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Abstract

Legal judgments require sound legal reasoning
in order for justice to occur. Existing work on
automated judgment prediction has largely fo-
cused on predicting the final decision, while ig-
noring the quality of the underlying legal argu-
mentation. Existing semantic similarity metrics
evaluate the semantic similarity of generated
texts, but it remains unclear whether they reflect
the legal correctness of judicial reasoning. This
paper makes two contributions: first, a novel
framework for evaluating the legal argumenta-
tion of generated judgments based on Toulmin
models; second, an application of this frame-
work to a set of generated judgments of appel-
late negligence cases, and a comparison with
contemporary semantic similarity metrics. Our
results show that, despite achieving competi-
tive performance on outcome prediction, the
evaluated model frequently produces legally
deficient reasoning. Moreover, we find that
contemporary semantic similarity metrics do
not capture the same judicial argumentation
qualities as our framework.

1 Introduction

AI is increasingly being applied in the legal do-
main, including for tasks such as legal prediction
and automated decision support. However, predict-
ing legal outcomes alone is not sufficient, as legal
decisions require sound argumentation that justifies
the final ruling. Recent advances in large language
models (LLMs) make it possible not only to predict
legal outcomes, but also to generate the underlying
reasoning supporting those decisions.

While outcome prediction is relatively straight-
forward to evaluate, assessing the quality of legal
reasoning at scale remains challenging. Although a
range of semantic similarity metrics exist for mea-
suring textual similarity, it is unclear to what extent
these metrics reflect legal correctness or soundness
of argumentation.

In this paper, we evaluate LLMs on both out-
come prediction and the quality of the reasoning
underlying their decisions. In particular, we inves-
tigate whether contemporary semantic similarity
metrics serve as reliable proxies to assess legal ar-
gumentation by comparing them against a novel
expert-based annotation framework grounded in
Toulmin models.

2 Background

Related work frames judicial-reasoning generation
as a legal natural language generation task (Ye et al.,
2018; Yue et al., 2024; Li et al., 2024; Nigam et al.,
2024). Argument mining aims at extracting struc-
tured arguments from unstructured text (Lippi and
Torroni, 2016), with legal argument mining show-
ing in particular that judicial reasoning requires
domain-specific qualities (Habernal et al., 2024).
In this study, we want to approach the evaluation of
generated legal argumentation based on Toulmin’s
model of argumentation (Toulmin, 1958). Toul-
min models, as well as other argument schemes,
have played a key role in the AI & Law commu-
nity due to their effectiveness in capturing legal
reasoning, resulting in a long-standing tradition of
using Toulmin models to represent legal argumen-
tation (Prakken, 2006; Atkinson and Bench-Capon,
2021)

In combination with LLMs, Toulmin models
have previously been used to prompt LLMs to expli-
cate the argumentative structure of informal texts,
extracting claim-reason-warrant triples (Gupta
et al., 2024). The TRACE metric (Kim and Yang,
2026) applies a similar theoretical basis to LLM
reasoning traces, using a fine-tuned classifier to
score both the validity of individual Toulmin and
metacognitive states and the coherence of transi-
tions between them. In contrast, we derive scor-
ing rubrics from Toulmin models of ground-truth
judgments and have legal experts apply them to
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John Doe vs Jane Doe
Case ID: 190
Facts: On May 5, 2024, Jane Doe was...
Procedural History: The trial court assessed no
negligence against plaintiff...
Application of Law to Facts: Defendant correctly
argues that...
Relevant Precedents: Johson vs. Williams (2023)...
Outcome: Reverse

Figure 1: Fictional example case

assess the legal soundness of LLM-generated judg-
ments. Argumentation in general has also been
used in combination with LLMs, such as eval-
uating whether LLMs can understand argument
schemes (Bezou-Vrakatseli et al., 2025).

3 Method

This section describes our dataset, the novel
Toulmin-based argumentation assessment frame-
work, the semantic similarity metrics we compare
it against, and the experimental setup.

