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Abstract

Visual question generation (VQG) aims to generate questions
from images automatically. While existing studies primarily
focus on the quality of generated questions, such as fluency
and relevance, the difficulty of the questions is also a cru-
cial factor in assessing their quality. Question difficulty di-
rectly impacts the effectiveness of VQG systems in applica-
tions like education and human-computer interaction, where
appropriately challenging questions can stimulate learning in-
terest and improve interaction experiences. However, accu-
rately defining and controlling question difficulty is a chal-
lenging task due to its multidimensional and subjective na-
ture. In this paper, we propose a new definition of the diffi-
culty of questions, i.e., being positively correlated with the
number of reasoning steps required to answer a question. For
our definition, we construct a corresponding dataset and pro-
pose a benchmark as a foundation for future research. Our
benchmark is designed to progressively increase the reason-
ing steps involved in generating questions. Specifically, we
first extract the relationships among objects in the image to
form a reasoning chain, then gradually increase the difficulty
by rewriting the generated question to include more reasoning
sub-chains. Experimental results on our constructed dataset
show that our benchmark significantly outperforms existing
baselines in controlling the reasoning chains of generated
questions, producing questions with varying difficulty levels.

Introduction

Visual Question Generation (VQG) aims to automatically
generate questions from images, a task that has garnered sig-
nificant attention in the vision and language communities in
recent years (Xie et al. 2023). The ability to generate ques-
tions automatically has substantial implications across vari-
ous domains, such as providing dynamic demonstrations in
children’s education (Kunichika et al. 2004) and initiating
conversations in chatbots (Xie et al. 2024b). However, ex-
isting studies primarily focus on the quality of generated
questions, such as fluency and relevance, while neglecting
the crucial factor of question difficulty. Educational research
(Ha et al. 2019) indicates that controlling question difficulty
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is essential for effective learning, as appropriately challeng-
ing questions can better assess students’ comprehension lev-
els and provide personalized learning experiences. Ques-
tions with suitable difficulty can stimulate learning interest,
enhance cognitive training outcomes, and improve user ex-
perience in intelligent human-computer interaction. There-
fore, it is crucial to focus on generating questions with ap-
propriate levels of difficulty to maximize the effectiveness
and applicability of VQG systems.

Although the mainstream VQG task (Xie et al. 2021) has
made significant research progress, the challenge of control-
ling question difficulty remains substantial. This is primar-
ily because formally defining question difficulty is inher-
ently subjective and involves multiple complexities (Bram-
ley 2011). To the best of our knowledge, the only exist-
ing work on difficulty-controllable VQG (DVQG) is by
Chen et al. (2023). Their approach defines question difficulty
based on whether certain existing visual question answering
(VQA) models can correctly answer the questions. In their
definition, a question is considered “easy” if VQA models
can answer it correctly and “hard” if they cannot. How-
ever, this work has three limitations. Firstly, it only provides
two levels of difficulty (easy and hard), failing to capture
the nuanced spectrum of question difficulty. Secondly, this
definition is heavily dependent on the chosen VQA models,
thus lacking generalizability. More importantly, it lacks in-
terpretability regarding what makes a question difficult and
how the difficulty changes, which is crucial for practical ap-
plications in education and cognitive training. Thus, there is
an urgent need for a more reasonable and robust definition
of difficulty for the DVQG task.

To address the aforementioned three limitations, we pro-
pose a new difficulty level definition for the DVQG task.
Inspired by research about multi-hop questions (Fang et al.
2020; Sui et al. 2022), we define difficulty levels based on
the number of reasoning steps required to answer the ques-
tions. As the number of reasoning steps increases, the ques-
tions become more difficult, thus overcoming the first limita-
tion of having only “easy” or “hard” levels. As shown in the
example in Figure 1, answering Q; only requires a one-hop
chain of reasoning, i.e. No— N7; While answering Q-, the
two hops of the reasoning chain No— N7 and N;— N5 need
to be considered step-by-step, which increases the complex-
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Figure 1: Visual question samples from the GQA dataset.
Q; corresponds to Ny — N7; Q2 corresponds to Ny — Ny
— Ns; Q3 corresponds to Ny — N1 — Ny — Ns.

