GENIXER: Empowering Multimodal Large
Language Model as a Powerful Data Generator

Henry Hengyuan Zhao', Pan Zhou?', and Mike Zheng Shou'f

L Show Lab, National University of Singapore, Singapore
2 Singapore Management University, Singapore

Abstract. Multimodal Large Language Models (MLLMs) demonstrate
exceptional problem-solving capabilities, but few research studies aim to
gauge the ability to generate visual instruction tuning data. This pa-
per proposes to explore the potential of empowering MLLMs to generate
data independently without relying on GPT-4. We introduce GENIXER,
a comprehensive data generation pipeline consisting of four key steps: (i)
instruction data collection, (ii) instruction template design, (iii) empow-
ering MLLMs, and (iv) data generation and filtering. Additionally, we
outline two modes of data generation: task-agnostic and task-specific,
enabling controllable output. We demonstrate that a synthetic VQA-
like dataset trained with LLaVA1.5 enhances performance on 10 out of
12 multimodal benchmarks. Additionally, the grounding MLLM Shikra,
when trained with a REC-like synthetic dataset, shows improvements
on 7 out of 8 REC datasets. Through experiments and synthetic data
analysis, our findings are: (1) current MLLMs can serve as robust data
generators without assistance from GPT-4V; (2) MLLMs trained with
task-specific datasets can surpass GPT-4V in generating complex in-
struction tuning data; (3) synthetic datasets enhance performance across
various multimodal benchmarks and help mitigate model hallucinations.
The code can be found at https://github.com/zhaohengyuanl/Genixer.
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1 Introduction

Large Language Models (LLMSs) [2, 6,20, 52| have achieved remarkable success
in tackling complex natural language tasks. This progress has recently extended
to Multimodal Large Language Models (MLLMs) [3,10,17,20, 21,25, 34,40, 55,
63,74,78,81]. These MLLMs exhibit exceptional ability to solve various multi-
modal problems, but the ability to generate visual instruction data remains an
underexplored area. To bridge this gap, this paper is the first to explore the data
generation ability of current MLLMs.

Recent MLLMs [3,9,10,14,17,21,39,68] demonstrate that the visual instruc-
tion data is essential for multimodal learning. Currently, the data used for model
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Fig. 1: Two unsatisfied examples generated by GPT-4V [53]. Our proposed data gen-
erator GENIXERg is capable of generating complex multimodal data such as REC and
REG data, whereas GPT-4V fails to generate the correct bounding box.

training primarily comes from two methods: (1) reformulating current vision-
language datasets into instruction-following format and (2) prompting GPT-4
to create the visual instruction datasets. For the first way, models like Instruct-
BLIP [17] trained on traditional VL tasks, such as visual question answering
(VQA) and image captioning, demonstrate effectiveness on downstream tasks.
However, the datasets of these tasks suffer from a limitation in image diversity,
as most of them originate from the COCO dataset [38], potentially restricting
the model generalization ability. For the other way, LLaVA [39], Shikra [10], and
ShareGPT4V [11] propose prompting GPT-4 to produce the additional visual in-
struction tuning data. The primary limitations of prompting GPT-4 are twofold:
(1) high financial costs for large-scale dataset creation. (2) inferior performance
on some complex tasks such as Referring Expression Comprehension (REC) as
illustrated in Fig. 1. Considering these issues, we propose exploring an alterna-
tive approach to generating visual instruction tuning data by training an MLLM
exclusively for data generation. The benefits of this approach are twofold: (1) it
eliminates additional financial costs for data generation, and (2) it provides flex-
ibility in producing high-quality visual instruction data for arbitrary unlabeled
images.

In this study, we focus on training an MLLM to learn to generate instruction
tuning data from existing datasets, a task we term task-specific data generation.
Additionally, we also explore task-agnostic data generation. Task-specific data
generation is used to build synthetic datasets tailored to explicit task types,
while task-agnostic data generation converts unlabeled images into various task
types. To achieve this goal, we introduce a new pipeline GENIXER, as illustrated
in Fig. 2. This pipeline consists of four key steps: (i) instruction data collec-
tion, (ii) instruction template design, (iii) empowering MLLM, and (iv) data
generation and filtering. In the first step, we focus on collecting prevalent and
representative vision-language (VL) tasks as sources for data generation. The
second step involves meticulously designing two-level instruction templates to
enable controlled data generation for both task-specific and task-agnostic. In the
third step, we select two representative MLLMs, LLaVA1.5, and Shikra, to cover
two main VL task groups data generation: generic and grounding tasks. Both
MLLMs are trained to generate instruction data based on their possessed multi-
modal understanding. In the fourth step, to ensure the quality of the synthetic
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Fig. 2: The illustration of our proposed automatic data generation pipeline (GENIXER.

data, we propose removing incorrect data samples using two newly introduced
automatic data filtering pipelines.

