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Abstract

The ability of Al systems to not only answer
complex natural language questions, but also
transparently justify their reasoning, is cru-
cial for building trust and enabling effective
human-AlI collaboration. In domains requiring
multi-hop reasoning, answers must often be
constructed by combining multiple relevant sen-
tences from a knowledge base to build an infer-
ential path from the question toward the answer.
We tackle this challenge by exploring a neuro-
symbolic approach to reasoning through the
generation of entailment trees — structured, step-
by-step proof trees — using Large Language
Models (LLMs). These trees provide inter-
pretable justifications for the inference process.
Using the EntailmentBank (Dalvi et al., 2021)
data set, we evaluated a diverse set of prompt-
ing strategies across multiple models, along
with a proposal of an inference-guided prompt-
ing approach that performs well. We also fine-
tuned LLMs trained specifically for proof gen-
eration by applying several data augmentation,
curriculum learning, and reinforcement-guided
optimization strategies. Our results show that
the fine-tuned model outperforms all prompt-
ing strategies, achieving superior performance
across multiple structural and semantic metrics.
We also provide a detailed evaluation of which
training strategies are helpful towards proof
generation. Our findings highlight the impor-
tance of proof tree generation as a benchmark
for evaluating structured reasoning in LLMs.

1 Introduction

Multi-hop inferencing over Knowledge Bases is
widely used in answering complex questions that
usually require a chain of facts to be presented, re-
flecting the reasoning behind the answer. But to
a layman, simply looking at the facts relevant to
a query is not enough; the path of reasoning cre-
ated with the facts and connected to both the query
and the answer ascertains how and why it is the
correct answer. This path of reasoning can also be

structured as a multi-step proof tree that proves the
hypothesis [query concatenated with the correct
answer] via multiple pieces of relevant facts paired
with intermediate natural language proof-step con-
clusions. Multi-step entailment trees (Dalvi et al.,
2021) from a science text KB can be used to ex-
plain the line of reasoning behind the answers to
grade-school science questions. Students can exam-
ine the tree structure to grasp the step-by-step logic
behind inferences. Proof tree generation involves
picking facts from the corpus and composing them
recursively, thereby building a proof/explanation
tree for a query.

Language models capable of producing explicit
proof trees offer improved interpretability, debugga-
bility, and transparency compared to unstructured
text outputs, addressing concerns around black-box
reasoning and supporting user trust. In this work,
we focus on the foundational problem of generat-
ing high-quality deductive proof trees in a static,
one-shot setting, which we view as a necessary
step toward more interactive human—Al reasoning
systems. More broadly, our results contribute to
the neuro-symbolic Al literature by demonstrating
that LLMs can be guided to produce structured
symbolic representations for multi-hop inference.
We evaluate the boundaries of structured reasoning
by answering two central research questions: (a)
How do prompting techniques impact the structural
and semantic accuracy of entailment trees across
different model scales? and (b) How does task-
specific fine-tuning compare to prompting, and
what impact does Group Relative Policy Optimiza-
tion (GRPO)(Shao et al., 2024) have on logical
soundness versus structural correctness?

The main contributions of our work are as fol-
lows:

1. Comprehensive Evaluation of Prompting
Strategies for Entailment Tree Generation
We present systematic comparisons of multi-
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ple prompting strategies—zero-shot, few-shot,
chain-of-thought, for generating multi-step en-
tailment trees using LLMs.

2. Inference-Guided Prompting Strategy for
Entailment Tasks
We introduce an Inference-Guided Prompt-
ing strategy, where the prompts incorporate
abstract reasoning templates that reflect com-
mon inference types (for example: substitu-
tion, rule-based inference, inheritance). These
templates guide the model’s internal reason-
ing process without appearing in the final
output, enabling more coherent and logically
grounded generation.

3. Demonstration of Fine-tuning Superiority
on EntailmentBank Task 1 for Structured
Reasoning
We show that fine-tuning a general-purpose
LLM like Meta-Llama (Grattafiori et al.,
2024) model on Task 1 of the EntailmentBank
dataset significantly outperforms all prompt-
ing strategies, establishing a new performance
benchmark for entailment tree generation in
the no-distractor setting.

4. Positioning Proof Tree Generation as a
Benchmark for LLM Reasoning
We propose entailment tree generation as a rig-
orous and interpretable benchmark to evaluate
the multi-hop reasoning skills of LLMs.

This paper is organized as follows: Section 2 re-
views prior research on entailment tree generation,
task description and data description in Section 3
followed by details of our prompting and finetun-
ing approaches in Sections 4 and 5, evaluation in
Section 6 along with results & discussion in Sec-
tion 7, finishing with conclusion and future work
in Section 8.

2 Related Work

Several attempts at explanation tree generation use
generative models like TS to fine-tune and generate
the complete proof tree given the relevant input
data (Dalvi et al., 2021; Ribeiro et al., 2022; Tafjord
et al., 2020).

A few recent works, like NLProofS (Yang et al.,
2022), also explore step-wise proof generation
while still using the fine-tuned T5 model for gen-
eration, but conditioned on the hypothesis and use

a fine-tuned RoBERTa-based model for prevent-
ing hallucination and proof step verification. A
search algorithm then uses the validation scores to
decide which path to explore next. Ribeiro et al.
(2022) iteratively generate entailment trees by re-
trieving relevant premises and producing one step
at a time, showing better accuracy than single-pass
generation with gold premises, though their model
struggles with trees having more than four steps.
The MetGen system (Hong et al., 2022) iteratively
generates the entailment tree using both deductive
and abductive approaches, using the intermediate
generated conclusions in the next round of tree
generation. They explicitly model different types
of logical reasoning as separate modules, using a
controller to orchestrate their execution at every
tree generation step. A probing study of multi-
step reasoning capabilities of LLMs was done,
showcasing their attention patterns encoding the
reasoning tree (Hou et al., 2023), which shows
promise, but their study is limited to depth-1 proof
trees. Contrastive decoding with a hard negative
strategy is suggested by Su et al. (2023) to im-
prove the accuracy of finding the correct leaf and
proof steps in the tree, but without improvement
in generating correct intermediate conclusions. Shi
et al. (2024) generate proof trees by finding and
reusing similar logical examples through a pro-
totypical network and information entropy-based
reranking, demonstrating an improved performance
on the EntailmentBank dataset, but only involv-
ing three types of logical patterns found in the
dataset. SEER (Chen et al., 2024) employs re-
inforcement learning to generate logically coher-
ent entailment trees by capturing the hierarchical
and branching structures inherent in complex rea-
soning tasks through a structure-based return. A
two-system approach (FRVA) is suggested by Fan
et al. (2024) that intuitively filters irrelevant facts
via System 1 and employs bidirectional reasoning
with cross-verification and contrastive learning via
System 2, depicting state-of-the-art performance
on the EntailmentBank dataset. Zheng et al. (2024)
propose prompting and decoding refinements for
generating proof trees by LLMs; however, their
benchmark results are reported in a different format
than those in the original EntailmentBank dataset
paper that we use as baseline. Similarly, Zhang
et al. (2024) leverage rhetorical perception to iden-
tify relations between sentences, enhancing the in-
terpretability of generated trees.

