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Abstract
Question answering (QA) systems are designed to answer nat-
ural language questions. Visual QA (VQA) and Spoken QA
(SQA) systems extend the textual QA system to accept visual
and spoken input respectively.

This work aims to create a system that enables user interac-
tion through both speech and images. That is achieved through
the fusion of text, speech, and image modalities to tackle the
task of spoken VQA (SVQA). The resulting multi-modal model
has textual, visual, and spoken inputs and can answer spoken
questions on images.

Training and evaluating SVQA models requires a dataset
for all three modalities, but no such dataset currently exists. We
address this problem by synthesizing VQA datasets using two
zero-shot TTS models. Our initial findings indicate that a model
trained only with synthesized speech nearly reaches the perfor-
mance of the upper-bounding model trained on textual QAs. In
addition, we show that the choice of the TTS model has a minor
impact on accuracy.
Index Terms: Large language models, Large multimodal mod-
els, spoken question answering, visual question answering,
multimodal

1. Introduction
As the AI landscape continues to evolve, there is a growing shift
from unimodal to multimodal tasks. Unimodal tasks are those
that rely on a single type of input data, such as text, images, or
audio, to perform a specific task, such as text generation, ques-
tion answering, image classification, object detection, and auto-
matic speech recognition (ASR). In contrast multimodal tasks
process and integrate multiple types of input data, combining
text with images (e.g., VQA [1], text-to-image synthesis [2]),
or combining text with audio (e.g., SQA[3], and text-to-speech
synthesis [4, 5]).

Large language models (LLMs) have become the primary
tool for solving many text-based tasks, driven by the abundance
of textual training data and the effort put into their training. As
these models gain wider adoption, more attention is directed at
the human-machine interface. Two crucial modalities for en-
hancing interaction and usability are speech and vision, i.e. the
ability of the models to listen to the user’s speech and to view
relevant information in pictures. Speech enables more natural
and intuitive communication while vision allows models to pro-
cess a broader context leading to richer, more interactive and
holistic AI systems.

In this paper we look at a model that can combine informa-
tion from the three modalities of text, images and speech. Our
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focus is on the spoken visual question answering task (SVQA).
In this task we give the model an audio with a spoken query.
The query is about the visual information within a given image.
The query may also include a text prompt with additional in-
formation (e.g. instructions and multiple-choice answers). The
model is expected to provide a textual response.

Several approaches for augmenting an LLM with additional
modalities have been explored. Due to the close relation be-
tween spoken and written text, one simple approach is to con-
struct a pipeline that first converts the speech to text using an
ASR model and then processes the text with an LLM. While
this does not require any modifications to the LLM, it is clear
that some audible information may be lost in the process and
this is highly dependent on the accuracy of the ASR.

When dealing with visual information, however, construct-
ing such a pipeline is far from optimal. To that end, models such
as LLaVA [6] propose a modality alignment approach, where
an encoded representation of the image, extracted from a pre-
trained image encoder, is directly aligned to the LLM’s input
embedding space. We extend this approach to a Speech-Vision-
Language model by jointly aligning two modality-specific en-
coders, Whisper [7] for speech and CLIP [8] for images, to the
LLMs input embedding space.

The outline for our model’s architecture is detailed in Sec-
tion 3 starting from a baseline model that was pre-trained for
VQA tasks. To incorporate speech capabilities, we first pre-
train the speech modules on speech-only tasks before fine-
tuning the entire model on spoken VQA (SVQA) tasks. This
process requires suitable training and evaluation datasets, which
include both human speech and text-to-speech (TTS)-generated
speech. Section 4 provides details on the datasets used and dis-
cusses the limitations of using synthesized speech data, along
with the methods we employed to mitigate these challenges.

In Section 5, we describe our two-phase training process:
(1) separate pre-training of the speech and vision projectors and
(2) fine-tuning the joint model. We perform an extensive ab-
lation study by training several models with different combi-
nations of datasets and examine the impact of various training
choices.

