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Abstract Despite the effectiveness of vision-language supervised fine-tuning in enhancing the performance

of vision large language models (VLLMs), existing visual instruction tuning datasets include the following

limitations. (1) Instruction annotation quality: despite existing VLLMs exhibiting strong performance,

instructions generated by those advanced VLLMs may still suffer from inaccuracies, such as hallucinations.

(2) Instructions and image diversity: the limited range of instruction types and the lack of diversity in image

data may impact the model’s ability to generate diversified and closer to real-world scenarios outputs. To

address these challenges, we construct a high-quality, diverse visual instruction tuning dataset MMInstruct,

which consists of 973k instructions from 24 domains. There are four instruction types: judgment, multiple-

choice, long visual question answering, and short visual question answering. To construct MMInstruct, we

propose an instruction generation data engine that leverages GPT-4V, GPT-3.5, and manual correction. Our

instruction generation engine enables semi-automatic, low-cost, and multi-domain instruction generation at

1/6 the cost of manual construction. Through extensive experiment validation and ablation experiments,

we demonstrate that MMInstruct could significantly improve the performance of VLLMs, e.g., the model

fine-tuning on MMInstruct achieves new state-of-the-art performance on 10 out of 12 benchmarks. The code

and data shall be available at https://github.com/yuecao0119/MMInstruct.

Keywords instruction tuning, multi-modal, multi-domain, dataset, vision large language model

1 Introduction

Benefiting from the large-scale parameters and extensive pre-training corpus, large language models
(LLMs) [1–4] have demonstrated a range of powerful capabilities, including language generation, in-
context learning, world knowledge, and commonsense reasoning. Beyond the pre-training phase, these
models undergo an additional training stage, termed instruction tuning, which equips these base models
with the ability to follow user instructions, thus transforming them into chat models. By integrating these
chat models with pre-trained vision foundation models through a vision-language connector, vision large
language models (VLLMs) exhibit impressive performance across various vision-language tasks. These
models employ similar training schemes to empower VLLMs to effectively understand visual information.
Specifically, during the pre-training phase, models are trained to predict the next text token conditioned
on a given image, while during the instruction tuning stage, the models are required to learn to interact
with users conditioned on the given image and instructions.
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Table 1 Comparison of MMInstruct with existing visual instruction tuning datasetsa)

Dataset #Instances #Domains Question types Question form

LLaVA [5] 150k 3 LVQA, SVQA Fixed

ShareGPT4V [7] 100k 1 LVQA Fixed

M3IT [9] 2.4M 12 TF, MC, LVQA Fixed

Shikra [10] 156k 10 LVQA Diverse

InstructBLIP [11] 1.6M 12 TF, MC, LVQA Fixed

MultiInstruct [12] 510k 14 TF, MC, LVQA Diverse

Vision-Flan [13] 1.6M 22 TF, MC, LVQA Fixed

MMInstruct (ours) 973k 24 TF, MC, LVQA, SVQA Diverse

a) Note that we unify the division of instruction tasks for all datasets based on our task domain partitioning. Question types

are abbreviated due to space constraints. TF: judgment; MC: multiple-choice; LVQA: long VQA; SVQA: short VQA.

However, existing multi-modal instruction tuning datasets [5–7] include following limitations.
(1) Image diversity. The images of these datasets are sourced from existing datasets, such as COCO [8],
which is restricted to the common scenes and thus limits the models’ generalization ability. For instance,
models struggle to process the text-oriented optical character recognition (OCR) image. (2) Annotation
quality. These datasets are generated automatically by employing models (e.g., GPT-4V1)) to generate
new question-answer pairs based on annotations from existing datasets. Despite the advanced capabilities
of existing VLLMs, such data generation pipelines inevitably introduce noise to the generated dataset,
leading to hallucinations in models. (3) Instruction diversity. The instruction types within these datasets
are limited, negatively impacting the models’ ability to generalize across the diverse range of real-world
instructions.

To address these issues, we propose a high-quality and diverse visual instruction tuning dataset named
MMInstruct, which contains 973k instructions. To achieve the universality of the dataset, we design 24
task domains commonly seen in daily life, including (1) perception (image style, image scene, image qual-
ity, image comparison, object localization, object relation, attribute recognition, image description, OCR,
posters, artwork, landmark, spatial relationship, brand recognition, species recognition); (2) reasoning
(numerical calculation, image emotion, commonsense reasoning, complex reasoning, social relation, future
prediction, meme comprehension, writing); (3) multi-round long visual question answering (multi-round
long VQA). Specifically, our instructions comprise four common types: judgment, multiple-choice, long
VQA, and short VQA. The instructions do not adhere to a fixed template, and there may be varia-
tions in format among instructions with the same questioning purpose. And we additionally construct
multi-round long VQA data for long-context logical reasoning training of the model.