Prompting strategies have been instrumental in

968



Question: What is the most likely reason
the giant sloth became extinct in North America
and Cuba?
Answer: humans as predators.
sis: human hunting sloths can cause sioths

1o be extinct
Triples:

«sentl: Decreases in animal populations can cause.

animals to be extinct

sent2: A sloth is a kind of animal

sent3: Hunting is when a human kills an animal for slothis a

food/recreation in the wild
3 can
imals to be
)
sentl:
*Decreases in
animal

sentd: Hunting decreases animal
populati

populations
ulations car
cause animals to

be extinct

to be extinct”

sent3: "Hunting
is when a human
Kills an animal
for

food/recreation
in the wild"
Figure1: Sample from EntailmentBank dataset

Figure 1: Example from the EntailmentBank Task 1
dataset, illustrating the construction of a proof tree us-
ing provided KB facts for a given Question, Answer,
and Hypothesis. The ‘int’ labels denote intermediate
conclusions derived from selected facts.

eliciting complex reasoning from LLMs. Several
recent works (Wei et al., 2022; Lu et al., 2022; Yao
et al., 2023b; Fu et al., 2022) demonstrated the
effectiveness of Chain-of-Thought (CoT) prompt-
ing, while Yao et al. (2023a) extended this idea
to Tree-of-Thought (ToT) prompting for deliberate
multi-path reasoning. These methods suggest that
strategic prompt design can significantly impact
reasoning faithfulness and structure.

In this work, we diverge from existing litera-
ture by exploring two distinct, complementary di-
rections: (1) Inference-Guided prompting, which
employs abstracted logical templates (e.g., substitu-
tion, property inheritance) to provide models with
a structural blueprint, and (2) model-level optimiza-
tion through Supervised Fine-Tuning and Group
Relative Policy Optimization (GRPO) to improve
proof tree generation without requiring complex
external controllers.

3 Task and Data Description

3.1 Task Description

Explanation tree generation is framed as a multi-
step, multi-premise entailment task. Given a hy-
pothesis h — typically formed by concatenating the
question and answer — and a set of relevant knowl-
edge base sentences .S, the objective is to construct
a valid entailment tree. The tree must have its leaf
nodes drawn from S, and intermediate nodes D
(i.e., derived facts) generated from leaf nodes to
logically support back the conclusion at the root
node ( hypothesis k). A valid entailment tree must
preserve the property of entailment between each
parent node and its child nodes.

We operate under the no-distractor setting
(Task 1), where all leaf sentences [ (given facts)
are already known to be relevant to the query and
are drawn from the KB (i.e., [ € S). Alongside the
question, answer, and hypothesis h, each example
in this task can be represented as a tuple (q, a, h, ),
for which the goal is to generate a valid proof tree
P.

Motivation for Task 1. We focus on the no-
distractor setting (Task 1), where all leaf sentences
[ are known to be relevant. This choice is moti-
vated by the need to isolate the LLM’s structural
reasoning and generation abilities from its retrieval
performance. Task 1 provides a controlled envi-
ronment to benchmark any model’s capacity for
multi-step entailment tree generation so we can
more accurately measure the impact of our pro-
posed approaches without the confounding variable
of retrieval noise.

3.2 Dataset Description

The EntailmentBank (Dalvi et al., 2021) dataset
consists of 1840 hypothesis [question and answer
combined] samples along with their correspond-
ing multistep entailment trees as well as the
hypothesis-relevant facts/triples from a textual
KB. The dataset is varied with 50% small [3-5
nodes] and 50% large entailment trees belonging
to the grade-school level science domain. Each
step of the entailment tree is an entailment and
encodes a single inference. The complete dataset
consists of 5,881 discrete entailment steps, wherein
each entailment tree includes 7.6 nodes and 3.2
entailment steps on average. The given dataset
has examples in the format: Question, Answer,
Hypothesis, Given KB Facts, Core concepts, Proof
Tree. We perform an evaluation on all 340 test
examples from the EntailmentBank dataset !.

Figure 1 shows a typical multi-step entailment
tree from the dataset. To prove the hypothesis
that human hunting causes sloths to go extinct,
the model must bridge the gap between specific
species (sloths) and general biological principles.
First, sent4 and sentl are combined to form int1
via Inference from Rule, establishing a general
rule that hunting leads to extinction in animals
via population decrease. Simultaneously, the
model must recognize the taxonomic relationship
in sent2 (“A sloth is a kind of animal”). By

"https://github.com/allenai/entailment_bank
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applying the general rule (intl) to the specific
category (sent2) through Substitution (or Property
Inheritance), the model derives int2 (“Hunting
sloths can cause sloths to be extinct”). Finally, this
is combined with the context of human action in
sent3 to reach the hypothesis. While this proof
tree structure assumes the inheritance of properties
(what applies to animals applies to sloths), it
provides a verifiable trace of the logical flow in the
multi-step entailment trees.

Why EntailmentBank matters. Given the rea-
soning effort required to construct natural language
proof trees, we consider EntailmentBank a valu-
able stepping stone for evaluating and developing
future LLMs with multi-hop reasoning capabilities.
It tests logical skills such as taxonomic inference,
rule application, conjunction, and compositional
reasoning in the context of scientific understand-
ing. In contrast to other popular LLM evaluation
question answering datasets — such as Codeforces
(Penedo et al., 2025) (programming), MGSM (Shi
et al., 2022), GSMS8K (Cobbe et al., 2021), AIME
(MAA, 2024), and FrontierMath (Glazer et al.,
2024) (math reasoning), MMLU (Hendrycks et al.,
2020) (multi-domain QA), or GPQA Diamond
(Rein et al., 2024) (PhD-level science) and several
other reasoning tasks (Yu et al., 2022) — Entailment-
Bank uniquely focuses on explicit multi-step ex-
planation generation and includes human-authored
ground truth entailment trees. This makes it par-
ticularly suitable for benchmarking interpretability,
reasoning faithfulness, and explanation quality in
next-generation language models. Moreover, He
et al. (2023) demonstrate that the incorporation of
natural language explanations increases the robust-
ness of using LLMs with adversarial datasets such
as natural language inference and paraphrase identi-
fication. A model trained on EntailmentBank-style
proof trees could further enhance this robustness by
promoting more systematic and logically grounded
reasoning.

