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Abstract

Multi-hop visual question generation (VQG)
seeks to create coherent, fluent, and contextu-
ally rich questions by integrating knowledge
from a structured knowledge graph (KG) with
information inferred from image pairs, where
at least one reasoning step involves a visual
relationship between the images. Traditional
supervised QG methods which rely on token-
level alignment with fixed gold labels strug-
gle to capture diverse valid question formu-
lations. We propose M3RQG (Multimodal
Multi-hop Multi-decoder Retrieval-augmented
Question Generation), a model-agnostic frame-
work that integrates multimodal inputs (images,
KG facts) with a multi-decoder architecture to
optimize for multiple labels per sample to de-
sign multi-hop questions. M3RQG addresses
these challenges: (1) generating meaningful
visually-grounded questions given a pair of
images, (2) generating rich questions that re-
quire multi-hop reasoning across images and
KG facts, and (3) integrating diverse question
labels during fine-tuning. We extend the We-
bQA dataset with multi-hop questions gener-
ated by GPT-4V and Gemini, resulting in two
complementary silver labels per sample. Our
approach integrates retrieval-augmented gen-
eration (RAG) for accessing external knowl-
edge, a PPO objective with ROUGE-based re-
wards to prioritize structural correctness, and
a named entity overlap loss to improve factual
accuracy. Experiments across BART, Phi-3.5,
and LLaVA backbones demonstrate significant
improvements in fluency, reasoning depth, and
relevance. We release our code and dataset to
facilitate future research1.

1 Introduction

Multimodal Visual Question Generation (MVQG)
has emerged as a pivotal task in multimodal natural
language processing, aiming to generate contextu-
ally relevant and engaging questions grounded in

1https://github.com/thePhukan/M3RQG

𝑬𝑬𝟏𝟏=Taj Mahal 𝑬𝑬𝟐𝟐=Bibi Ka Maqbara
Q1: What is the height of the Taj Mahal?
Q2: Which Mughal emperor commissioned the mausoleum built between 1631 and 1653 in 
Agra to honor his wife Mumtaz Mahal?
Q3: Which Mughal prince commissioned the mausoleum built in Aurangabad in 1660 to honor 
his mother Dilras Banu Begum?
Q4: What is the combined construction period of both monuments shown?
Q5: Which image shows a monument with more visible minarets?
Q6: Which monument is shown in the first image?
Q7: Which mausoleum, commissioned in 1660 by Aurangzeb’s son Azam Shah in memory of 
his mother, was designed by the son of the architect of the monument built between 1631 and 
1653 by Shah Jahan for Mumtaz Mahal?
Q8: Who commissioned this popular tomb in Maharashtra which has an architecture very 
similar to the mausoleum on the right bank of Yamuna commissioned in 1631 by Shah Jahan?
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Figure 1: Questions generated using a pair of images
and Wikipedia facts. Only Q8 makes use of KG facts
about both entities and visual information linking the
two images. See Fig. 2 for color keys.

visual inputs such as images, thereby enhancing
machine understanding and interaction capabilities
across diverse domains like education, healthcare,
and document analysis. It enhances learning experi-
ences in education by prompting students to engage
actively with visual content (Krishna et al., 2015)
and creating interactive learning materials, quizzes
(Huang et al., 2014), clarification questions (Ku-
mar and Black, 2020), and study aids for students
(Wang et al., 2018). In accessibility applications,
MVQG can assist visually impaired individuals
by providing textual descriptions of visual scenes
(Stangl et al., 2021), developing automatic tutor-
ing systems (Kumar and Black, 2020; Gala et al.,
2021), improving the performance of Question An-
swering models (Sun et al., 2023), and enabling
chatbots to accept multimodal inputs (Zhang et al.,
2024). MVQG enhances clinical decision-making
and medical education by generating diagnostic,
personalized, and instructional questions from mul-
timodal patient data like scans, records, and videos.
Lastly, generating thought-provoking questions can
stimulate critical thinking and play a vital role in
formulating research questions, surveys, and inter-
view protocols.
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Despite its importance, MVQG is rather under-
explored. While existing MVQG approaches have
made significant strides (Chang et al., 2022; Talmor
et al., 2021; Yang et al., 2023; Li et al., 2022; Han-
nan et al., 2020; Hwang et al., 2024; Li et al., 2022),
they often fall short in capturing complex relation-
ships within visual scenes. Straightforward single-
image-based questions (like Q1, Q2, Q3, Q6 in
Fig. 1), while useful for basic comprehension, lack
the depth required to engage users in critical think-
ing or real-world problem-solving. VQG using
evidence from multiple images (Chang et al., 2022)
generates questions (like Q4 and Q5 in Fig. 1) re-
quiring visual reasoning over both images but no
factual knowledge. Multi-hop QG (Yang et al.,
2018b) generates questions (like Q7 in Fig. 1) re-
quiring reasoning over multiple documents, but has
been studied for text only.

In this paper, we focus on the multi-hop MVQG
problem of generating questions given a pair of
images and related facts from a knowledge graph
(KG) like Wikipedia. Unlike previous MVQG
methods, our approach leverages the complemen-
tary and contrasting semantics across both images,
identifying meaningful visual relationships (e.g.,
object co-occurrence, stylistic similarities, tempo-
ral or spatial links) and augmenting with external
factual knowledge from the KG to generate ques-
tions (like Q8 in Fig. 1) that require joint reasoning
over both images and the KG. As shown in Fig. 2,
given 2 images about entities E1 and E2, a KG
helps obtain linked attributes tA1

i uni“1 and tA2
i umi“1.

Multi-hop visual questions must contain value of
ě 1 attribute from tA1

i uni“1, value of ě 1 attribute
from tA2

i umi“1, and ě 1 visual link between the
2 images. It typically asks for the value of an at-
tribute (not mentioned in the question) of E1 or E2

or the entities themselves. Although we define (and
study) such questions from the perspective of just
2 images corresponding to 2 entities, the definition
can be easily extended to an arbitrary combination
of hops across several images and KG links.

Fig. 1 shows the questions generated using vari-
ous QG methods for a sample image pair about en-
tities E1=“Taj Mahal” and E2=“Bibi Ka Maqbara.”
As discussed earlier, questions Q1-Q7 are either
about just one image, or are purely text based (and
ignore images). Question Q8 satisfies all the re-
quired constraints: (1) It uses knowledge from KG
about E2: “popular tomb in Maharashtra.” (2) It
uses knowledge from KG about E1: “mausoleum
on the right bank of Yamuna commissioned in 1631

𝑬𝑬𝟏𝟏=Taj Mahal 𝑬𝑬𝟐𝟐=Bibi Ka Maqbara
Q1: What is the height of the Taj Mahal?
Q2: Which Mughal emperor commissioned the mausoleum built between 1631 and 1653 in 
Agra to honor his wife Mumtaz Mahal?
Q3: Which Mughal prince commissioned the mausoleum built in Aurangabad in 1660 to honor 
his mother Dilras Banu Begum?
Q4: What is the combined construction period of both monuments shown?
Q5: Which image shows a monument with more visible minarets?
Q6: Which monument is shown in the first image?
Q7: Which mausoleum, commissioned in 1660 by Aurangzeb’s son Azam Shah in memory of 
his mother, was designed by the son of the architect of the monument built between 1631 and 
1653 by Shah Jahan for Mumtaz Mahal?
Q8: Who commissioned this popular tomb in Maharashtra which has an architecture very 
similar to the mausoleum on the right bank of Yamuna commissioned in 1631 by Shah Jahan?

𝐸𝐸1 𝐸𝐸2

𝐴𝐴𝑛𝑛1

𝐴𝐴21

𝐴𝐴11

𝐴𝐴𝑚𝑚2

𝐴𝐴22

𝐴𝐴12

Visual

Question

KG KG
Image Pair

Answer

Figure 2: Definition for multi-hop visual questions ob-
tained using an image pair and KG facts.

by Shah Jahan.” (3) It uses the visual link “has an
architecture very similar to” based on visual con-
tent of the 2 images. (4) It does not directly refer
to the entities in the images, or the images them-
selves. (5) The answer “Azam Shah” cannot be
obtained without using the multi-hop reasoning
since there are many tombs in Maharashtra. This
level of specificity and contextual richness enables
more informative and engaging question genera-
tion, making it especially valuable for downstream
tasks like educational content creation.

A multi-hop MVQG system must be able to gen-
erate meaningful visually-grounded compositional
questions by synthesizing visual cues (that link the
two images) with textual context (image captions)
and external knowledge (related to the two entities
from a KG). Furthermore, one can create several
questions given the same input by varying the at-
tributes used in the question, visual links extracted
from the images or the attribute queried for. Fortu-
nately, WebQA (Chang et al., 2022) provides ques-
tions that involve information across two images.
To enhance diversity, we combine (silver) ques-
tions generated from GPT-4V and Gemini with the
original (gold) question from WebQA (Chang et al.,
2022) for each sample to produce questions that
balance dataset alignment and creative explorations
that provoke curiosity.