Relying on manual efforts to construct such a diverse and high-quality dataset can be excessively
expensive, especially when the data scale is large. Therefore, we propose a semi-automatic, low-cost
instruction generation data engine that leverages GPT-4V, GPT-3.52), and manual correction. To enrich
the scope of image coverage, we first utilize web crawlers and similarity searches to swiftly gather a
large quantity of high-quality images. Then, these images undergo deep semantic analysis via GPT-4V,
transcending the mere reliance on rudimentary annotations of the images themselves. After that, we
integrate the characteristics of both the images and domains to design approximately ten seed questions
for each domain. Unlike other datasets, the seed questions in our engine serve merely as references,
encouraging GPT to generate diverse forms of instructions. Specifically, questions and answers are
generated at the same time to ensure accuracy and reduce illusions. In this way, the data engine can
automatically generate detailed semantic captions and diverse instructions for the image. Additionally,
manual corrections are integral throughout the entire process to ensure dataset quality and minimize
biases.

As shown in Table 1 [5, 7, 9–13], we compare MMInstruct with some representative visual instruction
tuning datasets, demonstrating significant advantages in terms of coverage and diversity of our instruc-
tions. Furthermore, when compared to the exclusive dependence on manual dataset construction, our
data engine’s cost is only 1/6 of manual annotation while concurrently ensuring data quality. The cost
comparison between manual construction and MMInstruct is shown in Table 2.

To verify the effectiveness of MMInstruct, we incorporate MMInstruct into the instruction fine-tuning
phase of LLaVA-1.5 [5]. Our experimental results demonstrate that MMInstruct significantly enhances

1) OpenAI. GPT-4V(ision) System Card. 2023. https://cdn.openai.com/papers/GPTV System Card.pdf.

2) OpenAI. ChatGPT. 2022. https://chat.openai.com.

https://cdn.openai.com/papers/GPTV_System_Card.pdf
https://chat.openai.com
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Table 2 Comparison of costs between MMInstruct construction and manual constructiona)

Method
Manual

construction
MMInstruct

Per image – $0.00885

Per instruction $0.84 $0.0004

Total $817320 $128304

a) “Total” refers to the estimated cost of building the MMInstruct.

Figure 1 (Color online) Performance comparison of different model sizes. (a) Compared with 7B models including Qwen-VL-

Chat [14], LLaVA-1.5-7B [5], our model achieves SoTA on 11 benchmarks; (b) compared with 13B models, including Instruct-

BLIP [11], LLaVA-1.5-13B [5], our model achieves SoTA on 10 benchmarks.

the capabilities of VLLMs. Figure 1 [5, 11, 14] shows the performance comparison of LLaVA-1.5 [5]
on different benchmarks after fine-tuning on LLaVA-665K and MMInstruct. We can see that after
fine-tuning on MMInstruct, our model demonstrates impressive improvements across a wide range of
evaluation benchmarks and exceeds LLaVA-1.5 on 10 out of 12 benchmarks. We also conduct extensive
ablation experiments to analyze the impacts of varying the fine-tuning data on VLLMs. These results
highlight the effectiveness of MMInstruct.

In conclusion, our paper makes the following contributions.

• We construct a visual instruction tuning dataset MMInstruct, containing 24 common domains.
MMInstruct comprises 973k high-quality and diverse visual instructions featuring diverse question forms
and types, including judgment, multiple-choice, long VQA, and short VQA. We show some example
instructions of various question types in Figure 2 and different domains in Figure 3.

• To construct MMInstruct, we designed a semi-automatic, low-cost instruction generation data engine
based on GPT-4V, GPT-3.5, and manual correction. Compared with purely manual construction, Our
data engine’s cost is only 1/6 of manual annotation while ensuring annotation quality and data diversity.

• We conduct comprehension experiments to validate the effectiveness of MMInstruct. As shown in
Figure 1, after fine-tuning on MMInstruct, LLaVA-1.5 achieves state-of-the-art results on 10 out of 12
benchmarks. Specifically, the scores on MME [15] and LLaVA-Bench (in-the-wild) [16] are 1626.2 and
74.5, surpassing LLaVA-1.5 by 94.9 and 3.8 points, respectively.

2 Related work

VLLMs. Significant progress has been achieved in the realm of VLLMs. Models like CLIP [17],
ALIGN [18], EVA [19], which are trained via contrastive learning-based methods, demonstrate the ca-
pacity to understand the complex semantics of the open-world through image-text alignment. Subse-
quent endeavors, as exemplified by VL-BERT [20], VL-BEiT [21], ALBEF [22], VLMo [23], BEiT-3 [24],
CoCa [25], and the Uni-Perceiver series [26–28], have shown proficiency in performing a variety of multi-
modal downstream tasks. However, these models are trained from scratch, leading to escalated expenses
in the development of novel models.
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Figure 2 (Color online) Examples of various question types in MMInstruct. (a) Judgment, (b) multiple-choice, (c) short VQA,

(d) long VQA, and (e) image caption represent different question types in MMInstruct. “Question” denotes instruction generated

by GPT. “Answer” denotes the response based on the instruction. “Caption” denotes the detailed image description generated by

GPT. The green option indicates the correct answer.

