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Abstract—Question answering (QA) has been explored across
diverse formats, including extractive span selection, multiple-
choice, and generative tasks. While UNIFIEDQA demonstrated
that these format boundaries can be bridged in single-hop
QA, multi-hop reasoning introduces additional challenges, as
it requires integrating and reasoning over evidence distributed
across multiple passages. In this work, we argue that multi-hop
QA can also be addressed within a unified framework, enabling a
single model to handle heterogeneous reasoning requirements. To
support this claim, we introduce UNIFIEDQA-MH, an extension
of UNIFIEDQA fine-tuned specifically for multi-hop domains.
UNIFIEDQA-MH leverages a sequence-to-sequence paradigm
to combine multiple evidence passages and generate answers
directly, allowing it to perform compositional reasoning over
multiple hops. Experiments on benchmark datasets, including
HotpotQA, demonstrate that UNIFIEDQA-MH significantly
improves performance on multi-hop questions while maintaining
strong generalization across single-hop QA formats. These results
highlight the potential of unified architectures for flexible and
scalable question answering.

Index Terms—question answering, multi-hop reasoning, natural
language processing, unified models, knowledge integration

I. INTRODUCTION

Question answering (QA) has long been a central benchmark
for evaluating machine understanding of natural language,
with tasks spanning diverse formats such as extractive span
selection, multiple-choice, and generative answering. While
significant progress has been achieved in single-hop QA where
answers can be derived from a single passage, many real-world
queries require multi-hop reasoning, where evidence must be
gathered and synthesized from multiple sources (1), (2). This
setting introduces additional complexity: systems must not only
recognize relevant entities and relations but also connect them
through multi-step inference chains (3), (4).

Multi-hop QA has therefore emerged as an essential chal-
lenge in natural language understanding. It pushes beyond
fact retrieval, testing a system’s ability to compose, integrate,
and reason over distributed knowledge. Benchmarks such
as HotpotQA (1), QASC (3), and more recent datasets like
FanOutQA (5) demonstrate that robust performance requires

1https://huggingface.co/ChamathH/UNIFIEDQA-MH.

reasoning over multiple evidence passages rather than isolated
retrieval.

Recent advances in pre-trained models, such as UNIFIEDQA
(10), have shown that a single architecture can generalize across
QA formats. However, extending this paradigm to multi-hop
settings remains underexplored. In this work, we address this
gap by introducing UNIFIEDQA-MH, a fine-tuned extension
of UNIFIEDQA that unifies single-hop and multi-hop QA
within a single framework. By jointly handling both settings,
UNIFIEDQA-MH moves closer to the goal of a general-purpose
QA system capable of robust reasoning across diverse question
types.

II. RELATED WORK

A. Multi-Hop QA Datasets

Multi-hop question answering (QA) requires models to
integrate information from multiple passages to answer complex
queries. Among benchmark datasets, HotpotQA (1) is one
of the most influential. It consists of questions requiring at
least two reasoning steps across multiple Wikipedia articles,
accompanied by supporting fact annotations, making it valuable
for both answer prediction and explainable QA. HotpotQA has
become a standard benchmark for evaluating compositional
reasoning over multiple evidence sources.

B. Methodological Approaches

Several approaches address the challenges of multi-hop QA.
One prominent strategy is question decomposition, where a
multi-hop query is split into simpler, single-hop sub-questions.
DecompRC (6) follows this approach, predicting sub-questions
and then combining their answers to produce the final response.
This allows existing single-hop QA models to be reused
effectively within a multi-step reasoning pipeline.

Another influential approach is graph-based reasoning, which
models relationships between questions, passages, and entities
as a graph. The Hierarchical Graph Network (HGN) (7)
constructs a multi-layer graph with nodes spanning questions,
paragraphs, sentences, and entities, performing reasoning
via message passing to capture dependencies at multiple
granularities. Similarly, the Heterogeneous Document-Entity



(HDE) graph (8) links candidate answers, documents, and
entities in a unified graph structure, using a graph neural
network to aggregate evidence across documents for coherent
reasoning chains. These methods excel at modeling entity
co-references and contextual overlaps, which are crucial for
multi-hop QA.