We adopt a multimodal encoder combined
a Transformer-based multi-decoder architecture,
M3RQG, for multi-hop MVQG. We extract rel-
evant facts corresponding to input entities from
Wikipedia using Retrieval Augmented Generation
(RAG) (Lewis et al., 2020b; Gao et al., 2023).
By integrating information from both visual and
textual modalities along with RAG documents,
the encoder can utilize rich contextual cues. A
multi-decoder setup with shared weights enables
M3RQG to optimize with respect to multiple labels
together. The utilization of the Proximal Policy
Optimization (PPO) (Schulman et al., 2017a) with
ROUGE-based rewards and Named Entity (NE)
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overlap (between the RAG documents and the gen-
erated question) enhances the model’s ability to
capture facts, long-range dependencies, and intri-
cate relationships within visual scenes, thus elevat-
ing the quality and diversity of generated questions
and minimizing model hallucinations.

Overall, we make the following contributions.
(1) We propose a novel task of multi-hop MVQG
given a pair of images and access to a KG. (2)
We extend multi-image dependent instances of
WebQA (Chang et al., 2022) with high-quality
generated questions from GPT-4V and Gemini.
(3) We propose a novel model-independent ap-
proach, M3RQG, that exploits multiple labeled
questions to generate multimodal multi-hop in-
formation seeking questions. (4) We propose a
comprehensive training paradigm that integrates
PPO with ROUGE-based rewards and Named En-
tity (NE) overlap scores. (5) We fine-tune models
like BART (Lewis et al., 2020a), Phi (Abdin et al.,
2024), and LLaVA (Liu et al., 2023) using the pro-
posed approach and demonstrate significant gains
over the non-PPO trained models.

2 Related Work

Text-based Question Generation. Early
QG methods include template/rule-based ap-
proaches (Mazidi and Nielsen, 2014) and sequence-
to-sequence models using BiLSTMs/transform-
ers (Du et al., 2017; Wang et al., 2020). Pre-trained
models improved performance via transfer learn-
ing (Dong et al., 2019; Xiao et al., 2021). Graph-
based models leveraged semantic structures (Chen
et al., 2023; Pan et al., 2020a), while generative
models (VAEs, GANs) enhanced diversity (Wang
et al., 2019; Bao et al., 2018). Recent work
has explored multi-source reasoning (Su et al.,
2020). Key aspects include: (1) QG with Tar-
get Answer: Answer-agnostic (Chen et al., 2018)
vs. answer-aware methods (span-based (Rajpurkar
et al., 2016) or abstract (Bajaj et al., 2016)),
(2) QG with input context: Ranges from docu-
ment (Pan et al., 2020a) to keyword levels (Pan
et al., 2020b), and (3) Different question for-
mats: Includes standalone, dialogue-style (Reddy
et al., 2019), multilingual (Mitra et al., 2021) and
multiple-choice (Gupta and Gupta, 2022). Pan et
al. (Pan et al., 2019) provide an extensive survey of
recent QG methods.
Visual Question Generation. VQG inte-
grates visual and textual understanding, pioneered

by Mostafazadeh et al. (2016); Patil and Patward-
han (2020). Question types include: (1) visu-
ally grounded (VQA (Antol et al., 2015), Cir-
cuitVQA (Mehta et al., 2024)), (2) commonsense-
driven (FVQA (Wang et al., 2017)), and (3)
knowledge-based (KVQA (Shah et al., 2019)).
Approaches encompass encoder-decoder architec-
tures (Mostafazadeh et al., 2016), compositional
models like GNNs (He and Wang, 2023), reinforce-
ment learning (Yang et al., 2018a), and bilinear
pooling (Mutan (Ben-Younes et al., 2017)).
Multi-Hop Question Generation. Text-based
multi-hop question generation aims to create ques-
tions that require reasoning over multiple sup-
porting facts or passages, promoting deeper com-
positional understanding and information synthe-
sis (Yang et al., 2018b; Qi et al., 2020; Geva et al.,
2021; Trivedi et al., 2022). Liao et al. (2023) fine-
tune BART for fluency, while Hwang et al. (2024)
use a Transformer-RNN hybrid to incrementally
build question complexity. Cross-media integra-
tion (WebQA (Chang et al., 2022)) and knowledge
graphs (Kumar et al., 2019) enable scalable multi-
hop reasoning (Phukan et al., 2025). Key focuses
include explainability (Hwang et al., 2024) and
adaptive difficulty control (Kumar et al., 2019).

3 Dataset

We leverage the WebQA dataset (Chang et al.,
2022)2, a publicly available comprehensive col-
lection designed to support multimodal question-
answering. WebQA comprises image-based and
text-based queries as well as image-based and text-
based sources of knowledge. Each instance in the
dataset is a tuple of (Knowledge Sources, Ques-
tions, and Answers), where knowledge sources can
be images with captions or textual snippets. The
dataset includes 34K training QA pairs, with an
additional 5K pairs for development and 7.5K for
testing. The dataset was curated through a meticu-
lous crowd-sourcing process through Amazon Me-
chanical Turk, involving multiple stages of quality
checks. It is particularly useful for tasks that re-
quire integrating and reasoning over information
from both text and images, simulating real-world
web search experiences.

For our experiments, we filter the dataset to drop
instances requiring no or only a single image as
multimodal input. This ensured that our model had
access to at least two images for multi-hop MVQG.

2https://github.com/WebQnA/WebQA/
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Figure 3: M3RQG Architecture. *Prompt (for decoder 1): “Generate an english question that meaningfully
connects or compares the images and/or passages.”, **Prompt (for decoders 2 and 3): “You have two images and
text passages. Create one multi-hop question that meaningfully connects or compares the images and/or passages.”.

This left us with a train set of 7489, a validation
set of 1116, and a test set of 833 samples. The
dataset contains gold-standard questions with an
average length of 18.02 words, compared to 39.55
words for combined titles and captions (Table 6 in
Appendix E). It covers 75 unique topics (e.g., birds,
cars, public art) and 6 question types, including but
not limited to Yes/No, color, and others.

We extend this dataset by gathering questions for
the same samples from GPT-4V and Gemini. We
prompt GPT-4V and Gemini to generate questions
that integrate additional context. This corresponds
to an increased number of discrete reasoning steps
that connect facts from various input signals mak-
ing the generated multi-hop questions more en-
gaging to the user. We quantify this via human
and GPT-4o evaluation ensuring our evaluation is
fair and unbiased. Note that WebQA’s gold ques-
tions are not designed to be multi-hop, unlike those
generated by GPT-4V and Gemini, which often es-
tablish deeper relationships between images and
passages.

4 M3RQG Methodology

Fig. 3 shows the overall architecture of the pro-
posed M3RQG method. We leverage a single-
encoder multi-decoder Transformer-based archi-
tecture. We also utilize RAG for including external
knowledge and silver labeled questions from GPT
and Gemini. Finally, we utilize cross-entropy loss,
NE overlap score and ROUGE-based reward scores
for robust training.

4.1 Model Architecture

We experiment with both encoder-decoder and
decoder-only architectures. Fig 3 shows an archi-
tecture with the encoder-decoder style where we
have a single multi-modal encoder but multiple de-
coders. The model includes one decoder for each

label (question) provider: Decoder 1 uses WebQA
labels, Decoders 2 and 3 use GPT-4V and Gemini
generated labels, respectively. The decoders share
weights. To ensure effective training, the multi-
decoder framework was designed such that the first
decoder guides the model in generating a question
that is answerable using information across both the
images. Meanwhile, the second and third decoders
ensure that the model leverages the additional RAG
context provided as input, and hence generate multi-
hop KG-aware questions. The model gains a more
comprehensive understanding of question gener-
ation by distributing the learning process across
multiple decoders. Integrating multi-hop reasoning
through GPT-4V and Gemini labels enhances the
model’s ability to generate complex, contextually
relevant questions.

4.2 Retrieval Augmented Generation

To enhance the contextual understanding of our
model and improve the quality of its generated out-
puts, we employed a RAG (Lewis et al., 2020b;
Gao et al., 2023) approach. Using the title text
of the images as queries, we retrieved 10 related
Wikipedia pages via the Google Web Search API3.
This ensures the retrieval of comprehensive and
domain-relevant knowledge directly related to the
visual context of the input. The detailed clean-
ing, preprocessing and summarization steps are
discussed in Appendix D.

By integrating external information from
Wikipedia, the approach significantly reduces the
risk of producing incorrect or irrelevant outputs.
This contextual framework enhances the model’s
capacity to establish meaningful connections be-
tween disparate elements within the input images.

