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Abstract—With the increasing global aging problem, the ap-
plication of NLP technology to elderly care services has become 
a crucial field o f r esearch. C urrently, c are c hatbots u tilized in 
hospitals, nursing homes, and other institutions can only passively 
provide services when elderly individuals express their needs 
actively. We propose that by combining VQG technology with 
care chatbots, they can provide proactive chat services to the 
elderly. However, existing VQG datasets are not designed for chat 
scenarios specific t o c hatting-with-elderly. T o a ddress t his, we 
developed a VQG dataset called ChatVQG. It includes multiple 
diverse questions for each picture, along with two guiding labels 
per question: question topic and question object, which assist in 
instructing the generation model. We proposed a prompt-based 
text-to-text method of guided question generation and a self-
guided pipeline to implement proactive questioning. We used 
BLIP-2 as the baseline model and fine-tuned i t o n ChatVQG. 
The experimental results demonstrate the effectiveness of our 
proposed method and pipeline.

Index Terms—Active Questioning, Elderly Care, Visual Ques-
tion Generation, Guiding Information, Image-text Generation, 
Multi-modal

I. INTRODUCTION

The world’s aging population is growing. In 2019, 102
countries and regions (50.25% of the total) were considered
aging societies, and by 2050, this number is expected to rise
to 158 (77.83%). Elderly people need more attention and
help, especially when their families are not around. However,
there aren’t enough caregivers to meet this demand. Also, as
technology advances, many elderly people are feeling left out,
which makes them lonely. Loneliness can harm their mental
health, leading to depression, anxiety, and a higher risk of
dementia.

Measures should be taken to alleviate loneliness, improve
social participation, and enhance the quality of life for the
elderly. While family and friends’ company is ideal, it’s often

not possible due to loved ones passing away or children’s work
commitments, leaving elderly individuals alone. Consequently,
new technologies like chatbots and other assistive tools offer
a viable alternative by providing entertainment, memory sup-
port, medication reminders, and enabling communication with
family, friends, or healthcare professionals. This can boost the
elderly’s positivity and combat loneliness [1].

Elderly people often have trouble starting conversations
because they lack motivation, leading to long periods of inac-
tivity. We suggest using chatbots along with Visual Question
Generation (VQG) technology to help with this. As shown in
Fig. 1, the chatbot uses a camera to take pictures of everyday
scenes or access a collection of photos. Then, it shows these
pictures to the elderly and asks them questions about what
they see. This encourages conversation and provides a chance
for the elderly to practice their language skills, keep their
minds active, combat loneliness, and improve their mental
well-being. Ultimately, this can make their lives better and
offer a new solution for our aging society.

When questioning the elderly, it’s important to follow a few
guidelines. First, maintain a natural and engaging tone in your
questions. Second, ensure the questions are clear and avoid
using overly specialized or complex language. Third, ask about
topics and subjects that pique the interest of the elderly. Lastly,
always approach the questioning with respect and politeness,
treating them as you would a respected elder.

We created a new dataset called ChatVQG to address the
limitations of existing datasets for elderly chatting scenarios.
To make the annotation process more efficient, we used
ChatGPT for pre-annotation in a two-stage annotation process.
We divided the visual question generation task into three
subtasks and unified them into a visual-text generation task.
We developed a self-guided pipeline, allowing the model to use
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Fig. 1. A scenario of elderly-health-care chatbot raising an engaging question
about a photo to elderly for chatting.

image input to choose a question topic and generate related
questions. Our baseline model is BLIP-2 Flan T5.

Our contributions in this paper are as follows:
(1) ChatVQG: We propose a VQG dataset for chatting-

with-elderly cenario, called ChatVQG, which consists of 1742
images with a total of 5358 appropriate questions for asking
to elderly people, along with corresponding topic and object
labels.

(2) A Prompt Based Text-to-Text Method for Using and
Training on ChatVQG

(3) A Self-Guided Question Generation Pipeline
(4) Experiments and Evaluations that show the effec-

tiveness of proposed dataset and methods

II. RELATED WORK

Visual Question Generation: The task of visual question
generation is to explore the connection between vision and
language. Mostafazadeh [2] introduced the VQG task and its
first dataset, which focused on creating engaging questions
people typically ask when sharing photos on social media.
They wanted systems to generate questions that would encour-
age responses. Another dataset, MVQG [3], includes multiple
images to enhance the model’s applicability. However, these
studies prioritize engaging the majority and may not suit every-
one. Our work, in contrast, targets elderly individuals, aiming
to generate questions that align with their characteristics and
stimulate conversations.