In recent years, numerous VLLMs [29–38] have been developed by incorporating pre-trained LLMs [1–4]
with off-the-shelf vision encoders (e.g., CLIP [17]), aiming to combine the visual encoding capabilities of
vision encoders alongside the linguistic knowledge of language models. Earlier research, such as Frozen [39]
and VisualGPT [40], demonstrates the efficiency of employing LLMs as decoders for VLLMs, facilitating
learning from multi-modal data. Flamingo [29] can employ interleaved texts and images as input and is
endowed with remarkable few-shot learning capabilities. In VLLMs, a feature resampler [41] or projection
layer [5, 16] is employed to align the features of vision encoders with the embedding space of language
modes. This alignment facilitates the LLM in acquiring the ability to understand images. With the
introduction of visual instruction tuning in VLLMs (e.g., InstructBLIP [11], Qwen-VL [14], InternVL [30,
31], GPT-4, LLaVA series [5,16], Gemini series [42,43]), a significant enhancement has been observed in
the capability to follow instructions and complete visual tasks. However, many advanced models (e.g.,
GPT-4, Qwen-VL [14]) do not publish their SFT datasets. Currently, the community urgently needs a
diverse, high-quality, open-source visual instruction dataset to further improve model performance.

Datasets for vision-language supervised fine-tuning. In the natural language processing (NLP)
community, the utilization of instruction-following data [44–46] during the SFT stage enables LLMs
to acquire the capability of following natural language instructions and solving real-world tasks, thus
contributing to notable advancements [3, 4, 47]. The integration of the vision modality further enhances
this process by providing additional information for interactions, making visual instruction tuning a more
creative and innovative procedure.
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Figure 3 (Color online) Examples of different domains in MMInstruct. “I” denotes image. “Q” denotes instruction generated

by GPT. “C/A” denotes options and the correct answer to the related instruction; in judgment and multiple-choice questions, the

green option indicates the correct answer. “D” denotes the domain.

MultiInstruct [12] introduces the first human-label visual instruction tuning dataset. Mini-GPT4 [48]
generated its instruction-based dataset by composing image-text datasets and handwritten instruc-
tion templates. LLaVA [16] employs ChatGPT/GPT-4 to convert image-text pairs into multi-modal
instruction-following data. Subsequently, several instruction datasets (e.g., LAMM [49], MIMIC-IT [50],
and Macaw-LLM [51]) further encompass 3D-domain, audio and videos examples for instruction tuning.
InstructBLIP [11] and LLaVA-1.5 [5] incorporate academic-task-oriented VQA datasets to augment the
model’s visual capabilities. M3IT [9] further scaled up the instruction data to 2.4 million instances.
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Table 3 Domain partitioning details of MMInstruct. It includes 23 single turns and 1 multi-round long VQA

Conv. type Domains

Single-turn

(perception)

Image style, image scene, image quality, image comparison, object localization, object relation,

attribute recognition, image description, OCR, posters, artwork, landmark, spatial relationship,

brand recognition, species recognition

Single-turn (reasoning)
Numerical calculation, image emotion, commonsense reasoning, complex reasoning, social relation,

future prediction, meme comprehension, writing

Multi-round Multi-round long VQA

Some studies focus on improving the performance of VLLMs in specific domains or emphasize enhancing
certain aspects of the model’s capabilities. VideoChat [52], TimeChat [53], and Valley [54] build video-
centric instruction datasets aimed at enhancing the video comprehension, conversation, and complex
reasoning capabilities of VLLMs. ScienceQA [55] and MMMU [56] construct question-answer pairs from
primary and secondary school classes and college exams, respectively, covering diverse disciplines and
emphasizing perception and reasoning with domain-specific knowledge. LLaVAR [57] augments visual
instruction tuning with text-rich images using OCR tools and GPT-4. Some datasets (e.g., mPLUG-
DocOwl [58], InstructDoc [59]) focus on document understanding tasks, necessitating models to possess
robust OCR capabilities as a foundation. LRV-Instruction [60] includes both positive and negative
instructions to mitigate hallucination, resulting in a more robust model. Shikra [10] and All-Seeing [6,35]
utilize data with region annotations to enhance the referential dialogue and panoptic visual recognition
and understanding capabilities of VLLMs. Vision-Flan [13], consisting of 22 tasks drawn from academic
datasets, is built to address issues of poor generalization, hallucination, and catastrophic forgetting in
models trained on GPT-4 synthesized data.

Compared to the previous studies, we aim to construct a visual instruction tuning dataset that en-
compasses a wider range of domains, features more precise annotations, and provides richer question-
answering forms and types.

3 Method

In this paper, we propose a visual instruction tuning dataset, named MMInstruct, which ensures diverse
images, high annotation quality, and diverse instructions. Our dataset is primarily divided into 24
domains, including 23 single-turn question-answering domains and one multi-round long visual question-
answering domain. The partitioning details are shown in Table 3. MMInstruct comprises a total of 161k
high-quality detailed image captions and 973k instruction data.

To overcome the high cost of dataset construction while increasing dataset coverage and diversity,
we propose a semi-automatic and low-cost instruction generation data engine utilizing GPT-4V, GPT-
3.5, and manual correction, as shown in Figure 4. Our data engine comprises six steps: (a) image
collection, (b) image caption generation, (c) seed question collection, (d) automatic instruction generation,
(e) dataset expansion, and (f) manual correction. Initially, we collect a large and diverse set of images
from various sources and employ GPT-4V to generate detailed image captions. Seed questions are curated
by our experts and validated for effectiveness. Subsequently, leveraging both the image captions and seed
questions, GPT-3.5 automatically generates a rich and diverse set of instruction data. Additionally, we
employ various methods to expand our dataset. Finally, manual corrections are made to ensure data
quality and accuracy.

