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Abstract
This abstract is for a paper [1] published in 2025 in the proceedings of the 14th International Joint Conference
on Natural Language Processing and the 4th Conference of the Asia-Pacific Chapter of the Association for
Computational Linguistics, and we extend it here with a new study that closes the gap with previous research.
Large language models (LLMs) are increasingly applied in domains that demand reliable and interpretable
reasoning. While formal reasoning methods can generate correct proofs, these proofs are often inaccessible to
non-expert users. This raises a natural question: Can LLMs, when given a proof, faithfully interpret its reasoning
and communicate it clearly? Recently, we have introduced ProofTeller, a benchmark that evaluates this ability
across three tasks: (1) identifying key proof steps, (2) summarizing the reasoning, and (3) explaining the result
in concise natural language. The benchmark covers three domains: Biology, Drones, and Recipes, representing
scientific, safety-critical, and everyday reasoning scenarios. We find a consistent near-conclusion bias: LLMs
tend to focus on steps closest to the final proof conclusion rather than on the most informative ones. A targeted
human study confirms that explanations based on such steps are rated less appropriate for end users. These
findings indicate that even when reasoning is provided, current LLMs face challenges in communicating key
information in a useful manner, highlighting the need for LLMs that can communicate important details reliably.
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1. Introduction

Large language models (LLMs) are increasingly applied in domains that demand reliable and interpretable
reasoning [2, 3, 4]. However, even improved, their outputs remain unpredictable [5]. Small changes in
phrasing or ordering can lead to inconsistent answers [6, 7], and explanations often appear plausible yet
fail to reflect the reasoning behind the prediction [8, 9]. On the other hand, formal reasoning methods
can generate correct proofs but these proofs are often inaccessible to non-expert users due to their
format or excessive length [10]. Combining the two should play to each component’s strengths: the
proof provides correctness, and the LLM focuses on communication. Namely, if an LLM is supplied with
a proof as input, the reasoning path is already complete and verifiable; the LLM’s task is to interpret the
proof, identify its essential steps, and communicate them clearly. This setting isolates the linguistic and
communicative aspects of reasoning from the purely deductive ones, allowing us to study whether LLMs
can serve as effective interfaces between formal reasoning systems and human users [11]. However, as
Turpin et al. [8] observe, faithfulness in current LLMs is easily influenced by superficial cues in the input.
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These observations lead to a question we address in this work: can LLMs reliably interpret a formal
proof, identify the key reasoning steps, and restate them faithfully and intelligibly for a non-expert?

To investigate this problem, we introduce ProofTeller’, a benchmark that evaluates how well
LLMs interpret and communicate verified proofs on three different tasks: Task 1: highlight the key steps
leading to the proof’s conclusion; Task 2: summarize the overall reasoning faithfully; and Task 3: explain
the result in a concise target message to a specific user group.

In addition, in Section 3 we extend [1] with an additional experiment that compares the quality of LLM
outputs when the input consists of a full proof versus when it only consists of a justification [12, 13, 14],
i.e., a minimal subset of ontology axioms entailing a given consequence. Proofs, justifications, LLM
outputs, and human ratings are available online [15].

2. The ProofTeller Benchmark

Our proofs [16, 17, 18, 19, 20, 21] come from three distinct domains:

« Biology. Our first domain is based on the Cell Line Ontology,” a community-driven ontology
developed to standardize and integrate cell line information and support computer-assisted
reasoning. Scenario: a 10th-grade student learning about the characteristics of various cells.

+ Recipe. We created a food and recipe ontology [22], a formal semantic model to represent and
reason about culinary recipes, dietary restrictions, and allergen content. This ontology builds
upon established recipe and food ontologies [23, 24]. Scenario: a 6th-grade student learning about
food allergens and and dietary classifications (vegan, vegetarian, non-vegetarian).

« Drone. The drone ontology is a DatalogMTL program [25] also presented in Borgwardt et al. [26]
that models complex situations occurring during a drone flight. Scenario: a drone pilot monitoring
an autonomous drone, needing help identifying (potential) critical situations.

