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Abstract

Faithfulness assesses whether a model’s ex-
planation reflects what actually drove its an-
swer, which is different from assessing an-
swer correctness. But does faithfulness also
apply in expert domains such as law, where
the relevant factors that decide the answer, also
called concepts, are diffuse and only implic-
itly expressed? We measure faithfulness in
two expert-annotated legal reasoning multiple-
choice question answering (QA) datasets and
show that existing methods are not tailor-made
for the legal domain. We therefore introduce
a detailed, per-concept measure which reveals
how each concept is being relied on and ex-
pressed by a model. We test our method with a
small, open-weight LLM and find that faithful-
ness is generally low on legal datasets and that
simple supervised fine-tuning lowers faithful-
ness even further, despite giving plausible legal
explanations. The code is publicly available.'

1 Introduction

Explanations play an important role in understand-
ing and following legal reasoning, as legal con-
clusions derive their legitimacy from justification
through facts, doctrines, procedural rules, and com-
peting interpretations. As a result, models are
expected to produce explanations or step-by-step
analyses alongside their final answers. However, a
convincing legal explanation does not necessarily
reveal the factors that actually drove the prediction.

In expert domains, like the legal domain, reading
a convincing explanation for an answer can be very
misleading when it is not true to the model’s actual
internal reasoning. The explanation may contain
domain-specific statements that are difficult to audit
without legal knowledge.

The distinction is commonly described as the
difference between plausibility and faithfulness (Ja-
covi and Goldberg, 2020). Plausibility concerns
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whether an explanation appears convincing to a hu-
man reader, while faithfulness concerns whether
the explanation accurately reflects the factors that
influenced the model’s prediction.

In legal NLP, however, this distinction has
largely gone unexamined. The primary focus has
been task performance, with benchmarks (Guha
et al., 2023; Chalkidis et al., 2022) and correctness
metrics dominating the evaluation. Comparatively
less attention has been paid to whether generated
legal explanations faithfully reflect the model’s un-
derlying decision process. Furthermore, it remains
unclear whether adapting LL.Ms to produce legal
explanations improves explanation faithfulness or
merely improves explanation plausibility.

Both questions demand a way to measure faith-
fulness in a domain where concepts are diffuse and
expressed implicitly. In this work, we investigate
how faithfulness can be measured in the legal do-
main and which adaptations of existing methods are
necessary. Building on the faithfulness framework
of (Matton et al., 2025), we propose a faithfulness
measure for legal question answering that compares
a model’s answer prediction with the decisive fac-
tors emphasized in the explanation, accounting for
diffuse and implicitly expressed concepts of legal
reasoning. Additionally, we explore possibilities to
obtain a fine-grained diagnostic which lets us gain
a better understanding of the mismatch between
what drives a model’s answer and its explanation.
Lastly, we ask how faithfulness is influenced by
supervised fine-tuning and investigate this by com-
paring the performance of a base model to a model
fine-tuned for a legal reasoning task, to observe
whether accuracy and faithfulness move together.
We apply our method to two datasets, the Legal
Argument Reasoning Task in Civil Procedure (Bon-
gard et al., 2022) and the Multi-level Legal Rea-
soning dataset (Islam et al., 2025), in which each
answer is paired with an explanation written by a
legal expert.
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2 Related work

2.1 Legal reasoning datasets

Several benchmarks have been proposed to
evaluate legal reasoning capabilities.  Case-
HOLD (Zheng et al., 2021) frames legal reason-
ing as a multiple-choice task requiring models to
identify the correct legal holding from a set of can-
didate options. LegalBench (Guha et al., 2023)
broadens evaluation across diverse legal reasoning
tasks. However, these benchmarks primarily fo-
cus on prediction accuracy and generally do not
provide explicit reasoning steps explaining how
answers are derived.

Some legal datasets do contain explicit reason-
ing. One such dataset is the Legal Argument Rea-
soning Task in Civil Procedure (Bongard et al.,
2022), derived from The Glannon Guide to Civil
Procedure (Glannon, 2019). Each instance contains
a legal question together with a detailed analysis
explaining why the correct answer follows from
the relevant legal principles and why alternative
answers are incorrect. More recently, the Multi-
level Legal Reasoning dataset (Islam et al., 2025)
introduced human-written and model-generated ex-
planations at multiple levels of abstraction.

These explanation-rich datasets are particularly
relevant for studying faithfulness because they pro-
vide explicit legal reasoning traces rather than only
ground-truth answer labels.

2.2 Faithfulness and plausibility of
explanations

Recent work has shown that natural language expla-
nations produced by LLMs can appear convincing
while failing to reflect the factors that actually drive
model predictions. Turpin et al. (2023) demonstrate
that chain-of-thought explanations can systemat-
ically omit causally relevant factors influencing
model outputs. Similarly, Madsen et al. (2024)
find substantial variation in the faithfulness of self-
explanations across models, tasks, and explanation
formats. Atanasova et al. (2023) further propose
dedicated tests for evaluating the faithfulness of
natural language explanations.

Research on explainability has also produced
rationale-based approaches (Lei et al., 2016),
benchmark-based evaluation frameworks such as
ERASER (DeYoung et al., 2020), and perturbation
or counterfactual methods for estimating causal
influence (Chan et al., 2022; Liu et al., 2022). Sur-
veys by Jacovi and Goldberg (2020) and Lyu et al.

(2024) provide broader overviews of the challenges
involved in defining and measuring explanation
faithfulness.

Most closely related to our work is the Walk
the Talk framework (Matton et al., 2025), which
compares concept importance inferred from model
behavior with concept importance implied by gen-
erated explanations. While Walk the Talk has been
evaluated on general reasoning tasks, its applica-
bility to legal reasoning has not yet been studied.
Recent work by McMillan et al. (2025) further
used Walk the Talk to evaluate the faithfulness of
medical reasoning models trained with different
supervision and reinforcement-learning strategies.
Their findings suggest that improvements in rea-
soning performance do not necessarily correspond
to improvements in explanation faithfulness, moti-
vating further investigation in expert domains such
as law.

Although substantial progress has been made in
both explanation faithfulness and legal reasoning,
their intersection remains largely unexplored.

