection of the right of U.S. citizens to bear arms, as im-

arms, as codified in the second plied by the Second Amendment to the U.S. Constitution, in-

amendment to the U.S. Consti- cludes the protection of citizens’ right to bear arms outside of

tution, does not imply that U.S. their homes or businesses; this right does, with no restrictions

citizens can bear arms in public whatsoever, imply the right to bear arms in sensitive places,

parks which includes public parks; all other provisions in the U.S. Con-
stitution imply that it is not permitted to restrict the carry of arms
in public parks

The right of U.S. citizens to bear the protection of the right of U.S. citizens to bear arms, as im-

arms, as codified in the second plied by the Second Amendment to the U.S. Constitution, in-

amendment to the U.S. Consti- cludes the protection of citizens’ right to bear arms outside of

tution, does not imply that U.S. their homes or businesses; this right is inconsistent with U.S.

citizens can bear arms in public authorities’ banning arms from sensitive places, which includes

parks public parks; all other provisions in the U.S. Constitution are
inconsistent with U.S. authorities’ banning arms from public
parks

The right of U.S. citizens to bear the protection of the right of U.S. citizens to bear arms, as im-

arms, as codified in the second plied by the Second Amendment to the U.S. Constitution, in-

amendment to the U.S. Constitu- cludes the protection of citizens’ right to bear arms outside of

tion, is consistent with U.S. au- their homes or businesses; this right does, with no restrictions

thorities” banning arms in public whatsoever, imply the right to bear arms in sensitive places,

parks which includes public parks; all other provisions in the U.S. Con-
stitution imply that it is not permitted to restrict the carry of arms
in public parks

Valid? Pol-
1 left
1 left
1 left
1 left
0 left
0 left
0 left
0 left

The right of U.S. citizens to bear the protection of the right of U.S. citizens to bear arms, as im-

arms, as codified in the second plied by the Second Amendment to the U.S. Constitution, in-

amendment to the U.S. Constitu- cludes the protection of citizens’ right to bear arms outside of

tion, is consistent with U.S. au- their homes or businesses; this right is inconsistent with U.S.

thorities” banning arms in public authorities’ banning arms from sensitive places, which includes

parks public parks; all other provisions in the U.S. Constitution are
inconsistent with U.S. authorities’ banning arms from public
parks

Table 10: Basic argument patterns from the few-shots dataset (1/2).
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Valid? Pol-

Leaning

Conclusion Premises

1

right

The right of U.S. citizens to bear the protection of the right of U.S. citizens to bear arms, as im-
arms, as codified in the second plied by the Second Amendment to the U.S. Constitution, in-
amendment to the U.S. Consti- cludes the protection of citizens’ right to bear arms outside of
tution, does not allow U.S. au- their homes or businesses; this right does, with no restrictions
thorities to prohibit U.S. citi- whatsoever, imply the right to bear arms in sensitive places,
zens from bearing arms in pub- which includes public parks; all other provisions in the U.S. Con-
lic parks stitution imply that it is not permitted to restrict the carry of arms
in public parks

1

right

The right of U.S. citizens to bear the protection of the right of U.S. citizens to bear arms, as im-

arms, as codified in the second plied by the Second Amendment to the U.S. Constitution, in-

amendment to the U.S. Consti- cludes the protection of citizens’ right to bear arms outside of

tution, implies that U.S. citizens their homes or businesses; this right is inconsistent with U.S.

can bear arms in public parks  authorities’ banning arms from sensitive places, which includes
public parks; all other provisions in the U.S. Constitution are
inconsistent with U.S. authorities’ banning arms from public
parks

1

right

The right of U.S. citizens to bear the protection of the right of U.S. citizens to bear arms, as im-
arms, as codified in the second plied by the Second Amendment to the U.S. Constitution, in-
amendment to the U.S. Consti- cludes the protection of citizens’ right to bear arms outside of
tution, does not allow U.S. au- their homes or businesses; this right does, with no restrictions
thorities to prohibit U.S. citi- whatsoever, imply the right to bear arms in sensitive places,
zens from bearing arms in pub- which includes public parks; all other provisions in the U.S. Con-
lic parks stitution imply that it is not permitted to restrict the carry of arms
in public parks

