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Abstract

Multi-hop question answering tasks involve identifying relevant supporting sentences from a given
set of documents, which serve as the rationale for deriving answers. Most research in this area
consists of two main components: a rationale identification module and a reader module. Since the
rationale identification module often relies on retrieval models or supervised learning, annotated
rationales are typically essential. However, approaches that rely on annotations face challenges when
adapting to open-domain settings. Moreover, when models are trained on annotated rationales,
explainable artificial intelligence (XAI) requires clear explanations of how these rationales are derived.
Therefore, traditional multi-hop question answering approaches that depend on annotated rationales
are unsuitable for XAI, which demands transparency in the model’s reasoning process. To address
this issue, we propose a rationale reasoning framework that can effectively infer rationales and
demonstrate the model’s reasoning process, even in open-domain environments without annotations.
The proposed model is applicable to various tasks without structural constraints, and experimental
results demonstrate its significantly improved rationale reasoning capabilities in multi-hop question
answering, relation extraction, and sentence classification tasks.

Keywords: unsupervised learning; machine reading comprehension; multi-hop question answering;
explainable AL rationale inference

1. Introduction

Recent advancements in artificial intelligence (Al) have led to significant improvements across
various domains. In particular, large language models (LLMs) [1-4] have transformed the field of
natural language processing (NLP). By learning from vast amounts of data, LLMs understand linguistic
context, meaning, and structure, enabling accurate generation and comprehension of natural language.
Despite their remarkable capabilities, LLMs encounter critical challenges related to the opacity and
reliability of their reasoning processes [5-7]. For instance, even when users prompt LLMs to provide
a rationale for a response, they often remain unsure how that rationale is generated [8]. This lack of
transparency raises concerns about why the model produces a response and what rationale underlies
its decisions. As a result, users may struggle to trust the model’s responses, leading to potential risks
regarding the accuracy and reliability of the information provided. This lack of reliability can reduce
users’ trust in the model, potentially leading them to seek alternative sources of information. To address
these concerns, research in explainable artificial intelligence (XAI) aims to enhance the transparency of
Al systems by making their reasoning processes more understandable, thereby fostering greater trust
in their outputs [9-11]. Therefore, XAI must provide clear explanations of how Al systems reach their
responses, offering intuitive insights that facilitate user trust and understanding.

In this paper, we define the criteria for XAI models as follows: (1) The rationales provided by
the model must be reliable and understandable to users. (2) Users should be able to comprehend

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.


https://orcid.org/0009-0005-2906-1899
https://orcid.org/0000-0002-0717-2433
https://orcid.org/0000-0002-8286-7198
https://doi.org/10.20944/preprints202509.1957.v1
http://creativecommons.org/licenses/by/4.0/

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 24 September 2025 d0i:10.20944/preprints202509.1957.v1

2 of 20

the model’s operation through its reasoning process. (3) The model should be capable of providing
rationales without relying on annotations attached to the data. (4) The rationales provided by the
model should align with its predictive outputs. To meet these criteria, we propose a framework that
satisfies these requirements and apply it to the multi-hop question answering task, a representative
task related to XAL

Multi-hop question-answering tasks involve identifying multiple supporting sentences from a
given set of documents, which serve as evidence for inferring an answer. These supporting sentences
serve as rationale for deriving accurate responses. Since this task is a complex process that requires
understanding and utilizing the relationships between sentences across multiple documents, it is
crucial to identify reliable rationales. Most multi-hop question answering research [11,12] consists of
two main components: a supporting sentence identification module and a reading comprehension
module. The supporting sentence identification module identifies the sentences necessary for inferring
the answer. It identifies supporting sentences within the documents based on retrieval models or
supervised learning [13,14]. The reader then uses the sentences selected by the supporting sentence
identification module to infer responses to the given questions. However, these approaches have
several limitations. Firstly, the supporting sentence identification module requires explicit annotations
for rationale. Even with these annotations, clearly explaining how the rationale is derived remains
challenging. Secondly, the reader module often considers the entire input sequence composed of
the retrieved segment as the rationale. This makes it difficult to clearly explain the reader model’s
reasoning process, which may not meet the requirements of XAIL Consequently, traditional multi-hop
question-answering approaches are not well-suited to open-domain environments where annotated
rationales are difficult to obtain or where model transparency is crucial.

To address these issues, this paper proposes a framework for explainable multi-hop question
answering that makes the model’s reasoning process explicit and enables rationale inference without
annotations. The proposed model is designed based on a pointer network and is trained using a
training strategy that guides it to infer rationale sentences. Additionally, the model ensures factuality
by extracting rationales from documents and presenting them at the sentence level to enhance user
understanding. Furthermore, the process of selecting rationale sentences using the pointer network
provides insights into the model’s reasoning process, and demonstrates strong performance without
the need for explicit annotations. This approach meets the requirements of XAl and achieves strong
rationale inference performance in experiments.

2. Related Works

XAI aims to explain a model’s decision in ways that users can understand [15-17]. Most XAI
research [18-21] focuses on interpreting the model’s inference process or identifying key words,
phrases, or sentences that influence predictions, rather than relying directly on annotated rationale
labels. For example, [22] proposed aligning textual elements in natural language inference to analyze
sentence correspondence, while using masking techniques to provide token- or phrase-level rationale.
Similarly, [10] used trainable masks to block or activate specific nodes or edges in a graph, thereby
removing irrelevant information and extracting key rationales. However, these studies have limited
scope and applicability.