Image Caption: The image captioning task involves
describing an image’s content using text, which is crucial
for generating questions based on detailed image information.
Early image captioning methods relied on retrieval techniques
[4], [5], [6], [7], but they struggled to produce image-specific

and semantically accurate captions. Newer methods operate in
a multimodal space, where they analyze the image’s visual
content and then use a language model to generate cap-
tions [8], [9], [10], [11]. These modern methods are more
capable of producing novel captions with higher semantic
accuracy. Recent research has shown that multimodal large
models excel in image captioning tasks. BLIP [12] introduced
the CapFit method, which generates higher-quality textual
descriptions for images. BLIP-2 [13] set a new zero-shot
captioning benchmark. ChatCaptioner [14] leverages ChatGPT
to ask image-related questions to BLIP-2, encouraging it to
provide more visual information. By continually extracting
new visual details from BLIP-2’s responses, ChatCaptioner
generates more comprehensive image descriptions.

Visual and Language Models: In recent years, researchers
have been studying models that combine visuals and words.
In our work, we need a model that not only does the job
but also knows a lot about common sense. But because of
limited data, models like BERT [15] can’t learn much common
sense. For instance, extreme sports like diving have specific
knowledge that normal models can’t learn, making it hard
to generate good questions. So, we need big and powerful
language models. Some popular ones are VL-BERT [16],
VLT5 [17], BLIP, and BLIP-2. VL-BERT uses two encoders
with a shared layer to mix visuals and text. VLT5 can handle
text, images, and videos using a shared technique. BLIP is
good for various tasks and BLIP-2 is cost-effective by building
on existing models. BLIP-2 does really well, like generating
text from images with just a description.

III. CHATVQG DATASET

A. Dataset Construction

We use images already chosen by VQG dataset [2], as a
first filter. Then, we remove some images that aren’t good for
asking questions to elderly folks. A flowchart of the dataset
construction process is shown in Figure 2.

(1) Image Source: We selected 5000 images from the MS
COCO image dataset [18] that are used in the VQGcoco-5000
dataset [2] as our initial labeling objects. We further discarded
unsuitable or content-repeated images during the labeling
process, and finally 1742 pictures remained.

(2) Guiding label design: Images contain rich information,
and there are multiple perspectives and goals for questioning
in each image. In order to generate diverse questions in a
controllable way, we designed two guiding labels: question
topic and question object. Each question corresponds to a set
of guiding labels for topic and object.

In order to determine the scope of question topic, we
prepared 7 common topics in everyday conversation and
designed a questionnaire. We invited 12 elderly people over
60 years old to vote for their favorite topics for chatting. We
asked the elderly to choose the five most preferred topics out
of the seven. The top five topics with the most votes are:
1) travel experiences, 2) health and lifestyle, 3) hobbies
and interests, 4) family and children, and 5) history and
culture. We used these five topics as the selection range for our
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A Picture
From VQGcoco-5000

ChatCaptioner First Stage LabelingChatGPT

Topic Selection Prompt

Now there is a photo, <ChatCaptioner result>
Please choose a topic suitable for chatting with the elderly

about this picture from the following optional topics. ···

Object Extraction Prompt

Now there is a photo, <ChatCaptioner result>
Please choose some nouns from the photos that are suitable for
asking questions to the elderly as the target of the question. ···

topics

objects

Second Stage Labeling

Question Generation Prompt

Now there is a photo, <ChatCaptioner result>
Please politely ask an elderly person 3 interesting questions
on the topic of “<topic>” with the “<object>” in the
photo as the target, the questions should be interesting

enough to spark a round of conversation with the elderly . ···

ChatGPTquestions

topics

objects

questions

Fig. 2. ChatVQG dataset construction process.

question topic labels. For question object, we selected suitable
scenes or objects in the images for questioning based on the
requirements of the chatting-with-elderly scene.