ity of the question. According to our experiments, existing
VQA systems (Norcliffe-Brown, Vafeias, and Parisot 2018;
Anderson et al. 2018; Xie et al. 2024a) perform significantly
worse on multi-hop questions (e.g., Q2, Q3 in Figure 1)
compared to 1-hop ones (e.g., Q; in Figure 1), which in-
creases the reliability of using the number of reasoning steps
to define the difficulty. Based on this new definition, we ad-
dress the limitation of dependency on specific VQA models
by grounding our difficulty definition in reasoning complex-
ity rather than model performance. Moreover, this step-by-
step reasoning process makes it clear what factors contribute
to the increased difficulty, thus addressing the third limita-
tion regarding the interpretability of question difficulty.

To this end, we propose a multi-step question genera-
tion model (MultiStepGen), which explicitly controls the
difficulty of the generated questions based on the reason-
ing chain information in the given image. Our model con-
tains three components, i.e., reasoning chain extractor, vi-
sual feature extractor, and controllable rewriting module.
Compared with existing methods on VQG that merely uti-
lize visual features, we introduce the reasoning chain in-
formation through the reasoning chain extractor to provide
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more instructive for question generation. When a reason-
ing chain contains rich information (i.e., contains multiple
sub-chains), we observe that existing generation models ig-
nore some sub-chains and fail to generate logically rigor-
ous multi-hop questions. Therefore, the controllable rewrit-
ing module adopts a mechanism to rewrite a question in-
volving N sub-chains into a more complex question involv-
ing N+1 sub-chains. We can generate multi-hop questions
by progressively rewriting a question, and ensure that each
sub-chain information can be utilized. As shown in Figure
1, we first utilize the visual features and the selected rea-
soning chain Ny— IV; related to the given answer “Candy”
to generate an initial 1-hop question Q;. We then rewrite
Q1 to 2-hop question Q5 by a longer reasoning chain (i.e.
No—N;—Ns), which contains more complex reasoning
chain than Q;. Similarly, we can further increase the gener-
ated question difficulty level by step-by-step increasing the
sub-chains, e.g., the 3-hop question Q3.

In summary, our contributions are as follows:

e To address the limitations of existing research on
DVQG, our work defines question difficulty as the number
of reasoning steps required to answer the question, break-
ing away from the traditional binary classification of easy
and hard, and enabling explicit control over the difficulty of
generated questions.

e Unlike existing VQG models that merely extract visual
information, we introduce the incorporation of reasoning
chain information, which provides the foundation for con-
trolling the reasoning steps involved in question generation.
Additionally, we designed a rewriting mechanism that dy-
namically controls question difficulty by progressively in-
creasing the sub-chains of the given reasoning chain. This
step-by-step rewriting can generate multi-hop questions and
ensures that each sub-chain’s information is fully utilized.

e According to our proposed difficulty definition, we con-
struct our DVQA dataset from the GQA dataset (Hudson
and Manning 2019) to evaluate model performance. Exper-
imental results show that our proposed framework outper-
forms existing state-of-the-art models in both automatic and
human evaluations, and can controllably generate questions
with the required number of reasoning steps.

Related Work

Most studies tackle the VQG task with deep neural net-
works. Mostafazadeh et al. (2016) build three VQG datasets
and propose an end-to-end neural model to tackle the task of
VQG. Considering that previous research mainly generates
generic and uninformative questions, Krishna et al. (2019)
argue that a good question should aim to expect a specific
target and propose a model that maximizes the mutual infor-
mation between the generated question, the image, and the
target answer. Xu et al. (2021) propose Radial-GCN model
based on the object-level features of an image, which cap-
tures the relations between the answer area and the most rel-
evant image region. Since a target answer may be related to
more than one image region, Xie et al. (2021) first extract
one or more image regions related to the answer based on
image object-level features, and then simultaneously focus
on multiple image regions for question generation. Xie et