Multi-hop Question Answering requires combining multiple sentences from a given document
set to answer complex questions. This task requires the clear identification of supporting sentences
necessary for deriving the answer. [23] attempted to explain the rationale by classifying whether each
sentence qualifies as supporting evidence. However, their approach does not sufficiently address
interactions between sentences and has limitations in explaining complex, multi-document questions.
[13] demonstrated the potential of utilizing annotation-based rationales through supervised learning.
However, annotation-dependent methods face challenges in open-domain environments. To address
this, [24] and [25] introduced complex datasets without annotations and emphasized the need for
effective unsupervised learning methods. [26] and [23] proposed methods for finding rationale at the
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sentence level but mainly focused on dependencies between two pieces of information. In contrast,
models like HUG [11] sought to address limitations by performing multi-hop inference through
document and sentence predictions, though the explainability of these models’ operations remains
insufficiently explored. Existing XAI approaches still face challenges in explainability and transparency.
For instance, RAG [14] treats evidence as latent variables but overlooks inter-document connections.
[9] successfully generated pseudo-evidence annotations through semi-supervised learning for specific
QA tasks, but this approach is limited to certain types of multi-hop questions. To overcome these
limitations, ongoing research aims to develop explainable multi-hop QA methods [11,27,28]. However,
a general approach [29,30] that clearly explains supporting sentences and is applicable across various
domains is still needed. Therefore, this paper proposes a rationale reasoning framework that effectively
infers the rationale without annotations in open-domain environments and provides explanations of
the model’s reasoning process. The proposed model is applicable to various tasks without structural
constraints and has demonstrated superior performance on multi-hop question answering, relation
extraction, and sentence classification tasks.

3. Methodology

Multi-hop question answering identifies the supporting sentences from a document set D =
{do,d1, ..., d|p|_1 } and infers the answer to question Q. Here, |D| refers to the size of the document
set. Figure 1 illustrates the structure of the proposed model. The proposed model comprises a pre-
trained language model [31] and a pointer network [32]. The pre-trained language model encodes the
documents, while the pointer network selects the information necessary for answer inference. The
final hidden states of the pointer network, which accumulate rationale information, are used for the
final answer.
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Figure 1. An overview of our proposed framework. The model architecture consists of two components: a
rationale identification module based on a pointer network and a reader module based on a pre-trained language
model.

Input Encoder Specifically, the input sequence is defined as follows:
D|-1 D|-1
T= {80, O 1}, 100, 21} € RIDIXE (1)

where T consists of a [CLS] token, a tokenized question, an [SEP] token, a tokenized document, and a
final [SEP] token. Here, L refers to the maximum number of tokens in the input sequence. The sequence
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T is then processed by an encoder to obtain a token vector sequence V. Subsequently, sentence vectors

_ {0 0 |D|-1
S = {sg,57, -8 d-1

pooling. Here, |d| refers to the maximum number of sentences constituting each document, |S| refers

} € RISIX! are generated using the encoded token vector sequence V using mean

to the total number of sentences in the document set D, and & denotes the output vector size of the
pre-trained model.

Pointer Network The pointer network selects sentences through attention mechanisms with S
and is guided to choose supporting sentences using the proposed training strategy. The initial state of
the pointer network is set to None, and the initial input, input, is as shown in Equation 2 below:

, 1 IREY
inputy = D Y. sh 2)
d=0

The output of the pointer network, h,, is as shown in Equation 3.

hy, = GRU (inputy, hy,_1) (3)

Here, n refers to the number of decoding steps, and input, and h,_; represent the input to
the RNN [33] and the previous RNN output, respectively. The context vector C, is generated by
incorporating important sentence information through an attention operation between the output
produced by the RNN and the sentence representations S, as shown in Equation 4 below:

score(S,hy,) = h,W,ST

ay = softmax(score(S, hy)) 4)
D|

Cn =) @niSk
k

In this equation, W, represents a trainable weight matrix, and score(S, h,,) denotes the importance
of each sentence, calculated as the inner product between the sentence representations S and the
RNN output &, at the current decoding step. a, refers to the score(S, h,) normalized via the softmax
function, and C, represents the weighted sum vector of S with respect to ;. The context vector C, is
concatenated with the RNN output &, to form the next input vector input, 1, as described in Equation
5 below:

input, 1 = Wi, (Cp @ hy) 5)

In the equation above, W, represents a trainable weight matrix. As shown in Figure 1, we
consider the final input, inputy, accumulated through the pointer network, as the rationale vector.
This is used to generate the probability distribution (start, Jeng) for the answer positions, and the
corresponding equation is given by Equation 6.

Gstart = VW (inputy)” € RIPIXE
(6)
Dond = VWe(inputy)T € RIPIXL

In the above equation, the probability distributions sty and ,,,4 are obtained by multiplying
the token representations V with the trainable weight matrices Ws and W,, respectively, followed by
multiplication with the rationale vector inputy.
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Training In this paper, we train the proposed model using two loss functions: one for answer
inference and another for guiding the pointer network in selecting the supporting sentences. First,
the model is trained by minimizing the cross-entropy between the predicted probability distributions,
Jstart and P4, and the ground-truth answer positions ys¢ar+ and y,,,4, defined as follows:

= - Zystart log(ystart)
== Zyend log(yend) @)
Lspan == (Ls + Le)/z

The proposed framework is trained to minimize the negative log-likelihood (NLL) described
above, ensuring effective task performance. Specifically, during the training, the model adjusts its
predicted label distribution to closely align with the correct label distribution by incorporating the
information accumulated through the sentence selections of the pointer network. This mechanism
enhances the model’s ability to generate reliable and well-informed predictions. Furthermore, to guide
the pointer network in accurately selecting rationale sentences, an auxiliary loss function is introduced.
This auxiliary loss function plays a crucial role in refining the sentence selection process, encouraging
the model to make more precise decisions when identifying important rationale sentences. As a result,
the selected sentences contribute meaningfully to the model’s final predictions, ultimately improving
both interpretability and reliability.