Using the proposed GENIXER, we build two visual instruction tuning datasets:
Genixer-915K for VQA tasks and Genixer-350K for REC tasks. Our experimen-
tal results show that training with 915K VQA-like data improves LLaVA1.5 [39]
on 10 out of 12 multimodal datasets and benchmarks, such as 3.8% improve-
ment on Vizwiz [23], 2.7% on SicenceQA [46], 37.7% on MME. Additionally,
learning with 350K REC-like synthetic data, Shikra shows consistent improve-
ments on 7 out of 8 REC datasets. Beyond quantitative evaluation, human study
and dataset analysis, as detailed in Sec. 4.1 and 4.2, demonstrate the diversity
and effectiveness of generated instruction tuning data. Visualizing examples of
different task types in Fig. 3, it is evident that our GENIXER successfully pro-
duces long and meaningful answers on some challenging tasks such as Multi-turn
Dialogue, PointQA, and Referential Dialogue.

Overall, our approach yields three main findings: (1) MLLMs trained using
our pipeline can produce visual instruction data of comparable quality with-
out the assistance of GPT-4V. (2) MLLMs trained with our pipeline excel at
generating more complex instruction tuning data compared to GPT-4V. (3)
Synthetic datasets significantly enhance MLLMs’ performance on various multi-
modal benchmarks and help mitigate hallucinations in the models. In summary,
our contributions are as follows:

— We present a holistic data generation pipeline, GENIXER, capable of gen-
erating diverse visual instruction tuning data from unlabeled images.

— We contribute two open-source data generator models GENIXERj, and
GENIXERg for advancing data creation in multimodal domains.

— We contribute two high-quality multimodal datasets, Genixer-915K and
Genixer-350K, for enhancing other MLLMs in multiple benchmarks.

2 Related Work

Multimodal Large Language Models. Large Language Models (LLMs) show-
cased the remarkable complicated reasoning abilities. Some well-known open-
souced LLMs include FlanT5 [16], OPT [79], LLaMA [65], Vicuna [15] and
LLaMA-2 [66] show exceptional reasoning ability of solving math, codes prob-
lems. By leveraging these LLMs, a surge of multimodal modes [3,7-10, 17, 20,
24,25,32,36,40,43,44,47,51,55, 68,69, 74,80, 81] are proposed to integrate the
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visual information for diverse multimodal reasoning tasks such as image cap-
tioning [1,12,76] and visual question answering [22, 23,26, 50]. LLaVA [40] is a
pioneering approach that adopts a single linear layer to project the visual features
extracted by CLIP [57] encoder to the input of LLM. Different from LLaVA, In-
structBLIP [17] employs an instruction-aware feature extractor and obtains ad-
vanced performance on various tasks building upon the pretrained BLIP2 [30].
Besides focusing on traditional multimodal tasks, some studies [8,10,58,59,72,75]
focus on solving the grounding tasks with the power of LLMs. Shikra [10] and
Ferret [8] pay attention to curating the visual instruction data, and PVIT [8] em-
ploys the region-based vision encoder. Except for these MLLMs, CogVLM |[68],
Qwen-VL [3], and Kosmos-2 [55] explore adopting a billion-scale pertaining data
corpus to enhance the model generalization ability and robustness.
Multimodal Instruction Data. High-quality visual instruction data is cru-
cial for training an MLLM. Two main setups are as follows: 1) Transforming
the current vision-language datasets into the instruction tuning format, e.g., In-
structBLIP. Such choice is limited by the diversity of image sources. 2) Some
approaches LLaVA, VisionLLM [69], and Shikra, resort to prompting the GPT-
4 [52] language model to generate corresponding instruction data. This way
requires the image datasets to have enough captions or region-based annota-
tions (e.g., bounding boxes), which heavily restricts the data scale. Addition-
ally, prompting commercial LLMs incurs high costs, and even GPT-4V [53]
may not address the data generation effectively on some specific tasks, as il-
lustrated in Fig. 1. Recently, some works [70,71] in natural language processing
domains propose to generate text instruction tuning datasets for performance
improvements. In the multimodal domain, some works have also been proposed
to address image caption data generation [11] and text-centric instruction tun-
ing data generation [64]. However, both approaches rely on prompting GPT-4V
or Gemini Pro to build their synthetic datasets. Unlike these works, we intro-
duce GENIXER, an innovative pipeline that explores the capabilities of MLLMs
to generate high-quality visual instruction data without assistance from current
commercial LLMs. Our approach is the first to demonstrate the effectiveness of
training current MLLMs to generate task-specific visual instructing tuning data
and improve the MLLMs on several multimodal datasets and benchmarks.