3https://developers.google.com/custom-search/
v1/overview
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4.3 Prompt Design for Multi-Hop Question
Generation

Using WebQA Gold Labels: The WebQA dataset
lacks questions utilizing any external KG infor-
mation. Thus, we prompted the model to gener-
ate questions based solely on the available inputs
(Fig. 3, Decoder 1). This ensured that the gener-
ated questions closely adhered to the gold labels
in WebQA and enable the model to learn VQG
from multiple images. We leverage the following
prompt: “Generate an english question that mean-
ingfully connects or compares the images and/or
passages.”
Utilizing GPT-4V and Gemini Labels: The labels
generated by GPT-4V and Gemini incorporated ad-
ditional external context, enabling more complex
reasoning. To utilize these enriched labels, we de-
signed prompts to guide the model in generating
multi-hop questions that meaningfully connect or
compare images and/or passages along with KG
linkages (Figure 3, Decoders 2 and 3). This ap-
proach allowed the model to utilize the richer KG
context provided by RAG, enabling the genera-
tion of complex multi-image multi-hop questions.
Prompt: “You have two images and text passages.
Create one multi-hop question that meaningfully
connects or compares the images and/or passages.”

4.4 Training

We train the model using standard cross-entropy
loss. Further, we also define two rewards using
NE-overlap and ROUGE scores, and use them with
Proximal Policy Optimization (PPO) (Schulman
et al., 2017b).
Supervised Cross-Entropy Loss: Given the
model’s output logits z1, z2, z3 for three different
decoders, the cross-entropy loss is computed as:

LCE “ 1

3

3ÿ

i“1

αi ¨ Li
CE (1)

where
ř3

i“1 αi “ 1 and each cross-entropy term is
computed as:

Li
CE “ ´

Tÿ

t“1

yit log pθpŷit|xq (2)

where yit is 1 for the ground-truth token at timestep
t for decoder i (else 0), and pθpŷitq is the predicted
probability at timestep t for token ŷ from the i-th
decoder.

NE Overlap Score: To ensure that the generated
questions effectively incorporate key entities from
the external knowledge retrieved by the RAG mod-
ule, we introduce a NE overlap-based guidance.
This function guides M3RQG to utilize as many
relevant entities as possible from the retrieved doc-
uments when constructing multi-hop questions, im-
proving their informativeness and contextual depth.

We employ a pre-trained BERT-based model4

for entity extraction, utilizing the standard BIO
(Beginning-Inside-Outside) tagging scheme to
identify and classify entities. The model can iden-
tify O, B-MISC, I-MISC, B-PER, I-PER, B-ORG,
I-ORG, B-LOC and I-LOC entities. To balance
entity inclusion with relevance, we ensure RAG
retrieves only the most relevant knowledge item
(based on the title text in the WebQA dataset). We
compute the NE overlap between the generated
question and the text retrieved by RAG. The NE
Overlap-based score penalizes the model when it
fails to include entities from the retrieved knowl-
edge, guiding it to generate questions that are struc-
turally coherent and enriched with relevant contex-
tual details. We calculate the NE overlap loss for
decoder i as follows:

Li
NE “ 1 ´ |Ei

pred X ERAG_docs|
|Ei

pred Y ERAG_docs| (3)

where Epred and ERAG_docs denote the sets of en-
tities extracted from predicted and RAG texts, re-
spectively. We compute NE overlap loss for de-
coders 2 and 3 and average them out to compute
the total NE overlap loss.

LNE “ 1

2
pβ1 ¨ L2

NE ` β2 ¨ L3
NEq (4)

where β1 and β2 add up to 1.
ROUGE-based reward: Cross-entropy loss en-
forces rigid token-level matching, failing to cap-
ture semantic equivalence between valid phrasings
(e.g., Is there a cat on the mat?” vs. Is there a
mat beneath the feline?”). Hence, we also use
ROUGE-L F1 rewards to optimize for structural
similarity beyond just token overlap. This rewards
semantic alignment while allowing natural syntac-
tic variations. We use the ROUGE-L F1 scores for
both the generated sequence and the ground truth
sequence to define a reinforcement learning based
loss Li

ROUGE (for each decoder i) as discussed in

4https://huggingface.co/dslim/bert-base-NER
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detail in (Paulus et al., 2018) for a summarization
task.

Since our framework leverages three distinct la-
bels (WebQA, GPT-4V, Gemini), the final ROUGE-
based loss is computed as follows.

LROUGE “ 1

3

3ÿ

i“1

γi ¨ Li
ROUGE (5)

where Li
ROUGE is the ROUGE-based losses for

decoder i and
ř3

i“1 γi “ 1.
We employ PPO (Schulman et al., 2017b) in our

work. PPO learns a policy that balances diversity
across label styles with relevance to inputs. This en-
sures the model has enough flexibility in generation
rather than strictly adhering to one “correct” output.
PPO enables the model to learn an optimal policy
that balances diversity and relevance, guiding it
toward producing high-quality, structurally sound,
and semantically meaningful multi-hop questions.
Aggregate Loss: Similar to (Paulus et al., 2018),
we perform overall training using a mixed learning
objective function defined as follows.

Lfinal “ ϕ ¨ LCE ` λ ¨ LNE ` ω ¨ LROUGE (6)

where tϕ, λ, ωu P r0, 1s.
To ensure that Lfinal remains positive and non-

trivial, we scale the Reinforcement Learning (RL)
loss dynamically:

Lfinal “ max pLfinal, 0.1 ¨ LCEq (7)

This formulation ensures stable training while bal-
ancing supervised and reinforcement learning sig-
nals effectively.

5 Experimental Setup

We ran our experiments on an NVIDIA V100 32GB
GPU, and to accommodate varying computational
demands; we adopted the following batch sizes -
for larger models such as Phi 3.55 (Abdin et al.,
2024), we used a batch size of 1, while for smaller
models like BART (Lewis et al., 2020a), we set
the batch size to 2 to optimize memory utilization.
The training spanned around three days. We set
the maximum input token length to 1500, ensur-
ing that longer contexts could be processed while
preventing excessive memory consumption. Addi-
tionally, image inputs were resized within a con-
trolled range, with a minimum pixel setting of

5https://huggingface.co/microsoft/Phi-3.
5-vision-instruct

256 ˆ 28 ˆ 28 and a maximum pixel setting of
1024ˆ28ˆ28. This ensures each image is encoded
using between 256–1024 tokens. The number 28 is
derived from the Qwen2-VL’s patch configuration:
it uses a spatial patch size of 14 combined with a
temporal patch size of 2 (14 × 2 = 28). This pre-
processing strategy was crucial for handling high-
resolution inputs in models such as Qwen2-VL6

(Wang et al., 2024a), and SmolVLM7 (Marafioti
et al., 2025). We set each αi to 1/3, each βi to 1/2
and each γi to 1/3. ϕ, λ, ω were all set to 1/3.

6 Results and Analysis

To evaluate the efficacy of our proposed M3RQG
framework, we conducted experiments across
diverse model architectures, including encoder-
decoder models like BART and decoder-only mod-
els such as Phi 3.5 and LLaVA.

Recognizing the limitations of traditional au-
tomated evaluation metrics, such as BERT-
Score (Zhang et al., 2019), CIDEr (Vedantam
et al., 2015), METEOR (Banerjee and Lavie, 2005),
BLEU (Papineni et al., 2002), ROUGE (Lin, 2004),
and Distinct (Li et al., 2016), in capturing the qual-
ity of multi-hop question generation, especially
when models are trained using multiple labels, we
also incorporate a reference-free metric, RQUGE
(Mohammadshahi et al., 2023). To maintain con-
sistency and fairness in evaluation, we compared
generated questions against the original gold anno-
tations from the WebQA dataset.

Table 1 presents the primary results for the mul-
timodal multi-hop question generation task, struc-
tured into four distinct blocks A-D. More detailed
results are shown in Table 4 in Appendix B.
Block A: Baseline models evaluated in a zero-shot
setting.
Block B: Experiments on a recently released base-
line model (BART-Large variant), finetuned under
two configurations: (1) finetune: Vanilla finetuning
as proposed in the original paper (Phukan et al.,
2024). (2) M3RQG: finetuning with the complete
M3RQG framework.

Analyzing Block B and referencing Table 4 in
the Appendix B, we observe that integrating a
multi-decoder setup introduces deviations from the
original dataset labels. Notably, the BART-Large
model with a multi-decoder [MD] configuration of-
ten generated generic questions, such as “What are

6https://huggingface.co/Qwen/Qwen2-VL-7B
7https://huggingface.co/HuggingFaceTB/

SmolVLM-Instruct
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Model RQUGE BLEU-1 CIDEr METEOR Distinct-1 Distinct-2 BERT-Score ROUGE-L

A

DeepSeek R1 (DeepSeek-AI, 2025) 2.12 13.06 0.097 24.52 15.30 53.30 48.70 16.12
Qwen2-VL (Wang et al., 2024a) 1.75 12.83 0.274 15.64 31.21 68.90 48.15 14.84
ConVQG (Mi et al., 2024) 1.92 3.00 0.172 14.89 18.81 42.97 46.42 7.34
VisRAG (Yu et al., 2024) 1.95 16.30 0.455 21.30 30.21 70.60 51.62 15.59
SmolVLM7 2.37 06.92 0.182 12.52 42.11 59.93 42.20 10.38

B BART-Large Variant (Phukan et al., 2024)_finetune 1.80 25.35 0.896 36.89 20.78 65.61 60.38 23.86
BART-Large Variant (Phukan et al., 2024) +M3RQG 2.41 27.35 1.610 44.65 30.00 73.54 69.53 29.98

C LLaVA (Liu et al., 2023)_finetune 1.91 12.74 0.597 18.52 43.91 74.00 51.48 13.14
LLaVA (Liu et al., 2023) + M3RQG 2.86 12.63 0.399 16.95 32.31 76.92 52.10 13.63

D Phi 3.5-V (Abdin et al., 2024)_finetune 2.00 9.80 0.363 13.81 18.42 42.24 33.43 9.69
Phi 3.5-V (Abdin et al., 2024) + M3RQG 3.04 17.91 0.400 23.00 21.08 64.73 51.62 16.68

Table 1: Results on automatic evaluation metrics. RQUGE values for Phi 3.5-V + M3RQG are statistically significant
over the DeepSeek R1 baseline (two-tailed t-test, p = 1.01 ˆ 10´12 ă 0.05) signifying that M3RQG indeed helps
with Multi-Hop Multimodal Question Generation. Further details are in Table 4 in Appendix B.