al. (2022) propose combining additional knowledge to gen-
erate questions that beyond visual features, which can enrich
the content involved in generating questions. Their studies
focus on generating questions solely based on images with-
out considering the issue of difficulty. Fang et al. (2024) pro-
pose to use an expert mechanism to extract multiple key dif-
ferent objects in an image and then generate diversity ques-
tions with different key objects. The difficulty is an impor-
tant factor in measuring the quality of generated questions.
To the best of our knowledge, Chen et al. (2023) is the first
to propose DVQG, and they argue that difficulty can be used
as an indicator to guide question generation. Inspired by this,
this work explores another dimension of difficulty, which is
the difficulty metric as the length of the reasoning chain re-
quired to answer the question.

Dataset Construction

Existing datasets on VQG (Anderson et al. 2018; Goyal et al.
2017) are insufficient to support the evaluation of this task,
primarily due to the new definition of question difficulty.
Specifically, we define question difficulty as the number of
reasoning steps required to answer the question. In detail,
these datasets cannot contain multiple questions with con-
secutive reasoning steps, and thus fail to train an effective
model or verify whether the model can effectively generate
questions that meet the proposed difficulty definition.

As we know, constructing a dataset suitable for our def-
inition of the DVQG task from scratch is labor-intensive.
Thus, we propose to perform secondary processing on the
existing GQA dataset (Hudson and Manning 2019) that has
been used for traditional VQG. The GQA dataset automati-
cally constructs diverse questions involving various reason-
ing skills mainly through the visual genome scene graph
structure (Johnson et al. 2015; Krishna et al. 2017), which is
a dataset for real-world visual reasoning questions answer-
ing. Each sample of the GQA dataset mainly consists of an
image, an answer, and a list of questions related to the im-
age and the answer. In addition, a series of reasoning steps
required to answer each question is included. We process the
GQA dataset to suit our task in the following two steps, i.e.,
preprocessing and question pair construction.

Preprocessing The reasoning steps in the GQA dataset
mainly include the following situations, i.e., “select”, “fil-
ter”, and “relate”. We choose to retain samples containing
the “relate” type and filter out boolean questions. The rea-
son for selecting “relate” type samples is that they typi-
cally involve understanding and reasoning about the rela-
tionships between multiple objects within an image, which
aligns closely with our goal of constructing multi-step rea-
soning chains. By focusing on “relate” samples, we ensure
that the questions in our dataset require more complex rea-
soning processes, which are essential for validating these
difficulty-controlled question generation approaches.

On the other hand, we filter out boolean questions (i.e.,
“yes/no” questions) because we need to determine the re-
quired reasoning chain based on the answer to the question,
and boolean questions fail to provide this information.
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Question Pair Construction Given the need to generate
questions with different reasoning steps, each sample in our
dataset must contain a set of questions with continuous rea-
soning chains for training and validation. However, the orig-
inal GQA dataset often fails to meet this requirement. There-
fore, we needed to reasonably construct and pair questions
based on the preprocessed data to form valid question pairs.

In detail, we retain merely 1-hop and 2-hop question pairs.
The reason for this choice is that 1-hop and 2-hop reason-
ing chains strike a reasonable balance between complex-
ity and controllability. These question pairs are sufficient
to test the model’s performance at different reasoning dif-
ficulties while ensuring the continuity and coherence of the
constructed questions. Moreover, multi-hop questions (more
than 2 hops) significantly increase complexity, which may
introduce too much noise and uncertainty, potentially affect-
ing the model’s training and evaluation results. Thus, we pri-
oritized 1-hop and 2-hop question pairs as the foundation for
our dataset construction. In cases where a 2-hop question
cannot find a directly corresponding continuous 1-hop ques-
tion in the dataset, we construct a set of questions with con-
tinuous reasoning chains. Specifically, we use the included
1-hop reasoning chain to generate the corresponding 1-hop
questions through the ChatGPT (OpenAl 2023).