C. Memory-Augmented Models

Memory-augmented architectures store intermediate rea-
soning states to improve multi-hop inference. QA2MN (9)
integrates knowledge-graph embeddings with a question-aware
memory network, dynamically tracking relevant entities and
relations across reasoning steps. Such designs enable models
to chain evidence across multiple hops effectively, achieving
strong performance on benchmarks like HotpotQA.

D. Unified QA Approaches

Pre-trained, format-agnostic models like UNIFIEDQA (10)
have shown strong generalization across multiple QA formats,
including extractive, multiple-choice, and yes/no tasks. While
the original UNIFIEDQA was optimized for single-hop QA,
its text-to-text framework provides a flexible foundation for
multi-hop adaptation. In this work, we fine-tune UNIFIEDQA
on HotpotQA to create UNIFIEDQA-MH, leveraging its
pretraining to handle compositional, multi-step reasoning within
a single unified framework.

III. METHODOLOGY

A. Base Model: UNIFIEDQA

Our work builds upon UNIFIEDQA (10), a T5-based, text-
to-text question answering system trained across multiple QA
formats, including extractive, multiple-choice, abstractive, and
yes/no tasks. UNIFIEDQA’s pretraining allows it to generalize
across diverse QA datasets, making it an ideal foundation for
adaptation to multi-hop reasoning.

The original UNIFIEDQA framework casts all QA tasks
into a single sequence-to-sequence formulation. Questions and
contexts are concatenated as input text, and the model generates
the answer in natural language. This unified design enables
a single model to handle heterogeneous QA formats without
requiring task-specific architectures.

B. Extension to Multi-Hop QA: UNIFIEDQA-MH

To support multi-hop reasoning, we fine-tune UNIFIEDQA
on HotpotQA (1), a benchmark specifically designed for ques-
tions that require integrating evidence from multiple passages.
In our adaptation, UNIFIEDQA serves as the backbone encoder-
decoder model.

For multi-hop fine-tuning:

1) All contexts relevant to a question are combined into a
single input sequence. If the context contains multiple

paragraphs, these are concatenated into one paragraph,
with the question and context separated by a newline.

2) The combined text is converted to lowercase and fed into
the model in a sequence-to-sequence format.

3) The model is trained to generate the final answer directly,
learning to integrate information across multiple passages
for multi-step reasoning.

This approach allows UNIFIEDQA-MH to perform multi-
hop question answering by reasoning over the combined context
from the dataset.

IV. EXPERIMENTAL SETUP

A. Data

We evaluate UNIFIEDQA-MH on HotpotQA (1), a bench-
mark dataset specifically designed for multi-hop question
answering. The dataset contains questions that require reasoning
over multiple passages to arrive at the correct answer. For
training, the dataset is split into training and validation subsets
to assess model performance and generalization. Input text
for the model consists of the concatenated question and all
relevant context paragraphs, forming a single sequence for each
example.

B. Model

Our backbone is UNIFIEDQA, a T5-based, text-to-text
question answering system pre-trained across diverse single-hop
QA formats, including extractive, abstractive, multiple-choice,
and yes/no tasks. We fine-tune this model on HotpotQA to
enable multi-hop reasoning, resulting in the UNIFIEDQA-
MH variant. The model is trained in a sequence-to-sequence
manner, generating answers directly from the concatenated
input question and context.

C. Training Protocol

UNIFIEDQA-MH is fine-tuned using standard optimization
protocols. Training involves batching the input examples,
with evaluation performed at regular intervals to monitor
performance. Early stopping is applied to prevent overfitting.
The model is trained to convergence on the training split, and
hyperparameters are selected to ensure stable and efficient
learning.

D. Evaluation Metrics

We evaluate the model using Exact Match (EM) and F1
score, the standard metrics for QA evaluation. EM measures the
percentage of predictions that match the ground truth exactly,
while F1 accounts for partial overlap between predicted and
reference answers. Additionally, we implement fuzzy matching
to account for minor variations in phrasing, punctuation, or
numeric formatting in the predictions.



TABLE I: Performance comparison between UNIFIEDQA and UNIFIEDQA-MH across various QA datasets.