3 GENIXER: An Automatic Visual Instruction Tuning
Data Generation Pipeline

Though current MLLMs [3, 39, 68] show exceptional capability of handling var-
ious multimodal tasks, rare works concentrate on visual instruction tuning data
generation. To this end, We propose GENIXER, as illustrated in Fig. 2, which
is a novel pipeline that contains four key steps, including 1) instruction data
collection, 2) instruction template design, 3) empowering MLLMs, and 4) data
generation and filtering. In the following, we will elaborate on these four key
steps.
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Table 1: The statistic of tasks and datasets for training GENIXER. We categorize the
VL tasks into two categories: generic and grounding tasks. Counting110K' is built by
ourselves derived from PointQA [48]. POPE? refers to the object hallucination dataset
generated by ourselves via the pipeline provided in POPE [37].

Category Task Dataset Size
o Common VQA VQAv2, GQA, Countingl10K', POPE} 583K
e Adv VQA POPE?! 20K
5 MC VQA A-OKVQA 17K
o MD VQAv2, LLaVA-Conv-58K 108K
" REC VG, RefCOCO 1M
= REG VG, RefCOCO M
g PointQA PointQA Local, Visual7TW 218K
° Q—CBoA Shikra (GPT-4 Generated) 4K
O RD Shikra (GPT-4 Generated) 1.8K

3.1 Instruction Data Collection

In accordance with the prevalence and practical relevance of real-world VL
tasks, we carefully select nine representative tasks as listed in Tab. 1, includ-
ing Common Visual Question Answering (Common VQA), Adversarial-based
VQA (Adv VQA), Multi-choice VQA (MC VQA), Multi-turn Dialogue (MD),
Referring Expression Comprehension (REC), Referring Expression Generation
(REG), PointQA, Q—C?5°*A and Referential Dialogue (RD). We divide these
tasks into two main categories, generic tasks and grounding tasks.

3.2 Instruction Template Design

In an automatic data generation context, where image content is agnostic, pre-
emptively determining the specific task type becomes particularly daunting, es-
pecially when it involves large-scale data creation purposes. Hence, we consider
two critical modes for visual instruction data generation: 1) task-agnostic and
2) task-specific data generation.

Two-level Instructions. We propose a two-level instruction template for con-
trolling the task type of generated visual instruction tuning data. The instruction
template is as follows:

<s> SYSTEM MESSAGE. USER: <image> Generic Instruction. Specific
Instruction. ASSISTANT: Question: <question> Answer: <answer> </s>

The tags <image>, <question>, and <answer> serve as placeholders for in-
serting the tokens of the image, question, and answer, respectively. Question:
<question> Answer: <answer> is the model response that needs to be predicted
in a left-to-right text generation manner.

Regarding Generic Instruction, it allows the model to generate arbitrary
types of instruction tuning data referred to as mode 1. During training, we ran-
domly select one of 58 handwritten instructions each time. For instance, “Please
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Common VQA REC

User: Can you provide a concise question
and answer based on the image?\nThis is
a Common task.

User: Can you provide a concise question and answer
based on the image?\nThis is a REC task

Question: I'd like to request the coordinates of
Question: How many dogs are there?

Answer: 4. within the photo.

Answer: [

REG

User: Can you provide a concise question and answer
based on the image?\nThis is a REG task.

Adversarial VQA

User: Delve into the image and generate a
straightforward question and
answer?\nThis is a Adv VQA task.

Question: What are the unique aspects of the selected

Question: Is there a person in the image? rectangular area [ ]in image?
Answer: no. Answer:
o 9 box
Multi-choice VQA Q—-CPoxA

User: Can you give me a straightforward question and
answer? Include questions asking about the visual

User: Please glance at the image and provide a
content of the image.\nThis is a QCA with box task.

straightforward question and answer.\nThis is a

MC VOA task 5 " i
Question: Is there an event "a man and a girl using a vacuum

cleaner together” in the picture?