Additionally, we perform manual checks on the generated
questions to ensure data quality and the coherence of rea-
soning chains. The manual checking process includes the
following steps, i.e., i) Reasoning Chain Consistency Ver-
ification: Check whether the generated question sets adhere
to the expected reasoning chain structure, ensuring logical
continuity from 1-hop to 2-hop questions. ii) Semantic Ac-
curacy Check: Perform a semantic analysis of the generated
1-hop questions to ensure they are related to the correspond-
ing 2-hop questions.

Model

In this DVQG task, given an image I, a target answer A and
a specific difficulty level d, our goal is to generate a ques-
tion Qg related to the image I and its answer A, where Qyq
requires d reasoning steps to answer. The overall framework
of our multi-step question generation model (MultiStepGen)
can be seen in Figure 2, which consists of three components,
i.e., reasoning chain selection (RCS), visual feature extrac-
tor (VFE), and controllable rewriting module (CRM). First,
the RCS constructs a scene graph .S corresponding to a given
image, and selects a relationship chain 7y: No—N;—...Ny
(T4 € S) related to the given answer A as the reasoning chain
of generated question. Then, with the reasoning chain Tj:
Ny—N; and the image information extracted from the VFE
as input, the CRM produces an initial simple question Q.
Finally, the next step of the CRM iteratively generates more
complex question Q; ( =2, 3, ..., d) based on the Q;_ of the
previous step and a relationship chain T;_1: Ng—Nj...—N;
Ti—1 € 9).

Reasoning Chain Selection

To extract the appropriate reasoning chain from the scene
graph of an image, we mainly include two steps, i.e., (a)
Scene Graph Construction and (b) Answer-aware Selector.
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Figure 2: Overview of our model MultiStepGen. The model is to generate the multi-hop questions step-by-step.

Scene Graph Construction Following Krishna et al.
(2017), we annotate each image with a dense scene graph S,
which contains the objects in the graph and their attributes
and relationships. Each node in the graph represents an ob-
ject, and two nodes with a relationship can be connected by a
directed edge, where the edge describes the relationship be-
tween them. As shown in Figure 1, an object “Candy” (Ny)
and an object “Man” (IV7) are connected by the relationship
“on the left of”, i.e., No— N;. We utilize coreference res-
olution (Lee et al. 2017) to merge different relations of the
same object, e.g., Ng— N7 and N1 — N3 to Ng— N1 —No.

Answer-aware Selector We select a relationship chain 7}
consisting of (d+1) nodes from the scene graph S to gen-
erate questions, where the head node Ny in the Ty is re-
quired to be related to the given answer. Therefore, we need
to extract an object most relevant to the given answer in the
image as node Njy. Specifically, we first utilize the BERT
(Devlin et al. 2018) representation to obtain the features of
the answer and object labels. Then, we use cosine similar-
ity to compute pairwise semantic relevance scores between
each object and its corresponding answer. Finally, we select
the object with the highest correlation score as Ny and its
related chain Ty as our reasoning chain.

Visual Feature Extractor

We employ the pre-trained CLIP ViT-B/16 (Radford et al.
2021) as the visual feature extractor. On one hand, CLIP
is a model that pre-trained with massive image-text pairs,
which can ensure the extracted visual features are semanti-
cally aligned with the text content. On the other hand, CLIP
has shown powerful capabilities for capturing rich visual se-
mantics. Based on the two aspects, we adopt CLIP to extract
visual features.
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In our process, the image is first resized to a standard res-
olution of 224 x 224 pixels. This resizing ensures unifor-
mity across all input images, facilitating consistent feature
extraction. After resizing, the image is divided into P = 14
X 14 = 196 patches, each with a size of 16 x 16 pixels.
This patching process breaks down the image into manage-
able segments (Cheng and Sun 2024), allowing the model
to focus on finer details within each region. Each of these
196 patches is then passed through the CLIP visual encoder,
which computes a visual feature vector v,, for each patch.
These feature vectors are highly representative of the visual
content within each patch and are essential for downstream
tasks that require precise image understanding.

As a result, the collection of visual features from all
patches can be denoted as V' = {v,},%. This set of fea-
tures provides a comprehensive representation of the image,
capturing the various elements and their interactions within
the visual scene.