We evaluate our models on several VQA and SVQA test
sets, with the results presented in Section 6. Our model achieves
an accuracy of 62% on SEED-Bench, despite the greater com-
plexity of SVQA compared to VQA. This result highlights the
potential of extending standard vision-language models to han-
dle more than two modalities. Finally, in Section 7, we provide
a discussion of our results and propose future research direc-
tions.

We summarize our contributions as follows:
1. We extend VQA models to accept spoken inputs.
2. We create new datasets for spoken visual question answering
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(SVQA).
3. We demonstrate the practical use of a zero-shot multi-speaker

TTS system to synthesize QAs, overcoming previous chal-
lenges and preventing training-test speaker leakage.

4. We show that our models perform nearly as well as the tex-
tual upper bound, highlighting SVQA’s potential in human-
machine interaction.

2. Related work
Our work on SVQA extends two important tasks, VQA and
SQA. Visual question answering (VQA) attempts to describe,
locate, and reason regarding some visual input [9, 10, 11]. Sev-
eral models that leverage powerful LLMs and vision encoders
have been proposed [6, 12, 13, 14]. Spoken question answering
attempts to answer a user’s spoken question [15]. Several works
address this challenge [3, 16].

Spoken visual question answering was tackled by several
works, which leveraged a TTS system to synthesize the ques-
tions [17, 18, 19]. These works use a single-speaker TTS sys-
tem. This may not generalize to unseen speakers, as their mod-
els have only seen a single speaker during training. Moreover,
they test on data synthesized from the same TTS system, which
does not expose this limitation. Furthermore, they formulate the
problem as a classification rather than a generative task.

A recent work [20] uses cross-attention of audio/vision em-
beddings, resembling contrastive loss, making it more of a clas-
sifier than a generative model. Other works focus on SQA for
the medical domain [21, 22]. Another related area of works
that incorporate text, audio, and images is audio-visual ques-
tion answering, which is a part of a more general task of video
understanding [23, 24, 25, 26].

3. Spoken VQA model architecture
Our model is based on the LLaVA [6, 12] architecture. The
LLaVA model extends a text-based, generative, large language
model (LLM) for visual question answering (VQA) by allow-
ing visual information input from images. This is done by first
processing the images using an image encoder. The visual data
from the encoder’s output space is then aligned to the LLM in-
put space using a projector module (Figure 1).

We extend this model to support spoken question answer-
ing (SQA) with additional speech input. This is achieved by
processing the audio input with a speech encoder. The output of
this encoder is aligned to the LLM using an additional projector
module (Figure 1). With these two additional inputs, the model
now supports spoken visual-questions answering (SVQA). For
example, we can have a spoken query about visual information
in an image. To support this type of interaction, the textual
prompt may contain <image> and <audio> tags. After the
textual tokenization and the token embeddings, these tags are
replaced with the outputs of the image and audio projector, re-
spectively.

In the experiments described below, our SVQA model is
comprised of the following components:
• LLM: Vicuna-13b-v1.5 [27, 28]
• Image encoder: CLIP-ViT-Large-336px (305 M parameters)

[8], with the input image resized to the CLIP input resolution
(336x336).

• Image projector: 2 fully connected layers with 1024 hidden
states and GeLU activation.

• Speech encoder: Whisper-large-v3 encoder (635 M param-

Figure 1: SVQA model components. Frozen modules are
marked with a snow icon and trainable modules with a fire icon.

eters) [7]
• Speech projector: Our projector first downsamples the in-

put by concatenating 10 consecutive frames into 1. This is
followed by 2 fully connected layers with 4096 hidden states
and ReLU activation.

4. Datasets
4.1. Speech-only datasets

We pre-train the speech projector using the English subset of
Multilingual LibriSpeech (MLS) [29]. The MLS speech sam-
ples are used for two different tasks. The first is ASR, where
the LLM is presented with prompts such as Transcribe
speech to text. Input:<audio> and the target is
the audio transcript. We found that models trained only for ASR
were only producing the transcripts of audio samples. The mod-
els would not address the content of the audio even when given
direct instructions (e.g., Answer the question in the
following audio <audio>).