Answer: In the picture, a man [0.447,0.058,0.767,0.838] and a
litle girl [ Jare both holding a vacuum
cleaner [ . They are standing together
and working together on cleaning the floor
[0.003,0.710,1.000,0.998). Based on... Therefore, the answer
is yes.

PointQA

Question: What is the name of the sport these girls are playing?
A. soccer\nB. football\nC. hockey\nD. basketball
Answer: A

Multi-turn Dialogue

User: Design a conversation between you
and a person asking about this photo. The
answers should be in a tone that a visual
Al assistant is seeing the image and
answering the question. Ask diverse
questions and give corresponding answers.
This the long MD task.

User: Can you provide a clear and direct question and
answer by analyzing the image? \nThis is a PointQA task.

Question: Which is the yellow soccer cleat of the player?
Candidates: [0.200,0.434,0.393,0.598]

[ 11 1
[0.450,0.820,0.549,0.944]

Answer: [0.450,0.820,0.549,0.944]

Question: What is the girl wearing in the image?

Answer: The girl in the image is wearing a pink and blue dress.
Question: What is the girl doing in the image? . .
Answer: The girl is sitting on a brown horse, wearing a riding helmet for Referential Dialogue
safety.

Question: What is the girl's expression in the image?

Answer: The girl has a frown on her face in the image.

Question: What is the purpose of the girl wearing a riding helmet?
Answer: The purpose of the girl wearing a riding helmet is to ensure her
safety while riding the horse. Helmets are designed to protect the
rider's head from potential injuries in case of falls, collisions, or any
other accidents that may occur during horse riding activities. Wearing a
helmet is highly recommended for all riders, especially for beginners or
young riders like the girl in the image, to minimize the risk of head
injuries and concussions

User: | require a brief and clear question and answer
regarding the image \nThis is a Referential Dialogue task.

Question: Is the girl [0.182,0.002,1.000,1.000] holding
the bucket [ 1

Answer: The girl [0.182,0.002,1.000,1.000] is not
holding the bucket [ Litisa
green plastic shovel [ ] that she
is holding in her hand [0.184,0.704,0.375,0.822].

Fig. 3: Selected examples generated from GENIXER; and GENIXERs. The examples
include Common VQA, Adv VQA, MC VQA, MD, and five grounding tasks.

provide a clear and direct question and answer after examining the image”. Then,
for Specific Instruction, it is designed to determine the specific task type, such
as “This is a Common VQA task”, allowing us to control the task type referred
to as mode 2.

Controlling Constant. During the training phase, we set a constant 7 for con-
trolling the ratio of training samples that are exclusive with Generic Instruction.
Consequently, in the inference phase, the model is able to switch the mode by
adding specific instructions or not. For example, as illustrated in Fig. 4, the
model is capable of generating various types of data in the absence of specific
instructions. Simultaneously, it can produce specific outputs when guided by a
detailed prompt, like “This is an MC VQA task”.

3.3 Empowering Current MLLMs

To train an MLLM with the ability of data generation, we leverage the two
remarkable MLLMs, LLaVA1.5 and Shikra, as the backbone models for generic
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Fig. 4: A demonstration of two proposed instruction modes during the inference phase.

and grounding task generation. Consequently, we obtain two data generators,
GENIXER7, and GENIXERg.

Overall Framework of GENIXER; and GENIXERg. For brevity, we denote
the MLLM model as F);, the generic and specific instructions as X and Xg.
Then, given an image X7, training objective is to make Fj; to generate question
X, and corresponding answer X ,:

Xgy Xo = Fu(Xa, Xs, X1). (1)

To this end, we follow previous MLLMs [17,39], and design the training objective
in an autoregressive manner:

L L
max Y _log p(Xo|(Xe, X, X1) = [ [ po(wil(Xe, X5, X1, Xo.ci), (2)

where X, is the whole sentence compose X, and X,, and x; is current predic-
tion token. L is the length of the model response sequence. 6 denotes the total
trainable parameters in Fjs (e.g., the parameters of projector and LLM with
LLaVA1.5 backbone).

