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Abstract

Machine Reading Comprehension (MRC) systems struggle when user questions are unan-
swerable given the passage: most simply output “no answer”, leaving users without guid-
ance on how to recover useful information. We introduce a cause-conditioned multi-task
learning (MTL) framework that turns failure into follow-up by jointly (1) classifying an
input as answerable or as one of six fine-grained unanswerability causes (Entity Swap,
Number Swap, Antonym, Negation, Mutual Exclusion, No Information), and (2) gen-
erating a revised, context-grounded answerable question conditioned on the predicted
cause label and an extracted guidance sentence. Using an ensemble of strong read-
ers plus LLMs-as-judges, we apply majority voting to test whether rewrites become
answerable. A human study further assesses fluency, relevance, and usefulness. Our
cause-conditioning MTL framework yields better recovery from unanswerable inputs and
earns strong human ratings, advancing user-supportive, failure-aware MRC.
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1. Introduction

Machine Reading Comprehension (MRC) aims to answer natural-language questions us-
ing evidence grounded in a provided passage [1, 2]. It is a core capability behind many
real-world applications, including virtual assistants, search engines, and customer support
systems [1, 3, 4]. Despite steady progress, real deployments continue to face a persistent
failure mode: wunanswerable questions, for which no correct answer can be derived from
the given context [1, 5-9]. When such cases are mishandled, by returning a plausible but
incorrect answer or by offering no actionable guidance, user trust quickly erodes and overall
system utility degrades [10-12].

Most existing MRC pipelines address unanswerability through abstention mechanisms,
such as predicting a null span, lowering confidence scores, or incorporating answer verifica-
tion modules to reduce false positives [10, 11, 13—15]. While abstention is essential for safety
and correctness, it is often insufficient from a user-centric perspective. In many practical
scenarios, users do not merely want a rejection; they want help recovering from failure. If
a question cannot be answered as posed, an effective system should ideally suggest a re-
vised question that can be answered from the available passage, allowing the interaction to
proceed productively.

Motivated by this need, recent work has explored question reformulation and clarifica-
tion for unanswerable inputs [16-19]. However, reformulating unanswerable questions in
paragraph-based MRC remains challenging. Even strong language models frequently pro-
duce fluent paraphrases that preserve the original mismatch between the question and the
passage, resulting in genuine recovery in only a minority of cases [20, 21]. The core diffi-
culty is that unanswerability is rarely a surface-level phrasing issue; it typically arises from
a specific underlying reason the question fails against the given context.

This work is motivated by the observation that unanswerability in MRC is not a single
phenomenon but arises from distinct failure causes, such as incorrect entities, numerical mis-
matches, negation, mutual exclusivity, or missing information. Each failure mode requires a
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Figure 1. Overview of our proposed MTL-+Guide framework

different corrective strategy, and treating all unanswerable questions uniformly often leads
to generic rewrites that fail to recover answerability.

We therefore formulate answerable question suggestion as a cause-conditioned learning
problem and propose a multi-task learning (MTL) framework that jointly performs (1) an-
swerability and unanswerability-cause classification and (2) answerable question generation.
Given a question and its context, the classifier predicts whether the question is answerable
or assigns one of six fine-grained unanswerability causes. The generation module then con-
ditions on the predicted cause, the passage context, and a retrieved guidance sentence to
produce a targeted, answerable reformulation. Our use of MTL is motivated by extensive
empirical and theoretical evidence that jointly training related tasks improves representation
learning and generalization through shared inductive transfer [22-26].

We evaluate our approach on UnAnswGen, a large-scale dataset derived from SQuAD2.0
that provides paired answerable-unanswerable questions and supervision over failure causes.
Our contributions are threefold: (1) a cause-conditioned MTL framework for unanswerability-
aware question generation; (2) integration of a fine-grained unanswerability taxonomy di-
rectly into learning for controllable reformulation; and (3) a comprehensive set of single-task
and two-stage baselines for systematic comparison. Experiments with BART [27] and T5
[28] encoder—decoder backbones show consistent improvements in fluency, contextual faith-
fulness, and answerability over alternative formulations. The code and executable workflow
are publicly available.!