Controllable Rewriting Module

Initial Question Generation Considering the power-
ful generative capabilities of large-scale language models
(LLMs) (Xie et al. 2024c; Shen and Tang 2024), we use it as
the question generation model. Specifically, the initial step
employs a fine-tuned GPT-2 (Radford et al. 2019; Liu et al.
2024) as the generation model, which has been pre-trained
on a large-scale image captioning dataset to ensure its effec-
tiveness in visual and language tasks. We feed the answer
and the first-hop reasoning chain into the decoder of GPT-2
to generate a 1-hop question.

We formalize the input sequence by merging the first-hop
reasoning chain as the template: “This is a 1-hop question,
the reasoning chain is R, and the answer is A”. The ques-



tion Q; is then generated in an autoregressive manner, be-
ginning with the start-of-sequence token BO.S, followed by
the content of the 1-hop question, and ending with the end-
of-sequence token FOS.

To ensure that the generated question aligns with the fused
visual features, we use the hidden state h; from the GPT-2 at
each time step as the query, and the visual features v; as the
keys and values, applying the vanilla attention mechanism
(Vaswani et al. 2017) for fusing text and visual features.

The model is trained using a cross-entropy objective to
generate a sequence of 7' words, y = {y1, y2, ..., yr }, as the
question. The goal of the training process is to minimize the
negative log-likelihood, thereby improving the accuracy and
relevance of the generated questions. The formula is calcu-
lated as follows:

T
L=- logp(ysly<s),
0=1
where y¢ denotes the words before the 6-th word.

ey

Complex Question Generation After the initial decoder
generates a 1-hop simple question Q1, the rewritten decoder
aims to generate a more complex multi-hop question. Differ-
ent from the generation of the initial question, we adjust the
input of GPT-2. Specifically, we introduce the Q(x_1) from
the previous step as the input, i.e., “This is a N-hop ques-
tion, the reasoning chain is Ry, the (N-1)-hop question is
Q(n-1) and the answer is A”.

Experiment Settings
Dataset

The dataset we constructed in this paper contains 220,657
question pairs. Specifically, 80% of our dataset is used as a
training set, 10% as a validation set, and 10% as a test set.

Baseline Methods

To evaluate the effectiveness of our framework, we compare
our models with several baselines. Our experiments mainly
consider two types of models: existing baseline methods and
the variants of our methods. The baselines are as follows:

e GRNN (Mostafazadeh et al. 2016) is a baseline model
for visual question generation. It uses VGGNet as the image
encoder and GRU as a decoder to generate questions solely
based on images while neglecting the answer information.

e IM-VQG (Krishna, Bernstein, and Fei-Fei 2019) uti-
lizes a ResNet model to encode an image, and combines the
information of the answer and the answer category to gener-
ate a question.

e Radial-GCN (Xu et al. 2021) extracts object-level fea-
tures in an image, and utilizes the radial GCN to focus on an
object most relevant to the answer for question generation.

e MOAG (Xie et al. 2021) simultaneously focuses on one
or more objects in the image that are relevant to the answer
for question generation.

e MS-VQG (Fang et al. 2024) focuses on the objects in
the reasoning chain for question generation.

e ChatGPT (OpenAl 2023) directly generates questions
based on answers and reasoning chains.
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The variants contain i) MultiStepGen w/o VFE, which
ignores image information for question generation; ii) Mul-
tiStepGen w/o CRM, which ignores the step-by-step gen-
eration process and trains and predicts all data together; iii)
MultiStepGen w/o A, which ignores the answer informa-
tion for question generation.

Evaluation

Automatic Metrics To compare our proposed model with
baseline models, we report commonly-used metrics in text
generation, i.e., BLEU (1 to 4) (Papineni et al. 2002),
ROUGE;, (Lin 2004), METEOR (Denkowski and Lavie
2014) and CIDEr (Vedantam, Zitnick, and Parikh 2015).