Training of GENIXER;. GENIXERy trains the pretrained LLaVA1.5 [39] for
four kinds of generic tasks, including Common VQA, Adv VQA, MC VQA, and
MD. As summarized in Tab. 1, we only sample a subset of original datasets from
these task types for training efficiency. The controlling constant 7 is set to 0.2,
0.2, 0.5, and 0.2, respectively. The different ratios are because of the different
data sizes of these task types. These values are chosen manually to keep the
training data balanced. Finally, we use AdamW [42] optimizer with a learning
rate of 1 x 1075 and a batch size of 128 for one epoch training takes about 14
hours.



8 Henry Hengyuan Zhao et al.

Text Prompt for Fuyu Probability: 0.9051
Here is a question-answer pair.

P Processing
Common VQA Transform Is {Q: What is the woman .

y
) holding?\nA: telescope.}' true /

Q: What is the woman holding? N === for this image?\nPlease ===  Fuyu-8B

A: telescope. answer this question with Yes \

or No.\n Yes.

Probability: 0.9315
Text Prompt for Fuyu

. . . Processing
Multi-choice VQA » Transform Here is a question-answer pair. .
Is '{Q: What is the man /

Q: What is the man doing? [l === doing?\nA: jupmping.}' true for === Fuyu-8B
A. Falling B. Jumping C. Sleeping D. Flying this image?\nPlease answer \
A:B this question with Yes or No.\n

Yes.

Fig. 5: The illustration of proposed Fuyu-driven data filtering framework. The outputs
of the framework compose a probability and a direct answer.

Training of GENIXERg. We utilize the Shikra as the backbone model to train
an MLLM with the ability to generate grounding task data. As shown in Tab. 1,
the dataset size for RD is relatively small. To counteract potential biases in the
generation, GENIXERg that finetunes a SOTA model Shikra [10] on region-based
tasks adopts two-phased training. The first phase focuses on the REC and REG
data generation. In the second phase, GENIXERg adds PointQA, Q—CB°* A, and
RD data while deliberately reducing REC and REG data for data trade-off. To
train the GENIXERg, we set the 7 equal to 0.5 for each task type. We utilize the
AdamW optimizer, applying learning rates of 3 x 107> for the first phase and
1 x 10~° for the second phase. The batch sizes are set to 128 and 64, respectively.

3.4 Automatic Data Generation and Filtering

Here, we introduce the image sources used for data generation. Additionally,
recognizing that there are no ready-made state-of-the-art models available for
the VQA data filtering, we introduce two data filtering pipelines to remove the
incorrect data samples, which is essential for subsequent model training.
Data Generation and Filtering of GENIXER; on The Generic Tasks.
We utilize the mixed dataset comprising 558K images from the LAION [60],
CC3M |[61], and SBU [54], as described in [40], and further adopt the 830K
images from the original SBU datasets. We directly feed these 1.4M images to
the trained GENIXER;, and then designate the specific instruction Xg = “This
18 the Common VQA task”, and finally we produce the 1.4M raw data samples.
To assess the quality of generic task data, we design a Fuyu-driven data filter-
ing framework to automatically filter the samples, which may include incorrect
questions or incorrect answers. We design the text prompt as follows:

Here is a question-answer pair. Is {Q:X,\nA:X,} true for this image?\n
Please answer this question with Yes or No.\n

For filtering Common VQA and Adv VQA tasks, we substitute the variables
X, and X, with the generated questions and answers, respectively. In the case
of MC VQA evaluation, we replace the option letter (e.g., “B”) with the corre-
sponding option content (e.g., “Jumping”) and then convert the format to match
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that of Common VQA for processing by Fuyu-8B [5], as shown in Fig. 5. For the
MD task, we decompose multi-turn dialogue into individual single-turn instances
for filtering.

Rather than prompt Fuyu-8B to directly output “Yes” or “No” as the filtering
label, we calculate the probability of predicting the “Yes” as follows:

L
P(Yo|X1, Xy, Xa) = [ [ pwil X1, X, X 20), (3)

where Y. is the predicted response and L is the length the total response se-
quence. Then, we propose a threshold A to control the filtering in the following
manner:

True, if Y, = Yes and P(Y,") > A
S™ = < False, if Y;. = Yes and P(Y;") < A (4)
False, if Y. = No,

where S™ is the filter label representing keeping or removing the current sample.
P(Y;™) denotes the probability of the result “Yes” of n-th candidates. By setting
A = 0.7, we filter the 1.4M raw VQA triplets to 915K instances. We name this
VQA-like synthetic dataset Genixer-915K.