Models Fluency Multi-Hop
Reasoning

Relevance to
One Image

Relevance to
Both Images

Engagingness

LLaVA (Liu et al., 2023) + M3RQGD2 2.60 0.40 1.78 0.78 0.86
LLaVA (Liu et al., 2023) + M3RQG [MD] 1.52 0.00 1.18 0.22 0.26
LLaVA (Liu et al., 2023) + M3RQG [MD + NE] 1.78 0.30 1.46 0.52 0.62
LLaVA (Liu et al., 2023) + M3RQG 2.74 1.26 1.56 1.36 1.42

BART-Large Variant (Phukan et al., 2024) + M3RQGD2 2.86 2.18 1.30 1.82 1.72
BART-Large Variant (Phukan et al., 2024) + M3RQG [MD] 2.80 1.72 1.80 1.66 1.68
BART-Large Variant (Phukan et al., 2024) + M3RQG [MD+ NE] 2.92 1.72 1.78 1.66 1.70
BART-Large Variant (Phukan et al., 2024) + M3RQG 2.96 1.96 1.64 2.06 1.74

Phi 3.5-V (Abdin et al., 2024) + M3RQGD2 2.86 2.10 1.76 2.40 1.92
Phi 3.5-V (Abdin et al., 2024) + M3RQG [MD] 2.84 2.06 1.62 2.22 1.94
Phi 3.5-V (Abdin et al., 2024) + M3RQG [MD+ NE] 2.44 1.82 1.44 1.94 1.62
Phi 3.5-V (Abdin et al., 2024) + M3RQG 2.88 2.14 1.68 2.42 2.08

Table 2: GPT-4o evaluation results. Here, MD: Multi-decoder, NE: NE Overlap Score and D2 is Decoder 2.

the differences between the two paintings?,” high-
lighting a lack of specificity and engagement due to
insufficient incorporation of key entities. The intro-
duction of NE overlap scores in the training process
[MD+NE] addresses this shortcoming. Comparing
[MD] and [MD+NE] rows in Block B of Table 4,
there’s a marked improvement in the relevance and
specificity of the generated questions, underscor-
ing the importance of entity alignment in multi-hop
question generation. The complete integration of
the M3RQG framework, as depicted in Row 2 of
Block B in Table 4 demonstrates the model’s en-
hanced ability to synthesize diverse perspectives
into coherent, fact-based multi-hop questions. This
comprehensive approach significantly elevates the
quality of question generation in the BART archi-
tecture. To further validate the versatility and ro-
bustness of M3RQG, we extended our experiments
to other architectures.
Block C shows results of experiments with the
LLaVA architecture, showcasing the impact of
M3RQG finetuning.
Block D shows experiments with the Phi 3.5 ar-
chitecture, highlighting its performance under the
M3RQG framework.

Complementing these evaluations, Table 2
presents assessments conducted by GPT-4o based
on criteria detailed in Section 7, and among all mod-
els augmented with M3RQG, Phi 3.5 consistently

outperformed others in terms of relevance to both
images and engaginess, demonstrating superior rea-
soning depth, and image-relevance in generated
questions. On the other hand, BART-Large variant
performs well on fluency as well as multi-hop rea-
soning. One can also observe the effectiveness of
the M3RQG framework across diverse model ar-
chitectures and its potential in advancing multi-hop
question generation tasks.

7 Human Evaluation

To assess the quality of generated questions, we
conducted a human evaluation study focusing on
five dimensions: (1) Fluency: Evaluates grammat-
ical correctness and naturalness, ranging from 0
(Poor) to 3 (Excellent). (2) Multi-Hop Reason-
ing: Assesses the complexity of reasoning required,
from 0 (Single-hop) to 3 (Advanced multi-hop). (3)
Relevance to One Image: Measures alignment
with a single image’s content, from 0 (Irrelevant)
to 3 (Highly relevant). (4) Relevance to Both Im-
ages: Evaluates the question’s pertinence to both
images, from 0 (Irrelevant) to 3 (Highly relevant).
(5) Engagingness: Assesses the question’s abil-
ity to provoke interest, from 0 (Not engaging) to
3 (Highly engaging). Detailed human evaluation
steps are in Appendix F.

Two annotators with expertise in Natural Lan-
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Model Fluency Multi-Hop Rea-
soning

Relevance to
One Image

Relevance to
Both Images

Engagingness

LLaVA (Liu et al., 2023) + M3RQGD2 2.78 0.42 1.42 0.44 0.72
LLaVA (Liu et al., 2023) + M3RQG[MD] 2.48 0.00 0.82 0.68 0.54
LLaVA (Liu et al., 2023) + M3RQG[MD + NE] 2.70 0.20 1.28 0.40 0.44
LLaVA (Liu et al., 2023) + M3RQG 2.95 1.64 1.90 1.59 1.82
BART-Large Variant (Phukan et al., 2024) + M3RQGD2 2.94 2.28 2.00 2.94 2.16
BART-Large Variant (Phukan et al., 2024) + M3RQG[MD] 2.94 1.68 1.86 2.20 1.84
BART-Large Variant (Phukan et al., 2024) + M3RQG[MD+ NE] 2.98 1.60 1.94 2.16 2.20
BART-Large Variant (Phukan et al., 2024) + M3RQG 2.97 1.86 1.88 2.50 2.37
Phi 3.5-V (Abdin et al., 2024) + M3RQGD2 2.96 1.84 1.66 1.82 2.02
Phi 3.5-V (Abdin et al., 2024) + M3RQG[MD] 2.92 2.02 1.74 2.18 2.18
Phi 3.5-V (Abdin et al., 2024) + M3RQG[MD+ NE] 2.46 1.74 1.36 1.88 1.78
Phi 3.5-V (Abdin et al., 2024) + M3RQG 2.93 2.83 2.07 2.59 2.75

Table 3: Human evaluation results. Here, MD: Multi-decoder, NE: NE Overlap Score and D2 is Decoder 2.

Yellow-bibbed-Lory-lorius-
chlorocercus

Q: Which bird species, native to the island rainforests and known for its 
vivid yellow bib, stands in stark contrast to the small wader that 
frequents coastal mudflats in Turkey?

Charadrius hiaticula - Common 
Ringed Plover, Adana

Q: Which university building, constructed in the late 19th century and 
named after a president, has similar arched doorway structure as the 
cultural space in Pittsburgh that houses heritage rooms representing 
different nationalities?

Cathedral Of Learning’s Korean 
Heritage Room at the University 
of Pittsburgh

Information Kiosk- Nationality 
Rooms

Q: Which artifact, housed in a Goan museum, features a locking 
mechanism unlike the chest in Edinburgh that is adorned with 
elaborate gold carvings and linked to Scotland’s colonial ambitions?

Reliquary chest at Museum of 
Christian Art, Old Goa, India.

The Darien Chest, Royal 
Museum, Edinburgh

Figure 4: Few case studies showcasing the effectiveness
of the proposed M3RQG method.

guage Processing tasks independently evaluated
100 randomly selected outputs. They were pro-
vided with detailed guidelines and examples for
each scoring level to ensure consistency. Inter-
annotator agreement measured using Cohen’s
kappa are shown in Table 7 in Appendix F.

Human evaluation (Table 3) and GPT-4o assess-
ments (Table 2) demonstrate that Phi 3.5-V (Abdin
et al., 2024) + M3RQG is the best model for the
multi-hop VQG task. Further, Fig. 4 shows a few
examples of questions generated by our best model.

However, some limitations were also observed,
which we highlight in Table 11 in Appendix I. The
first example in the table highlighted a repetition
issue in the LLaVA + M3RQG model’s output,
where the word “counterpart” was redundantly
used, affecting the question’s clarity. In the second
example, Phi 3.5-V + M3RQG produced an inco-
herent output, whereas other models successfully
generated relevant multi-hop questions. In the third
example, the BART + Large variant (Phukan et al.,
2024) + M3RQG model failed to recognize that
both images depicted the same entity, resulting in a
redundant and nonsensical question. These incon-
sistencies can be attributed to the uniform prompt
and input structure employed across different mod-
els in our experiments. While a standard prompt
structure facilitates comparative analysis, future
work could further explore model-specific prompt
tuning to enhance performance.