(3) Labeling Process: The labeling process consists of two
stages: (a) Topic Selection & Object Extraction and (b)
Question Writing.

We employed ChatGPT as a supplementary tool in our
workflow. At the start of each phase, we initially employed
ChatGPT for pre-annotation. Subsequently, we reviewed, sup-
plemented, or manually adjusted the pre-annotated outcomes.

In the first stage, we selected the question topics and objects
that can be asked about the corresponding image. We first cor-
rected factual errors in the image detail generated by ChatCap-
tioner, such as descriptive errors related to color, orientation,
and quantity. Then, based on the preliminary results of topics
and objects generated by ChatGPT, we manually screened and
labeled the appropriate topics and objects. For images with
few useful details, excessive repetition, or containing sensitive
information, they would be discarded.

In the second stage, We used ChatGPT to generate three
sample questions for each combination of topic and object.
We either chose the most suitable one from the three samples,
or write a question of our own that is highly relevant to the
topic and object. If the combination of the topic and object is
unsuitable the question would be discarded.

B. Data Analysis

To demonstrate the characteristics of ChatVQG, we col-
lected various data as shown in Table I. A total of 1742 images
from COCO were selected, and 5358 questions were written
by two of our colleague, averaging 3.07 diversified questions
per image. A sample of ChatVQG is shown in Figure 3.

We also analyzed the top-15 most frequently occurring
3-gram in our questions, as presented in Table II. It can
be observed that our questioning approach primarily focuses
on seeking opinions and preferences of the elderly, such as
“do you think”, “do you like”, and discussing their past
experiences, for instance, “have you ever”, “you ever tried”,
“you ever been”, showing the characteristics of the chatting-
with-elderly scenarios. Additionally, we calculated the word

Topic: hobbies    Object: dog
Question: Do you have any pets and if so, do you like taking
them on outdoor activities like this dog jumping off the dock?

Topic: hobbies    Object: water
Question: Do you know any interesting water activities that

dogs like to participate in?

Topic: travel experience    Object: dog
Question: Have you ever met a particularly smart, funny dog in

your travels?

Topic: hobbies    Object: water
Question: Have you ever interacted with animals by the lake?

Fig. 3. A sample from ChatVQG.

count in the questions, as shown in Table I. A total of 4464
words appeared in our generated questions. Among these, the
nine most frequent words are shown in Table III. The most
frequent word is “you”, reflecting the nature of our dataset,
which places emphasis on caring for and accompanying the
elderly, rather than the content of the images. Furthermore,
we examined the fifteen most selected question objects, as
depicted in Table III. These question objects mainly comprise
common objects such as pets and scenery, indicating that our
generated questions aim to be easily understandable by the
general public. The average length of our questions is 13.48,
indicating that our questions possess abundant information and
a certain level of depth.

TABLE I
CHATVQG STATS

all images 1742
all questions 5358

average questions per image 3.076
unique objects 1127
unique words 4464

average question length 13.48

C. Application Scenarios

In terms of real-life elderly care scenarios, ChatVQG can be
used to train a visual question generation model to ask polite
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TABLE II
TOP 15 FREQUENT 3-GRAM IN OUR QUESTIONS

have you ever do you think do you have
you have any do you like what do you
you ever tried when you were you ever been

you like to how do you you ever traveled
what kind of do you usually you think the

TABLE III
TOP 9 FREQUENT WORDS AND TOP 15 FREQUENT SELECTED OBJECTS

you do have
ever your what
think like and
cat dog kitchen

beach horse bus
field pizza train

laptop living room couch
vase frisbee cake

and topical conversation questions to the elderly based on
given photos. Such VQG model can enable healthcare robots
to proactively ask questions.

ChatVQG can also be used for research on question gener-
ation technology. QG’s open-ended nature makes the focus of
question generation technology not on accuracy, but on con-
trollability and diversity. ChatVQG can be used as a training
or evaluation dataset for both controllable QG techniques and
diverse QG techniques.