Data Generation and Filtering of GENIXERg on The Grounding Tasks.
GENIXERg adopts the same image resources in generic tasks for generating
grounding-based instruction tuning data. After feeding the 1.4M image corpus
to GENIXERg by set the data type as REC, we get 1.4M raw data.

To assess the quality of these REC data, we propose a CLIP-driven data fil-
tering framework. Specifically, we first use the regular expression to extract the
text expression and region coordinates from the raw generated sentence and then
conduct the following three steps to filter the generated data in a coarse-to-fine
manner. 1) Removing the wrong question or answer formats (e.g., wrong coor-
dinate format). 2) Removing the bonding box whose width or height is smaller
than 50. 3) Employing OpenCLIP-L [27] model for calculating the similarity
score between the text expression and their corresponding image region, dis-
carding samples with CLIP scores below 0.6. For example, consider one REC
sample with the Question “I need the coordinates of the person at the bottom
left of the image. Can you assist?” and the Answer “/0.005,0.352, 0.249,0.984]”.
Here, “person at the bottom left of the image” is the text expression, and the
coordinate of the referring region is “/0.005,0.532,0.249,0.984]”.

By applying a threshold of 0.6, we filter out 350K instances from 1.4M images
and name this REC-like synthetic dataset as Genixer-350K.

4 Experiments

In this section, we evaluate the quality of synthetic datasets from several aspects,
including statistical analysis, human evaluation, evaluation via training MLLMs,
ablation study.
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Fig. 6: The statistics of VQA-like dataset Genixer-915K.
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4.1 Statistical Analysis

To evaluate the generation quality of GENIXERj, we conduct a comparative
analysis using the VQAv2 [22] training set as a comparison. Fig. 6 (a) illustrates
the distribution of question lengths of VQAv2 and Genixer-915K. Notably, our
dataset exhibits a significant long tail, indicating a higher proportion of longer
sentences compared to VQAv2. Additionally, the distribution of nouns and verbs,
depicted in Fig. 6 (b) and (c), showcases the diverse vocabulary present in the
generated questions. To assess data quality, we utilize Flickr30K [76] as the
image source and employ GENIXER[, to generate three representative data types,
as detailed in Sec. 3.4. Results in Tab. 2 demonstrate that our generated data
achieves an accuracy exceeding 80%, with the highest accuracy observed in the
MC VQA category. Furthermore, our generated data exhibits a high probability
(0.8) of being classified as “Yes” across all three data types. This is corroborated
by the probability distribution depicted in Fig. 8, affirming the high quality of
data produced by GENIXER in generating diverse instruction tuning data.

The statistics of the synthetic dataset Genixer-350K are presented in Fig. 7,
showcasing metrics related to expression length, region width, and height. Tab. 3
offers a comparative analysis of our dataset, highlighting the larger collection of
images and expression lengths in Genixer-350K compared to other grounding-
based datasets.

4.2 Human Evaluation

We conduct the human evaluation to manually analyze the generated question
type and corresponding correctness. We employ GENIXER, to generate QA sam-
ples without specific the data type. Since the image content can affect the gen-
eration types, we randomly chose 100 images from the COCO validation set as
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80000

Table 2: Fuyu-8B evaluation result on § rooue
Flickr30K image dataset. Accuracy refers to gm
the “Yes” prediction. S oo
£ 3000
Data Type Accuracy(~%) Average Prob. 2 20000
Common VQA 82'4 0'8186 ° 0.0 0.1 0.2 0.3 04 O.S‘QB 0.7 0.8 09 1.0
MC VQA 87.8 0.8721 Probability
MD 82.5 0.8252 Fig. 8: The distribution of the probability

by Fuyu-8B evaluation on Genixer-915K.