To overcome this problem, we introduce a new task, which
is based on the same audio samples. In this task, we first asked
a textual language model to describe the sample’s transcript
(e.g., with the prompt Describe the text. Text:
{transcript}). We then record the responses and use them
as targets during training, where we use the same prompt but re-
place the transcript with the corresponding audio sample. This
is similar to [30], which asks the LLM to respond or continue
the textual transcript. However, they found that in many cases,
the transcripts are short text fragments without proper context,
and the LLM can only provide a generic answer without any
meaningful connection to the text itself. By generating a de-
scription, we usually get an answer that is more closely related
to the input text, thus improving the model’s training.

4.2. Speech and images datasets

At the time of writing this article, we are unaware of any train-
ing or testing spoken-visual QA datasets. On the other hand,
visual-textual datasets exist, such as LLaVA-1.5-Instruct [6],
The Cauldron [31], and Cambrian-7M [32]. Consequently, we
convert a textual LLaVA-1.5-Instruct training set into a spo-
ken set by synthesizing the questions using zero-shot TTS sys-
tems [5].
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Using synthetic TTS data for both training and testing
might be considered problematic. The system can easily learn
to over-fit the specific characteristics of the TTS output. For ex-
ample, other synthesized datasets such as Spoken-SQuAD [33]
or HeySQuAD [34] use one TTS with only one voice to synthe-
size the entire dataset. We overcome this limitation by employ-
ing several strategies. First, we use two different high-quality
zero-shot TTS systems: StyleTTS2 [5] and F5-TTS [35].

Using these two systems, we perform cross-validation –
train on samples generated using one TTS, and test on the sam-
ples generated using another TTS – to identify possible over-
fitting. Moreover, we synthesize the speech with a large variety
of voices and speaking styles, as both zero-shot systems receive
as input an audio prompt and text. They synthesize the text into
speech while trying to match the voice and the style of the au-
dio prompt. We use random samples from the MLS dataset as
audio prompts. This large variety of voices and styles helps us
avoid over-fitting to a specific voice.

In addition, we use audio prompts from the MLS train and
test sets for training and testing correspondingly. Because these
sets are disjoint, our test also performs cross-validation with
different speakers and styles selected at random, including 950
different speakers. This results in two training datasets that
were based on the LLaVA-1.5 Instruct training set. Each one
has 3.4M audio samples and a total duration of 5135 hours
of StyleTTS2-generated speech and 4330 hours of F5-TTS-
generated speech (StyleTTS2 speech is generally slower). A
third mixture training dataset is constructed by randomly se-
lecting audio file for each textual sample from either one of the
above-mentioned TTS systems. The synthesis process takes ap-
proximately 2200 GPU hours on NVIDIA V100 processors.

We also convert three well-known VQA evaluation sets
into SVQA test sets by synthesizing their textual questions into
speech using the two TTS systems with 42 different speakers
without speaker or sample overlap with the train set speak-
ers. The test sets are SEED-Bench (Image subset) [9], MME
[10], and DocVQA [11]. Only the question is synthesized,
while the rest of the prompt, including any instructions or the
multiple-choice answers, is kept in textual format. Each test set
has two versions (one with each TTS). In addition, we extend
SEED-Bench and created a spoken version including the multi-
ple choices (see Sec. 6.2.)

5. Model training
The LLaVA-1.5 base model contains a trained Vicuna 13B
LLM, a CLIP image encoder, and a trained image projector
from [12]. The speech tower is composed of a trained Whis-
per encoder1 and a speech projector.

In the first part of the training, we pre-train only the speech
projector in a speech-only system (see Sec. 5.1). In the second
part, we train the whole system with various combinations of
frozen and trainable components (see Sec. 5.2).

5.1. Speech projector pre-training

The speech projector is pre-trained in a system that contains
only the speech encoder, its projector, and the LLM. The
weights of the encoder and the LLM are frozen; only the pro-
jector is tuned.

The projector is trained on two tasks: audio transcription
and audio context description using the speech-only dataset de-

1https://huggingface.co/openai/
whisper-large-v3

scribed in 4.1. The training consists of one epoch over the two
datasets and takes several days on four NVIDIA A100 GPUs.