8 Conclusion

We introduced M3RQG, a model-agnostic frame-
work designed to enhance multimodal, multi-hop
question generation by leveraging multiple labels
and retrieval-augmented knowledge. We extend the
WebQA dataset by adding RAG documents and ad-
ditional multi-hop questions generated by GPT-4V
and Gemini. By integrating a multi-decoder archi-
tecture with reinforcement learning via PPO and in-
corporating a Named Entity overlap score, M3RQG
effectively balances alignment with dataset annota-
tions and the generation of complex, information-
rich multi-hop questions. Our experiments across
diverse architectures, including BART, Phi 3.5, and
LLaVA, demonstrate that M3RQG significantly
improves generated questions’ fluency, reasoning
depth, and relevance.
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Limitations

While our research advances on Multi-Hop Ques-
tion Generation with External Knowledge from
images, certain limitations must be acknowledged.
Our experiments had limited the generalizability
across languages as our findings were based only
on English. Since online content consumption is in-
herently multilingual, extending our methodology
to support a broader linguistic scope is essential.
Incorporating multilingual capabilities would en-
hance the adaptability of our model, improving its
applicability and accessibility for diverse user popu-
lations. Furthermore, a key limitation of this study
lies in its exclusive reliance on a single dataset
for model development and evaluation. While the
WebQA dataset provides a robust foundation for
multimodal multi-hop question generation, it may
affect the generalizability of our findings across
diverse datasets. Future research directions should
prioritize validation across additional benchmark
datasets encompassing broader linguistic, cultural,
and contextual variations.

In this paper, we proposed a method which only
generates questions but no answers. Although the
focus of this paper is on QG and not QA, we ac-
knowledge it as a limitation, and plan to work on
gathering answers to these questions as future work,
using large visual language models or crowdsourc-
ing. That said, in educational and research con-
texts, well-posed questions often matter more than
answers. Generating questions encourages learners
or users to explore, infer, and reason, which is cen-
tral to active learning, and even scientific inquiry.
Further, high-quality, diverse questions can be used
to augment QA datasets. In tutoring or accessibil-
ity applications, questions can guide attention or
prompt reflection.

Another limitation observed is the occasional
instability in question generation, attributed to the
uniform prompt structure applied across models
with varying pre-training formats. Future work
could focus on developing model-specific prompt
tuning strategies to better align with each architec-
ture’s unique characteristics. Exploring the integra-
tion of more advanced retrieval mechanisms and
dynamic context selection could also enhance the
quality and relevance of the generated questions.

Ethical Considerations

This research upholds the highest standards of ethi-
cal practice in data handling and dissemination. All

human-subject interactions, including annotation
tasks and the use of user-generated content, were
conducted in compliance with institutional and in-
ternational ethical guidelines. Before active par-
ticipation, individuals provided informed consent
after being fully apprised of the study’s objectives
and intended outcomes. Additionally, the research
received formal approval from our Institutional Re-
view Board (IRB), which ensures alignment with
ethical norms for participant rights and data pri-
vacy. Transparency and reproducibility are central
to our work. We provide comprehensive documen-
tation of methodologies, data preprocessing pro-
tocols, model architectures, and hyperparameters
in a publicly accessible repository. Access to the
dataset will be restricted to approved researchers
who agree to terms limiting use to non-commercial,
academic purposes. Furthermore, annotations and
evaluations performed by experts were compen-
sated following institutional fair-wage policies, en-
suring equitable recognition of their labor.
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A Model Nomenclature

This section clarifies the meaning of the following
nomenclature:

• MD (Multi-decoder only): No NER Overlap
Score or PPO

• MD + NE (Multi-decoder and NER Overlap
Score): No PPO

• M3RQG (Multi-decoder + NER Overlap
Score + PPO): The full configuration

• Di: ith decoder with NER Overlap Score +
PPO

The iterative inclusion of MD, NE, and PPO
facilitates the isolation of their contributions.

B Full Results

Our baseline selection is structured to provide a
comprehensive and fair evaluation of our proposed
M3RQG framework. We establish three distinct
categories to ensure meaningful comparison. First,
we include state-of-the-art general-purpose multi-
modal LMs (GPT-4V, Qwen2-VL, DeepSeek, etc.)
to represent strong zero-shot or lightly prompted
systems widely used in practice, serving as a
benchmark for generic capability. Second, we in-
corporate existing models explicitly adapted for
multimodal QA or QG (e.g., VisRAG, MuRAG-
finetuned) to situate our work within the landscape
of prior research designed for multimodal reason-
ing with retrieval. Third, we employ ablation
baselines using our core backbones without the
M3RQG objective (e.g., BART, LLaVA, Phi-3.5
with standard fine-tuning), isolating the specific
contribution of our proposed method. This organi-
zation ensures we compare against strong generic
models, task-specific systems, and controlled ab-
lations, rather than a narrow set of baselines. Fur-
thermore, to quantitatively justify our use of silver
data, we report Grounded Question Formability
Scores (Table 9) and Answerability Scores (Table
10), which directly compare the quality of our gen-
erated silver labels against human-annotated gold
standards, demonstrating their viability for training
and evaluation.

Table 4 shows the full results table. Here, MD:
Multi-decoder, NE: NE Overlap Score and Di is
the ith Decoder.
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Model RQUGE BLEU-1 CIDEr METEOR Distinct-1 Distinct-2 BERT-Score ROUGE-L

A

DeepSeek R1 (DeepSeek-AI, 2025) 2.12 13.06 0.097 24.52 15.30 53.30 48.70 16.12
Qwen2-VL (Wang et al., 2024a) 1.75 12.83 0.274 15.64 31.21 68.90 48.15 14.84
ConVQG (Mi et al., 2024) 1.92 3.00 0.172 14.89 18.81 42.97 46.42 7.34
VisRAG (Yu et al., 2024) 1.95 16.30 0.455 21.30 30.21 70.60 51.62 15.59
SmolVLM7 2.37 6.92 0.182 12.52 42.11 59.93 42.20 10.38
MuRAG_finetuned (Chen et al., 2022) 1.72 20.13 0.888 23.98 31.83 73.38 56.62 20.96

B

BART-Large Variant (Phukan et al., 2024)_zeroshot 1.71 10.67 0.027 13.96 12.93 42.38 35.90 12.34
BART-Large Variant (Phukan et al., 2024)_finetuned 1.80 25.35 0.896 36.89 20.78 65.61 60.38 23.86
BART-Large Variant (Phukan et al., 2024) [MD] 1.50 25.15 1.032 31.40 26.21 69.25 58.98 23.39
BART-Large Variant (Phukan et al., 2024) [MD+NE] 1.94 25.15 1.087 31.71 26.73 69.80 59.19 23.64
BART-Large Variant (Phukan et al., 2024) + M3RQGD1 1.82 25.46 1.264 35.57 31.69 74.14 63.36 24.95
BART-Large Variant (Phukan et al., 2024) + M3RQGD3 1.91 12.91 0.385 15.50 35.48 75.58 49.79 14.29
BART-Large Variant (Phukan et al., 2024) + M3RQGD2 2.00 26.96 1.112 37.00 21.87 65.67 61.36 25.63
BART-Large Variant (Phukan et al., 2024) +M3RQG 2.41 27.35 1.610 44.65 30.00 73.54 69.53 29.98

C

LLaVA (Liu et al., 2023)_zeroshot 1.74 10.15 0.387 15.31 29.08 64.79 43.206 10.10
LLaVA (Liu et al., 2023)_finetune 1.91 12.74 0.597 18.52 43.91 74.00 51.48 13.14
LLaVA (Liu et al., 2023) [MD] 1.87 01.00 0.012 04.93 50.20 84.86 41.30 01.19
LLaVA (Liu et al., 2023) [MD+NE] 1.88 01.59 0.027 07.06 42.91 83.54 43.87 03.45
LLaVA (Liu et al., 2023) + M3RQGD1 2.03 09.21 0.180 12.06 37.79 79.20 47.04 11.48
LLaVA (Liu et al., 2023) + M3RQGD3 1.88 08.25 0.167 11.90 35.83 76.11 45.44 10.98
LLaVA (Liu et al., 2023) + M3RQGD2 2.41 09.83 0.187 12.92 38.21 80.14 48.03 12.19
LLaVA (Liu et al., 2023) + M3RQG 2.86 12.63 0.399 16.95 32.31 76.92 52.10 13.63

D

Phi 3.5-V (Abdin et al., 2024)_zeroshot 1.92 11.56 0.168 14.63 14.75 45.30 36.60 11.20
Phi 3.5-V (Abdin et al., 2024)_finetune 2.00 9.80 0.363 13.81 18.42 42.24 33.43 09.69
Phi 3.5-V (Abdin et al., 2024) [MD] 1.82 08.32 0.204 11.49 20.65 48.05 31.21 09.66
Phi 3.5-V (Abdin et al., 2024) [MD+NE] 2.02 16.32 0.282 22.70 18.38 60.53 51.16 15.89
Phi 3.5-V (Abdin et al., 2024) + M3RQGD1 1.85 11.43 0.225 17.29 30.64 71.09 48.13 11.52
Phi 3.5-V (Abdin et al., 2024) + M3RQGD3 2.03 08.92 0.215 14.16 37.19 75.47 46.93 09.22
Phi 3.5-V (Abdin et al., 2024) + M3RQGD2 2.34 17.35 0.324 23.75 18.49 61.82 52.11 16.45
Phi 3.5-V(Abdin et al., 2024) + M3RQG 3.04 17.91 0.400 23.00 21.08 64.73 51.62 16.68

Table 4: Results. Here, MD: Multi-decoder, NE: NE Overlap Score and Di is the ith Decoder.