4 Prompting Approach for Tree
Generation

4.1 Prompting Strategies

We explore the following prompting strategies in
this work:

 Zero-shot prompting: The LLM is presented
with the expected proof format, the test ques-
tion with its correct answer, hypothesis, and

the set of facts required to construct the proof
tree.

* Few-shot prompting: The zero-shot prompt
is enhanced with £ = 2 examples of con-
structed proof trees sampled from the training
dataset.

* Chain-of-Thought (CoT) prompting: The
few-shot prompt is augmented with natural
language explanations for each reasoning step,
provided in a sequential fashion to guide the
proof generation process.

* Inference-Guided prompting: The few-shot
prompt is augmented with abstracted reason-
ing templates that reflect common logical pat-
terns (e.g., substitution, inheritance) as iden-
tified by Dalvi et al. (2021). These templates
provide the model with a structural blueprint
for composing logical steps without appear-
ing in the final output. Figure 2 illustrates the
specific rules used.

All prompts explicitly specify the desired en-
tailment tree format to promote consistent and
well-structured outputs and are presented in Ap-
pendix A.

4.2 Models Evaluated

We evaluate the following language models
with the prompting approaches, chosen to rep-
resent a range of model scales, design philoso-
phies, and availability: o4-mini (OpenAl, 2025),
Phi-4 (Abdin et al.,, 2024), Llama-3.1-8B-
Instruct (Grattafiori et al., 2024), Gemini Flash
2.0 (Comanici et al., 2025).

5 Finetuned Model for Proof Tree
Generation

While chain-of-thought and inference-guided
prompting improve reasoning quality, our experi-
ments show that they remain insufficient for gen-
erating structured entailment trees. This motivates
the use of supervised fine-tuning (SFT) to reliably
produce explicit and verifiable proof structures. In
SFT, a pre-trained language model is optimized
using negative log-likelihood to generate the ex-
act token sequences of gold proofs, allowing it
to adapt to both the required output format and
domain-specific terminology.

We fine-tune the Meta LLaMA-3.1 8B model us-
ing 1,313 training examples from EntailmentBank
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Abstracted Inference Templates (for model’s internal reasoning only): These templates guide how
to abstract and combine sentences logically:

SUBSTITUTION: [General Entity] has [Property] & [Specific Entity] is a kind
of [General Entity] — int: [Specific Entity] has [Property]

INFERENCE FROM RULE: If [Condition],
[Condition] — int: [Case] exhibits [Effect]

then [Effect] & [Case] exhibits

FURTHER SPECIFICATION: [Entity] requires [Need] in [Context] &
[Mechanism] provides [Need] — int: [Mechanism] provides [Need] in [Context]

INFER CLASS: A [Class] is made of [Components] & [Instance] is made of [Same
Components] — int: [Instance] is a kind of [Class]

PROPERTY INHERITANCE: An [Entity]l’s [Part] is [Feature] & Something
[Feature] is used for [Purpose] — int: [Entity]’s [Part] is used for [Purpose]

SEQUENTIAL INFERENCE: [Event-B] follows [Event-A] & descriptions of both
— int: [Overall Process] involves [A] then [B]

Figure 2: Abstracted Inference Templates guiding the model’s internal logical reasoning.

Task-1, where each input consists of a question,
answer, hypothesis, and relevant KB facts. Train-
ing is performed using a 4-bit quantized model
with parameter-efficient fine-tuning (PEFT) for 10
epochs. Despite hyperparameter tuning, evalua-
tion loss consistently increases and test accuracy
quickly plateaus, indicating overfitting. This ob-
servation motivates the exploration of alternative
fine-tuning strategies beyond standard SFT.

5.1 Dataset Augmentation

We use the following dataset augmentation ap-
proaches to increase the dataset size and variety:

1. Triples Permutation: Modify the order of
given sentence facts in the training sample,
leading to corresponding modification in the
output proof. We generated 2230 permuted
training samples with this approach.

2. Paraphrasing: Mistral-7B-Instruct (Jiang
et al., 2024) model is used to generate a para-
phrase of the input sentences. The sentences
to paraphrase from each training sample are
chosen at random, which include any of the
question, hypothesis, or relevant KB facts.
This does not alter the proof to be generated.
We generated 1313 paraphrased training sam-
ples.

3. Commutation Permutation: Modify the order
of commutative operands in the proof struc-
ture randomly without modifying the example
text. We generated 1313 training samples with
this approach.

5.2 Curriculum Training

Bengio et al. (2009) suggest significant improve-
ment in generalization while using ‘Curriculum
Learning’ - an approach that sorts training exam-
ples into a sequence that illustrates the simpler con-
cepts first. This acts as a form of continuation
method, speeding up convergence and finding a
better local minimum. We use this approach to sort
all training examples by proof length and then train
the model through SFT. This helps the model to
prevent overfitting and generalize better to new and
more complex multi-step examples.

5.3 Reinforcement-Guided Learning

Since we noticed the limit of what SFT could
achieve on the entailment tree generation task,
we also explored reinforcement-guided learning
through the Group Relative Policy Optimiza-
tion (Shao et al., 2024) (GRPO) technique proven
to be effective at enhancing math reasoning capabil-
ities, and aligned it to our task of proof generation.

This method generates a group of multiple proof
completions for a single example from the SFT
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model. A reward model, composed of several re-
ward functions, then computes rewards by compar-
ing these proofs to the ground truth. Finally, the
SFT model’s policy is updated based on a group-
normalized advantage calculation. We design the
following reward functions based on the step proof
structure and intermediate node text generation:

1. Overall Tree BLEURT Score: Rewarding the
exact overall tree generated as the ground truth
proof tree

2. Intermediate Node Text BLEURT Score:
Rewarding correctly generated intermediate
node text when compared to the ground truth
intermediate node text.