The remainder of this paper is organized as follows. Section 2 reviews related work. Sec-
tion 3 introduces the proposed cause-conditioned multi-task learning framework. Section 4
describes the experimental setup and evaluation methodology. Section 5 presents results
and analyses, and Section 6 concludes the paper.

2. Related Work

Unanswerable Question Handling in MRC Systems. Unanswerable questions have
long been recognized as an important challenge in MRC, particularly since the introduction
of datasets such as SQuAD2.0 that explicitly include questions whose answers are not sup-
ported by the given passage [5, 6]. This line of research primarily focuses on enabling models
to recognize when the available context does not justify an answer and to avoid producing
unsupported responses.

A common strategy is to predict a null answer span or to rely on confidence scores that
allow the model to abstain when evidence is insufficient [10, 11]. Several approaches extend
this idea by introducing verification components that assess whether a predicted answer is
grounded in the passage. For example, U-Net jointly models answer extraction and answer-
ability verification, allowing the system to reason about both tasks in a unified architecture
[13]. Other work explores adversarial training and data augmentation techniques that ex-
pose models to challenging unanswerable cases, improving robustness against misleading
lexical overlap or spurious cues [8, 14, 15].

Ihttps: //github.com/Hadis-mrd /cause-conditioned-mtl-mrc



Beyond model architecture, researchers have also investigated lightweight adaptation and
regularization techniques for handling unanswerable questions. Prompt- and prefix-tuning
methods adapt pretrained language models to settings where contextual evidence is in-
complete or ambiguous [7]. Counsistency-based learning further encourages stable predic-
tions when questions or contexts are semantically perturbed, strengthening reliability under
unanswerable conditions [29]. Additional efforts address interpretability and reliability by
incorporating confidence estimation, uncertainty modeling, or user feedback mechanisms
that help make abstention decisions more transparent [30].

Large language models have recently been considered within this broader context, often
as auxiliary components for validation or fallback decision-making. While these models
demonstrate strong language understanding, their use in paragraph-based MRC systems
is typically shaped by practical considerations such as limited controllability, the absence
of explicit intermediate signals for unanswerability, and deployment constraints related to
privacy and auditability. As a result, LLM-based approaches are often integrated in a
complementary or post-processing role rather than as structured mechanisms for modeling
unanswerability [1, 20, 21, 31].

Question Reformulation and Clarification for Unanswerable Questions. MRC
systems can respond more helpfully when questions cannot be answered as posed. Rather
than abstaining, these approaches aim to reformulate or clarify the user query so that
it becomes answerable under the available information. Early studies explore structured
rewriting strategies, such as using knowledge graphs to align questions with supported enti-
ties and relations [16, 17]. Other work shows that semantic reformulation can recover valid
answers for certain classes of unanswerable spoken or conversational queries [18].

Additional research highlights the importance of recognizing flawed assumptions in user
questions. For example, models trained to identify and explain false presuppositions can
provide more informative responses even when a direct answer is not possible [19]. These
studies emphasize that understanding the nature of the mismatch between a question and
the available evidence plays a key role in meaningful recovery.

In paragraph-based MRC settings, reformulation remains challenging because the passage
is the only source of evidence and unanswerability often arises from subtle inconsistencies,
such as incorrect entities, numerical discrepancies, negation, or missing information. Recent
analyses suggest that even strong language models frequently generate fluent paraphrases
that do not resolve these underlying issues [20, 21].