Our efforts primarily revolve around the following. (1) Image diversity. Since high-quality images
are difficult to obtain, image acquisition in existing instruction datasets mostly relies on open-source
image datasets, but this also limits the scope of image inclusion. Therefore, we propose a process to
quickly and extensively collect images from the Internet according to a specific domain, with multiple
manual screenings to ensure image quality, as introduced in Subsection 3.1. (2) Annotation quality.
Existing datasets typically rely on existing annotations of images for instruction generation. Rough
annotations can cause hallucination problems. Therefore, in Subsection 3.2, we propose leveraging GPT-
4V to obtain rich semantic information from images, followed by manual corrections to ensure annotation
quality. (3) Instruction diversity. For a specific domain, users have various instructions. In Subsec-
tion 3.3, we propose compiling a seed question set by analyzing common user instructions. For each image,
diverse instructions of four types are generated using the generation pipeline outlined in Subsection 3.4.
Additionally, in Subsection 3.5, we generate multi-round long VQA instructions and incorporate other
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Figure 4 (Color online) Data engine for MMInstruct. Our data engine consists of automatic generation and manual correction.

(a) We collect a large number and diversity of images from a variety of sources; (b) we utilize GPT-4V to generate detailed image

descriptions based on the image and context of the image; (c) human experts collect seed questions and validate the effectiveness of

seed questions using GPT-4V; (d) leveraging those detailed image descriptions and seed questions, we employ GPT-3.5 to generate

instruction-answer pairs; (e) we also use several methods to expand our dataset; (f) additional manual corrections are performed.

Table 4 Some key phrases used for searching images on the web

Domain Search key phrases

Feature prediction Typhoon, traffic accident, football match, dance, rocket launch, sunrise...

Species recognition Mammals, marine life, reptiles, insect, virus, plants, fruits...

Meme comprehension Pepe the frog, confession bear meme, bad luck brian, doge meme...

open-source datasets to further supplement our dataset. Finally, in Subsection 3.6, we implemente a
thorough manual correction process to enhance MMInstruct’s quality and minimize biases.

3.1 Image collection

In order to effectively reduce costs while ensuring image diversification, we propose an efficient image
collection process. Firstly, experts define key phrases for each domain based on which a large number of
open images are crawled from the web, and preliminary screening is conducted on the crawled results. In
Table 4, a small portion of the utilized search key phrases is listed. Next, leveraging existing images as
a foundation, by utilizing k-nearest neighbors image similarity search in the large-scale image repository
LAION-5B [61], rigorously assessing their suitability and quality. Note that in order to avoid duplication
of images, we strictly deduplicate them through image annotation information and manual screening.
Finally, we organize the existing images and select some images from open-source datasets as a final
supplement. Through this approach, we collect a total of 161000 high-quality images across the 24
domains.

3.2 Image caption generation

Previous research [16, 57, 60] has relied on annotation data, including scene captions, bounding boxes,
and OCR, to depict images and generate instructions for text-only GPT models. However, those poor
annotations have become a bottleneck in generating instructions. Therefore, in our data engine, we use
GPT-4V to generate a sufficiently detailed and domain-specific image caption for each image. Rich image
information can make instruction generation more diverse and reduce hallucination problems.

It is worth noting that we have also implemented the following measures to ensure the accuracy and
coherence of the captions generated by GPT-4V. In our caption generation prompt, we additionally
integrate domain-specific prior knowledge. For example, in the OCR domain, text recognition is initially
performed on images using Google OCR. And we modify the prompt appropriately for different domains.
In addition, the annotations of the collected images themselves are also integrated into the prompt for
caption generation. The fundamental prompts for all domains and the addition prompts added for specific
domains are listed in Table 5.
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Table 5 Prompts used for detailed image description generationa)

Domain Prompts

Universal

(for all domains)

〈Image〉

I will provide you an image and related information about the image...

Describe the image in as much detail as possible.

Image related information: 〈Image Tag〉

Text information in the image: 〈OCR Text〉 (if has)

〈Special Requirements〉 (if has)

Numerical calculation
Note that the image provides mathematical problems that may involve numerical values,

mathematical formulas, or graphics.

Brand recognition Try to identify the brand of the item in the image.

Posters Try to identify which file/TV show the image comes from.

Landmark Try to identify the landmark building or place in the image.

Meme comprehension Try to discern the intriguing aspects within the image.

Social relation Try to identify the relationship between the people in the image.

Spatial relationship Try to identify the spatial relationship between the objects in the image.

a) “Universal” represents the fundamental prompt applicable to all domains. The remaining rows enumerate additional prompt

contents added for specific domains. “(if has)” means the content is applicable to the corresponding situation.

Table 6 Examples of seed questions in different domainsa)

Type Domain Seed questions

General

Species recognition
Identify the species in the image.

What is the scientific name of this species?

Image emotion
Which mood does this image convey?

Identify the emotion expressed in this image.

Numerical calculation
Are the calculations in the image correct?

Calculate the formulas in the picture.

Wildcard

Species recognition
This is an 〈object〉, which species does it belong to?

Is the scientific name of this 〈object〉 〈name〉?

Image emotion
Does this image convey the emotion of 〈specific emotion〉?