3. Intermediate Node Reuse Frequency: Reward-
ing correct reuse of intN nodes across steps
and penalizing “dead-end” intermediate nodes
that aren’t reused

4. Steps Match BLEURT Score: Rewarding cor-
rect order of proof step resolution (i.e., leaves
first — root)

5. Proof Tree Length Match Score: Rewarding
completions with correct proof length com-
pared to the ground truth proof

We denote the model policy by

T
mo(y | x) = Hﬂe(yt | 2, y1:6-1).
t=1

For each prompt x;, we sample a group of K com-
pletions {y; 1,...,¥ik} ~ 7, (- | z;) and com-
pute scalar rewards R; ; = R(y; ;, ;) constructed
as a weighted sum of M components:

M
1‘) = Zwmrm(yax
m=1

where r,,, are the BLEURT-based and heuristic re-
wards described above.
For group-normalized advantages, we compute

The GRPO surrogate loss (critic-free) minimized
w.r.t. 0 is:

ZZA ijlog o (yij | ).

21]1

Lgrro (0

Unlike PPO-based RLHF methods, GRPO omits
an explicit KL regularization term and achieves
stability through group-relative normalization of
rewards. Thus, no KL penalty term is used in our
implementation. Model parameters are updated
via stochastic gradient descent on Lgrpo(f), and
the sampling policy is periodically refreshed as
Oolg < 0. We used K = 4 in our experiments.

6 Evaluation

6.1 Evaluation Metrics

We adopt multiple evaluation metrics to assess
proof tree generation. These are derived from the
official EntailmentBank? evaluation script, which
compares each generated proof tree T against a
gold-standard tree T using a structured alignment
process based on the “sent*” labels. Once aligned,
performance is evaluated across four categories:

e Leaves (F1, AllCorrect): These metrics as-
sess whether the leaf nodes in 7" match those
in T'. The F1 score captures the overlap, while
the AllCorrect score is 1 only if there is a
perfect match.

 Steps (F1, AllCorrect): These metrics eval-
uate the structural correctness of proof steps,
i.e., whether internal nodes in 7’ correctly
reproduce the logical steps in 1" based on
aligned children.

e Intermediates (F1, AllCorrect): These as-
sess semantic similarity for intermediate con-
clusions (non-leaf, non-root nodes). An
intermediate node is considered correct if
the BLEURT score (int-BLEURT) with the
aligned node in T" exceeds a threshold (0.28).

¢ Overall Proof (AllCorrect): This metric eval-
uates full-tree correctness. A score of 1 is
assigned only if all leaves, steps, and inter-
mediate nodes are perfectly aligned with the
ground truth proof tree.

We further evaluate how the distribution of gener-
ated proof trees varies across entailment step counts

Zhttps://github.com/allenai/entailment_bank
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(i.e., proof tree depths) for our fine-tuned models,
as compared to the ground truth in Figure 3. This
analysis helps assess how closely the generated
proof tree lengths align with the reference trees.
Figure 4 additionally presents the accuracy com-
parison across different proof tree depths for the
model-generated proof trees and ground truth trees.

7 Results and Discussion

7.1 Performance of Prompting Strategies

Table 1 summarizes the performance of models un-
der different prompting strategies. Our experiments
reveal four main insights:

¢ Few-shot prompting consistently outper-
forms zero-shot prompting. Most models
benefit from example-driven generalization,
while zero-shot remains insufficient for struc-
tured generation (with Flash 2.0 as an outlier).

¢ Inference-guided prompting improves over
few-shot. Our domain-specific reasoning tem-
plates help constrain generation and yield bet-
ter proof trees, though effectiveness drops
without at least one illustrative example. All
models show a huge jump in Leaves-F1 and
Leaves-AllCorrect metrics with Inference-
Guided prompting compared to other strate-
gies.

* High premise recall, weak multi-hop rea-
soning. Llama and Phi models identify rele-
vant leaves accurately specifically but struggle
on step-level inference.

* Chain-of-Thought prompting is model-
dependent. It works well for Flash 2.0 but
structured proof generation failed with Llama
and Phi in our experiments, suggesting that
some models cannot reliably translate reason-
ing chains into structured proofs.

These findings reinforce the need for more ef-
fective prompt engineering, targeted fine-tuning,
and enhanced supervision signals to bridge the gap
between factual retrieval and reliable multi-hop
reasoning.

7.2 Performance of Supervised Fine-tuned
LLMs

Table 2 shows the results of the fine-tuned Llama
3.1 8B models under different training strategies.
We observe that:

* Fine-tuning outperforms prompting. Task-
specific training yields the highest scores
across all metrics, highlighting its effective-
ness for structured reasoning. Compared to
the prompting strategies in Table 1, our best
supervised fine-tuned model (37.35% Over-
all AllCorrect) demonstrates a substantial im-
provement over the strongest prompting base-
line, Gemini Flash 2.0 with Chain-of-Thought
(29.71%) across all evaluation metrics.

* Dataset augmentation helps but saturates.
Structural and lexical variations improve per-
formance, though additional augmentation of-
fers diminishing returns.

* Curriculum learning aids stability. It re-
duces overfitting and aligns proof length with
gold trees for shallower depths (Figures 3 and
4), but accuracy declines beyond depth 5.

* Best results from combined augmentation.
The strongest model uses the original dataset
plus triples permutation and paraphrasing,
with curriculum training providing similar
gains.

* Other LLMs underperform. Fine-tuning
Flash, Deepseek, and Qwen variants did not
surpass fine-tuned Llama models.

Comparison of Proof Step Distributions: Model Outputs vs. Ground Truth

Percentage of Test Samples

2 g
1 ] _|]
| | ]
1 ] ]
L | ]
]
]

1 2 3 a H 6 7 8 9 10 11 12 13 15
Entailment Steps

Figure 3: Comparison of the number of steps,i.e, proof
tree depth in entailment trees generated by different
approaches.