3 Methodology

We build on the Walk the Talk framework of Matton
et al. (2025), which measures whether the factors
that influence a model’s answer are also reflected in
its explanation. We first introduce the terminology
used by the framework and describe its original for-
mulation. We then discuss why directly applying
it to legal reasoning is difficult and introduce our
adaptations for measuring and diagnosing faithful-
ness in legal question answering.

3.1 Terminology

Walk the Talk evaluates faithfulness in terms of
concepts. A concept c; represents a factual property
of a question that may influence the model’s answer
and that can take alternative values. For a question
q, we denote its concepts by

C(q) = {01, .

Each concept defines a set of possible coun-
terfactual values. A counterfactual intervention
changes the value of one concept while keeping the
remaining question unchanged. For a concept c;,
we denote the resulting counterfactual questions by

s Qi ey - (2)

,Cn}- ey

Gily---

Counterfactuals allow us to observe whether chang-
ing a particular aspect of a question changes the
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model’s answer. For example, consider the follow-
ing simplified question:

A 17-year-old enters into a contract to purchase
a car. Is the contract enforceable?

One concept is the age of the contracting party,
whose counterfactual values might include 18 or
25. Another could be the type of transaction, with
alternative values corresponding to legally mean-
ingful variations of the original transaction. Re-
placing “17-year-old” with “25-year-old” creates a
counterfactual question in which only the selected
concept has been changed. If this intervention sub-
stantially changes the model’s answer, the model
demonstrates behavioral reliance on that concept.

3.2 Walk the Talk

An explanation is the natural-language justification
generated by the model for its answer. It represents
what the model explicitly claims to be relevant to
its decision. Faithfulness can therefore be studied
by comparing two views of the same concept: how
much changing it affects the model’s answer and
how important the model presents it to be in its
explanation.

Matton et al. (2025) formalize these two views
as the Causal Concept Effect (CE) and the
Explanation-Implied Effect (EE). CE captures a
model’s behaviorally demonstrated reliance on a
concept, while EE captures the reliance implied by
its generated explanation.

Causal Concept Effect. For each concept c;,
Matton et al. (2025) compare the model’s answer
distribution for the original question with the distri-
butions obtained after counterfactual interventions.
Matton et al.’s causal concept effect CEM (¢;) of
concept ¢; is the average Kullback—Leibler diver-
gence D between these distributions:

k;
CEM(¢;) = ,;Zmz% 1) I PC o), B

J=1

where k; is the number of counterfactual questions
for concept c;. A larger CE indicates that interven-
tions on the concept produce larger changes in the
model’s answer distribution and therefore that the
model relies more strongly on it.

Explanation-Implied Effect. The second quan-
tity measures whether the same concept is reflected
in the model’s explanation. Matton et al. (2025)
treat this as a binary effect: a concept either appears

as a causal factor in the explanation or it does not.
The resulting explanation-implied effect EEM(¢;),
defined as

k.
1 K2

EEM(ci)) = - P(a € E|@ij), ()
j=1

therefore captures whether the model’s stated rea-
soning acknowledges the concept that is being
probed.

Causal Concept Faithfulness. For each ques-
tion, CE and EE form two vectors over its con-
cepts, denoted CES/I and EElqw, respectively. Mat-
ton et al. (2025) standardize both vectors within
the question and estimate their relationship using
a hierarchical regression. A faithful explanation
should assign relatively high explanatory impor-
tance to concepts with relatively high causal effects.
Their measure 7™ (q) therefore captures whether
demonstrated and stated concept importance move
together by calculating the Pearson correlation p
between CEM and EEM

F*(q) = p (CEY', EEY") . )

3.3 Challenges for legal reasoning

The intuition behind Walk the Talk transfers nat-
urally to legal reasoning: if a fact substantially
influences a model’s legal conclusion, we would
expect its explanation to reflect that influence. Its
original formulation, however, poses several prob-
lems when applied directly to legal questions.

First, legally relevant concepts are often diffuse.
They are not necessarily isolated entities or ex-
plicit phrases, but factual relationships whose legal
importance emerges from how several parts of a
scenario interact. A useful concept must therefore
capture an editable factual dimension of the legal
scenario, rather than merely identifying whether a
particular term occurs.

Second, legal explanations rarely divide con-
cepts cleanly into “used” and “not used.” A fact
may be mentioned only as background, used as
supporting evidence, or form the decisive reason
for reaching a conclusion. Treating all of these
cases as the same binary explanatory effect dis-
cards precisely the differences in importance that
characterize legal argumentation.

Finally, the original faithfulness measure is pri-
marily concerned with the existence of the linear
covariance of CE and EE across concepts. It there-
fore cannot distinguish an explanation that tracks
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the model’s reliance proportionally from one that
flattens or exaggerates the differences between con-
cepts, as long as the ordering and linear fit are com-
parable. For our purposes, this distinction is itself
informative: not only we want to identify whether
the same concepts are relatively important, but also
whether the explanation accurately represents how
much the model relies on each of them.

3.4 Our faithfulness measure

We retain the central comparison between behav-
ioral and explicit reliance, but adapt how concepts,
CE, EE, and their agreement are measured. Fig-
ure 1 summarizes the resulting pipeline.

Concepts and Counterfactuals. We operational-
ize a concept as an editable factual dimension of a
legal scenario that may influence the answer. Con-
cepts are extracted using only the introductory con-
text and question text (see a full example from the
dataset in Appendix B). We withhold answer candi-
dates and expert analyses so that concept extraction
reflects the factual structure of the scenario rather
than information derived from the correct answer.

For every concept, we generate alternative values
and construct counterfactual questions by modify-
ing only that concept. Concepts and counterfactu-
als must be grounded in the original scenario and
permit an isolated intervention while preserving the
remaining facts. In this way, each concept defines
a counterfactual value space through which its in-
fluence on the model’s prediction can be probed.
An example of counterfactual replacements can be
found in Appendix C.

Causal Concept Effect. We estimate the answer
distribution P(- | ¢q) directly from the likelihoods
assigned by the target model to the complete an-
swer candidates. We normalize these likelihoods by
answer length and calibrate them against a content-
free prompt to reduce preferences arising from an-
swer wording and prompt structure (Zhao et al.,
2021). The calibrated scores are converted into
a distribution over the answer candidates using a
temperature-scaled softmax. The complete proce-
dure is described in Appendix D.5.

