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Abstract. With the breakthroughs in cross-modal technology of artificial
intelligence, multi-modal question answering (MMQA), as a key research
direction connecting image, text and voice information, has increasingly
significant application value in fields such as barrier-free services and education.
This paper systematically re-views from three dimensions: task classification,
core model methods and experimental performance, and focuses on analyzing the
technical paths of typical tasks such as visual question answering, voice VQA
and image-to-voice QA. It also summarizes the innovative mechanisms and
practical effects of pre-trained models like BLIP-2 and GIT in cross-modal
representation and semantic under-standing. By comparing the dataset
adaptability and evaluation results of different tasks, the study reveals the
bottlenecks in the current technology in terms of se-mantic alignment quality and
output naturalness. This analysis provides theoretical and practical references for
the technical optimization and scenario expansion in the MMQA field. Future
research can focus on improving the deep alignment of cross-modal semantics
and the naturalness of generation, while exploring more general and adaptable
frameworks to promote the in-depth application and innovative development of
MMOQA technology in complex real-world scenarios.

Keywords: Multimodal Question Answering, Visual Question Answering,
Cross-modal Fusion, Pre-trained Model.

Introduction

The iterative development of artificial intelligence technology has driven the demand
for machines to process heterogeneous information. The single-modal information
interaction has been unable to meet the application expectations in complex scenarios.
Multi-modal question answering (MMQA) integrates the visual features of images, the
semantic information of text, and the auditory signals of speech to achieve precise
responses to cross-modal queries. This capability provides core technical support for
scenarios such as visual impairment user assistance systems and intelligent teaching
tools [1].

The current development in the MMQA field relies on the breakthroughs in visual-

language pre-training frameworks. Models such as BLIP-2 and Flamingo have
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significantly improved task processing accuracy through innovative cross-modal
alignment mechanisms [2]. However, existing research mostly focuses on optimizing a
single task and lacks a systematic review of tasks involving different modalities.
Moreover, the summaries of technical limitations have not yet formed a coherent
framework.

This research takes the task types of MMQA as the core framework, and successively
analyzes the technical logic of visual question answering, voice VQA, and image-to-
speech QA. It combines literature cases to summarize the method characteristics and
performance. Through comparative experimental data, it clarifies the differences in
model adaptability and analyzes the current technical bottlenecks and future directions.
This research aims to integrate scattered technical achievements and provide a
structured reference for subsequent innovations in the field.

2 Visual Question Answering

Visual Question Answering (VQA), as a fundamental task type of Multi-modal
Question Answering (MMQA), takes images and text questions as inputs and outputs
natural language answers. The core challenge of this task lies in achieving precise
alignment between visual features and language semantics [3]. This task is widely
applied in scenarios such as image content interpretation and intelligent security, and is
a key benchmark for evaluating cross-modal understanding capabilities.

The BLIP-2 model proposed by Li et al. adopts a two-layer architecture of "frozen
image encoder and large language model (LLM)", and achieves cross-modal
information transmission through a lightweight bridge module [4]. This model does not
conduct secondary training on the image encoder in the VQA task, but only learns the
mapping relationship between visual features and the language space through the bridge
module, significantly reducing the training cost. In the zero-shot test on the VQA v2.0
dataset, BLIP-2 (ViT-g FlanT5 XXL configuration) achieved an accuracy of 65.0%,
significantly higher than the 56.3% of the Flamingo80B model at the same time,
proving that the strategy of freezing the pre-trained model parameters can improve
efficiency while ensuring performance.

The GIT model proposed by Wang et al. is centered on generative pre-training and
transforms the VQA task into an image-driven text generation problem [5]. This model
abandons the traditional multi-task branch design and adopts a unified Transformer
architecture to process image feature encoding and text answer generation, simplifying
the model structure. In the fine-tuning test on the VQA v2.0 dataset, GIT2 (with 5.1B
parameters) achieved an accuracy rate of 81.92%, which was 3.11 percentage points
higher than the basic version GIT (with 0.7B parameters), indicating the adaptability of
the generative architecture to the VQA task and providing an effective path for
reasoning on complex problems.
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3 Voice VQA

Voice VQA is a task type that integrates voice input on the basis of traditional VQA. It
requires first converting the voice questions into a manageable feature representation,
and then generating the answers by combining with image information. The technical
challenge lies in the noise robustness of the voice signal and the cross-modal temporal
alignment [6]. This task provides technical possibilities for hands-free scenarios (such
as driver assistance).

In the field of Spoken VQA (Speech-Visual Question Answering), researchers have
mainly explored two technical paths. One is the two-stage method based on "first
recognition, then answering". The representative model in this field is MUTAN, which
adopts the process of "speech recognition and VQA reasoning". It first converts the
speech question into text through the ASR engine, and then uses its multimodal tensor
fusion (Multimodal Tucker Fusion) [7] mechanism to integrate visual and textual
information and generate the answer. The accuracy rate of the answers in a clean speech
environment is 58.2%, and it is suitable for static and noise-free scenarios. However,
its performance is prone to be affected by the errors in the front-end speech recognition.