For the vision projector we use the original LLaVA-1.5
projector pre-trained with CLIP [8] as the image encoder and
Vicuna-13B [27] as the LLM.

5.2. Supervised fine-tuning

In our experiments we compare the following four models:
LLaVA-1.5-13B: This is the baseline tuned VQA LLaVA-1.5
evaluated on text-image datasets. We reproduced the results as
reported in [12].
SVQA-baseline: This is the full SVQA system containing a
Vicuna LLM, image tower and the speech tower. However, on
this system the LLM and encoders are not fine-tuned for the
task, and there is no joint vision-audio training. The image and
speech projectors are each pre-trained separately.
SVQA-STTS2, SVQA-F5, SVQA-Mix: These are the SQVA-
baseline systems that are fine-tuned with the corresponding
StyleTTS2, F5-TTS, and mixed datasets described in 4.2. Dur-
ing this training, both image and speech encoders are frozen,
while both projectors are allowed to be fine-tuned. In addi-
tion, the LLM is tuned using low-rank-adaptation (LoRA) with
r = 64 and α = 16.
SVQA-STTS2-FR: Same as SVQA-STTS2, but during the
fine-tuning only the projectors are trained (LLM is frozen and
no LoRA is used).

The models are trained over one epoch of the corresponding
dataset. Each training takes about one week using four NVIDIA
A100 GPUs.

6. Results
6.1. Spoken VQA

Table 1: Performance across VQA benchmarks (StyleTTS2 /
F5-TTS). Overall, we can see that the LoRA fine-tuned mod-
els perform better than the pre-trained and non-LoRA versions.
The effect of the different TTS systems is minimal, and F5 shows
a slightly better performance across all datasets.

Model SeedBench MME DocVQAval

LLaVA-1.5-13B 68.2 1528 0.235
SVQA-baseline 27.4/28.9 494/457 0.015/0.009
SVQA-STTS2-FR 59.3/56.8 1049/911 0.161/0.147
SVQA-STTS2 61.4/59.2 1231/1187 0.166/0.145
SVQA-F5 61.9/60.3 1256/1173 0.168/0.153
SVQA-Mix 61.8/60.5 1239/1162 0.171/0.147

We evaluate our models using the lmms-eval [36, 37] evalu-
ation platform, which has been widely adopted by the vision and
language community. For SeedBench, we report the accuracy
between the predicted answer and the ground-truth answer. For
DocVQA, we report the average normalized Levenshtein simi-
larity (ANLS) between the predicted and ground-truth answers.
For MME, we follow LLaVA and report the sum of accuracy
scores of the perception tasks. For all these metrics, higher re-
sults is better. We reproduce the results of LLaVA-1.5-13B as
our baseline and evaluate our spoken-visual variants of SEED-
Bench [9], MME [10], and DocVQA [11]. We provide samples
from our SVQA datasets 2 and summarize our results in Ta-

2https://ibm.biz/SvqaDemo
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ble 13.
Overall, the variants with LoRA fine-tuning are the most

capable models, with the F5-TTS model slightly outperforming
the STTS2-TTS on average. As expected, the pre-trained ver-
sions exhibited the lowest performance, while the non-LoRA
variant performed worse than the LoRA-fine-tuned variants.

We also report the text-based VQA as an upper performance
bound for our method. In general, we observe only small differ-
ences between the choice of TTS systems for the training sets,
with no one system consistently outperforming the others across
all tests. However, for the test sets, the StyleTTS2 systems yield
better results, possibly due to producing slower, more intelligi-
ble speech. Given these small differences, we anticipate that
similar results would be obtained when testing with natural hu-
man speech.

Our results demonstrate solid performance across various
types of VQA, underscoring the potential of SVQA to open new
avenues for more effective human-machine interaction.

6.2. The effect of a spoken post-prompt

Table 2: SeedBench - Image accuracy of the full speech prompt
(Full) vs. just the question as speech and the post-prompt as
text (Question). Adding the post-prompt as part of the speech
utterance consistently causes performance degradation.