3.1 Dataset

We use the AnnoCaseLaw dataset (Sesodia et al.,
2025), which consists of 394 annotated U.S. appel-
late negligence cases. Each case originates from a
negligence dispute that was decided by a trial court
and subsequently appealed to a higher court. The
dataset decomposes each appellate opinion into five
semantically distinct components: the facts, pro-
cedural history, relevant precedents, application of
the law to the facts, and the appellate outcome (see
Figure 1 and a description of each component in
Appendix A.1).

In our study, we provide a large language model
with the facts and procedural history and prompt
it to predict both the final outcome and the appli-
cation of law to the facts (ALF). This setup allows
us to evaluate not only the correctness of the final
decision but also the quality of the legal arguments
produced by the model.

3.2 Toulmin Argumentation Assessment
Framework

To evaluate the legal quality of the generated ALF,
we introduce an expert annotation framework based
on Toulmin’s model of argumentation (Toulmin,
1958). Toulmin’s model distinguishes six com-
ponents of an argument: a claim, the conclusion
advanced by the argument; grounds, the facts or

evidence offered in support of the claim; a warrant,
the inferential rule that connects the grounds to the
claim; backing, the authority or further support for
the warrant; a qualifier, the degree or scope of the
claim; and a rebuttal, an exception, counterargu-
ment, or condition under which the claim would
not hold.

The annotation proceeds in two stages. In the
first stage, legal experts create a grading rubric
based on Toulmin models of the ground-truth judge-
ments. For each case, the content that instanti-
ates each Toulmin components is identified and
recorded. An example of such a model can be
found in Appendix A.2. Non-argumentative con-
nective or purely narrative material is not scored
unless it performs one of the Toulmin functions
above. Because not every judgment contains all
six Toulmin components, components that are not
represented are marked as not applicable.

In the second phase, the generated judgments are
assessed against the case-specific Toulmin rubric
by annotators. Each applicable component receives
a score of 0 (no overlap), 1 (partial overlap), or 2
(full overlap). The final Toulmin score for case i is
then computed as:

ToulminScore(i) =
10

2|Ci|
×

∑

c∈Ci

sic

where Ci is the set of applicable Toulmin com-
ponents for case i, and sic ∈ {0, 1, 2} is the score
assigned to category c. This normalizes all cases on
a 0–10 scale while avoiding penalties for categories
that are not present in the reference judgment.

3.3 Semantic similarity metrics

We compare the Toulmin scores against 27 au-
tomatic semantic similarity metrics, following
(Huidrom et al., 2025), spanning several families
(edit- and set-based, embedding-based, overlap-
based, learned regression-based, and LLM-as-a-
judge; full list in Appendix A.3). For LLM-as-a-
Judge, we use GPT-5.5, Claude Sonnet 5, and Gem-
ini 3.1 Flash Lite, reporting both individual judg-
ments and ensemble performance, with prompts
adapted from Zheng et al. (2023) (Appendix A.4).

3.4 Experimental set-up

We provide the facts and procedural history of all
394 cases to a large language model and obtain
both the predicted case outcome and the generated
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Table 1: Comparison of class-weighted F1 scores for
outcome prediction.

Model Weighted F1

Current work
GPT-5.5 0.60

(Sesodia et al., 2025)
GPT-4o 0.47
o3-mini 0.42
Gemini 1.5 Pro 0.48

Random baseline 0.27

application of law to the facts (ALF). We first eval-
uate the performance of the predicted outcomes.
Next, we compute a range of automatic semantic
similarity metrics between the generated ALF and
the ground-truth ALF.

For a randomly subsample (n = 100, seed =
42), we construct Toulmin models of the ground-
truth ALF and assign Toulmin scores.1 We then
compare the automatic similarity-based evaluations
with these manual assessments using Pearson’s cor-
relation coefficient (r).

For the experiments, we use GPT-5.5 from Ope-
nAI, which is, at the time of writing, among the
most widely used flagship models 2. We set the
reasoning effort parameter 3 to medium.