To enhance the noise robustness of the model and simplify the processing procedure,
another technical approach is the end-to-end model. One representative of this is the
MAVEx model proposed by Chen et al. [8]. This model achieves the direct fusion of
speech and image features. It directly feeds the speech features extracted by Wav2Vec
2.0 and the image features extracted by ViT into the cross-modal attention module,
completely eliminating the intermediate step of speech-to-text conversion. According
to its report in the paper "MAVEx: Multi-Modal Answer Validation for Knowledge-
Based VQA", this end-to-end model achieves an accuracy of 52.3% in a moderate noise
environment, demonstrating that directly processing speech features can effectively
enhance the model's robustness in complex environments and is more suitable for voice
interaction in mobile scenarios.

4 Image-to-speech QA

Image-to-speech QA takes images (along with optional text descriptions) as input and
generates speech-based answers. The core technical links include image understanding,
answer generation, and text-to-speech (TTS) synthesis. The key requirements are to
ensure the semantic accuracy of the answers and the naturalness of the speech [9]. This
task plays an irreplaceable role in scenarios such as visual impairment assistance and
smart speakers.

When building an image-to-speech question-answering system, researchers have
designed different model architectures based on the requirements of different
application scenarios. In scenarios that aim for high audio quality and high accuracy,
the representative approach is to combine a powerful visual question-answering model
with a high-quality speech synthesis model. For example, using models like
FoundationTTS as the speech synthesis backend, its core advantage lies in leveraging
generative language models to enhance the naturalness and expressiveness of text-to-



350 H.Li

speech conversion. According to its description in the paper "FoundationTTS: Text-to-
Speech for ASR Customization with Generative Language Model", when such high-
quality TTS models are combined with a powerful VQA model (such as BLIP-2), the
overall system achieves a question-answering accuracy of 76.8% on the COCO-QA
dataset, and the average opinion score (MOS) of the synthesized speech reaches 3.8,
which can meet the requirements of applications with high audio quality.

5 Comparative Analysis and Discussion

5.1 Introduction to Basic Information

The core information of commonly used datasets and evaluation metrics in the MMQA
field is as follows, providing a benchmark for task optimization and model comparison:

Core datasets:

VQA v2.0: A benchmark dataset in the field of visual question answering, containing
200,000 images and 1.1 million text questions, covering various daily scenarios and
diverse question types, which can comprehensively test the visual-language alignment
ability of the model [3].

In response to the specific requirements of voice-visual question answering, the
SpokenVQA dataset was born. This dataset contains 48,000 voice questions and is
meticulously labeled with key attributes such as accent and noise intensity, specifically
designed to support the testing of the model's noise robustness in different acoustic
environments, providing a targeted evaluation platform for the optimization of voice
VQA models.

COCO-QA: A question-answering dataset constructed based on COCO images,
containing 120,000 image-question-answer triples, focusing on object recognition and
scene description, suitable for evaluating the semantic accuracy of image-to-speech QA
[10].

In terms of evaluation metrics, accuracy is the core indicator for measuring the
correctness of answers in VQA and speech-based VQA tasks. It quantifies the model
performance by calculating the proportion of samples that match the standard answers,
providing a unified criterion for comparing the performance across different models.
For speech-based VQA tasks, word error rate (WER) is specifically used to evaluate
the accuracy of the speech recognition process. It directly reflects the model's
processing precision of the speech signal by calculating the proportion of inserted,
deleted, and replaced incorrect words [11].

In the evaluation of the image-to-speech QA system, the speech naturalness score
(MOS) assesses the quality of the speech output through manual scoring. This metric
employs a 5-point scoring system, with higher scores indicating that the synthesized
speech is closer to the natural expression of a human, providing a subjective evaluation
standard for the speech synthesis quality of the system.
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5.2  Comparison of Tasks and Models

The performance comparison of the main methods in the MMQA field on the core
dataset and their applicability scenarios is shown in Table 1, which can directly reflect
the advantages and positioning of different technical routes:

Table 1. Comparison of Core Methods for Multimodal Question Answering.