Table 3: Comparison of images, objects, Table 4: The human evaluation on 100

and average length between Genixer- randomly selected examples from held-
350K with other visual grounding in (COCO Val) and held-out (Flickr30K)
datasets. datasets.
Dataset Images Objects Avg. Length . ! Held-in (COCO val)  Held-out (Flickr30K)
Question Type #Samples Correct (~%) #Samples Correct(~%)
Flickr Entities [56] 31,783 275,775 :
Action 13 92 17 88
RefCOCOg [49] 26,711 54,822  8.43 Colon N i A 7
RefCOCO [30] 19,994 50,000  3.61 Counting 6 83 3 66
RefCOCO+ [30] 19,992 49,856 3.53 Object Type 23 87 38 76
Visual Genome [31] 108,077 4,102,818 - Relative Position 32 75 23 65
Yes/No 2 50 4 100
Genixer-350K 350,000 447,801 6.67 Others 16 81 11 82

the held-in set and 100 images from Flickr30K as the held-out set. As shown in
Tab. 4, we divide the questions into seven types, such as “Action” and “Color”.
One can observe that “Object Type” and “Relative position” are the two most
popular question types of both held-in and held-out datasets. Among held-in
samples, “Action” question also has a notable proportion with 92% correctness.
Different from the held-in set, 38 out of 100 samples belong to “Object Type”
and 23 out of 100 “Relative Position” in the held-out set. In all of these types,
the correctness of the held-in dataset is slightly higher than the held-out dataset.

4.3 Evaluation via Training MLLMs

Unless specifically stated otherwise, all experiments were conducted on an 8
Nvidia A100 (40G) GPU setup.

Evaluation on General Tasks.

Benchmarks. Following the baseline LLaVA1.5 [39], we evaluate the enhanced
model on 12 multimodal datasets and benchmarks. We select five generic VQA
datasets, including VQAv2 [22], GQA [26], VizWiz [23], ScienceQA [46], and
TextVQA [62]. We test the multimodal benchmarks on MME [18], MMBench [41],
SEED-Bench [35], LLaVA-Bench [40] and MM-Vet [77]. Additionally, we also test
the model on hallucination benchmark POPE [37].

Main results. As pointed out in [17] and [39], the ratio of dataset mixture is cru-
cial for the model training. We proceed to add the large-scale synthetic dataset
Genixer-915K into the pretraining stage rather than the finetuning stage for a
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Table 5: Comparison with SOTA methods on 12 benchmarks. * represents the train set
used in training. All abbreviated names of benchmarks are following [39]. T indicates
results we reproduced since the original results could not be replicated.

Method LLM \VQA"2 GQA VizWiz SQA! VQAT\POPE MME MMB MMB®YN SEED' LLaVAW MM-Vet
BLIP-2 [36] Vicuna-13B | 41.0 41.3 19.6 61.0 425 | 85.3 1293.8 — - 49.7 381 22.4
InstructBLIP [17] Vicuna-7B 492 345 605 50.1 | - ~ 360 237 588 609 26.2
InstructBLIP [17] Vicuna-13B | - 49.5 334 63.1 50.7 | 789 12128 - - - 58.2 25.6
Shikra [10] Vicuna-13B | 77.4*  — - - - - - 58.8 - - - -
IDEFICS-9B [33] LLaMA-7B | 50.9 384 355 442 259 | - — 482 252 445 - -
IDEFICS-80B [33] LLaMA-65B| 60.0 452 36.0 689 309 | - - 545 381 532 - -
Qwen-VL [3] Qwen-7B | 78.8* 59.3* 352 67.1 63.8| - - 382 T4 623 - -
Qwen-VL-Chat [3] Qwen-7B 782" 57.5" 389 682 615 14875 60.6 56.7  65.4

LLaVA-1.5 Vicuna-7B | 78.5° 62.0° 50.0 66.8 58.2 | 85.9 1465.0' 643 583 662 65.4  31.
LLaVA-1.5,G 910K (ours) Vicuna-7B | 79.1° 63.1* 53.8 69.7 59.0 | 87.3 1502.7 65.3 59.4 66.6  64.0 30.1

Table 6: Results on Referring Expression Comprehension (REC) task.

Method RefCOCO RefCOCO+ RefCOCOg Av
etho val  test-A test—B‘ val  test-A test—B‘ val test ‘ &
GPV-2 [29] 51.59 - - — - - - - -
OFA-L [67] 79.96 83.67 76.39 | 68.29 76.00 61.75 | 67.57 67.58 | 72.65
Unified-10 [45] 78.60
OFASys [4] - 80.10 - - - - - - -
VisionLLM-H [69] - 86.70 - - - - - - -
UNITER [13] 81.41 87.04 74.17 | 75.90 81.45 66.70 | 74.02 68.67 | 76.17
VILLA [19] 82.39 87.48 74.84 | 76.17 81.54 66.84 | 76.18 76.71 | 77.77
UniTAB [73] 86.32 88.84 80.61 | 78.70 83.22 69.48 | 79.96 79.97 | 80.89
MDETR [28] 86.75 89.58 81.41 | 79.52 84.09 70.62 | 81.64 80.89 | 81.81
Shikra [10] 87.01 90.61 80.24 | 81.60 87.36 72.12 |82.27 82.19 | 82.92
Shikra g-350K (ours) | 87-48 91.05 81.77|81.89 87.43 73.14|81.99 83.15|83.49