The corresponding equation is presented in Equation 8 below:

N—

Lp(r) = Z (g ) log(P(slen)) + (1 —ay) ) log(P(slen))]
n= ser sES—r
N-— (8)
Lg(r) = Z [ag Y log(P(slen)) + (1 —ag) Y log(P(slen))]
SEr SES—r
1 if F1(yr,yp) > Threshold
[X fry
a 0 otherwise
)
1 if F1(ys,yc) > Threshold
kg = .
0 otherwise

In this equation, P(s|e, ) represents the probability that the pointer network selects sentence s at
the n-th decoding step. yp is the predicted answer based on the entire input documents D, while y,
is the predicted answer from the reasoning path r selected by the pointer network. In other words,
if an inference similar to the full context can be achieved with only the sentences selected by the
pointer network, the probability P(s|e,) of the selected sentences is increased; otherwise, probabilities
of unselected sentences increase. Similarly, L is calculated by comparing the annotated ground truth
Yy with y;. The final loss function Ly, is defined as shown in Equation 10.

Ltotal = Lspun +A- (LD<7> + LG(T)) (10)

In the above formula, A represents a weighting coefficient.

Beam Search Decoding This section explains the process of extending the pointer network, as
shown in Figure 2. Through beam search decoding [34], the model generates K reasoning paths
R = {rl, .., rK}, evaluates each path, selects the optimal reasoning path r** for answer inference,
and uses it during training. Each reasoning path r* is evaluated by comparing the predicted answer
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yp based on the entire document, the predicted answer y,x based on ¥, and the ground-truth answer
Y, using the sum of F; scores. This process is illustrated in Figure 3.
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Figure 2. Expansion of reasoning paths R via beam search decoding.
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Figure 3. Selection of the best reasoning path r** based on scoring function f.

We select the best path, 7**, which maximizes the F; score among the reasoning paths and use it
to train the model using the following equation.

f(rk) =F (yrk’yD) +F1(yrk’yc)
k* = arg mKaxf(rk) (11)

L= Lspan +A- (LD(rk*) + LG(rk*)

4. Experiments
4.1. Dataset and Experimental Setup

The primary task addressed in this study is multi-hop question answering. To assess the effective-
ness of the proposed approach, we conducted experiments using two multi-hop question answering

datasets [12,35]. Additionally, to emphasize that the proposed model is task-agnostic and capable of
inferring rationales for its predictions across various tasks, we conducted additional experiments on a
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document-level relation extraction dataset [36] and a binary sentiment analysis dataset [37]. Through
these experiments, we aimed to demonstrate the model’s consistent performance across diverse tasks
and confirm that its rationale extraction capability is not limited to a specific task.

The proposed model utilizes the pre-trained ELECTRA-base [31] as its encoder. The weighting
coefficient A in Equations 10, and 11 was set to 0.1. Furthermore, the pointer network was constrained
to extracting two or three sentences, depending on the dataset used in the experiments.

HotpotQA This dataset [12] is a large-scale multi-hop question answering dataset designed
to integrate information across documents to answer questions. It contains approximately 112,000
questions and corresponding answers covering a wide range of topics. For each question, 10 related
documents are provided, containing supporting sentences that the model must reference to infer
the correct answer. In our experiments, we used 90,564 samples for training and 7,405 samples for
development under the distractor setting.

MuSiQue This dataset [35] is designed to train and evaluate question answering tasks requiring
multi-hop reasoning over text, similar to HotpotQA. It comprises approximately 25,000 questions with
corresponding answers, where each question consists of several sub-questions. This structure enables
the evaluation of the model’s ability to integrate information from various sources to derive answers.
The proposed model is trained to infer answers to the initially provided questions without directly
addressing the sub-questions. The dataset consists of 19,144 samples and 2,417 development samples.

DocRed This dataset [36] is a large-scale resource for document-level relation extraction, focusing
on identifying relationships between entities across entire documents rather than within individual
sentences. It contains 132,375 entities and 56,354 relationships extracted from 5,053 Wikipedia doc-
uments, encompassing 96 distinct relation types. Notably, each relation instance is accompanied by
supporting sentences for relation extraction. The objective task includes identifying pairs of entities
that have existing relations among all possible combinations of entities. However, in our experiments,
relation extraction was performed only on entity pairs with existing relations, and documents with
fewer than three sentences were excluded. The final dataset used for training comprises 56,195 samples,
while the evaluation dataset includes 17,803 samples.

IMDB This dataset [37] is designed for sentiment analysis, aiming to predict the sentiment
(positive/negative) by analyzing movie review texts. It includes a total of 50,000 movie reviews, with
each review labeled as either positive or negative. The dataset is split into 25,000 training samples and
25,000 testing samples, with each set containing an equal number of positive and negative reviews.

Detailed statistics of the datasets used in the experiments are presented in Table 1.

Table 1. Statistics of the experimental datasets.