4 Results

We report on both the overall classification perfor-
mance of the model, as well as on the

4.1 Overall performance
We compute the class-weighted F1 score for the
GPT-5.5 model, obtaining a score of 0.60. In Ta-
ble 1, we report this result alongside the random
baseline and the performance of earlier models
from prior work. Table 2 presents the correspond-
ing confusion matrix, providing a more detailed
view of the model’s prediction behavior.

4.2 Evaluating argumentation
The automated semantic assessment metrics vary
considerably, though closely related variants of the
same metric can correlate strongly, as shown for
the LLM-as-a-Judge scores in Table 3. The full
correlation matrix is provided in Appendix A.5.

1The results, Toulmin models, and Toulmin scores can be
found at https://github.com/CorSteging/INLG2026

2https://platform.openai.com/docs/models, ac-
cessed: June 2026

3https://platform.openai.com/docs/guides/
reasoning, accessed: June 2026

Table 2: Confusion matrix for outcome prediction.

Predicted

True Affirm Mixed Reverse Support

Affirm 128 11 44 183
Mixed 23 16 18 57
Reverse 46 12 93 151

Table 4 shows an overview of the Toulmin scores
for outcomes predicted correctly versus incorrectly.
Inter-annotator agreement was assessed on a subset
of 10 cases independently annotated by a third legal
expert, to establish the reliability of the Toulmin-
based scores; Krippendorff’s alpha with ordinal
weighting for the final Toulmin score and individ-
ual component scores is shown in Table 6. Pear-
son’s r and corresponding p-values comparing the
automated semantic similarity metrics against the
Toulmin score are shown in Table 5.

5 Discussion

We here discuss the overall performance of the
system, compare the Toulmin scores against the
automated similarity metrics, and reflect on the
limitations of the study and points for future re-
search.

5.1 Overall performance
Table 1 shows GPT-5.5 outperforms both the ran-
dom baseline and prior models, likely reflecting
recent LLM advances, though a weighted F1 of
0.60 indicates room for improvement. The confu-
sion matrix (Table 2) shows the model performs
best on majority classes, correctly predicting 70%
of affirm and 61.6% of reverse decisions, but only
28.1% of mixed decisions. Most errors involve
confusion between affirm and reverse, suggesting a
difficulty distinguishing these classes. Overall, the
results indicate competitive performance.

5.2 Annotation process
Krippendorff’s alpha (Table 6) indicates strong
agreement between annotators, on both the final
Toulmin score and individual components, despite
the small overlap sample (n = 10). Backing
showed comparatively lower, though still substan-
tial, agreement, likely reflecting greater subjectivity
in assessing supporting justification for a warrant.

5.3 Evaluating argumentation
Table 3 shows the three LLM judges agree strongly
in pairwise ranking (r = 0.82–0.92), but differ
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Table 3: Descriptive statistics and pairwise Pearson correlations of the LLM-as-a-Judge scores.

Statistics Pearson’s r

Model Mean Std. Median Min Max GPT Gemini Claude

Gemini 3.1 Flash Lite 7.107 3.484 9 1 10 0.915 1.000 0.824
GPT-5.5 6.010 2.740 7 1 9 1.000 0.915 0.883
Claude Sonnet 5 4.802 2.615 5 1 9 0.883 0.824 1.000

Table 4: Toulmin scores overview.

Prediction n Mean Std Range

Correct 57 6.01 1.97 1.25–10
Incorrect 43 6.22 2.50 0–10
Total 100 6.10 2.20 0–10

Table 5: Pearson correlation between automated metrics
and expert-annotated Toulmin scores.