Human Evaluation Criteria In addition to the automatic
evaluation, we invite five volunteers with a rich educational
experience to judge the quality of questions generated by
different models based on 200 samples (Xing et al. 2017;
Fan et al. 2018). Volunteers refer to the following criteria
to judge the quality of the generated questions: Fluency (F)
measures the grammatical correctness and fluency of the
generated question; Relevance (R) assessment whether the
generated question is relevant to the image and the target
answer; Difficulty (D) mainly reflects the difficulty level of
the generated question, whether a longer chain of reason-
ing is required; Answerability (A) measures whether a ques-
tion can be answered by the given answer. where F, R, and
D take values from {0, 1, 2} (higher values indicate better-
generated questions), while A takes values from {0 or 1} (1
means answerable, 0 means not answerable).

Experimental Details

Our model is implemented using the PyTorch framework
and trained on a single GTX2080 Ti GPU. For the visual
encoder, we employ a CLIP model built with a ViT-B/16
Transformer architecture, which has been pre-trained on
publicly accessible image-caption datasets (Radford et al.
2021). The GPT-2 model we use has been distilled and pre-
trained on a large-scale collection of image-caption pairs
(Sammani, Mukherjee, and Deligiannis 2022). The model
is trained for up to 5 epochs utilizing the Adamax optimizer
(Kingma and Ba 2015), with a batch size of 128 and a learn-
ing rate of 2 x 107°.

Results and Analysis

Comparison with Existing Models The first part of Ta-
ble 1 shows the automatic evaluation results of our model
MultiStepGen and baselines. We have several findings:

e In the experiments, all comparison models significantly
outperformed GRNN, particularly with an increase of at
least 8.99 in the BLEU 4 metric of 1-hop questions. This
result indicates that incorporating constrained answers and
reasoning chains provides crucial information that enhances
the model’s ability to focus on key details within the image,
thereby generating more relevant questions.

e Aside from IMVQG and GRNN, the other models uti-
lized object-level features for question generation, which re-
sulted in noticeable performance improvements. This sug-
gests that object-level features are instrumental in better cap-



Model BLEU1 BLEU2 BLEU3 BLEU4 CIDER METEOR ROUGE
GRNN-KB 25.59 16.39 9.27 5.29 0.46 10.17 26.08
IMVQG 36.53 24.38 17.87 11.08 1.24 13.98 34.29
VGQ-GCN 45.12 31.69 23.61 14.28 1.44 20.46 40.28
VISUAL-BERT 56.37 43.35 25.87 18.38 1.57 23.82 56.59
-hop MS-VQG 48.33 34.23 25.51 17.72 1.55 22.62 48.18
ChatGPT 62.54 49.45 38.94 31.66 3.02 36.27 58.29
MultiStepGen w/o VFE 58.58 43.88 32.19 25.79 241 33.94 55.63
MultiStepGen w/o CRM 60.27 44.74 34.65 26.13 2.29 34.49 55.39
MultiStepGen w/o A 61.79 48.47 37.89 30.61 2.82 35.54 55.93
MultiStepGen 65.36 51.73 41.01 32.26 3.51 37.25 60.02
GRNN-KB 20.68 14.18 791 4.87 0.42 8.53 19.64
IMVQG 25.59 18.13 14.87 10.44 0.92 14.54 20.23
VGQ-GCN 30.52 29.32 20.36 11.78 1.14 16.46 24.28
VISUAL-BERT 36.47 31.12 24.26 14.36 1.22 22.31 36.99
2-hop MS-VQG 32.26 28.98 20.27 10.74 1.05 17.02 26.73
ChatGPT 26.96 20.28 14.45 7.23 1.02 1543 22.58
MultiStepGen w/o VFE 39.54 30.24 21.39 15.18 1.18 20.46 44.25
MultiStepGen w/o CRM 38.21 29.87 21.31 14.79 1.18 20.22 43.57
MultiStepGen w/o A 45.86 32.28 22.25 16.23 1.24 20.87 45.58
MultiStepGen 46.68 34.39 24.76 18.01 2.11 23.27 47.54

Table 1: Main automatic metrics results of baselines and our model on our DVQA dataset.