Dataset Train set Test set Sampled Test set
HotpotQA 90,564 7,405 1000
MuSiQue 25,494 3,911 1000
DocRED 56,195 17,803 1000
IMDB 25,000 - 1000

As shown in Table 1, we used four publicly available datasets for our experiments, utilizing
the train and test sets for quantitative evaluation of both answer prediction and rationale inference.
However, since the IMDB dataset does not include rationale annotations, it cannot be directly used for
quantitative evaluation of rationale inference. Therefore, we sampled a subset of the test set (Sampled
Test set) and evaluated rationale inference using a GPT-based model.

4.2. Baseline

The proposed framework is designed to be adaptable across various tasks. To assess its generaliz-
ability, we adjusted the output layer according to each task. In this process, unlike in the multi-hop
question answering task, the rationale vector inputy is concatenated with the [CLS] vector to generate
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the final probability distribution §j. The detailed structure of this process is illustrated in Figure 4

below.
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Figure 4. Task Specific Prediction.

At this stage, for the classification task, the best reasoning path r* is determined using KL
Divergence Loss [38] instead of the F; score. Specifically, the selected sentence subset 7** is the one
that yields a prediction most similar to the prediction obtained by using the entire input sequence.
Detailed implementation for each task is provided in Appendix A.

4.3. Metrics

As a performance metric, we set the F; score for the model’s predictions. For HotpotQA, MuSiQue
and DocRED, which contain annotated rationale, we compute not only the F; score of the answers
but also the precision, recall, and F; score of the rationale. The F; score of the rationale is calculated
at the sentence level. Furthermore, we define a model as having high rationale inference capability
if it provides appropriate supporting rationale, even when its predictions are incorrect. Therefore,
we determined that comparing the model’s rationale inference capabilities based only on annotated
rationales is insufficient, so we utilize GPT-40 mini for this evaluation. Specifically, we instruct GPT-40
mini to evaluate the supporting rationale for predictions by providing the task description, the model’s
predicted answers, and the inferred rationale sentences. We conduct the evaluation on a scale from 0
to 2, depending on how well the rationale sentences support the predictions. The evaluation criteria
are set as follows:

* 0 points: The provided rationale does not substantiate or is irrelevant to the model’s prediction at
all.

* 1 point: The provided rationale somewhat supports the model’s prediction but is not decisive; it
is partially inferred but unclear.

* 2 points: The provided rationale fully substantiates the model’s prediction, and the same answer
can be inferred solely based on the given rationale.
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The GPT-40 mini evaluation was performed on a dataset (Sampled Dataset) consisting of 1,000
randomly selected samples from each evaluation dataset. The evaluation scores were normalized to a
range of 0 to 1. The prompts used in the experiments are detailed in Appendix B.

4.3.1. Prompt Details for GPT-Based Evaluation

In this section, we provide a detailed explanation of the prompts used to guide GPT-40 mini
in evaluating the model’s rationale inference capabilities. The prompts were structured to present
GPT-40 mini with three key pieces of information: the task description, the model’s predicted answer,
and the rationale sentences inferred by the model. The goal of the evaluation was to measure how
effectively the inferred rationale sentences supported the model’s predictions. Each sample provided
GPT-40 mini with the model’s predicted answer and the corresponding rationale, and the model was
instructed to score the relevance of the rationale on a scale from 0 to 2, according to predefined criteria.
The following elements were included in each prompt:

¢  Task Description: A clear explanation of the evaluation task.

*  Predicted Answer: The model’s predicted answer for the given question.

*  Rationale Sentences: The evidence sentences inferred by the model, to be evaluated by GPT-40
mini.

These elements formed the core of each evaluation prompt.

4.4. Comparison Models

To evaluate the rationale inference performance of our proposed model against existing ap-
proaches, we selected the following comparison models. Models trained on annotated evidence from
the dataset were excluded from this evaluation.

HotpotQA and MuSiQue: BM25 [39] and RAG [14] serve as baselines retrieval models that
were not trained on the experimental dataset. RAG was modified to search at the sentence level to
match the characteristics of the dataset, providing three fixed sentences for performance evaluation.
The semi-supervised approach [9] involves constructing silver rationale annotations in advance and
learning through an RNN decoder to infer the rationale. HUG [11] is a state-of-the-art unsupervised
model for multi-hop question answering. It identifies the optimal rationale by combining sentences
from all documents and predicts the answer based on this rationale. [40] applies a multi-stage retrieval
method at both the document and sentence levels, based on BM25. Their approach demonstrated
superior performance compared to existing retrieval methods and showed strong performance in
answering complex questions such as those in multi-hop question answering. The upper bound
represents the performance of models trained on annotated rationales, similar to the structure of the
proposed model. It provides an upper bound on the rationale inference performance that the proposed
model can potentially achieve.

DocRED and IMDB: GPT),,; illustrates the performance of GPT-40 mini [41] in a zero-shot
setting. The prompts used in the experiments are detailed in Table A5 and Table A6. For DocRED,
GPT 4 refers to the performance GPT-40 mini when instructed to perform both relation extraction and
evidence inference simultaneously. For the IMDB dataset, GPT,, is prompted to perform sentiment
analysis while simultaneously identifying key sentences that influence the classification.