3. Cause-Conditioned MTL for Answerable Question Suggestion

Overview. We propose a unified cause-conditioned Multi- Task Learning (MTL) framework
that combines an auxiliary Answerability & Unanswerability-Reason Classification task with
a primary Answerable Question Generation task. Given a user question and its passage
context, the classifier predicts one of seven labels (Answerable, Entity Swap, Number Swap,
Antonym, Negation, Mutual Exclusion, or No Information) identifying whether and why the
original query cannot be answered from the passage. The generation module then conditions
on the predicted cause label and contextual evidence to produce a fluent, context-grounded
follow-up question that is intended to be answerable. Unlike symmetric MTL approaches
that weight tasks equally, we explicitly prioritize the generation objective: the classification
head is trained primarily to supply informative causal guidance rather than to maximize
its own standalone accuracy, directing model capacity toward user-helpful rewrites that
improve recovery from unanswerable inputs.

Our framework, which is shown in Figure 1, is architecture-agnostic and can be instan-
tiated with different pre-trained sequence-to-sequence encoder—decoders. In our experi-
ments we use models from both the BART [27] and T5 [28] families, which have shown
strong transfer in multitask settings spanning classification and generation [22-25]. Their



denoising- or span-reconstruction-style pre-training confers robustness to noisy or partially
mismatched inputs, a common source of unanswerability, and supports conditional text gen-
eration needed for question rewriting. For each backbone we attach two task-specific output
layers: a classification (CLS) head that predicts answerability or the unanswerability cause,
and a language-model (LM) head that generates the rewritten question. We fine-tune both
heads end-to-end so that discriminative signals from the CLS task inform generation, while
generation gradients help learn representations that distinguish failure modes.
Answerability and Unanswerability-Reason Classification. We cast answerability
detection as a seven-way classification problem and condition it on an auxiliary guidance
sentence. Each training instance is encoded as a triplet (c,q,g), where ¢ is the passage
context, g the user question, and g a guidance span that highlights the evidence relevant to
g (or to its failure). Following [24], the guidance component is used to foreground salient
information, disambiguate references, and surface gaps that contribute to unanswerability.
Inputs are linearized as

[cTX] ¢ [Q] ¢ [G] ¢
(with model-specific segment tokens) and passed through the shared encoder of our backbone
(i.e., BART or T5) to obtain a pooled representation h.?

The classifier predicts one of seven labels R = {ry,...,r7}: Answerable, Entity Swap,
Number Swap, Antonym, Negation, Mutual Exclusion, No Information. Each unanswerabil-
ity category captures a distinct type of mismatch between the question and the context.
Specifically, Entity Swap refers to questions containing an incorrect entity not supported by
the context; Number Swap denotes numerical inconsistencies; Antonym and Negation corre-
spond to semantic contradictions introduced through opposite meaning or negation; Mutual
Ezclusion captures logically incompatible constraints (e.g., asking for a spouse when the
subject is described as unmarried); and No Information indicates that the required infor-
mation is not present in the context. A linear layer projects h to logits z € RI®l; softmax(z)
yields class probabilities p(r; | ¢, q,g). We optimize standard cross-entropy where y; is the
one-hot gold label:

|R|

Lo =— Zyi logp(ri | ¢,q,9) (3.1)

i=1
Role of Guidance The guidance sentence serves as an explicit piece of contextual evidence
that highlights either (1) the answer span for answerable questions or (2) the source of the
mismatch responsible for unanswerability. In answerable cases, the guidance corresponds
to the sentence containing the gold answer. In unanswerable cases, it instead surfaces the
relevant context that contradicts or fails to support the user query. For example, if a user
asks about “Fight Ministries” but the passage only mentions “Siz Ministries”, a guidance
sentence containing the latter enables the model to detect a content mismatch and assign
the appropriate unanswerability cause (e.g., Number Swap under our schema).
Answerable Question Generation (AQG). Given the original (possibly unanswerable)
user question ¢, passage context ¢, guidance sentence g, and the predicted unanswerability
label r € R from the classification head, the goal is to generate an answerable follow-
up question ¢, that is supported by ¢. We encode the input as a quadruplet (g¢,c,g,r),
linearized with special delimiters:

Q] ¢ [CTX] c [G] g [R] LABEL(r)

where LABEL(r) is a short textual tag (e.g., NUMBER_SWAP) or a learned embedding associated
with the class. The concatenated sequence is fed to the shared encoder of our backbone
(BART or T5), producing contextual representations that capture interactions among the

2We use the encoder’s final hidden state corresponding to the first special token; alternatives (mean pooling,
attention pooling) produced similar trends.



user query, evidence span, and inferred failure mode. The decoder then conditions on
these representations and generates a revised question ¢, intended to be answerable from c.
During training we use teacher forcing and optimize the token-level negative log-likelihood
(NLL) of the gold reformulated question. Formally, the generation loss is defined as:

|9a]
Lae =~ Y logp(yt | y<i,q,¢,9.7) (3.2)
t=1

where y; denotes the gold token at decoding step ¢, and y.; represents the previously
generated tokens.

Incorporating the cause label r explicitly helps the model choose an appropriate rewrite
strategy (e.g., correct an erroneous entity or number, invert a negation, resolve an antonym
conflict, or ask about available information when none matches the original intent), yielding
more targeted and fluent suggestions than cause-agnostic generation.

Loss Weighting. Training jointly with the classification task enables shared representa-
tions that reflect both evidence localization and failure semantics. We optimize a weighted
sum of the classification loss Lcs (Equation 3.1) and the generation loss (Equation 3.2).

Liotal = o Lows + ﬂ LGen (33)

The weights (a, §) control the relative influence of discriminative and generative learning
signals.

4. Experimental Setup
4.1. Dataset

Our cause-conditioned MTL framework requires a dataset that provides (1) paired an-
swerable and unanswerable questions within the same passage and (2) fine-grained labels
indicating the cause of unanswerability. These properties are necessary to jointly support
unanswerability detection and answerable question generation. This section discusses the
steps involved in selecting an appropriate dataset.

Step 1: Dataset Selection. We use the UnAnswGen dataset [32]®, which extends
SQuAD2.0 [6] by generating unanswerable questions from existing answerable ones. UnAn-
swGen contains 118,374 paired answerable and unanswerable questions, with each unan-
swerable instance annotated with one of six causes: Entity Swap (17,444), Number Swap
(2,255), Negation (45,053), Antonym (27,749), Mutual Exclusion (3,221), and No Infor-
mation (22,652). Each instance includes a shared passage, an answerable question, its
unanswerable counterpart, the gold answer, and the corresponding cause label. Since
UnAnswGen is derived from the SQuAD2.0 training set, we adhere to the original dataset
splits and perform evaluation exclusively on the SQuAD2.0 development set augmented with
SQuAD2-CR annotations, thereby preventing any potential data leakage.

Step 2: Guidance Sentence Construction. The paired structure of UnAnswGen
enables deterministic extraction of guidance sentences. For unanswerable questions, we
use the sentence containing the gold answer of the answerable counterpart as the guidance
sentence, which highlights the evidence responsible for the mismatch or missing information.
For answerable questions, the guidance sentence is the sentence containing the gold answer
span. This unified design provides explicit contextual evidence for both classification and
generation.

Step 3: Data Balancing and Answerable Instances. To address class imbalance
across unanswerability causes, we construct a balanced training subset by downsampling
each category. Because our framework must also identify answerable inputs, we additionally

3https://github.com/ Julien-ser/UnAnswGen



Table 1. Dataset Statistics.
Answerable | Entity Swap | Number Swap | Negation | Antonym | Mutual Exclusion | No Information | Total
Train Data 3,000 3,000 2,255 3,000 3,000 3,221 3,000 20,476
Dev Set 5,928 2,394 493 818 1,184 401 655 11,873

sample answerable questions from SQuAD2.0 and pair each with itself, using the answer-
containing sentence as guidance. This ensures a consistent input format across all training
instances.

Step 4: Training and Evaluation Splits. The resulting balanced dataset, summarized
in Table 1, is used for training. For evaluation, we employ the SQuAD2.0 development set
and adopt the fine-grained unanswerability labels provided by SQuAD2-CR [33].