For the Biology and Recipe domains, we use the description logics (DLs) £L€ and ALC [27]. For the
Drone domain, we use the temporal logic DatalogMTL [28]. Proofs are automatically generated using
existing reasoners: ELk [29, 30] for £, LETHE [31, 18] for ALC, and MeTeoR [32] for DatalogMTL,
with EVEE [33] used to extract size-minimal proofs. For each target domain, we randomly sampled 50
proofs for annotation, except for Recipe for which we intentionally keep 10 ALC proofs. As a result,
we obtained proofs from the Biology domain ranging from 4 to 29 inferences (mean = 17.5) of at most
2 premises per inference, from Recipe ranging from 11 to 63 inferences (mean = 20.5), of at most 3
premises per inference, and from Drone ranging from 9 to 75 inferences (mean = 24.6) of at most 6
premises per inference. To form a baseline, we recruited two graduate-level students to complete Task
1-3 given a verified proof as input.

Key Results In the following we report the performance of nine LLMs (GPT 4.1 mini, GPT 40 mini [34],
SmolLM3 3B [35], Llama 3.1 8B, Llama 3.3 70B [36], Mistral 3.2 24B, Magistral 24B [37], Qwen3 8B, and
Qwen3 32B [38]) on Tasks 1-3.

For Task 1, to quantitatively evaluate the choice of the key steps, we measure the average depth of
the selected proof steps within the reference proof. We represent each proof as a Directed Acyclic Graph
(DAG), G = (V, E), where vertices v € V are the inferences, a directed edge (u,v) € E indicates that
the conclusion of v is a premise for u, and depth(v) is the length of the longest path from the proof’s
final conclusion vyt to v. For a given set of selected steps S = {s1,..., s}, we calculate the mean
normalized depth d(S):

Z depth SZ)
Tk max,cy depth(u)
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Figure 1: Most contributing steps distribution (averaged across domains)

This ensures that d(v) € [0, 1], where 0 corresponds to only the root (final conclusion) being selected,
and 1 to selecting among the deepest leaf nodes (assertions and axioms/rules).

Figure 1 presents the distributions of the mean normalized step depth for most contributing steps
identified by humans and LLMs across all domains. Human-identified steps exhibit the highest mean
step depth (= 0.4) and the widest distribution, covering nearly the entire normalized range. This
indicates that humans do not adhere to a single fixed strategy. Instead, they flexibly select steps from all
levels of the proof graph, from high-level conclusions to foundational premises. In contrast, most LLMs
display a strong and consistent bias toward low-depth steps, indicating a preference for inferences that
are very close to the final conclusion.

For Tasks 2-3, we evaluated similarity between the LLM-generated text and the human annotations
using standard metrics such as BLEU [39], ROUGE-L [40], chrF++ [41], and BERTScore [42] (see figures
in the original work [1] in the appendix). The highest scores are achieved by Llama-3.1-8B, GPT-40-mini,
and Mistral-3.2-24B. In contrast, LLMs like GPT-4.1-mini and SmolLM3-3B generally rank lower on
these generation tasks compared to their performance on the step selection task.

To provide a more robust assessment, we also conducted a human evaluation study. To optimize
the effort, we selected a subset of models for comparison against the human baseline: the two top
performers according to automated metrics (Mistral-3.2-24B and Llama-3.1-8B), a larger model from
the same family (Llama-3.3-70B), and a recent proprietary model (GPT-4.1-mini). To carry out the
evaluation, we recruited five human annotators to rate the outputs for both tasks.

The human evaluation statistics are presented in Table 1. The table indicates qualitative differences
between the LLMs and Human annotators. Based on this evaluation, GPT-4.1-mini and Mistral-3.2-24B
are the best-performing LLMs overall and they score higher compared to the Llama family LLMs. For the

Table 1
Averaged human evaluation scores for the LLMs output quality across all domains and annotators
Summary criteria (Task 2) Target Message criteria (Task 3)

Model Name  Conciseness Coverage Faithfulness Readability Appropriateness Coverage Faithfulness
Llama-3.1-8B 4.07 3.65 3.76 4.05 3.54 3.69 3.67
Mistral-3.2-24B 4.01 4.63 3.86 3.83 3.85 4.19 4.11
GPT-4.1-mini 3.79 4.60 4.00 3.57 3.89 4.33 4.24
Llama-3.3-70B 4.14 3.84 4.00 3.84 3.62 3.46 4.44

Human 4.55 4.80 4.80 4.35 4.59 4.47 4.96




Table 2
Human evaluation scores comparing justification-based and proof-based outputs across all LLMs and annotators

Domain Tasks Proof better Justification better Tied / no majority

Biology 40 17.5% 45.0% 37.5%
Recipe 40 20.0% 17.5% 62.5%
Drone 40 82.5% 7.5% 10.0%
Overall 120 40.0% 23.3% 36.7%

summary task (Task 2), GPT-4.1-mini and Mistral-3.2-24B obtained the highest scores for the Coverage
criteria, but they fall short on the Conciseness criteria. This indicate the verbose nature of these LLMs.
In the target message task (Task 3), GPT-4.1-mini achieves the highest scores.