Instead of KL divergence, we measure the ef-
fect of an intervention using total variation (TV)
distance:

CEraw(ci) = P(- ‘ql,]))

(6)

ZTV

where

= S IP@ - Q@ @
a

TV is symmetric and bounded in [0, 1], giving
the effect a direct interpretation as the amount of
probability mass shifted by an intervention. Be-
cause the largest possible shift depends on the orig-
inal answer distribution, we normalize by the max-
imum attainable TV distance:

CEraw (Cz)
Pla]q)
CE therefore expresses how much of the available

shift in the model’s answer distribution is produced
by intervening on the concept.

CE(c;) = (®)

1 — min,

Explanation-Implied Effect. To capture the dif-
ferent roles concepts can play in legal explanations,
we replace binary concept presence with graded
importance. An external judge model assigns each
concept one of five scores:

0 = not present / irrelevant

1 = mentioned only as background

2 = relevant supporting factor

3 = major reason
4 = decisive or contrastive reason.

We evaluate the concept in the explanation of the
original question and in the explanations generated
for its corresponding counterfactuals. Let &; denote
these explanations and J(c;,e) € {0,...,4} the
judge’s rating. We define

EE(¢;)

> Jeie 9)

ec&;

\zl

EE is therefore bounded in [0, 1] and captures how
strongly a concept is represented in the model’s ex-
plicit reasoning, rather than only whether it occurs.

Faithfulness. Following Matton et al. (2025), we
measure faithfulness by the association between a
model’s behavioral reliance on concepts and the im-
portance assigned to those concepts in its explana-
tions. For a question g, we define the concept-level
effect vectors

CE, = (CE(c),...,CE(c,))  (10)

and
EE, = (EE(c1),...,EE(cy)). (11

We compute the Pearson correlation coefficient
(PCC) between these vectors:

F(q) = p(CEy, EEy). (12)
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Figure 1: Our faithfulness evaluation pipeline. Concepts are extracted from the question and introductory context,
and counterfactual values are generated for each concept. Behavioral reliance is estimated from changes in the target
model’s (7T") answer distribution under these interventions (CE). Explicit reliance is estimated by an external judge
model (J) from the importance assigned to each concept in generated explanations (EE). Faithfulness measures the

agreement between the two quantities.

A high positive correlation indicates that concepts
on which the model demonstrates greater behav-
ioral reliance also tend to receive greater impor-
tance in its explanation. Conversely, a low or nega-
tive correlation indicates a mismatch between the
concepts that influence the model’s answer and
those emphasized in its explicit reasoning.

3.5 Concept-level diagnostics

A question-level score tells us whether the two
views of the model’s reasoning agree overall, but
it does not tell us where they disagree. This dis-
tinction is particularly important for our goal of
diagnosing legal reasoning rather than reducing
faithfulness to a single score.

For each concept, we therefore compute the
signed difference vector

gap(c;) = EE(¢;) — CE(¢;). (13)

A positive gap means that the explanation as-
signs more importance to a concept than is sup-
ported by the model’s behavior under intervention.
We refer to this as over-emphasis. A negative gap
means that the model’s answer demonstrably relies
on a concept more strongly than its explanation ac-
knowledges, which we refer to as under-emphasis.
A gap close to zero indicates local agreement.

The question-level faithfulness score and
concept-level gaps therefore answer different ques-
tions. The former measures whether the explana-
tion agrees with the model’s demonstrated reason-

ing overall; the latter identifies which concepts are
responsible for a mismatch and in which direction.
This lets us move from asking whether a legal ex-
planation is faithful to examining ~ow and where
its account of the model’s reasoning fails.

4 Experimental setup

4.1 Legal reasoning datasets

The first dataset is the Legal Argument Reason-
ing Task in Civil Procedure (Bongard et al., 2022),
constructed from The Glannon Guide to Civil Pro-
cedure (Glannon, 2019). The dataset contains
multiple-choice legal questions paired with expert-
written analyses explaining why the correct answer
follows from the relevant legal principles while
also discussing why the remaining answer options
are incorrect. Following the original split provided
by Bongard et al. (2022), we use the training split
for fine-tuning and merge the development and test
splits into a single held-out evaluation set to in-
crease the number of evaluation examples.

As a second benchmark, we use the Multi-level
Legal Reasoning dataset (Islam et al., 2025). The
dataset contains 150 multiple-choice questions cov-
ering diverse areas of international law, including
human rights, humanitarian law, environmental law,
and international trade. Each instance includes
a human-written legal explanation together with
model-generated reasoning traces from multiple
perspectives (general, judge, and advocate). Be-
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cause our framework evaluates reasoning rather
than factual legal knowledge, we first annotate each
question using GPT-5.4-mini as either a reasoning
question or a knowledge question. Questions clas-
sified as knowledge questions were excluded, as
they typically contain few meaningful reasoning
concepts for our concept-based faithfulness met-
ric. This filtering yields a subset of 100 reasoning
questions. Since the original dataset is relatively
small, we combine the provided training and test
splits into a single evaluation set.

Together, these datasets allow us to evaluate
our framework across different legal domains and
styles of legal reasoning.

4.2 Target model

The model to be tested for faithfulness is called the
target model. We use Magistral Small 1.2, released
as mistralai/Magistral-Small-2509 (Mistral-
Al et al., 2025), throughout our experiments, be-
cause it is an open-weight model designed for
reasoning tasks. Its open weights support re-
producible experimentation and permit parameter-
efficient fine-tuning, while its reasoning capabili-
ties make it suitable for studying the relationship
between generated legal explanations and model
behaviour.

We evaluate the base model on both legal rea-
soning datasets by generating concepts, counter-
factuals and extracting answer probabilities. We
report answer accuracy, defined as the proportion of
questions for which the model’s selected multiple-
choice answer matches the gold answer, alongside
the explanation faithfulness metric introduced in
Section 3.4. We additionally evaluate a fine-tuned
version of Magistral Small on the held-out test split
of the Glannon dataset. This model is referred to
as the Glannon Reasoner throughout the paper.

For evaluation, the model is prompted to gener-
ate a legal explanation and to end its response with
a single answer letter in the format Final answer:
X. The full inference prompts and generation pa-
rameters are provided in Appendix D.2. Figure 2
shows extracted concepts and counterfactuals for
an example question.