4.2. Settings

We fine-tune facebook/bart-base and t5-small models using the Hugging Face frame-
work. For both architectures, the maximum input sequence length is set to 512 tokens.
Models are trained for 6 epochs with a batch size of 2, using the Adam optimizer with a
learning rate of 5 x 1075, All experiments are conducted on NVIDIA GeForce RTX 2080
Ti and NVIDIA A30 GPUs.

Our framework jointly optimizes an auxiliary classification objective and a primary
generation objective using a weighted multi-task loss (Equation 3.3). We select the loss
weights (a, 8) via 5-fold cross-validation under the constraint o + 8 = 1 (5-fold cross-
validation is used solely for selecting the loss weights). Among the evaluated configurations,
(o, B) = (0.2,0.8) achieves the best average performance across folds and is therefore used
in all experiments. The choice 8 > « reflects our emphasis on high-quality answerable
question generation, while still leveraging unanswerability detection as a guiding signal.
This weighting prevents the model from over-prioritizing the classification task and helps
maintain fluent, relevant, and answerable reformulations.

4.3. Evaluation Methodology

Because the SQuAD2.0 dev set does not provide ground-truth answerable reformula-
tions for its unanswerable questions, we evaluate generation quality using a six-model
majority-voting protocol adapted from the UnAnswGen framework [32]. The voter ensemble
includes four of the top systems used in UnAnswGen [32]: Retro-Reader [11], mdeberta-v3-
base-squad2, electra-base-squad2, and roberta-large-squad2. To capture recent advances in
using LLMs as evaluators in NLP [34-38], we augment the ensemble with GPT-4o [39] and
Llama-3-8B-Instruct [40]. The evaluation process includes two main steps: (1) Each model
receives the original (input question, context) pair and assigns it a label (0 if unanswerable,
1 if answerable). (2) Each model then assesses the (suggested question, context) pair in the
same way, assigning it a 0 if unanswerable and a 1 if answerable. This results in label pairs
from the set {(1,1),(0,0), (1,0),(0,1)}. The suggested question is considered answerable if
at least 4 out of 6 models label it as (0,1) when the original question is unanswerable, or
as (1,1) when it is answerable. We define the accuracy of our generation task as the ratio
of the number of suggested questions classified as answerable to the total number of input
questions.

4.4. Baselines

We compare our framework against two categories of baselines: (1) Single-Task Learn-
ing (STL). We train question generation models without multi-task objectives. The sim-
plest variant, SL, conditions only on the core inputs (original question + context). The
enriched variant, SL-R, additionally conditions on the gold unanswerability reason label,
enabling us to isolate the effect of explicit reason supervision on generating answerable
reformulations. (2) Two-Stage (TS). We also implement a cascaded approach. Stage 1
predicts the cause of unanswerability from the question’s context (optionally augmented with
a guidance sentence). Stage 2 then conditions on the original question, context, and the



Table 2. Accuracy of all models on answerable and unanswerable questions.