This evaluation assesses the model’s ability to infer rationales in an unsupervised manner without
access to annotated evidence, demonstrating its effectiveness in extracting supporting rationales
directly from the text. In this experiment, GPT is given ground-truth labels and supporting sentences
from the dataset, independent of GPT),.4’s inference results, to assess how effectively the provided
rationale supports the correct answers.
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4.5. Experimental Results
4.5.1. Quantitative Evaluation

Table 2 presents the results for HotpotQA. The proposed model demonstrates the highest perfor-
mance in rationale inference compared to unsupervised learning-based models. Specifically, compared
to the semi-supervised model, the proposed model achieves superior performance, providing a signifi-
cant advantage over methods that rely on explicit silver-label learning. Compared to the approach by
[40], which searches for five fixed sentences, the proposed model exhibits higher recall performance in
rationale sentence inference. Since the proposed model extracts only three sentences, the performance
gap is expected to be even larger when extracting the same number of sentences. The proposed
model and HUG achieve comparable performance. However, HUG, which explores the optimal
reasoning path by considering all combinations of the given documents and sentence pairs, has high
time complexity. In contrast, the proposed model, which adds only a short decoding process to the
reading model, offers similar performance to HUG while providing a speed advantage. Furthermore,
considering that recall is a more important performance metric than precision when providing ratio-
nales to users, the proposed model demonstrates approximately 95% of the recall performance of the
upper bound, even without annotated evidence.

Table 2. Performance comparison on HotpotQA.

Models Answer Rationale

F Precision Recall F;
BM25 - - - 40.5
RAG-small 62.8 - - 49.0
Semi-supervised 66.0 - - 64.5
You (2023) 50.9 - 74.2 -
HUG 66.8 - - 67.1
Proposed Model 60.2 60.1 765  67.2
Upperbound 61.1 82.8 80.5  80.7

Table 3 presents the results for MuSiQue. Similar to HotpotQA, the proposed model demonstrates
the highest performance compared to unsupervised rationale inference models.

Table 3. Performance comparison on MuSiQue.

Models Answer F; Rationale Fy
BM25 - 12.9
RAG-small 24.2 32.0
HUG 25.1 34.2
Proposed Model 25.0 35.4

Table 4 presents the experimental results for DocRED. The proposed model achieves an Answer
Fy score of 81.8, significantly outperforming GPT),,;, which score of 41.8. This demonstrates the
superior performance of the proposed model in relation extraction compared to GPT-based models.
Additionally, the rationale F; scores for GPT),.y is 21.8, which is considerably lower than the 54.9
achieved by our model. This result indicates that the proposed model excels in rationale sentence
extraction relative to GPT models. However, since these experiments are based on rationale sentences
attached to the data, they provide limited insight into the comparative rationale inference capabilities
of each model. To address this, the next section will further analyze how well the inferred answers and
rationale sentences correspond to each other.
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Table 4. Performance comparison on DocRED.

Models Answer F;  Rationale F;
GPTpeq 41.8 21.8
Proposed Model 81.8 54.9

4.5.2. GPT Score Evaluation

To evaluate how effectively the rationale sentences inferred by the model support the final
predictions, we conducted an experiment using the GPT-40 mini model. This experiment measures
the degree to which the inferred rationale sentences convincingly justify the predicted answers based
on both model-generated rationales. Additionally, we included GPTg,4, which utilizes ground truth
answers and rationale sentences from the dataset, and GPT,.s, which performs the dataset task while
simultaneously inferring rationale sentences, as comparison models. Table 5 presents the evaluation
results, using the GPT-40 mini model, showing how well the rationale sentences inferred by the
model support the predicted answers across four datasets (HotpotQA, MuSiQue, DocRED, and IMDB).
We considered GPTy,.4, which performs the dataset task while simultaneously inferring rationale
sentences, and GPT,,4, which uses the ground truth answers and rationale sentences attached to the
dataset, as comparison models.

Table 5. Performance comparison of rational inference using GPT scores.

Models Dataset Overall
HotpotQA MuSiQue DocRED IMDB

GPTpred 924 81.0 51.0 95.4 79.9

GPTgo1 95.5 82.6 65.0 - -

Proposed Model 87.5 55.9 87.2 88.7 79.8

First, regarding GPT,4, we observe that its score does not reach 100%, even when it has access to
the correct answers and rationales. This suggests a misalignment between the evaluation criteria of
the datasets and those used by the GPT-40 mini model. Next, GPT),,; achieves over 90% of GPTg’s
performance across most datasets. This demonstrates that GPT-based models can achieve relatively
high rationale inference without strictly adhering to the rationale sentences provided in the ground
truth data. In particular, for the HotpotQA and MuSiQue datasets, the performance gap between
GPTyeq and GPTg, 4 is minimal, indicating that GPT models can infer evidence sentences that closely
approximate the quality of the actual data. However, for the DocRED dataset, there is a significant
performance gap between GPT,.y and GPTg 4 (51.0 vs. 65.0). Considering the inherent limitations
of GPT in relation extraction tasks, this result reflects the model’s constraints in inferring accurate
rationale sentences. Although GPT,,4 results are unavailable for the IMDB dataset, GPT .4 achieves a
high score of 95.4. This suggests that GPT models are capable of inferring highly relevant rationales in
tasks involving single-document analysis, performing better in simpler structures compared to those
requiring complex document linking. Overall, while GPT-based models exhibit strong performance
across various datasets, there is a notable decrease in rational inference accuracy for tasks with lower
performance, and a greater divergence from the annotated rationales is observed in these cases.
The proposed model also demonstrates generally strong rationale inference performance, though a
significant decrease is observed in the MuSiQue experiments. However, compared to the answer
inference performance in earlier experiments, the rationale inference performance remains higher.
This suggests that the proposed model can infer suitable rationale even when the predicted answer
is incorrect. Finally, the overall scores for GPT-40 mini and the proposed model are 79.9 and 79.8,
respectively, indicating very similar performance. Nevertheless, despite having only approximately
1/80 the parameters of GPT-40 mini, the proposed model demonstrates comparable rationale inference
capabilities. Additionally, the proposed model can be considered an effective rationale inference
framework suitable for XAl, as it demonstrates the model’s reasoning process through the pointer
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network indirectly guided to select rationale sentences. The detailed prompts for the experiment are
provided in Appendix C.