1

right

The right of U.S. citizens to bear the protection of the right of U.S. citizens to bear arms, as im-

arms, as codified in the second plied by the Second Amendment to the U.S. Constitution, in-

amendment to the U.S. Consti- cludes the protection of citizens’ right to bear arms outside of

tution, implies that U.S. citizens their homes or businesses; this right is inconsistent with U.S.

can bear arms in public parks  authorities’ banning arms from sensitive places, which includes
public parks; all other provisions in the U.S. Constitution are
inconsistent with U.S. authorities’ banning arms from public
parks

right

The right of U.S. citizens to bear the protection of the right of U.S. citizens to bear arms, as im-
arms, as codified in the second plied by the Second Amendment to the U.S. Constitution, in-
amendment to the U.S. Consti- cludes the protection of citizens’ right to bear arms outside of
tution, does not allow U.S. au- their homes or businesses; this right does not imply the right
thorities to prohibit U.S. citi- to bear arms in sensitive places, which includes public parks;
zens from bearing arms in pub- no other provision in the U.S. Constitution implies that it is not
lic parks permitted to restrict the carry of arms in public parks

right

The right of U.S. citizens to bear the protection of the right of U.S. citizens to bear arms, as im-
arms, as codified in the second plied by the Second Amendment to the U.S. Constitution, in-
amendment to the U.S. Consti- cludes the protection of citizens’ right to bear arms outside of
tution, implies that U.S. citizens their homes or businesses; this right is consistent with U.S. au-
can bear arms in public parks  thorities’ banning arms from sensitive places, which includes

public parks; all other provisions in the U.S. Constitution are

consistent with U.S. authorities’ banning arms from public parks

right

The right of U.S. citizens to bear the protection of the right of U.S. citizens to bear arms, as im-
arms, as codified in the second plied by the Second Amendment to the U.S. Constitution, in-
amendment to the U.S. Consti- cludes the protection of citizens’ right to bear arms outside of
tution, does not allow U.S. au- their homes or businesses; this right does not imply the right
thorities to prohibit U.S. citi- to bear arms in sensitive places, which includes public parks;
zens from bearing arms in pub- no other provision in the U.S. Constitution implies that it is not
lic parks permitted to restrict the carry of arms in public parks

right

The right of U.S. citizens to bear the protection of the right of U.S. citizens to bear arms, as im-
arms, as codified in the second plied by the Second Amendment to the U.S. Constitution, in-
amendment to the U.S. Consti- cludes the protection of citizens’ right to bear arms outside of
tution, implies that U.S. citizens their homes or businesses; this right is consistent with U.S. au-
can bear arms in public parks  thorities’ banning arms from sensitive places, which includes

public parks; all other provisions in the U.S. Constitution are

consistent with U.S. authorities’ banning arms from public park

Table 11: Basic argument patterns from the few-shots dataset (2/2).
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Instruction ded-chain dedform dv \%
Valid? 0 1 Mean |0 1 Mean |0 1 Mean |0 1 Mean
Model