Model SL SL-R TS MTL
Name | GUIDE X v X v X v X v
BART Unanswerable | 37.93 | 40.52 | 42.71 | 42.15 | 35.76 | 39.95 | 32.36 | 44.32
Answerable 88.11 | 89.40 | 91.58 | 90.35 | 87.64 | 88.70 | 88.76 | 90.32
T5 Unanswerable | 34.53 | 34.37 | 44.24 | 28.36 | 24.17 | 22.52 | 45.20 | 45.97
Answerable 89.94 | 90.71 | 92.34 | 93.15 | 88.30 | 90.17 | 89.43 | 90.62
Table 3. Accuracy of all models across unanswerability types.
Model SL SL-R TS MTL
Name | GUIDE X v X v X v X v
Entity Swap 30.158 | 36.34 36.006 | 33.5 28.362 | 34.586 | 27.401 | 42.731
Number Swap 62.88 62.88 61.663 | 60.243 | 56.186 | 61.663 | 46.044 | 62.474
BART Negation 69.193 | 68.215 | 67.97 67.114 | 67.603 | 68.459 | 56.234 | 64.792
Antonym 39.949 | 38.766 | 37.077 | 36.655 | 35.304 | 39.358 | 30.489 | 47.381
Mutual Exclusion | 22.693 | 22.693 | 13.466 | 17.705 | 23.192 | 20.947 | 25.436 | 33.665
No Info 14.198 | 18.473 | 49.465 | 53.893 | 16.183 | 20.305 | 22.442 | 29.923
Entity Swap 25.438 | 25.396 | 38.596 | 16.165 | 12.03 11.612 | 35.923 | 37.134
Number Swap 60.649 | 62.88 60.851 | 59.634 | 55.578 | 58.417 | 67.545 | 67.342
Ts Negation 68.459 | 67.359 | 66.503 | 67.97 66.136 | 67.603 | 71.393 | 70.415
Antonym 35.557 | 34.375 | 44.932 | 28.125 | 21.621 | 26.604 | 52.449 | 53.125
Mutual Exclusion | 20.947 | 20.448 | 7.481 14.214 | 9.725 10.723 | 35.91 34.663
No Info 12.213 | 12.977 | 45.801 | 9.007 5.954 6.106 22.137 | 25.648

Stage 1 predicted cause to generate the suggested answerable question. This design tests
whether explicit, pipelined reason prediction improves downstream reformulation quality
relative to end-to-end learning.

5. Results and Discussion

We evaluated the proposed MTL framework against all baselines described in Section 4.4
(results reported in Tables 2 and 3). Our analysis is organized around the following research
questions (RQs).

RQ1. How does the inclusion of unanswerability cause labels for input questions as
auziliary information impact the performance of the Answerable Question Generation task?
As shown in Table 2, adding gold cause labels (SL-R) consistently improves generation
accuracy over the unlabeled Single-Task baseline (SL), even without a guidance sentence.
This demonstrates that explicit unanswerability cause supervision provides a strong and
reliable auxiliary signal for answerable question generation across models.

When guidance is additionally provided, the effect of cause labels becomes more nuanced.
At the aggregate level (Table 2), BART shows an improvement from SL-+GUIDE to SL-
R-+GUIDE, whereas T5 exhibits a decrease in overall accuracy (from 34.37% to 28.36%).
However, a closer examination at the unanswerability-type level (Table 3) reveals that this
contrast is largely driven by data distribution effects rather than model architecture. In
particular, adding guidance on top of cause labels leads to performance degradation across
most unanswerability types for both BART and T5. BART’s overall improvement arises
primarily from a substantial gain on the dominant No Information category, which outweighs
the degradations observed in other categories. In contrast, T5 does not show a comparable
improvement on this category, causing the category-level degradations to be reflected directly
in the aggregate score.

These findings indicate that the interaction between cause labels and guidance is sensitive
to redundancy and category composition. When guidance already captures the primary
reformulation signal, additional cause supervision may introduce overlapping or conflicting
constraints. While model architecture can influence sensitivity to such redundancy, for
example, Th’s text-to-text formulation represents all inputs as a single flat sequence and



may amplify the impact of longer concatenated inputs in smaller variants [41], the observed
degradation is primarily explained by the distribution of unanswerability types rather than
architectural limitations.

Overall, gold cause labels substantially aid answerable question generation, especially for
originally unanswerable items. However, such labels are rarely available at inference time;
thus the SL-R and SL-R+GUIDE settings should be viewed as upper bounds under oracle
label access. To approximate realistic deployment, we therefore introduce Two-Stage models
(TS) that first classify an input question into one of seven unanswerability causes and then
condition generation on the predicted label.