Dataset UNIFIEDQA EM UNIFIEDQA F1 UNIFIEDQA-MH EM UNIFIEDQA-MH F1

boolq 75.2 75.2 75.2 75.2
arc easy 49.1 53.41 47.9 52.38
arc hard 45.5 50.93 43.7 50.02
squad2 58.8 62.36 58.0 60.83
HotpotQA 43.3 44.66 60.1 60.70

(a) Performance comparison between UNIFIEDQA and UNIFIEDQA-MH (b) ∆EM and ∆F1 across datasets

E. Implementation Details

All input text is preprocessed to normalize punctuation,
spacing, and capitalization. During fine-tuning, model inputs
are generated by combining questions and context paragraphs
into a single sequence. The model outputs are cleaned and
normalized before evaluation. Performance is reported on the
validation split, and results are saved for further analysis.

V. RESULTS

We evaluate UNIFIEDQA-MH on the HotpotQA test set,
along with the standard single-hop QA datasets used for
the original UNIFIEDQA baseline. Table I summarizes the
performance in terms of Exact Match (EM) and F1 score.

As shown in Table I and Figure 1a, UNIFIEDQA-MH
achieves a substantial improvement on HotpotQA, with an EM
of 60.1 and F1 of 60.7, compared to 43.3 EM and 44.66 F1 for
the original UNIFIEDQA. This demonstrates that fine-tuning
UNIFIEDQA for multi-hop reasoning significantly enhances
its ability to integrate evidence across multiple passages.

At the same time, UNIFIEDQA-MH maintains comparable
performance on existing single-hop datasets (Figure 1b),
indicating that the multi-hop adaptation does not compromise
generalization on diverse QA formats. The results confirm that
UNIFIEDQA-MH effectively extends the original unified QA
framework to handle both single-hop and multi-hop tasks under
a single model.

VI. DISCUSSION

A. Why It Helps

UNIFIEDQA-MH is fine-tuned on HotpotQA, a benchmark
specifically designed for multi-hop reasoning, which requires

integrating information across multiple passages. Standard
single-hop models like UNIFIEDQA struggle to fully capture
these compositional dependencies. Fine-tuning on multi-hop
data allows the model to better learn to chain reasoning steps,
improving exact match and F1 scores on HotpotQA. Meanwhile,
the model retains its pretraining on single-hop tasks, ensuring
that improvements in multi-hop reasoning do not negatively
impact performance on existing QA datasets.

B. Relation to Unified QA

The gains achieved by UNIFIEDQA-MH are orthogonal to
architectural modifications; the backbone remains the same T5-
based sequence-to-sequence model used in UNIFIEDQA. By
leveraging pretraining across diverse QA formats, the model is
able to generalize to both single-hop and multi-hop tasks. This
shows that fine-tuning for multi-hop reasoning complements,
rather than replaces, the model’s original knowledge and
reasoning capabilities.

C. Limitations

Despite the observed improvements, there are limitations.
First, results are reported from a single experimental run;
averaging over multiple seeds would yield more statistically
robust conclusions. Second, while HotpotQA captures a broad
set of multi-hop reasoning scenarios, it does not encompass
all forms of compositional reasoning, and the approach may
require additional adaptation for other multi-hop benchmarks.
Finally, systematic exploration of fine-tuning hyperparameters
such as learning rate schedules, batch sizes, or number
of epochs was not conducted and could further enhance
performance.



VII. CONCLUSION AND FUTURE WORK

A. Conclusion

In this work, we presented UNIFIEDQA-MH, a multi-
hop extension of the T5-based UNIFIEDQA model. By fine-
tuning on HotpotQA, UNIFIEDQA-MH achieved substantial
gains on multi-hop reasoning tasks, with 60.1% exact match
(EM) and 60.7% F1 on the HotpotQA test set significantly
higher than the original UNIFIEDQA model (43.3% EM,
44.66% F1). Importantly, these improvements were achieved
while preserving the model’s performance on single-hop QA
datasets, demonstrating that multi-hop fine-tuning can enhance
compositional reasoning without compromising generalization
across diverse QA formats.

B. Future Work

While UNIFIEDQA-MH shows strong multi-hop reasoning
performance, future work can explore expanding this approach
to additional multi-hop QA datasets beyond HotpotQA. In-
corporating more diverse reasoning types and domains could
further improve the model’s compositional understanding and
robustness. Additionally, leveraging reasoning supervision,
structured evidence annotations, or lightweight architectural
adaptations could provide further performance gains while
maintaining compatibility with single-hop tasks.
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