Metric Pearson r p-value

ROUGE-L (Recall) 0.203 0.043∗

ROUGE-1 (Recall) 0.197 0.049∗

Levenshtein similarity -0.169 0.093
Universal Sentence Encoder 0.158 0.115
Levenshtein distance 0.130 0.199
BLEURT -0.116 0.250
Sentence-BERT (Euclidean) -0.116 0.252
ROUGE-2 (Precision) -0.111 0.271
ROUGE-1 (Precision) -0.110 0.277
Sentence-BERT (Manhattan) -0.109 0.282
METEOR -0.108 0.285
ROUGE-2 (Recall) 0.107 0.291
Sentence-BERT (Cosine) -0.105 0.296
Sentence-BERT (Dot Product) -0.105 0.296
ROUGE-L (Precision) -0.095 0.347
SacreBLEU -0.092 0.360
Jaccard distance 0.063 0.534
Jaccard similarity -0.063 0.534
ROUGE-2 (F1) -0.060 0.551
Dice coefficient -0.060 0.555
ROUGE-1 (F1) -0.058 0.567
BERTScore -0.052 0.609
GPT-5.5 0.046 0.649
Gemini-3.1 Flash Lite 0.043 0.671
LLM ensemble 0.037 0.715
ROUGE-L (F1) -0.033 0.744
Claude Sonnet 5 0.013 0.897

Table 6: Krippendorff’s alpha between annotators, per
Toulmin component and for the derived final score.

Component α

Claim 0.986
Grounds 0.930
Warrant 0.961
Backing 0.778
Qualifier 1.000
Rebuttal 1.000

Final score 0.993

in scoring tendencies: Gemini is most generous
(highest mean/median, only model reaching the
maximum score of 10) and most variable, GPT-5.5
scores more conservatively with a narrower spread,
and Claude Sonnet 5 consistently assigns the lowest
scores.

Table 4 shows Toulmin scores average around
6.1. A Mann-Whitney U test found no significant
difference in Toulmin score between correct and
incorrect predictions (U = 1128.0, p = 0.4915),
suggesting correct outcome prediction does not nec-
essarily coincide with sound legal argumentation,
and vice versa: a case can reach the wrong out-
come while still being reasoned relatively well, or
reach the right outcome via comparatively weak
reasoning.

Comparing Toulmin scores to automated seman-
tic similarity metrics (Table 5) shows uniformly low
correlations, clustering near r = 0. Two metrics
yield p < 0.05 (r = 0.197, r = 0.203), but this
is close to the number of false positives expected
by chance given 27 tests, and neither survives a
Bonferroni correction (α = 0.05/27 ≈ 0.0019).
This suggests standard semantic similarity met-
rics, including LLM-as-a-judge approaches, do not
capture the same legal qualities assessed by our
Toulmin-based framework.

Based on a qualitative inspection of the reason-
ing of the LLM-as-a-judge approaches, we discov-
ered that disagreements often stem from differing
strictness. LLM-judges tended to accept plausi-
ble reasoning, whereas our Toulmin-based rubrics
require specific overlap. Conversely, some gener-
ated ALFs received relatively high Toulmin scores
despite reaching a conclusion opposite to the refer-
ence judgment.

5.4 Limitations and future research
Since our current rubrics score each Toulmin com-
ponent independently, an explicit structural cate-
gory checking coherence between components and
the final outcome could help address this in future
work. Future research should therefore focus on
the relationships that connect the elements of the
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Toulmin model. In particular, it should examine
how the individual nodes (claims, data, warrants,
backing, etc.) are linked to one another.

Furthermore, future work should evaluate false
positives arising when the LLM generates compo-
nents absent from the reference model (e.g., an
unfounded rebuttal), which our current framework
does not penalize. While our framework captures
legal argumentation qualities that automated mea-
sures do not, it remains a manual and lengthy pro-
cess. Nonetheless, our results show that automated
measures cannot currently replace such expert-level
evaluation.

Our evaluation is further limited to a single case
study (U.S. appellate negligence cases), and the
manually labeled Toulmin models are limited in
number; expanding this set would strengthen future
analysis. Beyond scaling up, two directions stand
out: automating Toulmin extraction and rating with
LLMs, comparing such annotations against expert-
based ones; and, on the generation side, prompting
LLMs to explicitly follow a Toulmin-based struc-
ture to improve generated legal judgments. The
focus of the current study, however, is evaluation
of legal argumentation itself.