Is the emotion of 〈some object〉 in the picture 〈positive/negative〉?

Numerical calculation
What is the 〈area/volume〉 of 〈the geometry〉 in the image?

What should the value of 〈variable〉 in the picture be equal to?

a) “General” represents general questions; “Wildcard” represents questions containing placeholders.

3.3 Seed question collection

Seed questions, serving as a reference for instruction generation in our data engine, directly influence
the effectiveness of generated results. These seed questions should be generic, covering the majority of
common instructions users may utilize. Furthermore, for different visual domains, corresponding seed
questions should also have different focuses to clarify the context of the questions answered. Our seed
question templates can be divided into general questions and wildcard questions, Table 6 illustrates some
examples of our seed questions. Even for the same domain, the possible types of seed questions are
diverse, including different asking methods and questions with or without wildcards.

When constructing MMInstruct, we aggregate a large amount of instruction data from existing open
datasets and real users. Subsequently, experts summarize common questions in each domain based on a
statistical analysis of the data to serve as seed questions. Overall, an average of about 10 seed questions
are designed per domain. To ensure the effectiveness of the seed questions, a small batch of instructions
is generated before the actual instruction generation process. This preliminary step can be used to verify
the generated results and make appropriate modifications to the seed questions.

3.4 Automatic instruction generation

After obtaining the seed question and image information, we utilize the text-only GPT-3.5 model to
generate instruction data. We separately design generation pipelines for four types of questions: judg-
ment, multiple-choice, short VQA and long VQA. In the generation pipeline, for each image, its detailed
caption and prior knowledge of the corresponding domain are used as input, and N are randomly selected
from the provided seed questions as references (with N = 3 in our paper). Then guide GPT to generate
instruction data according to the corresponding domain prompt. In order to enable the model to better
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Table 7 Key parts of prompts used for instruction generation in different domainsa)

Type Domains Prompts

With seed

Numerical

calculation,

attribute

recognition,

landmark,

etc.

Given a description of the image and a list of questions, you need to design 3

〈Question-type〉 questions and corresponding answers related to the topic of

〈Domain〉...

Google OCR content: 〈OCR Result〉

Image description: 〈Image Caption〉

Question template: 〈Seed Questions〉

You must output the generated questions, options, and answers in the following

format...

No seed

Complex

reasoning,

commonsense

reasoning

Given a description of the image, you need to ask 3 〈Question-type〉 questions

about the image that can be used in the 〈Domain〉 task and generate

corresponding answers.

You must output the generated questions, options, and answers in the following

format...

Multi-round

Multi-round

long visual

question

answering

Pretend that you have “seen” an image, based on the description provided below,

now you have two tasks:

Create 5 Questions using English: 〈Requests〉

Answer the Questions using English: 〈Requests〉

Example: 〈Example QA〉

Image description: 〈Image Caption〉...

a) “With seed” represents the prompt used when generating instruction data based on seed questions. “No seed” represents

the prompt used when there is no generic question template. “Multi-round” represents the prompt used to generate multi-round

long VQA.

distinguish the type of instructions, we add indicative utterances corresponding to the question type after
each generated question. For example, “Please choose the most appropriate option” will be added to
multiple-choice questions. The key part of prompts used is shown in row 2 of Table 7.

It is worth noting that in some domains, seed questions may not be universally applicable to all images.
For instance, in the numerical calculation domain, the seed questions for formula calculation and variable
solving are distinctly different. To enhance the alignment between images and generated instructions,
we categorize and match images with the corresponding seed questions. Moreover, the number of seed
questions provided for reference is greater than the number of instructions that need to be generated,
which can provide fault tolerance space for GPT, thus reducing the occurrence of unreasonable problems
and hallucinations.

In commonsense reasoning and complex reasoning domains, there are diverse ways of questioning, so
we have not collected seed questions. Instead, We employ a prompt for problems directly generated
without a universal question template to instruct GPT in directly generating domain-relevant questions
from detailed descriptions of the image. The key part of prompts is shown in row 3 of Table 7.

Due to factors such as language, culture, and individual habits, user instructions tend to be diverse.
Therefore, we encourage the instruction questions generated by GPT to be of various styles, as long as they
are semantically close to the seed question. To effectively mitigate hallucination during the generation
process, we strictly enforce GPT to generate both questions and their answers at one time. The answers to
questions must be correct and explicitly derived from the image information. In particular, for multiple-
choice questions, GPT is also required to provide the four options corresponding to the question, ensuring
that exactly one option is correct.

3.5 Dataset expansion

In order to further expand the diversity and versatility of MMInstruct, we also expand the dataset through
other methods. On the one hand, we build a similar pipeline to generate multi-round long VQA data
to extend the instruction type. On the other hand, we screen and process some data from open-source
datasets to extend the domain of our dataset.