3. Comparison to Justifications

In addition to the results from [1], we investigated whether including the information from the full proof
actually improves the generation of concise explanations, compared to approaches that only provide
justifications as input [43]. To do this, we re-ran Task 3 with the best performing LLMs in Table 1,
GPT-4.1-mini and Mistral-3.2-24B, with slightly adapted prompts for justification proofs, because they
include no intermediate proof steps between the assertions and the conclusion. We then asked seven
human experts to compare, for each LLM, whether the proof-based or justification-based explanation
was better (see the annotator interface in Figure 2 of the appendix), following these instructions:

A good target message must (i) explain what happened, i.e., state the key conclusion clearly (e.g. “Warning!
Drone battery is critically low.”); (ii) explain why, i.e., provide a reason (e.g. “...because battery level drops to
2% before the goal is reached”); (iii) be concise, i.e., ideally < 20 words, cover only what matters.

Using a five-point scale (“A is much better than B”, “A is better than B”, “A and B are equally good/bad”,
“B is better than A”, and “B is much better than A”), the annotators produced the results in Table 2.

We can see that using proofs confers no advantage over justifications in the simple Recipe domain,
and actually results in worse explanations in the Biology domain. One possible explanation is that
high-level justifications-based outputs may be better aligned with how laypeople see complex biological
reasoning. For example, the justification-based message “D-392MG cells are cancer cell lines because they
are immortal and model glioblastoma, a type of cancer.” was rated as “much better” by four annotators,
and one said it is “better” than the proof-based explanation “D-392MG cells are cancer models and
immortal, making them cancer cell lines.” This suggests that explicitly naming a specific cancer type
(glioblastoma) rather than using the generic phrase “cancer models” adds perceived credibility to the
sentence, even though the two statements are semantically similar. It may also related to the observed
bias of LLMs to focus on later steps in the proof, where the specific type of cancer has already been
replaced by more generic concepts.

In contrast, in the more complex Drone domain, the additional information in the proofs was often
necessary to formulate a clearer explanation, by shifting the focus away from details in the input
data. For example, the proof-based message “Warning! Drone d is at risk of crash due to proximity to
a static rock ahead.” was rated “much better” by four annotators, and one said it is “better” than the
justification-based message “Warning! Drone near rock at position x9y13 with high speed at current time”.

In both examples, the proofs resulted in more generic messages. Depending on the domain and
scenario, this could be beneficial, for instance, when a complex event is being summarized concisely as
in Drone, or it could produce a bland, less informative message as in Biology.



4. Conclusion

Paper [1] introduced ProofTeller, a benchmark to evaluate LLM reliability in explaining formal
proofs via key step identification, summarization, and targeted message generation. Our experiments
reveal reliability gaps: LLMs consistently favor low-depth steps near the conclusion, whereas humans
select steps from all over the proof, suggesting a lack of holistic understanding. Human evaluation
further highlights qualitative deficiencies in the output. Additionally, the relative performance of
proof-based versus justification-based inputs was not uniform: it depended significantly on the domain.
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A. Annotator Interface

Human Reference

This message was written by a human expert. It is shown as an example of a good target message.

Warning of attached object! Drone collided with branch, now it is attached!

Your task: For each pair below, decide which generated message (A or B) is better.

Message Pair 1

Message A Message B

Warning level 5 due to recent crash and attachment to object detected for drone d. Warning level 5 triggered: drone is at zero distance from branch right now.

Ais much better than B AisbetterthanB @ Equally good / bad Bis better than A Bis much better than A

Message Pair 2

Message A Message B

Warning! Drone is at zero distance from a branch at the current time. Warning! Drone crashed into object 6 seconds ago, causing a warning level 5 at current time.

Ais much better than B Ais betterthanB @ Equally good / bad Bis better than A Bis much better than A

Figure 2: Annotator Interface for Comparing Target Messages Generated with Proofs and with Justifications
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