6 Conclusion

Existing automatic similarity metrics do not ef-
fectively capture legal reasoning. We therefore
introduce a Toulmin-based framework for assess-
ing the legal quality of generated judgements and
arguments. In an experiment on U.S. negligence
appellate cases, we show that our Toulmin-based
method reliably captures different argumentation
qualities than standard automated semantic similar-
ity metrics.
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A Appendix

A.1 Dataset
Cases in our dataset consists of five distinct parts,
as seen in Figure 1. We describe each of these in
more detail below.

The facts describe the events underlying the dis-
pute before litigation commenced, including any
stipulated or otherwise undisputed facts. The proce-
dural history summarizes the procedural posture of
the case, including the nature of the appeal, the out-
come at the lower court, the applicable standard of
review, and the lower court’s reasoning. Together,
these two components constitute the information
available to the appellate court prior to its decision.

The remaining three components capture the
court’s decision-making process. The relevant
precedents contain the relevant past cases and leg-
islation used by the court to make its decision. The
application of the law to the facts contains the
court’s legal reasoning, explaining how the govern-
ing legal principles and precedents are applied to
the facts of the case. In addition to the core reason-
ing, this component includes contextual statements
and judicial cues that support the court’s analysis.
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Finally, the outcome records the appellate court’s
decision. Each case is assigned one of three labels:
affirm, indicating that the lower court’s decision
is upheld; reverse, indicating that the decision is
overturned; or mixed, indicating that the appellate
court affirms some aspects of the decision while
reversing others.

Previous work on this dataset has focused on
predicting the outcome using LLMs, achieving
class-weighted F1 scores of 0.47 (GPT-4o), 0.42
(o3-mini), and 0.48 (Gemini 1.5 Pro), compared to
a random baseline of 0.27 (Sesodia et al., 2025).
Prior research also investigated the effect of includ-
ing relevant precedents and the application of law
to facts as additional inputs. We exclude both in
our study, as the inclusion of relevant precedents
did not improve performance, and the application
of law to facts corresponds to the reasoning com-
ponent that our work aims to predict.

A.2 Toulmin models
We show an example of a Toulmin model in Ta-
ble 7. We annotate the content of each Toulmin
component based on the ground truth application
of law to facts part of the case.

A.3 Metrics
In this study, we evaluate 26 automated semantic
similarity metrics.

We first consider edit- and set-based metrics,
including Jaccard distance, Levenshtein distance,
Jaccard similarity, Levenshtein similarity, and the
Dice coefficient. These metrics quantify lexical
overlap and edit distance between the generated
and reference judgments.

Next, we evaluate embedding-based metrics.
We use BERTScore (Zhang* et al., 2020), which
measures semantic similarity using contextualized
token embeddings. We also use Sentence-BERT
(SBERT) (Reimers and Gurevych, 2019), which
produces dense sentence-level embeddings using a
Siamese or triplet network based on BERT. Simi-
larity between sentence embeddings is computed
using cosine similarity, dot product, Euclidean dis-
tance, and Manhattan distance.

For overlap-based metrics, we use Sacre-
BLEU (Post, 2018), ROUGE (Lin, 2004), and
METEOR (Banerjee and Lavie, 2005). Sacre-
BLEU provides standardized and reproducible
BLEU scores, while ROUGE is evaluated using
all nine combinations of ROUGE-1, ROUGE-2,
and ROUGE-L with recall, precision, and F1. ME-

TEOR complements these metrics by incorporating
stemming and synonym matching.

We further evaluate learned regression-based
metrics. Specifically, we use BLEURT (Sellam
et al., 2020) with the BLEURT-20 checkpoint (Pu
et al., 2021), and the Universal Sentence En-
coder (Cer et al., 2018), for which we compute
cosine similarity between sentence embeddings.

Finally, we evaluate the LLM-as-a-Judge met-
rics (Li et al., 2025). Following (Huidrom et al.,
2025), we use three state-of-the-art models and
report both their individual judgments and their
performance as an ensemble. The models are GPT-
5.5 (OpenAI), Claude Sonnet 5 (Anthropic), and
Gemini 3.1 Flash Lite (Google). The prompts
we used are based on those introduced by Zheng
et al. (2023) and can be found in Appendix A.4.