4.3 Judge model

Following Matton et al. (2025), who use a frontier
OpenAl model as a judge for estimating EE, we
use GPT-5.4-mini to evaluate the explanations pro-
duced by the target model. For each explanation,
the judge receives the explanation and the set of ex-

Question (paraphrased). Eban brings suit against Lorenzo
for interference with business relations. Eban’s lawyer, Dar-
row, calls Lorenzo’s lawyer, Sadecki, and tells her that he is
filing suit that afternoon. In which of the following scenarios
may the case proceed without formal service of process?

Candidates.

(A) Darrow files the complaint with the district court clerk
with an affidavit swearing that he informed Sadecki of the
case and mailed her a copy of the complaint. (B) Darrow
files the complaint and mails a copy of it by first class mail
to Lorenzo with two copies of a proper request for waiver.
He files an affidavit with the court attesting to those acts.
(C) Darrow files the complaint and mails a copy of it
by certified mail to Lorenzo with two copies of a proper
request for waiver. He does not send a summons, signed
and sealed by the court, with the waiver request. He
receives the signed waiver form back and files it with the
court. (D) Darrow files the complaint and mails a copy of
it by certified mail to Lorenzo with two copies of a proper
request for waiver. He receives the green postal receipt back
in the mail. Darrow files the postal receipt with the court

Extracted concepts & counterfactuals (Magistral-Small)

C1: Claim

breach of contract ~ defamation  fraud  negligence

C2: Communication

discuss the lawsuit filing negotiate the lawsuit filing

argue about the lawsuit filing

C3: Defendant

Sadecki  Darrow

C4: Plaintiff

Darrow  Lorenzo  Sadecki

Figure 2: An example question taken from the Glannon
dataset with concepts and counterfactuals extracted by
Magistral-Small.

tracted legal concepts and assigns each concept an
importance score on the five-point scale described
in Subsection 3.4.

The judge model is used only to grade the target
model’s explanations. It does not extract concepts,
generate counterfactual inputs, or predict answers.
We query the model with temperature set to zero.
The complete judge prompt and API configuration
are provided in Appendix D.1.

4.4 Fine-tuning for legal explanations

To investigate whether fine-tuning on expert-
written legal analyses improves explanation faith-
fulness, we fine-tune Magistral Small on the Glan-
non training split. Each training instance contains
the introductory legal text, question, candidate an-
swers, and expert-written analysis. The model is
trained to generate the expert-style legal analysis
followed by the predicted answer in the format
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Final answer: X.

We fine-tune using Low-Rank Adaptation
(LoRA) on 161 training examples and evaluate the
resulting Glannon Reasoner on a disjoint held-out
set of 48 examples. Complete training details, hy-
perparameters, and preliminary fine-tuning config-
urations are reported in Appendix D.3.

5 Results

5.1 Model performance vs. model faithfulness

Table 1 reports answer accuracy together with our
question-level faithfulness score (F) and the origi-
nal faithfulness score of Matton et al. (2025) (FM).

Across both datasets, answer accuracy and ex-
planation faithfulness show substantially different
patterns. Magistral-Small achieves its highest accu-
racy on Multilevel (87.0%), while its faithfulness
remains considerably lower (F = 0.455). On Glan-
non, accuracy is similar between the training and
held-out test sets (63.0% and 62.5%, respectively),
as are their faithfulness scores (F = 0.325 and
0.355). These results suggest that stronger answer
performance does not necessarily correspond to
greater agreement between the concepts influenc-
ing a model’s predictions and those reflected in its
explanations.

Model Acc. F FM

Glannon (train)
Magistral-Small 630 325 224

Glannon (test)
Magistral-Small 625 355 281
Glannon Reasoner .604 289 .177

Multilevel
Magistral-Small 870 455 270

Table 1: Answer accuracy, mean question-level faith-
fulness F, and the original score F M of Matton et al.
(2025), per dataset.

Fine-tuning on expert-written Glannon explana-
tions does not improve either answer accuracy or
explanation faithfulness on the held-out test set.
The Glannon Reasoner’s accuracy decreases from
62.5% to 60.4%, while F decreases from 0.355 to
0.289 and FM from 0.281 to 0.177. Thus, in this
setting, training the model to imitate expert-written
legal explanations does not improve the alignment
between the concepts emphasized in its explana-
tions and those that influence its predictions.

Concept CE EE gap Verdict

Claim .008 .050 .042 faithful

Communication .093 500 .407 over-emphasis

Defendant .037 750 713 over-emphasis

Plaintiff 021 125 104 faithful
F=.519 FM=0.358

Table 2: Matching per-concept scores to the example
question provided in Figure 2. A concept is tagged
with over-emphasis or under-emphasis if |gap| > 0.15,
otherwise it is considered faithful.

5.2 Concept-level diagnostics

Aggregate faithfulness scores do not reveal which
concepts are responsible for a mismatch between
a model’s behavior and its explanation. Table 2
therefore illustrates our concept-level diagnostics
for one representative question from the held-out
Glannon test set.

The model extracts four concepts and generates
several counterfactual values for each. Interven-
ing on these concepts yields their causal concept
effects (CE), while the judge model estimates their
importance in the generated explanations to obtain
the explanation-implied effects (EE). The signed
gap, EE — CE, then indicates whether a concept is
emphasized in the explanation proportionally to its
demonstrated influence on the model’s prediction.

The example reveals substantial differences
across concepts. In particular, Defendant receives a
high explanation-implied effect (EE = 0.750) de-
spite a much smaller causal effect (CE = 0.037),
resulting in a gap of 0.713. Similarly, Communi-
cation has an EE of 0.500 but a CE of only 0.093,
yielding a gap of 0.407. Both concepts are there-
fore classified as over-emphasized. In contrast,
Claim and Plaintiff show considerably smaller gaps
(0.042 and 0.104, respectively) and are classified
as faithful under our threshold of |gap| < 0.15.

At the question level, the example obtains a
faithfulness score of F = (0.519 and a score of
FM = 0.358 under the original measure of Matton
et al. (2025). While these aggregate scores summa-
rize the overall correspondence between behavioral
and explicit reliance, the concept-level gaps local-
ize the source and direction of the mismatch. In this
example, they show that the disagreement is pri-
marily driven by the model assigning substantially
greater explanatory importance to Defendant and
Communication than their counterfactual effects
suggest.