4.5.3. Ablation Study

To analyze the impact of individual components on the performance of the proposed model,
we conducted an ablation study by selectively removing or modifying key elements. This analysis
allows us to assess the significance of each component in the learning and inference processes. Table 6
presents the results of the ablation experiments conducted on the proposed model. It is evident that
removing the loss function significantly reduces the effectiveness of learning in the rationale sentence
extraction process. This suggests that without an appropriate loss function tailored for the pointer
network, the model’s ability to accurately infer rationale sentences is compromised. Additionally, the
results show that beam search decoding allows for more accurate evidence inference compared to
greedy decoding, enabling more refined selections. Overall, the proposed model demonstrates high
performance in rationale sentence extraction by effectively utilizing both the loss function and beam
search decoding, with particularly strong results in terms of recall. This leads to the conclusion that
applying an appropriate learning loss and employing beam search for decoding play crucial roles in
rationale sentence extraction using a pointer network.

Table 6. Ablation study of the proposed model on experimental datasets.

Models Answer Evidence

Fq Precision Recall F;
Proposed Model 60.2 60.1 765 672
- Loss 60.5 47.7 61.1 529
- Beam 60.8 55.3 682 61.1
- Loss & Beam 60.4 47.3 609 527

Given the importance of the loss function in guiding the pointer network, we further investigate
how the threshold values used in the loss function affect rationale inference performance. Specifically,
we examine the impact of the threshold in Equation 9 on the model’s ability to extract rationale
sentences accurately. Figure 5 illustrates the changes in rationale inference performance based on the
threshold values used to determine a; and a, in the loss function (Equation 8). According to the graph,
the model achieves high performance when the threshold value is between 0.4 and 0.6, with the highest
rationale inference performance occurring at 0.5. Moreover, the performance sharply declines as the
threshold approaches either 0 or 1. This indicates that overly strict or lenient criteria for evaluating
rationale sentences can hinder the learning of the pointer network. Thus, selecting an appropriate
threshold value is crucial for improving the performance of the pointer network.

701 67.2 672 66.8 -
Rationale F; Score
60 -
= 50.8
R 50F
< 432
]
&K 40t
o
[F
Q 301
© 30
C
o
2
©
< 20+
15.9
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5.4 5.3 4.6 4.9
0.0 0.2 0.4 0.6 0.8 1.0

Threshold Value

Figure 5. Rationale inference performance on the HotpotQA dataset with varying threshold values in the loss
function.
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4.5.4. Further Analysis

To evaluate whether the model maintains consistent predictions when provided with only the
selected rationale sentences instead of the entire document, we conducted an additional experiment.
This analysis investigates the degree to which the selected rationale sentences contribute to the
model’s reasoning process. Table 7 presents the results verifying whether the model can infer identical
predictions using only the selected rationale sentences, compared to when the entire document
is provided, as mentioned in the introduction. The experiment was conducted on the HotpotQA
evaluation dataset. In the table, “Proposed Model (All Document < Only Rationale Sentences
Input)" shows the F; score comparing the predictions inferred by the proposed model using the
entire document versus those inferred using only the selected rationale sentences. Additionally, for
comparison, we measure the F; scores between the inferred predictions and the dataset’s ground truth
in both cases: “Ground Truth < All Document Input" and “Ground Truth < Only Rationale Sentences
Input". Here, “Test set F1" represents the evaluation results on the entire HotpotQA test set, while
“Sampled Test set F1" measures the performance only on the subset of the test set where the predictions
inferred from the entire document exactly match the ground truth.

Table 7. Consistency Evaluation on HotpotQA.

Models Test set F;  Sampled Test set F;
Proposed Model 84.9 93.3
(All Document Input < Only Rationale Sentences Input) ' '
Proposed Model 60.2 90.3
(Ground Truth < Only Rationale Sentences Input) ' '
Proposed Model

(All Document Input < Ground Truth) 60.2 100

The evaluation results in Table 7 demonstrate the consistency of predictions made by the proposed
model when using the entire document compared to when using only the selected rationale sentences.
The key findings are as follows: In the results for “Proposed Model (All Document Input < Only
Rationale Sentences Input)", the Test set F score is 84.9, showing a high level of consistency between the
answers predicted based on the entire document and those predicted using only the rationale sentences.
Furthermore, the Sampled Test set F; score increases to 93.3, indicating that the selected rationale
sentences effectively preserve essential information for generating accurate predictions. This score is
particularly noteworthy in cases where the predictions based on the entire document exactly match
the Ground Truth. As a result, the proposed model demonstrates strong consistency in predictions
even when only the selected rationale sentences are provided, achieving results comparable to when
the entire document is used. Additionally, the increase in the Sampled Test set F; score highlights the
robustness of rationale-based predictions in scenarios where predictions align with the Ground Truth.