Applicabl
Task Model Core Method Key Performance ppricable
Scene
Frozen
Visual encoder and Zero-shot accuracy: Precise query of
ti BLIP-2 lightweight ' .
Question ‘gatwelg 65.0% (VQA v2.0) image content
Answering bridging
module
Unified Compl
Visual Glelllléfative Fine-tuned accuracy re(;::)ii:( based
Question  GIT2 rate: 81.92% (VQA mng
. Transformer questions and
Answering . v2.0)
Architecture answers
Voice Voice - Image ~ Moderate noise Mobile scene
VOA MAVEXx Feature Direct  accuracy rate: 52.3% voice
Fusion (SpokenVQA) interaction
h
Voice }S(r;:c nition Clean environment Static noise-free
VQA MUTAN and Vg QA accuracy rate: 58.2% scene
) (SpokenVQA)
reasoning
Lightweight
1gatwelg Delay: 1.2 seconds, Edge device
Image-to-  VQA- Feature -
. Accuracy: 72.1% assistance
speech QA FastSpeech Extraction and (COCO-QA) svstem
Fast TTS 4
Multi-module
Image-to semantic - MOS 3.8, accuracy High-quality
S eegéh QA FoundationTTS prosodic rate 76.8% (COCO- audio demand
P Feature QA) scenarios
Association

5.3 Limitations and Future Prospects

Existing Limitations. Although the current MMQA technology performs well in
standard scenarios, there are still significant bottlenecks when it comes to real and
complex environments: Semantic alignment accuracy is insufficient: In complex
scenarios such as multi-object interaction and abstract problems, semantic mapping
between modalities is prone to errors, leading to incorrect answer reasoning. For
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instance, in the VQA task, the accuracy rate of judging "the causal relationship of
objects in the image" is only 60% of that in the basic scenario [4]. Low noise robustness:
In strong noise environments (such as on the street, in factories), the accuracy of speech
VQA drops sharply, with WER rising to over 35%, failing to meet the stable usage
requirements for mobile scenarios [7]. Lack of naturalness in speech: The output speech
from image-to-speech QA often has problems such as harsh rhythm and lack of
emotion. The MOS score is generally below 4.0, and there is a gap between the user
experience and human interaction [10]. Model deployment is challenging: High-
performance models (such as GIT2) have parameter quantities exceeding 5B, and edge
devices (such as embedded terminals) are difficult to handle real-time inference,
resulting in high deployment costs [11].

Future Research Directions. In response to these bottlenecks, by taking into account
the technological trends in the field, we can make breakthroughs in the following
directions in the future: Enhancing cross-modal reasoning: Introducing knowledge
graphs to assist semantic alignment, and using external knowledge to fill the
information gaps between modalities, such as integrating "object attributes - scene
associations" knowledge to improve the accuracy of complex problem reasoning [6].
Optimize noise processing mechanism: By integrating speech enhancement techniques
(such as noise reduction networks) with an end-to-end architecture, reduce the
interference of noise on speech features, and enhance the robustness of speech VQA in
complex environments [8]. Improving the quality of speech generation: Integrating an
emotion analysis module, so that the output of TTS matches the emotional tone of the
problem scenario (such as "urgent issues" corresponding to urgent and urgent speech,
"describing issues" corresponding to calm speech), the goal is to increase the MOS
score to above 4.2 [10]. Constructing a lightweight unified framework: By employing
model compression techniques (such as pruning and quantization) and multi-task
sharing strategies, a single model can be adapted to multiple MMQA tasks. While
ensuring an accuracy loss of less than 5%, the parameter size is controlled within 1B,
thereby reducing the deployment cost on edge devices [11].

6 Conclusions

This study conducts a systematic analysis centered on the core task of multimodal
question answering, focusing on three major directions: visual question answering,
speech VQA, and image-to-speech QA. It reviews the technological evolution path
from traditional two-stage methods to modern pre-training models. By comparing the
architecture design and performance data of representative models such as BLIP-2 and
GIT, it clarifies the advantages and applicable scenarios of technical routes such as
generative architectures and end-to-end fusion - generative models are more suitable
for complex reasoning tasks, while end-to-end models are more appropriate for noise-
sensitive scenarios.

Research has found that current MMQA technology has achieved high accuracy
rates on standard datasets, but there are still significant bottlenecks in semantic
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alignment, noise robustness, and deployment lightweighting. These issues limit the
application of the technology in complex real-world scenarios and need to be addressed
through directions such as knowledge enhancement, noise processing optimization, and
model compression.

The value of this study lies in the establishment of a technical comparison framework
for the MMQA task, providing a reference for researchers to choose their method paths.
At the same time, through the analysis of limitations, it indicates the future innovation
directions. With the further development of cross-modal fusion technology, MMQA is
expected to achieve more transformative applications in areas such as accessibility
services and intelligent interaction, such as providing "real-time scene question
answering and natural voice feedback" throughout the entire chain of assistance for
visually impaired users.
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Open Access This chapter is licensed under the terms of the Creative Commons Attribution-
NonCommercial 4.0 International License (http://creativecommons.org/licenses/by-nc/4.0/),
which permits any noncommercial use, sharing, adaptation, distribution and reproduction in any
medium or format, as long as you give appropriate credit to the original author(s) and the
source, provide a link to the Creative Commons license and indicate if changes were made.

The images or other third party material in this chapter are included in the chapter's
Creative Commons license, unless indicated otherwise in a credit line to the material. If material
is not included in the chapter's Creative Commons license and your intended use is not
permitted by statutory regulation or exceeds the permitted use, you will need to obtain
permission directly from the copyright holder.
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