309



6 Discussion

Accuracy is not faithfulness. Across both
datasets, answer accuracy and explanation faith-
fulness appear largely decoupled. Magistral-Small
achieves 87% accuracy on the Multi-level dataset
despite obtaining a very low faithfulness score,
while fine-tuning on expert-written legal explana-
tions reduces faithfulness under both our metric
and the correlation-based measure of Matton et al.
(2025). These findings reinforce that correct an-
swers and convincing explanations do not necessar-
ily reflect the concepts that actually drive a model’s
prediction.

Supervised fine-tuning learns explanation style.
Fine-tuning on expert legal analyses produces ex-
planations that more closely resemble expert writ-
ing without improving faithfulness. This suggests
that supervised fine-tuning primarily learns the dis-
tribution and structure of expert explanations rather
than aligning them with the model’s underlying
decision process. Explanation quality and expla-
nation faithfulness should therefore be viewed as
complementary objectives rather than interchange-
able ones.

Concept-level diagnostics expose failure modes.
Dataset-level faithfulness scores summarize over-
all behavior but do not reveal why a model is un-
faithful. Our concept-level analysis introduced
in Section 3.4 identifies which concepts are over-
emphasized or under-emphasized relative to their
demonstrated influence on the prediction. Fig-
ure 2 and the complete per-question analyses in
Appendix A illustrate how similar overall faithful-
ness scores can arise from very different reasoning
failures.

Implications for legal reasoning evaluation.
Legal benchmarks typically emphasize prediction
accuracy, yet our results suggest that answer cor-
rectness alone provides an incomplete picture of
model behaviour. Reporting explanation faithful-
ness alongside accuracy offers a more informative
evaluation of legal reasoning systems and raises the
question of whether faithfulness itself should be-
come an optimization objective, rather than merely
an evaluation criterion.

7 Conclusion

We adapted a concept-level faithfulness score to
the legal domain and showed that the way faith-

fulness is measured matters as much as the score
itself. A single dataset-level number cannot dis-
tinguish between different failure modes and even
though Matton et al. (2025)’s framework is well-
suited to its original setting, legal reasoning with
its diffuse and often correlated concepts demands
a more distinguished view. Our adapted measure
scores each concept directly and reports the differ-
ence between demonstrated and claimed reliance,
separating concepts that are relied on but under-
expressed from those that are overexpressed yet
relied on. To account for the more nuanced way
that concepts are used in legal explanations, we
score on a graded, categorical scale rather than a
binary causal presence.

Faithfulness on both legal reasoning datasets was
generally low. Simple supervised fine-tuning on
expert analyses makes the model produce plausi-
ble legal-sounding explanations, yet faithfulness
slightly dropped, showing that the plausible and
faithful explanations are not necessarily tied to-
gether. And while this is not a surprising outcome
of using supervised fine-tuning, it highlights the
need to look beyond accuracy alone when evaluat-
ing language models for legal reasoning. We hope
our per-concept diagnostic serves as a step towards
treating faithfulness as an additional evaluation tar-
get in the legal domain.

Because our measure can rate individual expla-
nations, it could open up the possibility of using
faithfulness directly as a training signal, rather than
only as an evaluation metric. We evaluated a sin-
gle model on two datasets, and for broader claims
about legal reasoning faithfulness in LLMs, more
models and datasets that genuinely require legal
reasoning capabilities would need to be put under
scrutiny. Whether faithfulness can be optimized
as a training target, and whether it can improve a
model’s legal reasoning remains an open challenge
worth pursuing.

Limitations

Our measure captures faithfulness, which can be in-
terpreted as self-consistency between demonstrated
and claimed reliance, rather than correctness. A
model can be faithful while giving a wrong an-
swer. The frame work also applies only to multiple-
choice legal datasets, since the answer distribution
needs to be extracted over fixed answer options. Its
reliability depends on the quality of the extracted
concepts and counterfactuals and a weaker model
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may land lower faithfulness scores simply for fail-
ing to produce meaningful concepts. Extracted
concepts do not have to be legally sound, since
the measure concerns consistency between claimed
and demonstrated reliance rather than legal correct-
ness. Furthermore, the measure depends on the
quality of the judge model. Scoring the explana-
tions of every counterfactual variant is also costly,
as it requires an additional judge call for each one.
Matton et al. (2025) avoid this by scoring only the
original explanation and approximating the distri-
bution with an estimator. Finally, our fine-tuning
results are based on a small split of the Glannon
dataset (Bongard et al., 2022) (48 questions), which
is not the same split as the original dataset, since
the original version was formatted as a natural lan-
guage inference task with a question, a single an-
swer candidate and a binary label. Thus the scores
cannot be compared directly.
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Question Concept CE EE gap F FM

31 court type 0.012 0.438 0.4261 0.593  0.244
dispute type 0.070  1.000 0.9301
employee status 0.007 0.375 0.368 1
immunity claim 0.006  1.000 0.9941

legal claim 0.012  0.600 0.588 1
organization 0.001 0.000 —0.001
location
33 fishing location 0.005  1.000 0.9951 0455 0.230
fishing vessel 0.001  0.050 0.049
origin
protestor 0.003 0.062 0.060

pursuit location 0.037 0917 0.8801
seizing authority ~ 0.002  0.250 0.248

vessel status 0.249  0.875 0.626 1
35 cost 0.034  0.750 0.7161 0.390 0375
country 0.000 0.000 —0.000
label design 0.132  0.875 0.743 1
product 0.000 0.100 0.100
purpose 0.000  0.850 0.850 1
requirement 0.000 0.950 0.950 1
41 claim 0.010  0.300 0.2901 0.519 -0414
country 0.000 0.400 0.400 1
domestic dairy 0.000  0.750 0.750 1
products
imported dairy 0.113  0.750 0.63771
products
52 civilian presence ~ 0.273  1.000 0.7271 0.732  0.575
country 0.090 0.150 0.060
situation 0.215 0.875 0.660 1
treaty status 0413 0.812 0.400 1
weapon 0.331  1.000 0.669 1