C Gathering Additional Labeled
Questions

To generate multi-hop labeled questions for our
dataset, we utilized the capabilities of state-of-
the-art language models, specifically GPT-4V and
Gemini. These models were chosen for their ro-
bust understanding of natural language, ability to
interpret complex prompts, and adaptability to var-
ious input types. By leveraging these models, we
were able to obtain high-quality labels that effec-
tively capture semantic and contextual relation-
ships between the two input images. The process
involved designing prompts tailored to elicit spe-
cific responses from the models. These prompts
included examples and contextual information to
guide the models toward generating accurate la-
bels that align closely with our intended objective
of generating an image based multi-hop question.
Refer to Table 5.

D Handling External Information

(1) Cleaning and Preprocessing the Text: To
maintain the quality and relevance of the retrieved
content, we applied the following cleaning and pre-
processing process.

• Removed Special Characters: Stripped new-
lines, symbols (e.g., [edit], [source]), and
other extraneous markers.

• Eliminated Wikipedia-Specific Headers and

Footers: Excluded standard Wikipedia ele-
ments such as navigation links, “See also,”
“References”,“Further reading,” and “External
links.”

• Discarded Menus and Sidebars: Removed
metadata like “edit,” “view history,” “re-
lated changes,” “permanent link,” and simi-
lar sidebar elements. This step ensured that
only meaningful textual content remained for
downstream tasks.

(2) Summarization with Phi3 Mini: Due to the in-
put length constraints of smaller transformer mod-
els like BART (1024 for BART-Large), we sum-
marized the cleaned Wikipedia pages to fit their
token limits. We employed the lightweight Phi-
3-mini-3.8B 8 model for this purpose, using the
prompt: Prompt: “Give me a concise summary of
the important points on the given Wikipedia/Wiki-
media Commons page in 100 words only.” This
summarization process retained essential informa-
tion while discarding unnecessary details.
(3) Contextual Integration into Multimodal
Large Language Model (MLLM): The summa-
rized outputs from Phi3 Mini were integrated as
additional context for the MLLM. This augmented
the model’s understanding of the visual and textual
inputs, enabling it to generate more informed and

8https://huggingface.co/microsoft/
Phi-3-mini-4k-instruct
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contextually relevant outputs.

E Detailed Dataset Statistics

Table 6 shows detailed statistics of our dataset.

F Detailed Human Evaluation

To assess the quality of generation, we conducted
a human evaluation based on five key dimensions:
Fluency, Multi-Hop Reasoning, Relevance to One
Image, Image Relevance to Both Images, and En-
gagingness. Each dimension was rated on a 4-point
scale (0–3), where higher scores indicate better per-
formance. Below, we detail the evaluation criteria
and methodology.
Fluency: This metric evaluates the grammatical
accuracy and naturalness of the language used in
the generated outputs. Scores range from 0 (Poor)
for outputs with grammatical errors and awkward
phrasing to 3 (Excellent) for fluent, error-free, and
natural language. Examples: “Is what the color of
hat man wears in both pictures.” (Poor:- 0); “What
is the color of hats men wear in both pictures?”
(Fair:- 1); “What is the color of the hats the men
wear in both pictures?” (Good:- 2); “What color
are the hats worn by the men in both pictures?”
(Excellent:- 3).
Multi-Hop Reasoning: This metric evaluates the
number of reasoning steps and the complexity re-
quired to answer a question, ranging from 0 (Single-
hop reasoning), where the answer can be derived
from one entity itself, to 3 (Advanced multi-hop
reasoning), which requires chaining multiple facts
across different entities and modalities. Examples:
Single-hop (0): “Who commissioned the Taj Ma-
hal?” (Answerable from one fact: Shah Jahan com-
missioned it.) Simple multi-hop (1): “Which monu-
ment was commissioned by the son of the emperor
who built the Taj Mahal?” (Requires two facts:
Shah Jahan built Taj Mahal → his son Azam Shah
commissioned Bibi Ka Maqbara.) Intermediate
multi-hop (2): Uses 1 entity and the images. Ad-
vanced multi-hop (3): Uses both images and both
entities.
Relevance to One Image: This criterion measures
how well the generated question aligns with the
content of a single image. Scores range from 0
(Irrelevant) for outputs unrelated to the image to 3
(Highly relevant) for outputs directly addressing the
image’s content. Examples:“What is the population
of New York City?” (Irrelevant:- 0); “Is there any
green color in the first image?” (Slightly relevant:-

1); “What kind of hats are people wearing in the
first image?” (Mostly relevant:- 2); “What color
are the hats worn by people in the first image?”
(Highly relevant:- 3).
Relevance to Both Images: Similar to the previous
dimension, this criterion evaluates the relevance of
the output to both images in a multi-image context.
A score of 0 (Irrelevant) indicates no connection
to the images, while 3 (Highly relevant) indicates
a clear and meaningful relationship to the content
of both images. Examples: “What is the capital
of Canada?” (Irrelevant:- 0); “Do both images
have people in them?” (Slightly relevant:- 1); “Are
there people with hats in both images?” (Mostly
relevant:- 2); “Compare the styles of hats worn by
people in both images.” (Highly relevant:- 3).
Engagingness: This metric evaluates the overall
interest and engagement level of the output. Scores
range from 0 (Not engaging) for dull or uninterest-
ing questions to 3 (Highly engaging) for thought-
provoking and captivating outputs. Examples: “Are
there hats in the pictures?” (Not engaging:- 0);
“What colors are the hats in the pictures?” (Slightly
engaging:- 1); “How do the styles of hats in the pic-
tures differ?” (Moderately engaging:- 2); “What
do the hats in the images reveal about the social
context and time period of the scenes depicted?”
(Highly engaging:- 3).

We employed two annotators with Masters in
Computer Science and proficiency in the English
language to rate 100 randomly sampled outputs (5
random instances from 10 of the most frequently
occurring categories in WebQA) from the M3RQG
augmented architectures and baselines. Annotators
were provided with a detailed metric and example
outputs for each scoring level to ensure consistency.
Each output was independently rated across the
five dimensions, and inter-annotator agreement was
calculated using Cohen’s kappa. Refer Table 7.

G GPT-4o as an Evaluator

To ensure scalable and consistent evaluation of gen-
erated questions, we employed GPT-4o as an auto-
mated human-like evaluator. This section details
the prompt design used to guide GPT-4o’s assess-
ments.
Prompt: You are an expert human evaluator with
expertise in English. Your task is to analyze and
assess the quality of a Generated Question based
on specific criteria:
Fluency
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Prompt and Input Model Output
Generate a question using the images and linking the following
two passages:
Passage 1: The National Museum of the American Indian is a
museum in Washington, DC, that focuses on the history and
culture of Native Americans in the United States.
Passage 2: Robinson Hall is a building on the campus of
Brown University in Providence, Rhode Island, designed by
Walker & Gould in the High Victorian Gothic style. It was
built in 1875-1878 and was named after Ezekiel Robinson, the
president of the university at the time.

GPT-
4V

Which university building, constructed in the late 19th century in
the High Victorian Gothic style, contrasts in purpose with the
museum in Washington, DC, dedicated to preserving Native
American history and culture?

Gemini What state is home to a university building, constructed between
1875 and 1878 in the High Victorian Gothic style, that shares a
common regional geography with the primary location of the
National Museum of the American Indian?

Table 5: A sample demonstration of the prompt and input structure for GPT-4V and Gemini, designed to generate
multi-hop questions.

Aspect Values
Avg. # words in GPT-4V Generated Questions in Train set 31.25
Avg. # words in GPT-4V Generated Questions in Validation set 31.50
Avg. # words in GPT-4V Generated Questions in Test set 34.61
Avg. # words in GPT-4V Generated Questions Overall 31.29
Avg. # words in Gemini Generated Questions in Train set 14.98
Avg. # words in Gemini Generated Questions in Validation set 14.77
Avg. # words in Gemini Generated Questions in Test set 15.85
Avg. # words in Gemini Generated Questions Overall 14.88
Avg. # words in WebQA Gold Labels in Train set 17.97
Avg. # words in WebQA Gold Labels in Validation set 18.05
Avg. # words in WebQA Gold Labels in Test set 20.76
Avg. # words in WebQA Gold Labels Overall 18.00
Avg. # words in Title and Caption in Train set 39.50
Avg. # words in Title and Caption in Validation set 40.07
Avg. # words in Title and Caption in Test set 44.52
Avg. # words in Title and Caption Overall 39.55
# unique Topics in Train set 75
# unique Topics in Validation set 49
# unique Topics in Test set 19
# unique Topics Overall 75
# unique Categories in Train set 6
# unique Categories in Validation set 6
# unique Categories in Test set 6
# unique Categories Overall 6

Table 6: Dataset Statistics

Score 0: Poor (Grammatical errors and awkward
phrasing) Example: “Is what the color of hat man
wears in both pictures.” Score 1: Fair (Some
grammatical errors but understandable) Example:
“What is the color of hats men wear in both pic-
tures?” Score 2: Good (Grammatically correct
with minor issues) Example: “What is the color
of the hats the men wear in both pictures?” Score
3: Excellent (Fluent and natural language with no
errors) Example: “What color are the hats worn by
the men in both pictures?”