Multi-round long VQA data expansion. In practical user usage, multiple rounds of contextually
related questions and answers are a common interaction mode. Multi-round long VQA data with rigorous
logic and reasonable inference is crucial for model training. Such data aids in the learning of deeper
semantic comprehension and inference capabilities, enabling models to perform more accurately and
naturally in understanding questions and deducing answers. Therefore, we propose an automated pipeline
for constructing multi-round long VQA instructions, leveraging the powerful reasoning capabilities of
GPT-4V. Similar to the instruction construction pipeline outlined in Subsection 3.4, it also utilizes
detailed image captions and prior knowledge as input.
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For the pipeline prompt, while strictly constraining GPT to adhere to the given information, we
request it to generate 5 questions along with their corresponding correct answers each time. The key part
of prompts used for multi-round long VQA is shown in row 4 of Table 7. To ensure that the generated
multi-round conversations maintain continuous logical coherence, the 〈Requests〉 part of the prompt
specifically instructs the model to maintain continuous logical coherence throughout the QA pairs. This
includes directives such as “Illustrate a logical linkage and evolution throughout”. Furthermore, in the
〈Example QA〉 part, we provide clear examples to guide the model in producing outputs with similar
coherence. It is worth noting that the multi-round response data generated through our carefully designed
prompts is longer and more informative than other datasets. This will force the model to have a deeper
understanding and rigorous analysis of the questions.

Other source data expansion. In order to further enrich the domain categories contained in
our dataset and increase the diversity of instruction formats, we select some data from open-source
datasets. This includes mathematics datasets [62–68], charts and plots [69, 70], scientific figure [71] and
map chart [72]. We then convert them into dialogue format and add them to MMInstruct.

3.6 Manual correction

The instruction data generated by our data engine has basically met the requirements of the instruction
dataset. However, in bulk generation, some data inevitably contains problems such as hallucination,
grammatical errors, or mismatches between instructions and domain. Therefore, additional manual
corrections are necessary for the constructed data, with the cost significantly lower than that of manually
constructing a complete dataset. Therefore, it is necessary to perform additional manual corrections on
the constructed data, with costs much lower than manually building the dataset from scratch.

In this stage, we provide all data in the form of 〈image, caption, instruction answer〉 pair, as shown
in Figure 5, for manual correction by multiple professional annotation teams. In order to ensure the
quality of the dataset, we set acceptance criteria and hire annotation teams based on the characteristics
of the instruction domain. For example, in the OCR domain, in addition to the regular annotation
requirements, we additionally require the teams to pay attention to whether the text in the image is
correctly recognized, whether the text content is comprehensively recognized, and whether the order of
the text output corresponds to the position in the image, and so forth. The teams inspect and modify
each instruction data based on the image and caption to meet the strict acceptance criteria. In this
process, the same batch of data is shuffled and undergoes three or more rounds of rework. Additionally,
humans possess a greater understanding than GPT, resulting in manually corrected data that exhibits
greater diversity and better alignment with human questioning styles.

Within our data engine, the cost of processing and generating a detailed caption (averaging 200 words)
for a 512×512 image using gpt-4-1106-vision-preview is $0.00885. On this basis, the average cost to gen-
erate an instruction using gpt-3.5-turbo-1106 is $0.0004, with manual correction costing $0.13. Therefore,
for MMInstruct, handling 161k images and 973k instruction data requires approximately $128304. In con-
trast, if we manually construct the dataset, each instruction costs around $0.84, resulting in a total cost
of approximately $817320 for MMInstruct. Remarkably, leveraging our data engine costs only one-sixth
of what it would cost to build it entirely by hand. This effectively demonstrates the cost-effectiveness of
our data engine.

4 Experiments

4.1 Experiment setup

To verify the effectiveness of our proposed dataset MMInstruct, we conduct a series of evaluation experi-
ments. We follow the design of the advanced VLLM architecture LLaVA-1.5 [5], which mainly consists of
three parts: the pre-trained vision encoder CLIP-ViT-L-336px [17], the pre-trained LLM Vicuna-v1.5 [4],
and a 2-layer multilayer perceptron (MLP) projection.

Training details. We adopt the same two-stage training design as LLaVA-1.5. During the pre-
training stage, we keep the vision encoder and LLM frozen and use the LCS-558K pre-training dataset
to train the MLP projection. In the fine-tuning stage, we keep the vision encoder frozen and combine
the LLaVA-665K instruction dataset with our MMInstruct to fine-tune the MLP projection and LLM.
Meanwhile, we use the same hyperparameters as LLaVA-1.5.
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Figure 5 (Color online) One example of the generated instruction data using our data engine. The top block shows the contexts

such as the image tag from Bing and the OCR results obtained from Google. Those contexts are used to prompt GPT to generate

a detailed description of the given image. The second block is a detailed image description generated based on the image and

context. The last two blocks show two different types of instruction data generated based on detailed image descriptions and seed

questions.

Evaluation benchmarks. We evaluate our visual instruction tuning dataset MMInstruct using the
same benchmarks as LLaVA-1.5, including traditional academic VQA benchmarks: VQAv2: VQAv2 [73],
GQA [74], VizWiz [75], ScienceQA-Img: SQAI [55], and TextVQA: VQAT [76]; comprehensive
multi-modal evaluation benchmarks: POPE [77], MME [15], MMBench: MMB [78], MMBench-

Chinese: MMBCN, SEED-Bench: SEED [79], LLaVA-Bench (in-the-wild): LLaVAW [16] and MM-

Vet [80].

4.2 Main results

As shown in Tables 8 and 9 [5,10,11,14,41,81], in quantitative comparisons with leading VLLMs, our 7B
and 13B models significantly outperform LLaVA-1.5 models across various benchmarks, including both
academic VQA and multi-modal evaluation benchmarks. It is worth noting that our 13B model achieves
state-of-the-art performance on 10 out of 12 benchmarks.