Table 3: Detailed faithfulness results for Magistral-Small on selected instances of the Multi-level legal reasoning
test set.
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Question Concept CE EE gap F FM

11. Investment in Carmichael 0.039  0.550 0.5111 0450 0.328
litigation claims
Carmichael 0.091 0.812 0.7211

claims basis

Faithful defenses  0.049 0.333 0.2851
Faithful response  0.039  0.250 0.211
claimed rate of 0.129 0.375 0.246
return

investment 0.012 0.000 —0.012
amount

judge finding 2 0.080 0.917 0.8371
legal standard 0.055 1.000 0.9451

trial type 0.010 0.312 0.302 1
9. Removing the court type 0.052 0.833 0.7811 0.494 0.205
objections
defendant 0.100 0.875 0.7751
jurisdiction 0.309 0.875 0.566 1
approach
objections raised  0.029  0.812 0.7841
plaintiff 0.042 0.000 —0.042
removal to 0.050 0.438 0.388 1
response to 0.453  0.875 0.4221
complaint
time before 0.018 0.350 0.3321
answer due
8. Technical fouls claim 0.008 0.050 0.042 0.561 0.358
communication 0.093  0.500 0.407 1
defendant 0.037 0.750 0.7131
plaintiff 0.021 0.125 0.104
9. Sufficient AE’s knowledge  0.522 0.938 0.4161 0.566 0.311
information
Adair’s 0.022  0.250 0.228
employment
status
accident involved  0.015 0.000 —0.015
allegation 0.045 1.000 0.9551
7. Comedy of errors ~ Emporia 0.112  1.000 0.8881 0.643 0.120
Supreme Court
decision
appeal status 0.043  0.625 0.5821
court 0.072  0.583 0.5111

injured parties 0.016 0.062 0.046
timing of appeal ~ 0.063  0.917 0.8541

hearing

trial judge’s 0.085 0.917 0.8321
decision

type of action 0.084 0.250 0.166

Table 4: Detailed faithfulness results for Magistral-Small on selected instances of the Glannon test set.
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Question Concept CE EE gap F FM

7. If at first you Ervin’s nextstep  0.017  0.500 0.4831 0.056 -0.111
don’t succeed

Ito’s defense in 0.019 1.000 0.9811
Acadia

Ito’s response to ~ 0.047  0.900 0.853 71
first court ruling

claim 0.011  0.050 0.039
claimant 0.071  0.083 0.013
defendant 0.039  0.750 0.7111
first court 0.035 0.625 0.590 1
first court 0.054 0.950 0.896 1
objection
first court ruling  0.043  1.000 0.957 71
10. Second thoughts  defendant 0.014 0.125 0.111 0.340  0.405
defendant’s 0.010 0.000 —0.010
status
federal statute 0.003 0.562 0.559 1
plaintiff 0.030 0.150 0.120
plaintiff’s basis 0.007  1.000 0.9931
for claim

plaintiff’s claim 0.008 0.375 0.3671
plaintiff’s motion ~ 0.057  1.000 0.943 1
plaintiff’s status 0.017 0.438 0.420 71

time elapsed 0.031 0.500 0.469 1

10. Gag order basis 0.120 0.875 0.7551 0.561  0.442
conduct 0.032  1.000 0.968 1
role 0.008 0.125 0.117

7. A venue medley accident location  0.032  1.000 0.9681T 0.647  0.168
defendant 0.007 0.833 0.826 1
defendant’s 0.004 0.562 0.558 1
employer

defendant’s job 0.006 0.000 —0.006
defendant’s state ~ 0.009  0.500 0.491 1

employer’s 0.008  0.650 0.642 71
principal place of

business

filing location 0.072  1.000 0.928 1
plaintiff 0.003  0.350 0.3471

Table 5: Detailed faithfulness results for the Glannon Reasoner on selected instances of the Glannon test set.
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B Example Legal Reasoning Instance

To illustrate the structure of the legal reasoning data
used in our experiments, we provide one complete
example from the Legal Argument Reasoning Task
in Civil Procedure (Bongard et al., 2022). Each
instance consists of an introductory legal text, a
question, multiple answer candidates, the correct
answer, and an expert-written analysis explaining
the answer.

Question Title. /. Moving Marla

Introductory Text. Under federal diversity ju-
risdiction a citizen of one state may sue a citizen
of another in federal court, even though her claim
arises under state law, if she has a colorable claim
for more than $75,000. The state citizenship of a
person—as opposed to that of a corporation—is
determined by her domicile, that is, the most recent
state where she has (1) resided with (2) the intent to
remain indefinitely. The “residence” requirement
is easily satisfied. Staying overnight in a hotel or
a tent will establish “residence” in a state. It is
the intent-to-remain-indefinitely prong that gives
students problems. A person intends to remain in-
definitely in a state if she is residing in the state on
an open-ended basis, without the intent to leave at
a definite time or on the occurrence of a definite
event. You don’t have to swear allegiance forever
to a state to acquire domicile there; you only need
to reside there “indefinitely,” that is, on an open-
ended basis. If a party is living in a state without
definite plans to leave, the domicile test regards that
state as her “home.” She is there, not as a visitor,
but as a citizen. She is, psychologically speaking,
at home there, rather than passing through. She
may choose to move on, as we all may, but at the
moment she has no plans to do so. Remember that,
until the two prongs coincide in a new state, your
old domicile continues, whether you plan to return
to that state or not. If Acari, from Hawaii, leaves
for a one-year job acting in a play in California,
planning to go to New York afterwards, he remains
domiciled in Hawaii, even if he swears that he will
never return to Hawaii. He hasn’t acquired a domi-
cile in California, because he doesn’t plan to stay
there indefinitely. He hasn’t acquired one in New
York either, since he doesn’t reside there yet. Domi-
cile doctrine abhors a vacuum, so it holds that Acari
keeps his Hawaii domicile until the two prerequi-
sites come together in another state. In analyzing
the question below, assume that the court applies

the reside-with-intent-to-remain-indefinitely test,
and consider where Marla has established a resi-
dence with the requisite “indefinite” intent.