7.3 Impact of Reinforcement-Guided
Optimization

Table 3 presents overall accuracy results from su-

pervised fine-tuned Llama 3.1 8B LLM vs GRPO

Reinforcement-guided model with the designed re-

ward functions. Following are the findings from

the GRPO experiments:
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Model Prompting Strategy Leaves-F1  Leaves-AllCorrect Steps-F1  Steps-AllCorrect int-BLEURT-F1  int-BLEURT-AllCorrect  Overall-AllCorrect
Flash 2.0 Few-shot 91.39 61.47 40.33 26.47 65.78 31.76 23.82
Flash 2.0 Zero-shot 90.99 59.12 42.19 30.29 63.64 31.47 27.06
Flash 2.0 Inference-Guided 94.20 68.50 43.20 26.40 67.03 31.47 25.29
Flash 2.0 Chain of Thought 92.88 63.24 44.95 31.47 68.13 35.59 29.71
o4mini Zero-shot 92.99 64.71 37.48 20.59 61.98 26.18 16.76
o4mini Few-shot 94.48 70.29 39.97 2529 65.00 28.53 20.88
o4mini Inference-Guided 94.44 70.00 43.32 25.59 67.71 29.71 2235
Llama 3.1 Instruct ~ Few-shot 96.50 77.90 32.00 10.80 59.60 23.50 9.70
Llama 3.1 Instruct  Inference-Guided 97.33 80.88 30.88 9.12 60.38 23.24 8.53
Phi-4 Few-shot 94.24 67.94 40.26 26.47 62.85 30.88 24.71
Phi-4 Inference-Guided 97.26 81.18 43.94 30.29 64.85 3235 27.35
Table 1: Performance of LLMs on Entailment Tree Generation with different prompting strategies
Data Augmentation Leaves-F1 Leaves-AllCorrect Steps-F1 Steps-AllCorrect int-BLEURT-F1 int-BLEURT-AllCorrect Overall-AllCorrect Epochs Curriculum
No Augmentation 99.71 96.76 48.31 37.35 69.91 36.76 34.11 10 No
No Augmentation 99.57 94.41 48.76 37.94 69.15 37.06 35.00 5 Yes
Paraphrased 99.70 95.88 51.76 38.24 70.45 37.35 36.18 10 No
Paraphrased 99.71 95.88 50.10 38.53 71.05 40.29 37.06 5 Yes
Commutation Permutation 99.72 95.88 52.60 39.71 72.12 38.53 35.59 10 No
Commutation Permutation 99.61 95.29 47.77 34.71 69.42 3529 31.76 5 Yes
Triples Permutation 99.54 94.71 51.20 39.71 71.20 39.12 35.29 10 No
Triples Permutation 99.69 95.59 50.85 38.24 70.37 39.71 35.59 5 Yes
Comm. Perm. + Paraphrased 99.74 96.18 50.04 36.76 70.34 36.18 34.12 5 Yes
Triples Perm. + Paraphrased 99.80 97.06 52.36 38.82 71.89 39.71 36.47 5 Yes
Triples Perm. + Paraphrased 99.59 95.00 54.52 41.47 72.03 40.00 37.35 20 No

Table 2: Performance of Llama 3.1 8B finetuned models on EntailmentBank Task-1 test dataset across data

augmentation strategies, with and without curriculum training.

Perfect Alignment vs. Proof Steps

100% 1 Model

B Finetuned Llama Model

Curriculum Finetuned Llama Model
80% -

60%

40% A

20% -

Percentage of Perfectly Aligned Test Examples

0% -

Entailment Steps

Figure 4: Comparison of overall accuracy (i.e., perfect
tree alignment score) across different proof tree depths
for Fine-tuned Llama and Curriculum-Finetuned Llama
models

* GRPO yields limited improvements when the
baseline model (SFT or curriculum-SFT) al-
ready performs well, with more consistent
gains observed only when the initial error
margin is larger, particularly for curriculum-
trained models.

* GRPO encourages better-structured proof
trees that reuse relevant sentence facts from
the context, but does not explicitly enforce log-
ical validity of intermediate inferences, sug-
gesting the need for logic-aware reward func-
tions.

7.4

ward_chain component quickly saturates, indi-
cating consistent reuse of intermediate nodes,
this saturation may restrict further structural
improvements.

GRPO achieves optimal results after a sin-
gle epoch. Unlike the 10-epoch SFT phase
required for knowledge acquisition, GRPO
acts as a policy refinement stage. With a
group size of G = 4, each training step is
significantly more computationally dense and
sample-efficient than standard SFT. Contin-
ued training leads to performance degrada-
tion, likely due to reward exploitation where
structural optimization begins to compromise
logical validity.

Qualitative analysis (Appendix B) reveals
recurring reasoning errors not corrected by
GRPO, including hallucinated intermediates,
misuse of facts, and structurally divergent yet
semantically plausible proofs, highlighting
limitations of purely structural evaluation met-
rics.

Overall Results and Comparative Analysis

Table 4 presents the results from our best fine-
tuned model (Llama 3.1 8B optimized with GRPO).
We compare our approach against prior state-of-

the-art systems including EntailmentWriter (Dalvi

* Reward trajectories exhibit high variance
rather than stable convergence. While the re-
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Data Augmentation Technique Overall-AllCorrect-SFT  Overall-AllCorrect-GRPO Epochs-SFT Epochs-GRPO SFT Curriculum Training

Metric Improvements (A)

Commutation Permutation 35.59 35.88
Triples Perm. + Paraphrased 37.35 37.94
Triples Perm. + Paraphrased 36.47 37.35

10 1 No Int-BLEURT, Overall Acc
20 1 No Leaves, Steps, Int-BLEURT, Overall Acc
5 1 Yes Steps, Int-BLEURT, Overall Acc

Table 3: Comparison of SFT LLaMA model vs GRPO finetuned model performance on Task-1 test set from
EntailmentBank under different data augmentation settings. Metric improvements (A) indicate where GRPO

outperformed SFT.
Evaluation Level Leaves Steps Intermediates Overall
Method/Evaluation Metric F1 AllCorrect  F1 AllCorrect  F1 AllCorrect  AllCorrect
Ours (Best Finetuned Model) 99.67 95.0 54.93 42.06 72.43 40.59 37.94
EntailmentWriter (T5-11B) (Dalvi et al., 2021)  99.0 89.4 51.5 38.2 71.2 38.5 353
MetGen (Hong et al., 2022) 100.0 100.0 577 41.9 70.8 39.2 36.5
NLProofS (Yang et al., 2022) 97.8+02 90.1£12 556406 423+04 724+05 406+0.7 389+0.7
FRVA (Fan et al., 2024) 982+03 940+10 578+04 444+06 735+04 424+03 403+0.7

Table 4: Evaluation results from our best fine-tuned model and comparison with recent work on the Task-1 test

dataset from EntailmentBank

2024). Our model shows strong performance, par-
ticularly in identifying the correct leaf facts. While
our model is not the top performer across all met-
rics, it is highly competitive. Its Overall Acc score
of 37.94 places it in the top three, just behind FRVA
(40.3), and is closely aligned with NLProofS and
FRVA for correct intermediate conclusion and steps
generation. A clear and expected trend across all
models is the significant drop in performance as
the task becomes more complex,i.e., moving from
leaves to generating the multi-step proof tree.