5. Conclusion

We propose a framework for effective rationale inference in explainable multi-hop question
answering. Our model utilizes a pointer network to accumulate important information and infer
answers, effectively selecting evidence sentences even in the absence of annotations. Furthermore, the
model’s reasoning process is interpretable through the pointer network’s sentence selection. Compared
to prior multi-hop question-answer models, our approach achieves state-of-the-art performance across
multiple metrics and provides supporting evidence even when predictions are incorrect. Moreover,
compared to the recently released GPT-40 mini, our model-despite having only approximately 1/80 of
the parameters-exhibited comparable rationale inference capabilities.

6. Patents

This section is not mandatory, but may be added if there are patents resulting from the work
reported in this manuscript.
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Appendix A. Implementation Details

In this appendix, we provide detailed implementation specifications for each task. These details
are intended to facilitate reproducibility and further understanding of our approach. The proposed
model employs a pre-trained ELECTRA-base [31] to process input sequences across different tasks.
The dataset structure and mini-batch formation differ for each task, as follows:

¢ Multi-Hop Question Answering:

-  The input sequence T follows the format: '[CLS] Question [SEP] Document [SEP]’. The
encoded token representationsT are further processed to extract key evidence for reasoning.

—  Since each question is associated with multiple documents, each mini-batch contains multiple
document-question pairs for the same question.

e  Document-Level Relation Extraction:

- Theinput T consists of one or more sentences containing entity mentions, where the rela-
tionships between entities must be inferred. ELECTRA encodes these token embeddings V,
capturing contextual information to analyze entity relationships.

—  Inthis task, each data sample is processed as an individual document, and the mini-batch
contains different documents.

®  Binary Sentiment Classification:

—  Theinput T consists of a review text or a short comment, where the final token representations
V are used for sentiment classification.

- Similar to relation extraction, each sample corresponds to a single document, and the mini-
batch contains different texts.

Figure Al illustrates the process of generating sentence vectors using mean-pooling.
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Figure A1. An overview of model input structures and sentence representation generation via mean-pooling for
different tasks.

Next, we describe the output layer, which computes the final probability distribution for each
task using the rationale vector generated by the Pointer Network. We implement and validate the
proposed framework across three tasks: (1) multi-hop question answering, (2) relation extraction, and
(3) sentiment analysis. The output layer architecture for each task is illustrated in Figure A2 below.

Multihop Question Answering Relation Extraction

Sentiment Analysis
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Figure A2. Task-specific output layer architecture utilizing the rationale vector to compute the final probability
distribution.

e  For detailed implementation equations of multi-hop question answering, refer to Equation 6.

*  Relation extraction involves classifying the relationship between a subject and an object within a
given sentence or document. To achieve this, the input sequence follows the structure shown in
Figure A2. A probability distribution over relation labels Cy. is then computed based on t|¢; ),
which contains the contextual information of the input sequence. This process is represented by
Equation Al below.

¢  Sentiment analysis, as a form of sentence classification, identifies the sentiment within the input
text and categorizes it as positive, negative, or neutral. The input and output structure for this
task is shown in Figure A2. Similar to relation extraction, a probability distribution over sentiment
labels Cs, is generated according to Equation A2.

Jsa = Waa(ticps) ® inputy)” € RIS (A2)

Appendix B. GPT-Based Evaluation Instructions and Inputs for All Tasks

This appendix provides detailed instructions and input formats for all tasks used in the GPT-
based evaluation. Each task includes a description, the specific instruction given to the model, and an
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example input. The following Table A1, Table A2 and Table A3 present examples used in the evaluation
of the multi-hop question answering, relation extraction and sentiment analysis tasks, respectively.

Table Al. Instructions for GPT-Based Evaluation in Multi-hop QA.

Instruction
Determine how validly the provided <Sentences>support the given <Answer>to the <Question>.
Your task is to assess the supporting sentences based on their relevance and strength in relation to the answer,
regardless of whether the answer is correct.
The focus is on evaluating the validity of the evidence itself.
Even if the answer is incorrect, a supporting sentence can still be rated highly if it is relevant and strong.

<Score criteria>

- 0 : The sentences do not support the answer. They are irrelevant, neutral, or contradict the answer.
- 1: The sentences provide partial or unclear support for the answer.

The connection is weak, lacking context, or not directly related to the answer.

- 2 : The sentences strongly support the answer, making it clear and directly inferable from them.

<Output format>
<Score>: <0, 1, or 2>

Input

<Question>
When did the park at which Tivolis Koncertsal is located open?
</Question>

<Answer>
15 August 1843
</Answer>

<Sentences>

Tivolis Koncertsal is a 1,660-capacity concert hall located at Tivoli Gardens in Copenhagen, Denmark.

The building, which was designed by Frits Schlegel and Hans Hansen, was built between 1954 and 1956.

The park opened on 15 August 1843 and is the second-oldest operating amusement park in the world, after ...
</Sentences>

<Score>:

Table A2. Instructions for GPT-based evaluation in Relation Extraction.

Instruction

Determine whether the relationship between the given <Subject> and <Object> can be inferred solely from the provided <Sentences>.
The <Relationship>may not be explicitly stated, and it might even be incorrect.
However, your task is to evaluate whether the sentences themselves suggest the given relationship, regardless of its accuracy.

<Score criteria>
- 0: The sentences do not suggest the relationship at all. The sentences are neutral, irrelevant, or contradict the relationship.
- 1: The sentences somewhat suggest the relationship but are not conclusive.
The relationship is partially inferred but not clearly established.
- 2: The sentences fully suggest the relationship. The relationship can be clearly and directly inferred from the sentences alone.