Question. Marla, who grew up in Montana,
moved to Colorado after high school to enter a two-
year program for hair stylists at the Denver Beauty
School. She wasn’t sure if she really wanted to
be a stylist, but she was anxious to get away from
home, and her parents agreed to foot the bill, so
off she went. She figured she’d stay if she liked it,
and get a job as a stylist afterwards, in Denver or
elsewhere in the West (including Montana). Or she
would leave the program if she didn’t like it and
look for work, hopefully in Denver. She took an
apartment on a six-month lease. After moving to
Denver, Marla

Possible Answers.

A. remains domiciled in Montana, because the
program is only for two years.

B. remains domiciled in Montana, because she
may return there to work as a stylist.

C. remains domiciled in Montana, because she
was domiciled there before she left for Denver.

D. is domiciled in Colorado, because she resides
there with the intent to remain indefinitely.

Correct Answer. D. Marla is domiciled in Col-
orado because she resides there with the intent to
remain indefinitely.

C Counterfactual Examples

Examples for counterfactuals produced by
Magistral-small are shown in Figure 3 for the same
questions as Figure 2.

D Hyperparameters and Experiment
Details

D.1 Judge Model Details

We use GPT-5.4-mini as the judge model for esti-
mating the Explanation-Implied Effect (EE). The
judge is accessed through the OpenAl Responses
API and is queried using greedy decoding with
temperature set to zero.

For each generated explanation, the judge re-
ceives:

* the explanation generated by the target model,

* the extracted legal concepts,
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Original question Eban brings suit against Lorenzo for interference with business relations. Eban’s lawyer, Darrow, calls
Lorenzo’s lawyer, Sadecki, and tells her that he is filing suit that afternoon. In which of the following scenarios may the case
proceed without formal service of process?

Generated counterfactuals (Magistral-Small)

C1: Claim

breach of contract: Eban brings suit against Lorenzo for breach of contract. Eban’s lawyer, Darrow, calls Lorenzo’s lawyer,
Sadecki, and tells her that he is filing suit that afternoon. In which of the following scenarios may the case proceed without
formal service of process?

defamation: Eban brings suit against Lorenzo for defamation. Eban’s lawyer, Darrow, calls Lorenzo’s lawyer, Sadecki, and
tells her that he is filing suit that afternoon. In which of the following scenarios may the case proceed without formal service
of process?

fraud: Eban brings suit against Lorenzo for fraud. Eban’s lawyer, Darrow, calls Lorenzo’s lawyer, Sadecki, and tells her that
he is filing suit that afternoon. In which of the following scenarios may the case proceed without formal service of process?
negligence: Eban brings suit against Lorenzo for negligence. Eban’s lawyer, Darrow, calls Lorenzo’s lawyer, Sadecki, and
tells her that he is filing suit that afternoon. In which of the following scenarios may the case proceed without formal service
of process?

C2: Communication

Darrow and Sadecki discuss the lawsuit filing: Eban brings suit against Lorenzo for interference with business relations.
Darrow and Sadecki discuss the lawsuit filing. In which of the following scenarios may the case proceed without formal
service of process?

Darrow and Sadecki negotiate the lawsuit filing: Eban brings suit against Lorenzo for interference with business relations.
Darrow and Sadecki negotiate the lawsuit filing. In which of the following scenarios may the case proceed without formal
service of process?

Darrow and Sadecki argue about the lawsuit filing: Eban brings suit against Lorenzo for interference with business relations.
Darrow and Sadecki argue about the lawsuit filing. In which of the following scenarios may the case proceed without
formal service of process?

C3: Defendant

Sadecki: Eban brings suit against Sadecki for interference with business relations. Eban’s lawyer, Darrow, calls Lorenzo’s
lawyer, Sadecki, and tells her that he is filing suit that afternoon. In which of the following scenarios may the case proceed
without formal service of process?

Darrow: Eban brings suit against Darrow for interference with business relations. Eban’s lawyer, Darrow, calls Lorenzo’s
lawyer, Sadecki, and tells her that he is filing suit that afternoon. In which of the following scenarios may the case proceed
without formal service of process?

C4: Plaintiff

Darrow: brings suit against Lorenzo for interference with business relations. lawyer, Darrow, calls
Lorenzo’s lawyer, Sadecki, and tells her that he is filing suit that afternoon. In which of the following scenarios may the case
proceed without formal service of process?

Lorenzo: brings suit against Lorenzo for interference with business relations. lawyer, Darrow, calls
Lorenzo’s lawyer, Sadecki, and tells her that he is filing suit that afternoon. In which of the following scenarios may the case
proceed without formal service of process?

Sadecki: brings suit against Lorenzo for interference with business relations. lawyer, Darrow, calls
Lorenzo’s lawyer, Sadecki, and tells her that he is filing suit that afternoon. In which of the following scenarios may the case
proceed without formal service of process?

Figure 3: The example question from Figure 2 with the full set of counterfactuals generated by Magistral-Small.
Each counterfactual substitutes a single concept value and holds the remainder of the question fixed.

* instructions describing the five-point impor- D.2 Target Model Details

tance scale defined in Subsection 3.4. All experiments use Magistral Small 1.2

(mistralai/Magistral-Small-2509) (Mistral-
Al et al., 2025).

The judge independently assigns an importance During inference, the model receives:

score to each extracted concept. These scores are
then used to compute the Explanation-Implied Ef- « the introductory legal passage,
fect (EE). The complete judge prompt is included
in the supplementary material accompanying our
code release.

* the legal question,

« all answer candidates.

The judge model is used exclusively for expla-
nation evaluation and is never used for concept
extraction, counterfactual generation, answer pre-
diction, or fine-tuning. Final answer: X
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where X denotes the selected answer option.
Generation uses:

* maximum context length: 4096 tokens,
* maximum generated tokens: 2048,
* greedy decoding (1" = 0).

The complete inference prompts are shown be-
low.

System prompt

You are an expert in US Civil Procedure.

Given an introductory legal text, a question,

and multiple possible answers,
produce a complete legal explanation that

- identifies the legally correct answer,

- explains why the correct answer is correct,

- discusses the relevant incorrect options,
- avoids repetition.

The final line must be

Final answer: X

User prompt

Introductory text:
{intro}

Question:
{question}

Possible answers:
{answers}

Write the legal explanation and end
with the required final answer line.