Results of VQA benchmarks. On general VQA benchmarks, Our 13B model has shown signifi-
cant improvements over LLaVA-1.5 models, particularly in VizWiz and ScienceQA, especially ScienceQA
exhibiting an improvement of nearly 3% compared to LLaVA-1.5. Additionally, our model has demon-
strated competitive performance in VQAv2, GQA, and TextVQA benchmarks as well. We observed a
slight decrease in model performance on the GQA and TextVQA benchmarks, which may be attributed
to the reduced proportion of training data from these benchmarks after the introduction of MMInstruct.

Results of multi-modal benchmarks. In recent comprehensive multi-modal benchmarks, which
contain fine-grained multi-modal tasks across a wide range of tasks. Our model achieves state-of-the-art
performance on these benchmarks, surpassing LLaVA-1.5 comprehensively. Specifically, we achieve a
substantial gain of 94.9 points (1626.2 vs. 1531.3) on MME and an impressive improvement of 4.4 points
(68.0 vs. 63.6) on MMBench-CN. Furthermore, our model exhibits significant enhancements over LLaVA-
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Table 8 Comparison with state-of-the-art VLLMs on traditional VQA benchmarksa)

Method LLM VQAv2 GQA VizWiz SQAI VQAT

InstructBLIP [11] Vicuna-7B – 49.2 34.5 60.5 50.1

IDEFICS-9B [81] LLaMA-7B 50.9 38.4 35.5 – 25.9

Qwen-VL [14] Qwen-7B 78.8∗ 59.3∗ 35.2 67.1 63.8

Qwen-VL-chat [14] Qwen-7B 78.2∗ 57.5∗ 38.9 68.2 61.5

LLaVA-1.5 [5] Vicuna-7B 78.5∗ 62.0∗ 50.0 66.8 58.2

LLaVA-1.5

+MMInstruct (ours)
Vicuna-7B 79.6∗ 62.8∗ 53.3 71.2 57.7

BLIP-2 [41] Vicuna-13B 65.0 41.0 19.6 61.0 42.5

InstructBLIP [11] Vicuna-13B – 49.5 33.4 63.1 50.7

IDEFICS-80B [81] LLaMA-65B 60.0 45.2 36.0 – 30.9

Shikra [10] Vicuna-13B 77.4∗ – – – –

LLaVA-1.5 [5] Vicuna-13B 80.0∗ 63.3∗ 53.6 71.6 61.3

LLaVA-1.5

+MMInstruct (ours)
Vicuna-13B 80.0∗ 62.6∗ 55.8 74.2 60.9

a) ∗ denotes the training images of the datasets are observed during training. The best results are marked in bold, and the

second best results are underlined.

Table 9 Comparison with state-of-the-art VLLMs on recent multi-modal benchmarksa)

Method LLM POPE MME MMB MMBCN SEED LLaVAW MM-Vet

InstructBLIP [11] Vicuna-7B – – 36.0 23.7 53.4 60.9 26.2

IDEFICS-9B [81] LLaMA-7B – – 48.2 25.2 – – –

Qwen-VL [14] Qwen-7B – – 38.2 7.4 56.3 – –

Qwen-VL-chat [14] Qwen-7B – 1487.5 60.6 56.7 58.2 – –

LLaVA-1.5 [5] Vicuna-7B 85.9 1510.7 64.3 58.3 58.6 63.4 30.5

LLaVA-1.5

+MMInstruct (ours)
Vicuna-7B 86.8 1591.8 69.8 65.2 64.6 71.0 34.4

BLIP-2 [41] Vicuna-13B 85.3 1293.8 – – 46.4 38.1 22.4

InstructBLIP [11] Vicuna-13B 78.9 1212.8 – – – 58.2 25.6

IDEFICS-80B [81] LLaMA-65B – – 54.5 38.1 – – –

Shikra [10] Vicuna-13B – – 58.8 – – – –

LLaVA-1.5 [5] Vicuna-13B 85.9 1531.3 67.7 63.6 61.6 70.7 35.4

LLaVA-1.5

+MMInstruct (ours)
Vicuna-13B 86.9 1626.2 72.1 68.0 64.7 74.5 37.9

a) The best results are marked in bold, and the second best results are underlined.

1.5 on other multi-modal benchmarks, including POPE, MMBench, SEED, LLaVA-Bench (in-the-wild),
and MM-Vet. These results highlight the effectiveness of MMInstruct.

We attribute these performance improvements to the advantages of MMInstruct, including image
diversity, instruction diversity, and high-quality annotations. The dataset includes images from a broader
range of domains, enabling the model to have greater generalization capability. Simultaneously, detailed
and precise image captions and strictly set prompts when generating instructions effectively reduce model
illusion and deviation questions. Moreover, our data engine ensures that the generated instructions
encompass the four common question types and feature complex and varied sentence structures. This
compels the model to deeply understand the essence of tasks rather than merely learning surface-level
sentence patterns. Consequently, it exhibits satisfactory responses to different instruction formats across
VQA and multi-modal benchmarks.