A direct comparison with the prompting results
in Table 1 reveals that even the most sophisticated
prompting on larger models, such as Gemini Flash
2.0, fails to match the structural precision of a
smaller, task-specifically fine-tuned model. Specifi-
cally, our fine-tuned model achieves an absolute im-
provement of 8.23% in Overall AllCorrect metrics
over the strongest CoT baseline and 10.59% over
our proposed Inference-Guided prompting. This
suggests that the complex constraints of multi-step
entailment — such as maintaining intermediate state
consistency — are more effectively captured through
direct weight updates and reinforcement learning
than through structured prompts alone.

8 Conclusion and Future Work

In this work, we study multi-step entailment tree
generation for explaining complex queries over a
textual knowledge base. Our experiments show a
clear progression from prompting to task-specific
fine-tuning: while few-shot and inference-guided
prompting improve over zero-shot baselines, they
remain inadequate for complex reasoning. Super-
vised fine-tuning yields the strongest performance,

yet models continue to struggle with deeper rea-
soning chains. Reinforcement-based optimization
(GRPO) provides only limited benefits, highlight-
ing the need for reward functions that assess logical
soundness rather than structural correctness alone.

Future work will focus on designing reward func-
tions that penalize unsupported or logically incon-
sistent intermediate steps, encouraging grounded
and verifiable reasoning during reinforcement
learning. We also plan to develop evaluation met-
rics that better capture semantically valid but struc-
turally divergent entailment trees, enabling more
faithful assessment of reasoning quality. In ad-
dition, integrating search-based approaches such
as Tree-of-Thought (Yao et al., 2023a) with fine-
tuning may allow models to explore and self-
correct multiple reasoning paths, improving rea-
soning depth and reliability. We also aim to extend
our evaluation to the Task 2 and Task 3 settings
of EntailmentBank to assess how reinforcement-
guided models handle the presence of irrelevant
distractors. Finally, extending proof generation to
dynamic settings where evidence evolves over time
would broaden the applicability of these models to
adaptive explanation generation.

Limitations

Despite the improvements obtained through super-
vised finetuning and GRPO-based reinforcement
learning, our approach inherits several limitations
of current LLM-based reasoning systems:

» Hallucinations and logical inconsistencies.
LLMs may still produce unsupported or logi-
cally invalid intermediate steps. This occurs
most prominently in prompting-based settings,
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although finetuning and GRPO reduce but do
not eliminate such errors.

* Structural sensitivity in evaluation metrics.
Existing metrics for entailment tree genera-
tion emphasize structural matching and may
penalize semantically correct but structurally
different reasoning paths. This limits our abil-
ity to fully assess the quality of reasoning.

* Generalization to longer reasoning chains.
All evaluated models struggle with deep multi-
step reasoning, often breaking down as the
required proof depth increases. Improving
robustness for long-chain reasoning remains
an open challenge.

* Benchmark availability. EntailmentBank re-
mains the only benchmark with gold multi-
step natural language proof trees. The lack of
additional datasets with comparable annota-
tions limits our ability to assess cross-domain
generalization. While our study focuses on
Task 1 to isolate reasoning performance, fu-
ture work is needed to evaluate these methods
in "distractor" settings (Tasks 2 and 3) to as-
sess robustness against irrelevant information.

* Scope limited to Deductive and Monotonic
Reasoning. Our approach, like Entailment-
Bank itself, focuses on deductive inference
over a fixed set of premises and does not ad-
dress defeasible or non-monotonic reasoning,
where conclusions may change when new or
conflicting evidence arises.
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A Prompting Templates

A.1 Prompt A: Zero-shot Prompting

Prompt A — Zero-shot Template

You are a helpful assistant that generates step-
by-step proof trees for grade 3-8 science prob-
lems. Each proof tree must use the given ques-
tion, answer, hypothesis, and relevant triples.
Rules for generating proof trees:

1. Output the proof tree exactly in the following
format: sentl & sent2 -> intl: [Intermediate
node text]; intl & sent3 -> hypothesis;

2. Each proof step must combine only necessary
triples and/or previously derived intermediate
nodes which must entail the hypothesis/inter-
mediate conclusions.

3. Introduce an intermediate node only when
necessary to bridge facts. If a direct step to the
hypothesis is possible, avoid extra nodes.

4. Limit proof steps to a maximum of 15.
Do not repeat the same intermediate node text
again.

5. Do not generate any more text once the "hy-
pothesis’ is reached.

6. Do not copy full sentence text from triples
into intermediate node text.

A.2 Prompt B: Few-shot Prompting

Prompt B — Few-shot Template

### Proof Tree Rules:

- **Format:** ‘sentl & sent2 -> intl: [Interme-
diate node text]; intl & sent3 -> hypothesis;*

- **Concise:** Do not copy sentence triples or
hypothesis from the input.

- **Stop Condition:** The proof must **end
immediately** once the ‘hypothesis* is reached,
finishing with ;°

### Example Proof:

Question: During the Apollo 14 moon landing,
astronauts played golf on the moon. Which of
the following would be less on the moon than
on Earth?

Answer: The weight of the golf ball
Hypothesis: the weight of a golf ball will be
less on the moon than on Earth

Triples:

sentl: As the mass of a celestial object de-
creases, the surface gravity of that celestial ob-
ject weakens sent2: A golf ball is a kind of ob-
ject sent3: A planet is a kind of celestial objec-

t/body sent4: As the force of gravity decreases,
the weight of the object will decrease sent5:
The Moon is a kind of moon sent6: The Earth
has more mass than the Moon sent7: Earth is
a kind of planet sent8: A moon is a kind of
celestial object/body

Proof: sent3 & sent7 -> intl: Earth is a celestial
object; sent5S & sent8 -> int2: The Moon is a
celestial object; intl & int2 -> int3: Earth and
the Moon are celestial objects; int3 & sentl &
sent6 -> int4: The surface gravity on the Moon
will be less than the surface gravity on Earth;
int4 & sent4 -> int5: The weight of an object
on the Moon will be less than the weight of an
object on Earth; int5 & sent2 -> hypothesis;
### Generate the proof tree for the following
grade 3-8 science problem following the above
rules using the given question, answer, hypothe-
sis, and **only the necessary** relevant triples
and stop at the final proof step:

A.3 Prompt C: Inference-Guided Prompting

Prompt C - Inference-Guided + Few-shot
Prompt Template

### Proof Tree Output Rules:

- **Format:** ‘sentl & sent2 -> intl: [Interme-
diate node text]; int] & sent3 -> hypothesis;*

- **Concise:** Do not copy sentence triples or
hypothesis from the input.