Comparing SL to TS in Table 2 shows that TS generally underperforms SL. This suggests
that noise in the Stage-1 cause classifier can propagate and mislead the Stage-2 generation
module. Adding guidance does not resolve the issue: TS+ GUIDE performs similarly to, or
worse than, SL+GUIDE (notably in T5-based models), indicating that predicted labels plus
guidance do not reliably translate into better reformulations. Finally, TS+GUIDE remains
well below the oracle SL-R+GUIDE condition, highlighting a substantial gap attributable
to imperfect label prediction. Together, these results point to the need for architectures
that integrate cause modeling and generation more tightly, motivating our proposed MTL
approach to jointly learn detection and suggestion while mitigating error propagation.

RQ2. Does jointly modeling classification and generation in a multi-task learning (MTL)
framework improve Answerable Question Generation (AQG) relative to Single-Task and
Two-Stage approaches?

As shown in Table 2, our MTL+GUIDE models consistently outperform all guided base-
lines (i.e., SL+GUIDE, SL-R+GUIDE, and TS+GUIDE) under both BART- and T5-based
implementations. These gains indicate that learning to predict unanswerability causes
jointly with question generation provides more useful training signal than supplying la-
bels as static inputs (Single-Task) or passing noisy predictions in a pipeline (Two-Stage),
thereby yielding more effective reformulations of unanswerable questions. Notably, all mod-
els achieve above 85% accuracy on answerable questions, indicating that the MTL framework
enhancements do not compromise performance on answerable inputs, thereby demonstrating
its overall effectiveness.

RQ3. Which unanswerability classes benefit most from the predicted label signal in
MTL+GUIDE framework, and which classes remain challenging despite its inclusion? The
effectiveness of incorporating predicted unanswerability labels within the Answerable Ques-
tion Generation (AQG) step in the MTL+GUIDE framework varies notably across different
unanswerability types, as evidenced by the results in Table 3. Categories such as Entity
Swap, Antonym, Mutual Ezclusion, and No Information consistently benefit from the joint
modeling of classification and generation, with label supervision substantially improving
the quality of question reformulation. Notably, in the No Information category, the highest
performance is achieved by the SL-R models, which assume access to gold unanswerability
labels. While this represents an idealized scenario not feasible in real-world applications,
it underscores the potential upper bound of performance when precise labels are available.
Although the MTL models, operating under realistic constraints with predicted labels, out-
perform all other settings, it still falls short of surpassing the SL-R models in this specific
category. In contrast, for the Number Swap class, the T5-based MTL models outperform
their SL, SL-R, and TS counterparts, suggesting improved handling of numerical reasoning
under multi-task learning. In contrast, the BART-based MTL+GUIDE model shows only
marginal gains over SL-R and performs similarly to SL models, indicating limited benefit
in this setting. For Negation, the T5-based MTL models again achieve the highest accu-
racy among T5 variants, reflecting its advantage with guided multi-source inputs. However,
the BART-based MTL models underperform compared to all other BART configurations,
revealing their relative weakness in capturing negation-driven unanswerability. Collectively,
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Figure 2. Sensitivity analysis.

these findings suggest that the effectiveness of guided multi-task learning is influenced by
both the model architecture and the nature of the unanswerability. T5 consistently benefits
from this setup, particularly in challenging cases like Negation and Number Swap, whereas
BART exhibits more limited and task-sensitive gains.

RQ4. What is the impact of incorporating the guidance sentence into the Answerable
Question Generation task? As shown in Table 2, the comparison of each model variant
with and without the guidance sentence indicates that removing the guidance sentence
decreases accuracy in the answerable question generation task for unanswerable questions, as
evidenced by the SL model’s performance drop without guidance. Moreover, the enhanced
results for the TS and MTL models with guidance further emphasize its significance in
generating answerable questions.

5.1. Qualitative Analysis

Table 5 presents representative qualitative examples comparing MTL+ GUIDE and SL+ GUIDE.

In the example#fa, where unanswerability arises from contextual mismatches such as in-
correct temporal references, MTL-+GUIDE applies targeted edits that resolve the under-
lying inconsistency, producing fluent and context-supported reformulations. In contrast,
SL-+GUIDE often preserves the original mismatch. Example#Db illustrates scenarios where
SL+GUIDE performs comparably or better, typically when the error is simple and the
guidance sentence alone is sufficient for correction. Overall, these examples suggest that
explicit cause conditioning is most beneficial for more complex unanswerability cases, while
guidance-only reformulation remains effective for simpler instances.