IV. METHOD

In this section, we will introduce an effective method that
fully leverages ChatVQG to train an image-text generation
model. We chose BLIP-2 [13] as the baseline model for
ChatVQG and selected the model that uses Flan T5 [19] as the
LLM in the BLIP-2 series because Flan T5 has received a lot
of instruction tuning and chain-of-thought training, giving it
excellent instruction understanding and reasoning capabilities,
which is very important for controllable question generation.

A. Task Definitions

We designed three training tasks to enable the model to
self-guide and generate appropriate questions in real-world
application scenarios by only using images, without requiring
additional annotations.

(1) Topic Selection: Given a fixed topic selection range T ,
the model needs to select one or more appropriate question
topics t ∈ T based on the image content.

(2) Object Extraction: According to the image content,
select items or scenes suitable for questioning as the question
object o.

(3) Topic-and-Object-Aware Question Generation: Based
on the image content, generate a question q consistent with the
given question topic t and question object o.

B. Prompt Based Text-to-Text Method

We follow the text-to-text idea proposed by T5 [20] and
convert all tasks into text generation tasks. We design input

prompt templates and output templates for each task, aiming to
convert the input and output data of different tasks into smooth
natural language text, so that the model can be naturally trained
on different tasks with the same loss function. Given an input
image p, an input text x, and an output text y of length N ,
the model’s loss function for generating output text based on
the image and input text is shown in equation 1.

L =
1

N

N∑

i=1

logP (yi|y1 . . . yi−1,x,p) (1)

C. Self-Guided Generation Pipeline

We propose a self-guided question generation pipeline so
that the model can generate diverse topical conversational
questions without any help of any other system or human
effort, as shown in Fig. 4. It requires only an image. After
being trained on the topic selection task and the target ex-
traction task, the model has the ability to select appropriate
question topics and question targets on its own, so the entire
pipeline is divided into two stages. First, the model will de-
termine the appropriate question topic and extract the relevant
question objects from the image. Then the model will generate
questions related to each combination of question topic and
question object.

This pipeline can serve as an implementation example for
the scenario of proactive chatting with the elderly we discussed
in this paper.

Fig. 4. The self-guided visual question generation pipeline.

V. EXPERIMENT AND EVALUATION

In this section, we will introduce the comparative exper-
iments we designed and conducted to test the effectiveness
of our proposed method. Simultaneously, our experiments can
also be seen as an exploration of BLIP-2’s capabilities in the
task of question generation. However, it is worth noting that
the method we propose is not exclusive to BLIP-2 and is
applicable to any generative model capable of accepting both
image and text inputs.
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A. Partition of the Dataset

We randomly shuffle ChatVQG and divide the training set
and test set in a ratio of 9:1.

B. Training Methods

We used two training methods to train the BLIP-2 model
and compared their training effects.

(1) Original: In the paper of BLIP-2, the authors proposed
a training method of freezing the large language model and
training the visual encoder and QFormer for image-text gen-
eration. So we call such method as original.

(2) Low-Rank Adaptation(LoRA): It is an efficient large
model fine-tuning strategy proposed by Microsoft [21]. It re-
places the complete parameter update matrix with the product
of two low-rank matrices.

C. Implementation

We use PyTorch and the transformers library developed by
huggingface to train the model on two NVIDIA A6000s with
48G memory. Due to limited GPU resources, we need to adopt
some memory optimization strategies such as half-precision
and INT8 quantization [22] to ensure the execution of the
training process.

D. BLIP-2 Variant Selection

As mentioned above, we have selected the BLIP-2 Flan T5
series model, which consists of two specific models:

• BLIP-2 ViT-G FlanT5XL with 4B parameters.
• BLIP-2 ViT-G FlanT5XXL with 12B parameters.

E. Automatic Evaluation Metrics

(1) Accuracy: We use accuracy to evaluate the model’s
ability to select topics. If the model generates the name of the
topic during topic selection, it is considered that the model
has selected the topic.

(2) ROUGE [23] is primarily employed in the context of
language generation tasks to measure the similarity between
the generated text and reference text.

(3) Semantic Similarity: As we mentioned before, the
question generation task is an open-domain generation task.
Therefore, we employ Sentence BERT [24] to calculate the
semantic similarity between the model output and the refer-
ence.

(4) Topic Relevance: We use ChatGPT to automatically
determine whether the questions generated by the model
belong to the question topic specified by the input.