A.4 Prompts
For reproducibility purposes, we provide the full
prompts in this section. Figure 2 contains the
prompts given to model to predict the outcome and
application of facts to law for a given case, based
on the prompts used in Sesodia et al. (2025). For
the LLM-as-a-judge metric, we used the prompt
found in Figure 3, which is based on the prompt
introduced by Zheng et al. (2023).

A.5 Additional results
The full correlation heatmap that displays the pear-
son’s r between the different semantic similarity
metrics can be found in Figure 4. This heatmap is
ordered by the families we describe in Section A.3
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Claim Grounds Warrant Backing Qualifier Rebuttal

We hold that the
amended complaint
properly alleges a valid
cause of action.

We hold that the al-
legation of a breach
of Section 60-7B-1.1
which caused injury to
plaintiffs states a claim
for relief and that claim
is not barred by the
prospectivity rule stated
in Lopez.

Appellees here are alleged
to have violated a New
Mexico statute prohibiting
the furnishing of liquor to
minors.

The allegations of appellants’
second amended complaint
are that appellees bought or
furnished alcoholic beverages
for Key, a minor, or permitted
him to consume alcoholic
beverages in violation of the
New Mexico Liquor Control
Act.

That law was intended
to protect minors and
to protect the general
public from the risk
of injury caused by
intoxicated minors.

It is well settled
that intervening acts
of the driver will not
relieve the original
wrongdoer of liability
if those acts are reason-
ably foreseeable.

Youth and inexperi-
ence make misuse
of alcohol especially
likely, and therefore
more foreseeable when
the drinker is under the
age of twenty-one.

Public policy dic-
tates that the minors
and the public are
entitled to be protected
from those who would
illegally furnish liquor
to underaged persons.

N/A. N/A.

Table 7: Example Toulmin model based on case 412 (Walker v. Key).

You are a seasoned judge specializing in U.S. civil negligence appeals cases. Analyze the following
case details and determine the appropriate appellate outcome: affirm, reverse, or mixed if part
of the decision is affirmed and part reversed.

In application_of_law_to_facts, explain in a formal judicial style how the governing
negligence principles (including duty, breach, causation, and damages where relevant) and the
applicable appellate standard of review apply to the material facts and support the outcome.

Case details: {input}

Reason step by step and be as thorough as possible.
Respond in strict JSON format with a single key-value pair:
{
"outcome": "affirm" | "reverse" | "mixed",
"application_of_law_to_facts": "A judicial-style explanation applying the relevant

negligence law and appellate standard of review to the facts, explaining why the
outcome is affirm, reverse, or mixed."

}

Example output:
{
"outcome": "affirm",
"application_of_law_to_facts": "Claimant failed to show that Respondent had a duty to lock

the fire extinguishers in its penal institution. There is no rule or regulation to that
effect. In addition, Claimant failed to show that Respondent had notice of a dangerous
condition. In fact, testimony showed that no one had used a fire extinguisher as a
weapon at the Centralia Correctional Center in at least the past 15 years. Respondent
has decided that fire safety warranted keeping fire extinguishers unlocked. It appears
that Respondent acted reasonably and in a manner consistent with accepted prison
practices."

}

Figure 2: Prompt for generating outcome and ALF
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Please act as an impartial judge and evaluate the quality of the response provided by an AI assistant.
Your evaluation should consider semantic and legal similarity. You will be given a reference answer
and the assistant’s answer.
Begin your evaluation by comparing the assistant’s answer with the reference answer. Identify and
correct any mistakes. Be as objective as possible.

Reference answer: {reference_answer}

Assistant’s answer: {assistant_answer}

You must rate the response on a scale of 1 to 10 in strict JSON format with exactly two key-value
pairs:
{
"rating": 1-10,
"reasoning": "Concise summary of the evaluation and justification for the rating."

}

Figure 3: Prompt for LLM as a judge

Figure 4: Correlation between the automated semantic similarity metrics (Pearson’s r)
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