Model StyleTTS2 F5-TTS

Question Full Question Full

SVQA-STTS2 61.4 54.8 59.2 47.0
SVQA-F5 61.9 56.2 60.3 50.8

The textual version of the SeedBench-Image [9] has the for-
mat of a question followed by multiple-choice answers and in-
structions about the requested answers format. For the tests in
Section 6.1, we synthesize only the question while the answers
and prompts are kept in text format. In addition, we also create
a second version of the test set where the whole text (question,
answers, and post-prompt) is synthesized.

The results for the different sets are shown in Table 2. We
can see that adding the post-prompt as part of the speech ut-
terance performed worse consistently. We hypothesize that this
is because putting the answers in this format is unnatural for
speech. Also, the answers are usually very short, so small er-
rors can easily lead to failures.

6.3. Word error rates

To understand the gaps between the models, we also examine
their abilities in speech transcription. We feed the model with
only speech and the appropriate textual prompt requesting a
transcript and calculate the word-error-rate (WER) for the out-
put. We do this for the natural human speech in the MLS test
set and for the speech we synthesized for the SEED-Bench set
with the two TTS systems. The results are presented in Table 3.

It is hard to extract useful insights from these results. The
high error rates that we see in several cases are mostly caused by
the failure of the model to follow the instructions in the prompt.
Instead of providing a transcript of the speech, the model treats
the content of the speech as a question and tries to answer it.

3A later analysis also included the results of the VQA model on the
ASR transcript of the speech. These results will be presented elsewhere.

Table 3: Transcription accuracy in WER for three different test
sets using different models.

Model MLS SeedBench
StyleTTS2 F5-TTS

SVQA-Baseline 7.4% 28.4% 86.0%
SVQA-STTS2-FR 10.0% 65.4% 108.9%
SVQA-STTS2 87.1% 115.4% 119.5%
SVQA-F5 84.6% 130.5% 128.9%
SVQA-Mix 85.6% 131.9% 134.2%

In the MLS case, most of the samples contain speech from text
fragments, so this is less frequent.

From the results, we can see that training the projectors on
the STTS2 data while the model is frozen (STTS2-FR) provides
improvement to the STTS2 test set, but not to the F5. In all
other models, there is a considerable increase in WER. This is
most likely because the language models specialize in question
answering and therefore try to do this instead of transcription.

7. Discussion
This paper presents our work extending a VQA model into spo-
ken VQA by incorporating a speech encoder and a correspond-
ing projector. A significant portion of the effort was spent on
building both the speech and SVQA datasets. We demonstrate
that, in the absence of natural speech datasets, synthetic speech
generated via TTS can be effectively used.

Although our spoken models are not yet as accurate as their
textual counterparts we have identified two possible causes.
One possible explanation for the gap in the VQA performance
is the fact that the original LLaVA model was fully fine-tuned
for VQA as opposed to our LoRA fine-tuning. The other likely
cause of this discrepancy may stem from errors introduced dur-
ing speech synthesis (for training and testing) and during the
conversion of speech back to text during inference. While the
impact of using synthetic speech instead of natural speech is
difficult to quantify, our cross-validation experiments using two
different TTS systems yielded similar results. This suggests that
the impact of synthetic speech is likely minimal.

As we demonstrate the concept of SVQA, we use LLaVA-
1.5 as our base model and convert its original training data into a
spoken training set. Newer models, incorporate stronger LLMs
and additional enhancements that significantly improve overall
performance. Our method could also benefit from synthesizing
larger publicly available VQA datasets, such as Cambrian [32]
and The Cauldron [31] to SVQA, to further enhance its effec-
tiveness.

Future work is needed to investigate different directions for
bridging the gap between the textual and spoken models. We
might be able to improve the speech transcription accuracy by
adding more datasets for the pre-training stage. These could
be either natural speech or synthesized speech. Additional data
may also help in the fine-tuning phase. For example, we could
add the speech-only dataset and the textual VQA so that the
model will not forget its basic abilities while training for SVQA.
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