Multi-Hop Reasoning
Score 0: Single-hop (Only needs one entity for
the answer) Example: “Who commissioned the Taj
Mahal?” Score 1: Simple multi-hop (Multi-hop
within KG only without leveraging image link) Ex-
ample: “Which monument was commissioned by
the son of the emperor who built the Taj Mahal?”
Score 2: Intermediate multi-hop (Uses 1 entity and
the images.) Example: “Which Mughal emperor
commissioned the monument that appears larger
in these two images, compared to the one built in
Aurangabad?” Score 3: Advanced multi-hop (Uses

both images and both entities) Example: “Who
commissioned this popular tomb in Maharashtra
which has an architecture very similar to the mau-
soleum on the right bank of Yamuna commissioned
in 1631 by Shah Jahan?”
Relevance to One Image
Score 0: Irrelevant (Does not relate to either image,
assume the images are of a cat and a dog) Example:
“What is the population of New York City?” Score
1: Slightly relevant (Relates to one image partially)
Example: “Is there any green color in the first im-
age?” Score 2: Mostly relevant (Relates well to
one image) Example: “Are there people with hats
in the first image?” Score 3: Highly relevant (Di-
rectly relates to one image) Example: “What color
are the hats worn by people in the first image?”
Relevance to Both Images
Score 0: Irrelevant (Does not relate to both images,
assume the images are of a cat and a dog) Example:
“What is the capital of Canada?” Score 1: Slightly
relevant (Partially relates to both images) Exam-
ple: “Do both images have people in them?” Score
2: Mostly relevant (Relates well to both images)
Example: “Are there people with hats in both im-
ages?” Score 3: Highly relevant (Directly relates
to both images) Example: “Compare the styles of
hats worn by people in both images.”
Engagingness
Score 0: Not engaging (Boring or uninteresting)
Example: “Are there hats in the pictures?” Score
1: Slightly engaging (Mildly interesting) Example:
“What colors are the hats in the pictures?” Score
2: Moderately engaging (Interesting and engaging)
Example: “How do the styles of hats in the pictures
differ?” Score 3: Highly engaging (Very interesting
and captivating) Example: “What do the hats in the
images reveal about the social context and time
period of the scenes depicted?”
**Question:** **Context:** **Images:**
Do Not Generate a question yourself. Also, provide
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Models Fluency Multi-Hop Rea-
soning

Relevance to
One Image

Relevance to
Both Images

Engagingness

LLaVA (Liu et al., 2023) +M3RQG 0.928 0.783 0.795 0.874 0.858
BART-Large Variant (Phukan et al., 2024) + M3RQG 0.926 0.837 0.793 0.783 0.861
Phi 3.5-V (Abdin et al., 2024) + M3RQG 0.916 0.861 0.798 0.861 0.874

Table 7: Human Evaluation Kappa Score

a short reasoning for the scores. Output Structure:
Fluency: value, Multi-Hop Reasoning: value, Rel-
evance to the images: value, Relevance to One
Image: value, Relevance to Both Images: value,
Engagingness: value, Reasoning: text

H Multi-Hop Reasoning Performance:
Silver vs. Gold Questions

To show that silver labels still meaningfully shape
the model’s behavior, we perform an LLM-based
formability and answerability check. From Tables
9 and 10, we observe that silver labels are more
KG-aware and better grounded in both images and
retrieved text compared to WebQA gold questions.
Additionally, from human and GPT evaluation (Ta-
bles 2 and 3), we see that models trained with silver
labels produce questions that are more multi-hop-
centric, as opposed to those trained only on WebQA
gold questions.

I Error Analysis

However, some limitations were also observed,
which we highlight in Table 11. In the third ex-
ample, the Phukan et al. (2024) + M3RQG model
generated the question “What are the differences
between the Sherlock Holmes Museum and Sher-
lock Holmes Museum?” failing to recognize that
both images depicted the same entity, resulting in a
redundant and nonsensical query. Additionally, in
the second example, Phi 3.5-V + M3RQG produced
an incoherent output, whereas other models suc-
cessfully generated relevant multi-hop questions.
The first example in the table highlighted a repeti-
tion issue in the LLaVA + M3RQG model’s output,
where the word “counterpart” was redundantly
used, affecting the question’s clarity. These incon-
sistencies can be attributed to the uniform prompt
and input structure employed across different mod-
els in our experiments. Given that each model has
been pre-trained with varying input formats, a stan-
dardized prompt may not optimally align with all
architectures, leading to subpar generation in some
instances. While a standard prompt structure fa-
cilitates comparative analysis, future work could
further explore model-specific prompt tuning to
enhance performance.

Models HA MHER GR
LLava + M3RQG 2% 20% 1%
Bart Large + M3RQG 5% 12% 1%
Phi 3.5 V + M3RQG 2% 12% 1%

Table 8: Error type distribution observed in our models

To better understand the limitations of our gener-
ated questions, we conducted a manual error analy-
sis on 100 samples, categorizing failures into three
distinct types: Hallucination (HA), where the
question contains a fabricated entity or fact; Multi-
hop Error (MHER), where relevant entities are
mentioned but the connecting relation is incorrect
or trivial; and Grammatical error (GR). Among
all erroneous questions, Table 8 highlights the dis-
tribution of error types observed in our model out-
puts.

J Hallucination Quantification

We assessed hallucinations in our questions gener-
ated using automated consistency checks. Specif-
ically, each label in our dataset was evaluated by
GPT-5 (similar to the “Auto-Eval” used in Halo-
Quest (Wang et al., 2024b)) to flag any unsupported
claims. This section details the prompt design used
to guide GPT-5’s assessments. Prompt: You are
a strict evaluator. Determine whether the candi-
date QUESTION could be *faithfully formed* from
the provided inputs (‘Image A’, ‘Image B’, and the
accompanying TEXT).
Definition of ‘formable’:
- Every required entity, attribute, or relation ref-
erenced by the question is visually or textually
grounded in the inputs.
- The question does not hallucinate objects, at-
tributes, counts, or relations absent from the inputs.
- For yes/no or comparative questions, the premises
of the question must be supported.
Output JSON with:
- score: in [0,1] where 1=clearly formable,
0=clearly not.
- support: object with boolean flags: image1, im-
age2, text (True if that source contains key evi-
dence).
- verdict: “formable” | “not_formable” | “uncer-
tain”.
- rationale: 1-2 sentences explaining your decision.
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Labels Grounded Question Formability Score
Webqa Gold 0.648
Gemini Silver 0.696
GPT 4V Silver 0.804

Table 9: GPT-5 Grounded Question Formability Scores
for our gold and generated questions.

Labels Answerability Score
Webqa Gold question 0.630
Gemini generated questions 0.632
GPT 4V generated questions 0.689

Table 10: GPT-5 Answerability Scores for our gold and
generated questions.

- images: 1-line descriptions of the images.
The formability scores in Table 9 provide quanti-

tative evidence for the factual grounding of our gen-
erated questions. Their significantly higher scores
compared to the WebQA gold labels suggest that
they are more consistently derived from the pro-
vided images and text.