F. Evaluation of Topic Selection and Guided Question Gener-
ation

We use the automatic evaluation metrics introduced above
to evaluate the performance of two selected BLIP-2 models
trained with different training methods using our proposed
method on ChatVQG for both topic selection task and topic-
and-object-aware question generation. As shown in Table IV,
BLIP-2 fine-tuned with LoRA outperforms the model trained
with the original training method on all evaluation metrics.

TABLE IV
BASELINE EXPERIMENT RESULTS

Model Accuracy ROUGE-L Similarity Relevance

BLIP-2original
XL 57.36 36.69 68.02 68.45

BLIP-2original
XXL 56.02 36.50 67.00 59.63

BLIP-2lora
XL 61.19 38.24 69.96 71.69

BLIP-2lora
XXL 58.81 38.50 69.65 74.01

TABLE V
GUIDING LABELS EFFECTIVENESS EXPERIMENT RESULTS

Baseline ROUGE-L Similarity

BLIP-2original-unguided
XL 30.91 52.05

BLIP-2original-guided
XL 36.69 68.02

BLIP-2original-unguided
XXL 30.54 52.35

BLIP-2lora-guided
XXL 36.50 67.00

BLIP-2lora-unguided
XL 30.59 51.59

BLIP-2lora-guided
XL 38.24 69.96

BLIP-2lora-unguided
XXL 31.14 51.20

BLIP-2lora-guided
XXL 38.50 69.65

We conducted an experiment to emphasize the importance
of guiding labels in ChatVQG. We compared two training
methods for each model: one using only images and another
using both images and guiding labels as inputs. Afterward,
we assessed the quality of the generated content from the
same model trained with these two approaches. As shown
in Table V, each model trained with guiding labels clearly
outperforms the one without guiding labels in every metric.

G. Human Evaluation of Self-Guided Pipeline

Finally, we employ human evaluation to assess the model’s
question generation quality within real-life application scenar-
ios. We input the images from the test set into the self-guided
pipeline and collect all the questions generated by the pipeline,
along with question topics and question objects selected by the
model. Evaluators will assign a score to each question based
on the following evaluation criteria, with a maximum score of
5 points.

Suitability: Are the topic and object chosen by the model
appropriate for the image?

Relativity: Is the question generated by the model highly
relevant to its corresponding topic and object?

Politeness: Is the question generated by the model polite
enough to ask to the elderly?

Engagingness: Is the question generated by the model
engaging enough to be answered?

Subsequently, we calculate the average scores for all test
images across each criterion, as illustrated in Fig. 5.

H. Result Analysis

Based on the experimental results, we can draw the follow-
ing conclusions:

(1) LoRA is better than freezing layers when GPU
resources are limited. As shown in Table IV, the model
trained using LoRA is stronger than the model trained using
the original training method, which freezes all layers in LLM,
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Fig. 5. Human evaluation results of the pipeline.

in all metrics. This is mainly because LoRA efficiently fine-
tunes a small number of parameters per layer, aiding effec-
tive learning from the training data. In contrast, the original
method demands more training data and additional computing
resources. To train, we need to employ mixed or half-precision,
which could slightly affect the training results. This finding can
be valuable for BLIP-2 users facing GPU resource constraints.

(2) The guiding labels we proposed play a significant
role in improving model controllability, which, in turn,
is very helpful for enhancing the quality of question
generation and ensuring accurate evaluation. As shown
in Table V, the obvious difference between the two settings
is self-evident. However, we believe that the lower scores
obtained by unguided models do not mean that their generative
capabilities are weaker because we are comparing models with
exactly the same structure and number of parameters. This
shows that when evaluating open-domain generation tasks, not
using guide labels to control its generation direction does not
objectively reflect the generation quality of the model.

(3) The self-guided pipeline we proposed essentially
fulfills the requirement of proactively asking questions to
the elderly to initiate a conversation. As shown in Fig. 5,
the average score on each criterion in the human evaluation
has surpassed 3 points, with topic relevance and politeness
both exceeding 4 points. This demonstrates that the questions
generated by the pipeline are topical and appropriate for asking
the elderly. The good engagingness indicates that the questions
raised can facilitate multi-round conversations.
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