- **Stop Condition:** The proof tree must
**end immediately** once the ‘hypothesis® is
reached, finishing with “;°

### Abstracted Inference Templates (for inter-
nal reasoning only — do not output these di-
rectly): These templates guide how to abstract
and combine sentences logically:

- #**SUBSTITUTION:** ‘[General Entity] has
[Property]® & ‘[Specific Entity] is a kind of
[General Entity]* — int: ‘[Specific Entity] has
[Property]*

- *INFERENCE FROM RULE:** ‘If [Condi-
tion], then [Effect]* & ‘[Case] exhibits [Condi-
tion]* — int: ‘[Case] exhibits [Effect]*

- **FURTHER SPECIFICATION:** ‘[Entity]
requires [Need] in [Context]* & ‘[Mechanism]
provides [Need]* — int: ‘[Mechanism] provides
[Need] in [Context]*

- **INFER CLASS:** ‘A [Class] is made of
[Components]® & ‘[Instance] is made of [Same
Components]* — int: ‘[Instance] is a kind of
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[Class]*

- *PROPERTY INHERITANCE:** ‘An [En-
tity]’s [Part] is [Feature]* & ‘Something [Fea-
ture] is used for [Purpose]‘ — int: ‘[Entity]’s
[Part] is used for [Purpose]*

- **SEQUENTIAL INFERENCE:** ‘[Event-
B] follows [Event-A]‘ & descriptions of both
— int: ‘[Overall Process] involves [A] then [B]°
### Example Proof:

Question: During the Apollo 14 moon landing,
astronauts played golf on the moon. Which of
the following would be less on the moon than
on Earth?

Answer: The weight of the golf ball
Hypothesis: the weight of a golf ball will be
less on the moon than on Earth

Triples: sentl: As the mass of a celestial object
decreases, the surface gravity of that celestial
object weakens sent2: A golf ball is a kind of ob-
ject sent3: A planet is a kind of celestial objec-
t/body sent4: As the force of gravity decreases,
the weight of the object will decrease sent5:
The Moon is a kind of moon sent6: The Earth
has more mass than the Moon sent7: Earth is
a kind of planet sent8: A moon is a kind of
celestial object/body

Proof: sent3 & sent7 -> intl: Earth is a celestial
object; sentS & sent8 -> int2: The Moon is a
celestial object; int]l & int2 -> int3: Earth and
the Moon are celestial objects; int3 & sentl &
sent6 -> int4: The surface gravity on the Moon
will be less than the surface gravity on Earth;
int4 & sent4 -> int5: The weight of an object
on the Moon will be less than the weight of an
object on Earth; int5 & sent2 -> hypothesis;
### Generate the proof tree for the following
grade 3-8 science problem following the above
format rules using the given question, answer,
hypothesis, and relevant triples and stop at the
final proof step:

A.4 Prompt D: Chain of Thought Prompting

Prompt D — Chain-of-Thought + Few-shot

Prompt Template

### Example Proof:

Question: Drew knows that Earth is tilted on its
axis. He also knows this tilt is responsible for
the season that a region on Earth will experience.
When the South Pole is tilted toward the Sun,
what season will it be in Florida?
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Answer: winter

Hypothesis: it is winter in Florida

Triples: sentl: florida is a state located in the
united states of america sent2: united states is
located in the northern hemisphere sent3: the
winter in the northern hemisphere is during the
summer in the southern hemisphere sent4: the
south pole is tilted toward the sun sent5: sum-
mer is when a hemisphere is tilted towards the
sun sent6: the south pole is located in the south-
ern hemisphere

Let’s think step by step. First, we know the
South Pole is tilted toward the sun (sent4). And
summer is when a hemisphere is tilted towards
the sun (sent5). Therefore, it is summer in the
South Pole. Next, the South Pole is located in
the southern hemisphere (sent6). So, it is sum-
mer in the southern hemisphere. The winter in
the northern hemisphere is during the summer
in the southern hemisphere (sent3). Therefore,
it is winter in the northern hemisphere. Florida
is a state located in the United States of Amer-
ica (sentl), and the United States is located in
the northern hemisphere (sent2). So, Florida is
located in the northern hemisphere. Since it is
winter in the northern hemisphere and Florida
is in the northern hemisphere, it is winter in
Florida. Therefore, it is winter in Florida. Now,
let’s format this into a proof tree:

### Generated Proof: sent4 & sent5 -> intl: it
is summer in south pole; intl & sent6 -> int2: it
is summer in southern hemisphere; int2 & sent3
->int3: it is winter in the northern hemisphere;
sent]l & sent2 -> int4: florida is located in the
northern hemisphere; int3 & int4 -> hypothesis;
### Proof Tree Rules:

- **Format:** ‘sentl & sent2 -> intl: [Interme-
diate node text]; int] & sent3 -> hypothesis;*

- **Concise:** Do not copy sentence triples or
hypothesis from the input.

- **Stop Condition:** The proof must **end
immediately** once the ‘hypothesis* is reached,
finishing with *;*

### Generate the proof tree for the following
grade 3-8 science problem following the above
rules thinking step by step using the given ques-
tion, answer, hypothesis, and *only the neces-
sary* relevant triples and stop at the final proof
step:




B Qualitative Error Analysis

To better understand model behavior beyond aggre-
gate metrics, we manually analyzed several exam-
ples from the EntailmentBank Task-1 test set. Each
case compares the model-predicted proof to the
gold proof and annotates the type of reasoning er-
ror (if any). These examples illustrate diverse error
patterns, including hallucinated intermediate steps,
irrelevant or misused facts, invalid logical compo-
sitions, and multiple forms of structural divergence
(extra steps, missing steps, or reordered but seman-
tically valid proofs). Such patterns illustrate both
the strengths and limitations of current evaluation
metrics, which often penalize structurally different
yet semantically valid reasoning.