4.3 Ablation studies

While keeping pre-training data the same, we also report the quantitative results of varying the fine-tuning
data. This can provide insights for more efficient use of MMInstruct later.

Effect of domain diversity in MMInstruct. To investigate the impact of domain diversity on
model performance, we conduct ablation experiments on the number of domains. We randomly divide the
data of MMInstruct into subsets with similar data size by domain. Subsequently, we employ the LLaVA-
1.5 13B model pre-trained with the same settings. Only during fine-tuning stages do we incrementally add
new data subsets for each experiment. Figure 6 shows the relationship between the performance of the two
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Figure 6 (Color online) Performance on MMBench/MMBench-CN versus the number of training domains. (a) Dataset partition-

ing by domain; (b) impact on MMBench; (c) impact on MMBench-CN.

Figure 7 (Color online) Performance on multi-modal benchmarks versus the question types. (a) Impact after adding judgment

questions; (b) impact after adding multiple-choice questions; (c) impact after adding short VQA questions; (d) impact after adding

long VQA questions.

comprehensive evaluation benchmarks, MMBench and MMBench-CN, and the number of MMInstruct
fields used in the instruction fine-tuning stage. It is evident that increasing the number of domains
can significantly improve the performance of the model in both Chinese and English. Furthermore, this
performance improvement shows a linear increasing trend overall. These findings robustly confirm the
rationality of our domain categorization and validate the effectiveness of domain diversity.

Effect of question types diversity in MMInstruct. We analyze the impact of different question
types used in the instruction fine-tuning stage on model performance. The model used in the experiment
is LLaVA-1.5 13B, which is pre-trained without any instruction fine-tuning. We categorize the data in
MMInstruct based on question types into judgment, multiple-choice, long VQA, and short VQA. In each
experiment, we randomly select 150k samples from only one type of question data and combine them with
the LLaVA-665K instruction dataset to fine-tune the model. In comparison to the baseline utilizing solely
the LLaVA-665K dataset, the four sub-figures depicted in Figure 7 showcase two prominent benchmarks
for distinct types of questions each. Specifically, the inclusion of long VQA data leads to substantial
improvements of 7.0 and 0.7 points in the LLaVA-Bench (in-the-wild) and MM-Vet benchmarks, respec-
tively. The utilization of multi-choice data significantly enhances the MMBench and SEED benchmarks
by 0.9 and 1.7 points, respectively. This strongly indicates that the diversity of question types is crucial
for models to effectively comprehend tasks.

Effect of multi-round long VQA in MMInstruct. As shown in Table 10, we attempt to remove the
multi-round long VQA data fromMMInstruct to assess its impact on the model. For a fair comparison, we
train the model using the same settings and images, with the only difference being that the multi-round
long VQA instructions are removed from MMInstruct for all images. The results show that multi-round
long VQA data can make the model achieve significant gains, with improvements of 2.2 and 0.5 points on
the LLaVA-Bench (in-the-wild) and MM-Vet benchmarks, respectively. We speculate that this is because
the multi-round long VQA data effectively trains the model to handle long contexts, while the generation
of long outputs also effectively enhances the model’s inference capabilities for complex tasks. This proves
the necessity of adding high-quality multi-round long VQA data to the instruction fine-tuning dataset.
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Table 10 Performance on LLaVA-Wild and MM-Vet versus multi-round long VQAa)

Method LLaVAW MM-Vet

LLaVA-1.5 70.7 35.4

LLaVA-1.5

+MMInstruct-NoMR (ours)
72.3 37.4

LLaVA-1.5

+MMInstruct (ours)
74.5 37.9

a) “NoMR” represents a model tuned without multi-round long VQA. The best results are marked in bold.

Figure 8 (Color online) Visualization of the output comparisons between LLaVA-1.5 and our model.

4.4 Visualizations

We visualize some example outputs of LLaVA-1.5 and our model in Figure 8. Note that the text marked
with the corresponding background color represents the correct reasoning process and results, while the
text marked in red indicates hallucinations. We can see that with additional instruction fine-tuning on
MMInstruct, our model is better able to reason with contextual information in multi-round long VQA,
and its answers contain a more explicit reasoning process. In particular, our model is able to more
accurately recognize text in pictures and understand the spatial relationships of image objects, which is
significantly beneficial for logical reasoning.

5 Conclusion

In this paper, we constructed a high-quality, diverse visual instruction tuning dataset MMInstruct, which
consists of 973k instructions from 24 domains. Specifically, MMInstruct contains diverse question forms
and types, including judgment, multiple-choice, long VQA, and short VQA. To construct MMInstruct, we
propose an instruction generation data engine that leverages GPT-4V, GPT-3.5, and manual correction.
Our data engine enables semi-automatic, low-cost, and multi-domain instruction generation. Compared to
manual construction, our data engine’s cost is only 1/6 of manual annotation while ensuring annotation
quality and data diversity. Then, we incorporate MMInstruct into the instruction fine-tuning phase
of LLaVA-1.5 to evaluate its effectiveness. The results show that our model demonstrates impressive
performance across multiple multi-modal benchmarks. Additionally, we perform comprehensive ablation
experiments to analyze the impacts of varying the fine-tuning data on VLLMs. These results clearly
demonstrate that MMInstruct benefits visual instruction tuning.
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