turing regions of the image that are relevant to the reasoning
chain. Consequently, models leveraging these features were
able to generate questions that were more accurately aligned
with the reasoning chain, thus improving both the accuracy
and logical consistency of the generated questions.

e When generating 1-hop questions, most baselines per-
formed well. Among them, the ChatGPT model is particu-
larly prominent, as the construction of some 1-hop questions
utilizes the ChatGPT model. However, their effectiveness
notably decreased when generating 2-hop questions, with
ChatGPT experiencing the most significant drop in perfor-
mance. This decline can be attributed to the relative sim-
plicity of 1-hop questions, whereas 2-hop questions involve
longer reasoning chains and more complex associations with
the image content. In contrast, our approach not only lever-
ages the powerful generation capabilities of LLMs but also
integrates image information throughout the generation pro-
cess. More importantly, our method enables the step-wise
generation of questions with increasing complexity, ensur-
ing the continuity of reasoning chains between questions,
thereby enhancing both the accuracy and logical coherence
in multi-hop question generation.

Ablation Study The second part of Table 1 shows the per-
formance of our variant models. We find that:

e When the VFE is removed, the model’s performance
significantly declines, with the BLEU-4 dropping by nearly
15% in 2-hop questions. This indicates that visual informa-
tion is crucial for maintaining the integrity of the question.

e Similarly, when the CRM is removed, the model’s per-
formance also saw a significant drop, with the BLEU 4 again
decreasing by nearly 18% in 2-hop questions. This result

F D R A
VisualBERT (1-hop) | 1.80 141 136 0.31
VisualBERT (2-hop) | 1.62 144 1.15 027

MultiStepGen (1-hop) | 1.97 1.02 1.79 0.80

MultiStepGen (2-hop) | 1.97 198 1.70 0.71

Table 2: The human evaluation results.

suggests that the stepwise approach to question generation
effectively ensures the controllability of the question con-
tent (Zhang, Wang, and Zhang 2024), as each step builds
upon the previous one, incorporating minimal new content
while maintaining consistency.

e When the answer is removed, the model’s performance
experiences a slight decrease, with the BLEU 4 dropping by
nearly 10%, though this change is not as pronounced. This
suggests that the content provided by the answer overlaps
with the reasoning chain, resulting in a less significant im-
pact on overall performance.

Human Evaluation Table 2 shows the results of hu-
man evaluation, where we select VisualBERT, the best-
performing baselines, as the benchmark for comparison. We
calculated the standard deviation of the evaluators’ scores
on the human evaluation criteria, with all values being be-
low 0.15. This indicates that the human evaluation results
are highly reliable. In terms of “Fluency”, both VisualBERT
and MultiStepGen receive high scores, reflecting the strong
language modeling capabilities of neural models.

For the “Difficulty”, we observed that the difficulty gap
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Model Up-Down DFAF Counter Graph
DGN (easy) 40.33 39.67 43.32 40.83
DGN (hard) 40.10 39.78 42.16 40.13
Ours (1-hop) 42.76 42.59 47.36 44.96
Ours (2-hop) 39.34 39.74 43.23 40.22
GQA (1-hop) 41.47 40.94 46.21 43.73
GQA (2-hop) 39.74 40.07 44.04 40.97

Table 3: Different VQA models evaluate the generated ques-
tions, which are the results generated by DGN, our model
MultiStepGen with difficulty control.

between the 1-hop and 2-hop questions generated by Mul-
tiStepGen was greater than that of VisualBERT, indicating
that the proposed MultiStepGen model is more effective at
controlling the difficulty of the generated questions.

Moreover, MultiStepGen outperformed VisualBERT in
both “Relevance” and “Answerability”, demonstrating that
our approach can better leverage reasoning chains and an-
swer information to generate higher-quality questions.