Table 5. Examples where the MTL+Guide model outperforms the SL+Guide model (a)
and vice versa (b). Note: Guidance sentences are shown in italics.

Example#a

Context. In the 1910s, New York-based filmmakers were attracted to Jacksonville’s warm climate,
exotic locations, excellent rail access, and cheap labor. Over the course of the decade, more than 30
silent film studios were established, earning Jacksonville the title of ....

I t
npu Unanswerable Question. Is what industry was attracted to Jacksonville in the early nineteenth

century?

Output | MTL+Guide. Is what industry was attracted to Jacksonville in the 1910s?
SL+Guide. Is what industry was attracted to Jacksonville in the early nineteenth century?

Example#b

Context. NASA’s CALIPSO satellite has measured the amount of dust transported by wind from
the Sahara to the Amazon: an average 182 million tons of dust are windblown out of the Sahara
each year, at 15 degrees west longitude, across 1,600 miles (2,600 km) over the Atlantic Ocean ...

I t
npu Unanswerable Question. How many tons of dust are blown from the rain forest each year?

Output | MTL+Guide. How many tons of dust are blown from the rain forest each year?
SL+Guide. How many tons of dust are blown from the Sahara each year?

5.2. Sensitivity Analysis

We conduct a sensitivity analysis to examine the effect of loss-weight configurations (a, 3)
under the constraint o + 5 = 1. Figure 2 reports accuracy on unanswerable (UQ) and



answerable (AQ) questions while varying 3, the weight of the generation objective. UQ per-
formance peaks at 8 = 0.8, indicating that prioritizing generation improves recovery from
unanswerable inputs, while AQ accuracy remains relatively stable across configurations. We
exclude configurations where av dominates (3, as our design treats unanswerability classifi-
cation as an auxiliary task and assigning it a higher weight was observed to detract from
generation quality. Overall, these results demonstrate that MTL+GUIDE is robust to rea-
sonable variations in loss weighting, and that the selected configuration (a, 8) = (0.2,0.8)
strikes an effective balance between classification guidance and generation quality.

5.3. User Study

To assess the quality of the answerable questions generated by the best-performing
MTL+GUIDE model, we conducted a human evaluation with three fluent and native English-
speaking annotators. The evaluation considered four criteria: Answerability (Ans.), Fluency
(Flu.), Relevance (Rel.), and Addressing the cause of unanswerability (Add.). Annotators
were provided with written guidelines and illustrative examples and completed the task
independently. We randomly sampled 120 unanswerable questions for which the model gen-
erated answerable reformulations, ensuring balanced coverage across unanswerability types
(20 per class). For each instance, annotators were shown the original question, its context,
the unanswerability cause, and the generated reformulation. Fluency, relevance, and ef-
fectiveness were rated on a five-point Likert scale, while answerability was determined via
majority voting. Final scores were obtained by averaging annotator ratings and are reported
in Table 4. Overall, the generated questions were judged answerable in 99.17% of cases and
achieved consistently high scores across all evaluation dimensions.

6. Conclusion

In this work, we address a key limitation of current MRC systems: the lack of constructive
recovery when user questions are unanswerable. We propose a cause-conditioned multi-task
learning framework that jointly models fine-grained unanswerability classification and an-
swerable question generation. By conditioning generation on predicted failure causes and
contextual guidance, the model produces targeted, context-supported reformulations rather
than superficial paraphrases. Experiments across automatic metrics, LLM-based evalua-
tion, and human judgments show that the proposed framework consistently outperforms
single-task and two-stage baselines without compromising performance on answerable ques-
tions. These results demonstrate that explicitly modeling unanswerability causes provides
a practical inductive bias for generating fluent and effective follow-up questions.
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