Error Type Description / Example Case

Hallucination Invented or unsupported inter-

mediate steps (Case 1)

Structural Divergence:
Extra Step

Structural Divergence:
Proof Compression
Structural Divergence:
Reordered Proof

Fact Misuse / Irrele-
vant Step

Logical Inference Er-
ror

Over-elaboration through un-
necessary intermediate nodes
(Case 2)

Collapsed multi-step reasoning
into a single inference (Case 3)
Semantically valid reasoning
expressed with a different or-
dering (Case 5)

Incorporates irrelevant triples
or unnecessary inference paths
(Case 4)

Incorrect logical linkage or
misuse of hierarchical relation-
ships (Case 6)

Case 1: Logical Inconsistency / Hallucination

Question: Why is the gravitational attraction of the Moon
a greater factor in determining tides than the gravitational
attraction of the much larger Sun?

Hypothesis: The gravitational pull of the moon on Earth
affects the tides more than the gravitational pull of the sun.

Relevant Facts: sentl: the cause of something affects
that something. sent2: the gravitational pull of the sun on
Earth’s oceans causes the tides. sent3: the gravitational
pull of the moon on Earth’s oceans causes the tides. sent4:
as distance from an object decreases, gravitational pull
increases. sent5: the moon is closer to Earth than the sun.

Gold Proof: sent4 & sent5 — intl: the gravity pull from
the moon on earth is greater than the sun on earth; intl &
sentl & sent2 & sent3 — hypothesis.

Predicted Proof: sent3 & sent4 & sent5 — intl: the gravi-
tational pull of the moon on earth’s oceans causes the tides
increases; sent2 & sent4 & sent5 — int2: the gravitational
pull of the sun on earth’s oceans causes the tides decreases;
intl & int2 — int3: the gravitational pull of the moon on
earth affects the tides more than the gravitational pull of
the sun; int3 & sentl — hypothesis.

Issue: Predicted steps contain unsupported comparative
claims (“tides increase/decrease”), showing hallucinated
intermediate reasoning.

Table 6: Example showing hallucinated intermediate
steps.

Table 5: Summary of qualitative error types observed in

model predictions (examples follow).

Case 2: Structural Divergence: Extra Step

Question: Tides on Earth are influenced more by the Moon
than the Sun because the Moon is...

Hypothesis: The gravitational pull of the moon on Earth
affects the tides more than the gravitational pull of the sun.

Relevant Facts: sentl: the moon is closer to Earth than
the sun. sent2: gravitational pull of the moon on Earth’s
oceans causes tides. sent3: gravitational pull of the sun
on Earth’s oceans causes tides. sent4: gravitational pull
increases as distance decreases.

Gold Proof: sentl & sent4 — intl: the gravity pull from
the moon on earth is greater than the sun on earth; intl &
sent2 & sent3 — hypothesis.

Predicted Proof: sent2 & sent4 — intl: as the distance
from the moon decreases, the gravitational pull of the moon
on earth will increase; intl & sentl — int2: the gravita-
tional pull of the moon on earth is greater than the gravita-
tional pull of the sun on earth; int2 & sent3 — hypothesis;
Issue: No logical error. The model introduces an extra

intermediate step, producing a different but valid structure.
Illustrates the need for structure-insensitive metrics.

Table 7: Structurally divergent through over-elaboration
but semantically valid reasoning.
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Case 3: Structural Divergence: Proof Compression

Question: An object composed mainly of ice is orbiting
the Sun in an elliptical path. This object is most likely...?
Hypothesis: A comet is an object made of ice that orbits
the Sun elliptically.

Relevant Facts: sentl: comets orbit the sun. sent2: a
comet is often made of ice. sent3: comet orbits are
elliptical.

Gold Proof: sentl & sent3 — intl: comets orbit the sun
in an elliptiacal path; intl & sent2 — hypothesis.
Predicted Proof: sent2 & sent3 & sentl — hypothesis.
Issue: Model collapses steps into one shallower inference.

Logically correct. Demonstrates over-penalization by struc-
tural metrics.

Table 8: Model predicts a shorter but correct proof.

Case 4: Irrelevant Step / Fact Misuse

Question: One difference between the Moon and Earth is
that the Moon...

Hypothesis: The moon revolves around a planet.

Relevant Facts: sentl: the sun is a kind of star. sent2:
the moon orbits the earth. sent3: revolving around means
orbiting. sent4: the earth revolves around the sun. sent5:
earth is a planet.

Gold Proof: sentl & sentd — intl: the earth revolves
around a star; sent2 & sent5 — int2: the moon orbits a
planet; int2 & sent3 — int3: the moon revolves around a
planet; intl & int3 — hypothesis.

Predicted Proof: sent5 & sent4 — intl: the earth is a
planet that revolves around the sun; sentl & sent2 — int2:
the moon orbits the earth; int2 & sent3 — int3: the moon
revolves around the earth; intl & int3 — hypothesis.

Issue: Model creates intermediate steps using loosely re-
lated facts (sentl & sent2), introducing irrelevant logic.
Shows difficulty filtering essential vs. peripheral informa-
tion.

Table 9: Example of irrelevant or unnecessary inference.

Case 5: Structural Divergence: Reordered Proof

Question: Which best describes the Sun?
Hypothesis: The Sun is a yellow dwarf with medium size.

Relevant Facts: sentl: the sun is a kind of yellow dwarf.
sent2: medium means average. sent3: the sun is average in
size for a star in our galaxy.

Gold Proof: sentl & sent3 — intl: the sun is a yellow
dwarf with average size; intl & sent2 — hypothesis.
Predicted Proof: sent2 & sent3 — intl: the sun is a yellow
dwarf with average size; intl & sentl — hypothesis.

Issue: Both proofs are correct. Model simply uses a dif-
ferent but valid ordering. Penalized under strict structural
matching.

Table 10: Example of semantically equivalent alterna-

tive reasoning path.
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Case 6: Logical Inference Error

Question: Which category best describes the Sun?
Hypothesis: The sun is a yellow main-sequence star.

Relevant Facts: sentl: the sun is a kind of yellow dwarf.
sent2: a yellow dwarf is a kind of main-sequence star.
sent3: main-sequence stars are generally yellow.

Gold Proof: sentl & sent2 — intl: the sun is a kind of
main-sequence star; intl & sent3 — hypothesis.

Predicted Proof: sent3 & sent2 — intl: main-sequence
stars are yellow in color; intl & sentl — hypothesis.

Issue: Intermediate inference (sent3 & sent2 — intl) is
not logically valid; correct chain requires specific category
hierarchy (Yellow Dwarf — Main-Sequence).

Table 11: Example of logically incorrect intermediate
inference.