Difficulty control experiment Inspired by the research of
Chen et al. (2023), we believe that the difficulty of the ques-
tion can be reflected in the answering results of the respon-
dents. Therefore, we use VQA models to simulate these re-
spondents to evaluate the difficulty of the question, where
the evaluation metric is the accuracy rate. Specifically, we
select four different existing VQA models for evaluation,
i.e., Up-Down (Anderson et al. 2018), DFAF (Gao et al.
2019), Counter (Zhang, Hare, and Priigel-Bennett 2018),
Graph (Norcliffe-Brown, Vafeias, and Parisot 2018).

For a fair comparison, we also introduce the DGN model
(Chen et al. 2023) to generate hard and easy questions. The
results of the difficulty control experiment are shown in Ta-
ble 3, and we find that: i) We observe that the VQA models
performed better on 1-hop questions (e.g., GQA (1-hop) and
MultiStepGen (1-hop)) compared to 2-hop questions (e.g.,
GQA (2-hop) and MultiStepGen (2-hop)). This finding sug-
gests that our model can effectively generate questions with
varying difficulty levels based on the reasoning steps in-
volved; ii) GQA (1-hop) and GQA (2-hop) are manually
constructed datasets where the accuracy of VQA models is
not influenced by the quality of the questions. This further
indicates that, for VQA models, 2-hop questions are more
challenging to answer than 1-hop questions.

In the case of the DGN model, the performance differ-
ence between easy and difficult generated questions in this
VQA task is not significant. For instance, in the Counter
model, the accuracy of easy questions was only +0.16 higher
than that of difficult questions. In contrast, our model shows
greater improvement because it is better suited for generat-
ing questions with clear differences in difficulty.

Case Study

Figure 3 illustrates the visual questions generated by our
MultiStepGen and VisualBERT. We find that: i) The ques-
tions generated by VisualBERT show instances of repeated
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Given Image holding
&
: the left of
Reasoning on
Chaln
in front of

Given Answer Red

VisualBERT
(2-hop)
MultiStepGen
w/o CRM (2-hop)|

‘What is the food left of the boy to the boy is holding?

What color is the food the girl on her left is holding?

MultiStepGen ‘What color is the food the boy is holding?
1-h

Mufﬁs;:)cen What color is the food that the person next to the
(2-hop) girl is holding?

MultiStepGen | What color is the food held by the person to the right

(3-hop) of the person in front of the empty plate?

Figure 3: Case study of sample output questions.

or incorrect triplets, indicating that the model struggles to
accurately capture relationships between objects. In con-
trast, our model leverages the powerful capabilities of GPT
to more accurately capture the relationships of these objects;
ii) We also observed that the questions generated by Multi-
StepGen (1-hop) contain only one relationship triplet, mak-
ing them less challenging; whereas the questions generated
by MultiStepGen (2-hop) include two relationship triplets,
requiring multiple reasoning steps, thus being more diffi-
cult. This demonstrates that our MultiStepGen can effec-
tively control the difficulty of question generation based on
the number of reasoning steps. iii) MultiStepGen w/o CRM
overlooks the parts of the subchain content in the generation
of 2-hop questions. This further supports the effectiveness
of the step-wise generation approach in helping the model
better capture the content of reasoning chains; iv) Based on
training data containing 1-hop and 2-hop questions, the pro-
posed model is able to generate some high-quality 3-hop
questions, demonstrating the scalability of our model. Be-
sides, we extracted 100 multi-hop (> 3-hops) questions from
the original GQA dataset for validation, and the BLEU 4
score is 17.23. This indicates that our model can ensure the
generated effect while increasing the number of chains.

Conclusion

In this paper, we define the difficulty of visual questions
as the number of reasoning steps required to answer them.
Based on this definition, we propose a new dataset and an it-
erative question generation model with controllable reason-
ing steps, laying the foundation for future research. Using
the constructed dataset, we develop a model called Mul-
tiStepGen that learns how to rewrite 1-hop questions into
2-hop questions, where the number of hops represents the
number of subchains in the question. Our model not only
performs well in generating 2-hop questions but also effec-
tively scales to more complex multi-hop questions. The ex-
perimental results demonstrate that the proposed model out-
performs strong baseline models in both key metrics and hu-
man evaluations, and it can flexibly generate questions of
varying difficulty based on the reasoning steps.
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