D.3 Fine-Tuning Details

We fine-tune Magistral Small using parameter-
efficient Low-Rank Adaptation (LoRA). The model
is trained on 161 examples from the Glannon train-
ing split and evaluated on a disjoint held-out set of
48 examples.

Training Objective. Each training instance con-
tains an introductory legal text, a multiple-choice
question, its candidate answers, and the correspond-
ing expert-written analysis. The model is trained
to generate a complete legal explanation that iden-
tifies the correct answer, explains why it is correct,

and discusses relevant incorrect alternatives. Each
response ends with the predicted answer in the for-
mat Final answer: X.

LoRA Configuration. LoRA is applied to the
attention projections (g_proj, k_proj, v_proj,
and o_proj) and the feed-forward projections
(gate_proj, up_proj, and down_proj). The fi-
nal Glannon Reasoner uses a LoRA rank of 64,

a scaling parameter of 128, and a dropout rate of
0.05.

Hyperparameter Value

Base model Magistral Small 1.2
Training examples 161

Held-out test examples 48

Epochs 4

Learning rate 1x107°
LoRA rank (r) 64

LoRA scaling (o) 128

LoRA dropout 0.05

Maximum sequence length 4096
Maximum generated tokens 2048

Precision bfloat16
Optimizer AdamW (fused)
Learning-rate schedule Linear

Weight decay 0

Warmup 0

Per-device batch size 1

Gradient accumulation 8

Effective batch size 8

Random seed 42

Hardware NVIDIA H200 (140 GB)
Training time 2.93 hours

Table 6: Training configuration of the final Glannon
Reasoner.

Reasoning Format. We initially experimented
with placing the expert-written explanation in-
side [THINK] and [/THINK] delimiters, following
Magistral’s reasoning format. This configuration
resulted in lower held-out accuracy than training
the model to generate the legal explanation directly
without special reasoning delimiters. We hypothe-
size that, given the limited training data, fine-tuning
content within the model’s reasoning delimiters
may interfere with its pretrained reasoning format.
We therefore use the no-[THINK] configuration for
the final Glannon Reasoner. We treat this obser-
vation as an empirical result rather than evidence
about the model’s latent reasoning process.

D.4 Development Experiments

We explored three fine-tuning configurations dur-
ing model development.
The first configuration attempted to preserve
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Magistral’s original reasoning format by supervis-
ing the model to generate its explanation inside
LTHINK] and [/THINK] delimiters.

The remaining experiments instead trained the
model to generate legal explanations directly, with-
out reasoning delimiters. This configuration con-
sistently achieved better held-out performance and
was therefore selected for the final Glannon Rea-
soner.

Table 7 reports the configurations explored dur-
ing development. The reasoning-delimited experi-
ment fine-tuned the model to produce its explana-
tion within the pretrained [THINK] reasoning for-
mat. While this improved upon the initial model,
training the model to emit the legal explanation
directly without reasoning delimiters consistently
achieved higher held-out accuracy. Consequently,
all experiments reported in the main paper use the
final Glannon Reasoner configuration.

D.5 Answer-Distribution Estimation and
Debiasing

We estimate the model’s distribution over answer
options from the sequence likelihoods of the com-
plete candidate answers. This avoids relying on the
probability of a first generated answer-label token,
which may reflect preferences for particular labels
rather than the semantic content of the candidates.

Let = denote the prompt containing the intro-
ductory passage, question, and answer candidates,
and let y; denote the full textual content of answer
option 7. We compute its base score as the length-
normalized log-likelihood

wi = —log Ply; | 2),
|yl
where |y;| is the token length of the candidate.
Length normalization prevents longer answers
from receiving lower scores solely because their
likelihood is accumulated over more tokens.

(14)

Null-prompt calibration. Following the calibra-
tion approach of He et al. (2024), we use a content-
free prompt to reduce biases in the estimated an-
swer scores. Sequence likelihoods may reflect in-
trinsic preferences for particular answer formula-
tions or artifacts of the prompt structure indepen-
dently of the question content. We estimate this
bias using a content-free version of the prompt,
Znull, in Which the substantive question is replaced
with N/A while the answer candidates and prompt
structure are preserved. The corresponding null

score is
1
|yl

We obtain a calibrated score by subtracting a
scaled version of this content-free preference:

b; log P(yi | Znun)- (15)

We set A = 0.04, as the value that best preserved
the original answer distributions in our calibration
runs while still introducing a correction for content-
free candidate preferences. Larger values gave the
null-prompt correction greater influence and in-
creasingly altered the original distributions.

Temperature scaling and probability normal-
ization. After calibrating the candidate scores,
we apply temperature scaling before the softmax,
following the calibration procedure of Jiang et al.
(2021). The calibrated scores are converted into a
distribution over the answer candidates as

' _exp(si/T)
P10 = S exploe /)

where m is the number of answer candidates and
T > 0 is the temperature.

The temperature controls the sharpness of the
resulting distribution without changing the order-
ing of the candidate scores. As 7 approaches
zero, probability mass becomes increasingly con-
centrated on the candidate with the highest score,
approaching a point mass on that candidate. Con-
versely, as 7 increases, differences between can-
didate scores are compressed, and the distribution
approaches a uniform distribution as 7 — co. We
use 7 = 3 to obtain a smoother distribution over
candidate answers and use this value consistently
across all questions.

The same scoring, calibration, and normaliza-
tion procedure is applied independently to the orig-
inal question and to every counterfactual question
gi,j- The resulting probabilities should be inter-
preted as relative preference distributions rather
than calibrated Bayesian posteriors. They provide
an observable estimate of the model’s preference
over the answer candidates while controlling for an-
swer length and content-free candidate preferences.
The Causal Concept Effect in Subsection 3.4 is
computed from shifts between these original and
counterfactual distributions.

(17)
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Configuration Output T [eY Drop.  Epochs LR Train. (%) Runtime Train  Test

Reasoning-delimited [THINK] 32 64 0.00 3 1x107° 0.838 55.1 min 51.6 60.4
Direct explanation No [THINK] 16 32 0.00 1 2x107° 0.421 49.8 min 522 54.2
Glannon Reasoner No [THINK] 64 128 0.05 4 1x107° 1.662 176.1 min 64.0 70.8

Table 7: Summary of all fine-tuning experiments. The final Glannon Reasoner corresponds to the third configuration.
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