<Output format>
Score: <0, 1, or 2>

Input

<Sentences>

The discovery of the signal in the chloroplast genome was announced in 2008 by researchers from the University of Washington.

Somehow, chloroplasts from V. orcuttiana, swamp verbena ( V. hastata) or a close relative of these had admixed into the G. bipinnatifida genome.
</Sentences>

<Subject>

mock vervains

</Subject>

<Object>

Verbenaceae

</Object>

<Relationship>

parent taxon : closest of the taxon in question
</Relationship>

<Score>:
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Table A3. Instructions for GPT-based evaluation in the Sentiment Analysis.

Instruction

Determine whether the given <Sentiment> can be derived solely from the <Supporting Sentences> for the given <Review>.
The given <Sentiment>may not be the correct answer, but evaluate whether the <Supporting Sentences> alone can support it.

<Score criteria>
- 0: The supporting sentences do not support the sentiment at all. The facts are neutral, irrelevant to the sentiment, or contradict the sentiment.
- 1: The supporting sentences somewhat support the sentiment but are not conclusive.
The sentiment is partially inferred but not clearly. The facts suggest the sentiment but do not decisively establish it.
- 2: The supporting sentences fully support the sentiment. The sentiment can be clearly and directly inferred from the facts alone.

<Output format>
Score: <0, 1, or 2>

Input

<Sentiment>
positive
</Sentiment>

<Supporting Sentences>

A trite fish-out-of-water story about two friends from the midwest who move to the big city to seek their fortune.
They become Playboy bunnies, and nothing particularly surprising happens after that.

</Supporting Sentences>

<Score>:

Appendix C. GPT-Based Answer and Supporting Sentence Extraction for All Tasks

In this section, we provide the prompts for GPTpred, which simultaneously infers both the answer
and the corresponding rationale sentences. The prompts for different tasks are shown in Tables A4,
Table A5, and Table A6.

Table A4. Instructions for GPT-based Answer and Supporting Sentence Extraction in Multi-hop QA.

Instruction

Answer the given <Question> using only the provided <Reference documents>. Some documents may be irrelevant.
Keep the answer concise, extracting only key terms or phrases from the <Reference documents> rather than full sentences.
Extract exactly 3 supporting sentences—no more, no less.

For each supporting sentence, provide its sentence number as it appears in the reference documents.

<Output format>
<Answer>: <Generated Answer>
<Supporting Sentences>: <Sentence Number 1>, <Sentence Number 2>, <Sentence Number 3>

Input
<Question>
When did the park at which Tivolis Koncertsal is located open?
</Question>

<Reference documents>

Document 1 : Tivolis Koncertsal

[1] Tivolis Koncertsal is a 1,660-capacity concert hall located at Tivoli Gardens in Copenhagen, Denmark.

[2] The building, which was designed by Frits Schlegel and Hans Hansen, was built between 1954 and 1956.

Document 2 : Tivoli Gardens
[3] Tivoli Gardens (or simply Tivoli) is a famous amusement park and pleasure garden in Copenhagen, Denmark.
[4] The park opened on 15 August 1843 and is the second-oldest operating amusement park in the world, after ...

Document 3 : Takino Suzuran Hillside National Government Park

[5] Takino Suzuran Hillside National Government Park is a Japanese national government park located in Sapporo, Hokkaido.
[6] It is the only national government park in the northern island of Hokkaido.

[7] The park area spreads over 395.7 hectares of hilly country and ranges in altitude between 160 and 320 m above sea level.
[8] Currently, 192.3 is accessible to the public.

</Reference documents>

<Answer>:
<Supporting Sentences>:
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Table A5. Instructions for GPT-based Answer and Supporting Sentence Extraction in Relation Extraction.

Instruction
Determine the relationship between the given <Subject>and <Object>.
The relationship must be selected from the following list:
‘head of government’, ‘country’, ‘place of birth’, “place of death’, ‘father’, ‘mother’, ‘spouse’, ...
After selecting the appropriate relationship, provide two key sentence numbers that best support this relationship.

<Output format>

<Relationship>: <Extracted Relationship>

<Supporting Sentences>: <Sentence Number 1>, <Sentence Number 2>
Input

<Document>

[1] Since the new chloroplast genes replaced the old ones, it may be that the possibly ...

[2] Glandularia, common name mock vervain or mock verbena, is a genus of annual and perennial herbaceous flowering ...
[3] They are native to the Americas.

[4] Glandularia species are closely related to the true vervains and sometimes still ...

</Document>

<Subject>
mock vervains
</Subject>

<Object>
Verbenaceae
</Object>

<Relationship>:
<Supporting Sentences>:

Table A6. Instructions for GPT-based Answer and Supporting Sentence Extraction in Sentiment Analysis.

Instruction
Classify the sentiment of the given <Sentence> as either ‘positive” or ‘negative’.
After selecting the appropriate sentiment, extract **only two** key sentences that best support this sentiment.

<Output format>

<Sentiment>: <Extracted Sentiment>

<Supporting Sentences>: <Sentence Number 1>, <Sentence Number 2>
Input

<Document>

[1] This movie was awful.

[2] The ending was absolutely horrible.

[3] There was no plot to the movie whatsoever.

[4] The only thing that was decent about the movie was the acting done by Robert ...

</Document>

<Sentiment>:
<Supporting Sentences>:
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