llama3.3-70B:16b 0.67 0.80 0.73 [0.72 0.83 0.78 |0.74 0.87 0.81 |0.81 0.78 0.80
llama3.3-70B:4b 0.77 0.79 0.78 [0.77 0.79 0.78 |0.80 0.79 0.79 |0.80 0.79 0.80
mixtral-8x7B:4b 0.85 0.57 0.71 [0.87 0.64 0.75 [0.91 0.54 0.72 |0.84 0.57 0.71
mixtral-8x7B:16b 0.87 0.58 0.72 [0.88 0.62 0.75 [0.93 0.52 0.72 |0.87 0.57 0.72
gpt-4o 0.77 0.69 0.73 [0.79 0.68 0.73 |0.80 0.68 0.74 |0.85 0.62 0.73
ds-r1-70B:4b 0.79 0.60 0.69 [0.77 0.63 0.70 |0.73 0.64 0.69 |0.63 0.82 0.73
gemma-sauerk 0.98 0.42 0.70 [0.98 0.46 0.72 |0.98 0.40 0.69 |0.99 0.38 0.68
gemma2-9B:32b 0.99 0.42 0.70 [0.98 0.45 0.72 [0.98 0.38 0.68 |1.00 0.38 0.69
ds-r1-70B:16b 0.78 0.33 0.56 [0.64 0.79 0.71 |0.46 0.83 0.65 |0.45 0.79 0.62
gemma2-9B:4b 0.99 0.40 0.69 |0.98 0.43 0.71 [0.99 0.36 0.67 [0.99 0.36 0.68
gemma2-27B:4b 0.99 0.40 0.69 [0.99 0.36 0.68 [0.99 0.32 0.66 |0.99 0.33 0.66
gemma2-27B:32b 1.00 0.39 0.69 |0.99 0.35 0.67 [1.00 0.33 0.66 |1.00 0.33 0.66
mistral-7B:4b 0.76 0.55 0.65 [0.76 0.60 0.68 |0.84 0.45 0.65 |0.79 0.56 0.68
mistral-7B:16b 0.82 0.45 0.63 |0.80 0.56 0.68 [0.84 0.43 0.64 |0.82 0.53 0.68
llama-8B:16b 0.74 0.50 0.62 [0.76 0.44 0.60 |0.89 0.29 0.59 |0.85 0.46 0.65
llama-sauerk 0.97 0.28 0.63 |0.92 0.30 0.61 [0.98 0.16 0.57 [0.97 0.24 0.60
llama3-8B:4b 0.70 0.47 0.58 [0.78 0.37 0.58 [0.92 0.29 0.60 |0.82 0.43 0.62
ds-r1-7B:16b 0.70 0.53 0.61 [0.73 0.40 0.57 |0.68 0.49 0.58 |0.59 0.61 0.60
ds-r1-7B:4b 0.70 0.50 0.60 [0.72 0.46 0.59 |0.65 0.52 0.59 |0.52 0.51 0.51
Mean Across Models 0.83 0.51 0.67 [0.83 0.54 0.68 |0.85 0.49 0.67 |0.82 0.53 0.67
95% CI 0.05 0.06 0.03 \0.05 0.07 0.03 \0.07 0.09 0.03 \0.07 0.08 0.03
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Table 12: Average accuracy by model, instruction, and validity (CI represents the confidence intervall).



Model Loss count Loss perc.

ds-r1-70B:16b 7 0.00
ds-r1-70B:4b 6 0.00
ds-r1-7B:16b 21 0.00
ds-r1-7B:4b 18 0.00
gemma2-27B:32b 9 0.00
gemma2-27B:4b 14 0.00
gemma2-9B:32b 12 0.00
gemma2-9B:4b 206 0.02
gemma-sauerk 3 0.00
gpt-4o 0 0.00
llama-8B:16b 159 0.02
llama3-8B:4b 99 0.01
llama3.3-70B:16b 370 0.04
llama3.3-70B:4b 807 0.08
llama-sauerk 52 0.01
mistral-7B:16b 754 0.07
mistral-7B:4b 918 0.09
mixtral-8x7B:16b 21 0.00
mixtral-8x7B:4b 220 0.02

Table 13: Postprocessing loss by LLM.

Number of FS 0 1 2
Model

llama3.3-70B:4b 0.68 0.84 0.88
gpt-4o 0.65 0.79 0.88

llama3.3-70B:16b 0.64 0.84 0.78
mixtral-8x7B:4b  0.59 0.62 0.63
mixtral-8x7B:16b 0.59 0.64 0.62

mistral-7B:16b  0.56 0.54 0.62
ds-r1-70B:4b 0.52 0.61 0.61
ds-r1-7B:16b 0.59 0.57 0.61
mistral-7B:4b 0.57 0.51 0.60
ds-r1-70B:16b 0.57 0.60 0.60
ds-r1-7B:4b 0.58 0.62 0.56

gemma2-27B:4b 0.55 0.61 0.54
gemma2-27B:32b 0.54 0.61 0.52
gemma2-9B:32b  0.54 0.60 0.52

gemma2-9B:4b  0.53 0.59 0.52
llama-8B:16b 0.58 0.59 0.51
llama3-8B:4b 0.56 0.59 0.51

Table 14: Mean accuracy by model and number of few-
shots (FS, sorted descending by number of FS=2).
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