K Downstream QA Utility

We conducted an answerability check on our gen-
erated questions via automated evaluation with
GPT-5. Similar to the approach in Appendix J, we
adapted the “Auto-Eval” method from HaloQuest
(Wang et al., 2024b) to judge whether a generated
label was answerable from its given context. The
prompt designed for this task is described below.
Prompt: You are a STRICT ANSWERABILITY
JUDGE. You will NOT answer the question. You
will only decide if the QUESTION can be answered
using ONLY the provided inputs: Image A, Image B,
and TEXT. Assume no outside/world knowledge.
Definition of ‘answerable’: A question is answer-
able if and only if all required entities, attributes,
relations, counts, and temporal/spatial conditions
are directly grounded in the inputs (visually or tex-
tually), and there is sufficient, non-contradictory
evidence to compute a single, unambiguous an-
swer.
Core checks (run ALL):
1) ENTITY GROUNDING — Every mentioned
object/person/place/concept appears or is named in
the inputs.
2) ATTRIBUTE GROUNDING — Stated/asked
attributes (color, pose, emotion, state, role, etc.)
are supported.
3) RELATION & COMPARISON — Relations
(left/right/behind, ownership, part-of) and compar-
isons (more/less, bigger/smaller, A vs B) are verifi-
able across Image A, Image B, and/or TEXT.
4) COUNTING/NUMERIC — Counts, ordinals,
magnitudes, or measurements are explicitly infer-

able (not guessed).
5) TEMPORAL/CAUSAL — Before/after/while,
changes across A to B, or causes are evidenced
(e.g., sequence in TEXT or visual changes across
images).
6) COREFERENCE — Pronouns or references
(“it”, “they”, “the man”) map unambiguously to
grounded entities.
7) OCR/READING — If reading is required (signs,
labels, numbers), content is legible and present.
8) AMBIGUITY/CONFLICT — No crucial occlu-
sion, low resolution, or conflicting evidence. If
uncertain, prefer “uncertain”.
Disqualifiers (immediately
NOT_ANSWERABLE):
- Requires world knowledge, unstated assumptions,
or external context (e.g., “Why is this famous?”,
“What city is this?” without text evidence).
- Asks for opinions/preferences or hypotheticals not
tied to evidence.
- Mentions entities/attributes not present.
- Requires future prediction or intent without evi-
dence.
Scoring rubric: Return a scalar in [0,1]:
- 1.0 = Clearly answerable: all checks pass; evi-
dence is sufficient and unambiguous.
- 0.5 = Uncertain: partial evidence, ambiguous
grounding, low legibility, or missing one key el-
ement.
- 0.0 = Not answerable: fails any Disqualifier or
lacks required evidence.
Support flags (evidence sources):
- image1: True if Image A contains key evidence.
- image2: True if Image B contains key evidence.
- text: True if TEXT contains key evidence.
Evidence pointers: When possible, cite brief
phrases from TEXT or short image descriptors
(e.g., “A: road sign ‘SLOW”’, “TEXT: ’the red car
overtakes the blue car”’). Do NOT invent content.
Mapping score (verdict):
- score ě 0.85 ñ “answerable”
- 0.35 ď score < 0.85 ñ “uncertain”
- score < 0.35 ñ “not_answerable”
Special cases:
- Yes/No & Comparative: premises must be explic-
itly supported for BOTH sides (e.g., A vs B) or by
TEXT; otherwise “uncertain” or “not_answerable”.
- Negation (“not”, “none”, “never”): require clear
evidence of absence (wide enough view or explicit
TEXT).
- Superlatives (“biggest”, “first”): require closed set
& clear ordering across the relevant scope.
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Guid WebQA Question GPT-4V Question Gemini Question
Label

BART-Large Vari-
ant (Phukan et al.,
2024)+M3RQG

Phi 3.5+M3RQG LLaVA+M3RQG

d5c642ca0dba11ecb1e81171463288e9 Which bird
has a longer
beak, an Asian
Fairy-bluebird
or a Common
Hoopoe?

Considering the
geographical loca-
tions mentioned
in the descriptions
of the Common
Hoopoe and
the Asian Fairy-
bluebird, what are
the similarities in
their habitats and
how do these lo-
cations contribute
to the biodiversity
of India?

What is the dif-
ference between
the habitat of the
Common Hoopoe
and the Asian
Fairy-bluebird?

What is the differ-
ence between the
Common Hoopoe
(Upupa epops)
and the Great
Hornbill?

Which of the two
images is of a bird
from the family
Bucerotidae?

How does the ap-
pearance of a blue
bird in an im-
age compare to its
fair counterpart
counterpart?

d5bedf120dba11ecb1e81171463288e9
Do the storefronts
on both sides
of the Sherlock
Holmes Museum
both have red
boards around
around the win-
dows?

What is the ad-
dress of the Sher-
lock Holmes Mu-
seum as depicted
in both images,
and in which city
is this museum lo-
cated?

What is the sig-
nificance of 221B
Baker Street to the
Sherlock Holmes
stories?

What are the dif-
ferences between
the Sherlock
Holmes museum
and Sherlock
Holmes Mu-
seum?

What two dif-
ferent years
did Flickr user
Elliott Brown post
images related
to the Sherlock
Holmes Museum
on Baker Street,
London, and what
are the key visual
elements captured
in these images?

How does the
exterior design
of The Sherlock
Holmes Museum
differ from its
interior?

Table 11: Examples of erroneous questions. Note: The errors are highlighted in bold

Output format (STRICT): Return a SINGLE
LINE of JSON matching this schema exactly:
“score”: 0.0 to 1.0,
“verdict”: “answerable” | “uncertain” |
“not_answerable”,
“support”: “image1”: bool, “image2”: bool, “text”:
bool,
“reasons”: [ one or more of “missing_entity”,
“missing_attribute”, “missing_relation”, “insuf-
ficient_evidence”, “requires_world_knowledge”,
“ambiguous_coreference”, “illegible_text”, “occlu-
sion_or_low_resolution”, “conflicting_evidence”,
“temporal_unknown”, “count_uncertain”],
“evidence”: [ short strings pointing to grounded
clues ],
“images”: [“image1_desc”: “1 line neutral descrip-
tion of Image A”, “image2_desc”: “1 line neutral
description of Image B”],
“rationale”: “Concise 1–2 sentences summarizing
why the score/verdict was assigned; mention the
decisive checks.”

Now evaluate the candidate QUESTION with
this policy.

As shown in Table 10, our generated questions
achieve higher answerability scores than the We-
bQA gold labels. This suggests that the gener-
ated questions are not only more directly grounded
in the visual and textual inputs but also that the
evidence supporting them is sufficient and non-
contradictory, a prerequisite for generating unam-
biguous answers (Pandey et al., 2025). This prop-
erty is crucial for improving the performance and

reliability of downstream tasks.

L Frequently Asked Questions (FAQs)

˚ How does your method mitigate hallucina-
tions in generated questions?

ñ We integrate Retrieval-Augmented Genera-
tion (RAG) to anchor questions in external knowl-
edge (e.g., Wikipedia summaries) and employ NE
overlap loss to ensure key entities from retrieved
documents are preserved. This facilitates factually
grounded outputs.
˚ Why use multiple decoders instead of a single
decoder with multi-task learning?

ñ A single decoder struggles to balance diverse
objectives (e.g., single-hop vs. multi-hop genera-
tion). Our multi-decoder architecture optimizes
decoders for distinct label types such as WebQA
(for generation structure), GPT-4V, and Gemini
(for multi-hop question generation with external
knowledge), enabling the model to learn diverse
generation styles and integrating multiple perspec-
tives, enhancing robustness, generalization, and
adaptability to different contextual complexities.
˚ How does PPO improve question quality com-
pared to standard cross-entropy loss?

ñ Cross-entropy loss penalizes token-level de-
viations, which may discourage valid paraphrases.
PPO with ROUGE rewards optimizes for structural
similarity and semantic equivalence, allowing flex-
ibility in phrasing while preserving meaning (e.g.,
“The cat is on the mat” vs. “A feline rests on the
mat”).
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˚ Can your framework handle non-English lan-
guages or low-resource domains?

ñ Currently, our experiments are limited to En-
glish due to dataset constraints. However, the archi-
tecture is language-agnostic; extending it to multi-
lingual settings would require training on parallel
corpora and multilingual RAG retrievers (a direc-
tion for future work).
˚ Are the generated questions from GPT-
4V/Gemini always better than the dataset’s gold
labels?

ñ Not necessarily. While GPT-4V/Gemini en-
riches questions with external knowledge, We-
bQA’s gold labels ensure task alignment. Our multi-
decoder setup balances both: one decoder preserves
dataset fidelity, while others enhance complexity
via generated questions.
˚ What is the Named Entity (NE) overlap loss,
and what is its role?

ñ NE overlap loss measures how effectively the
generated questions incorporate relevant entities
from the external knowledge retrieved. It helps
ground generated questions in the context of re-
trieved knowledge, improving informativeness and
relevance.
˚ Do the questions generated by GPT-4V and
Gemini contain any errors or inconsistencies?

ñ Yes, as with any LLM-generated content,
GPT-4V and Gemini questions can contain occa-
sional errors or inconsistencies (e.g., overly specific
attributes or world knowledge not fully recoverable
from the provided images and retrieved passages).
However, from the analysis highlighted in Tables
9 and 10, we observe that while errors do exist,
the silver labels are of sufficient quality to provide
useful multi-hop, KG-aware supervision, and that
any residual noise is mitigated by jointly training
with human-written WebQA gold questions.
˚ Since the method itself uses ROUGE as the
RL reward, did you consider the issue of reward
hacking?

ñ We agree that directly optimising a metric via
RL can, in principle, lead to reward hacking. In our
setup, however, ROUGE-L is only one component
of a multi-objective training signal (Equation 6)
where cross-entropy (CE) and named-entity over-
lap (NE) focus on faithfulness to the training labels
and grounding in retrieved text, respectively. Em-
pirically, the benefits of our method extend beyond
ROUGE-like metrics. We also observe consistent
improvements in reference-free metrics (RQUGE),
as well as in both human and GPT-4-based evalu-

ations of fluency, multi-hop reasoning, and engag-
ingness.
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