fair comparison, adhering to the same training protocols utilized by LLaVA1.5.
For the finetuning stage, we meticulously curated 8K VQA-like data samples, se-
lected based on Fuyu-8B’s probability range of 0.5 to 0.7 with the image resource
from SBU [54]. The probability range was chosen based on findings that higher
probabilities correlate with simpler, more straightforward VQA instances. By
selecting data within this specific range, our model can learn more challenging
VQA samples. From Tab. 5, one can observe consistent enhancements across 10
out of 12 benchmarks compared with vanilla LLaVA1.5. Indeed, on several tasks,
our generated data can make significant improvements, e.g., 3.8% on VizWiz,
2.9% on SciencQA, and 37.7 scores on the MME benchmark. While the im-
provement in the SEED benchmark is not as obvious as we initially expected,
this is primarily because the synthetic data belongs to the Common VQA type
while many questions of SEED require outside knowledge to solve which is out
of the scope of Genixer-915K. The performance on LLaVA-BenchW and MM-
Vet shows a slight decline, possibly due to their smaller scale and the utilization
of GPT-4 as the evaluation metric. This could introduce additional uncertainty
and potential biases into the results.

Evaluation on Grounding Tasks.
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Table 7: Performance of GENIXER[ on 6 representative benchmarks.

Method Setting VQAv2 GQA VizWiz SQA! POPE SEED!

LLaVAl.5 - 78.5 62.0 50.0 66.8 85.9 66.2
GENIXERL ZS 79.7+1_2 61.370_7 50.8+0,8 65.671_2 86.0+0,1 65.670_5
GENIXERL MixT 80.2+1‘7 63.1+1_1 54.1+4,1 67.1+0,3 87.5+1,6 67.1+0,9

Table 8: The effect of Data scales on syn-  Table 9: The effect of different probabil-

thetic VQA-like dataset. ity threshold A.

Dataset VQAv2 GQA VizWiz SQA' POPE SEED' Setting Size VQAv2 GQA VizWiz SQA'! POPE SEED!
Baseline 785 620 50.0 66.8 859 66.2 Baseline - 785 620 50.0 66.8 859 662
Genxier-300K  79.0 62.9 52.7 685 87.1 65.8 A=0 14M 79.0 629 535 69.6 87.1 66.2
Genxier-610K  79.0 63.1 53.7 69.2 87.2 66.2 A=05 1LIM 791 63.1 532 69.1 869 664
Genixer-915K  79.1 63.1 53.8 69.7 87.3 66.6 A=0.7 09M 79.1 63.1 53.8 69.7 87.3 66.6

Benchmarks. Following the baseline model Shikra [10], we test the enhanced
model on REC tasks. We use the test datasets RefCOCO [30], RefCOCO-+ [30],
RefCOCOg [49].

Main results. Here, we adopt Shikra [10] as the model to evaluate the qual-
ity of Genixer-350K produced by GENIXERg. Adhering to Shikra’s published
code, we incorporate our synthetic data into the training phases, maintaining
consistent training iterations to ensure a fair comparison. Tab. 6 shows the im-
provement on 7 out of 8 test datasets with a non-trivial average boost of 0.6%.
These findings imply that our pipeline can be an alternative approach to gener-
ate grounding-based instruction tuning data, which is typically challenging for
manually labeling and not satisfied for prompting GPT-4V, as shown in Fig. 1.
Performance on Genixer. As illustrated in Tab. 2 and Fig. 8, GENIXER[,
showcases a superior capability of generating high-quality data. It is natural
for us to investigate the performance of GENIXERy. Accordingly, we evaluate
GENIXER, and report its results in Tab. 7, which refers to the setting ZS. One can
observe the minor declines in performance on the GQA, ScienceQA, and SEED,
alongside a modest enhancement on VQAv2, VizWiz, and POPE. Such results
are due to the exclusive training on generating instruction tuning data. Thus, for
a fair comparison to investigate the capability of GENIXERy, we proceeded to
retrain the GENIXERy, with the mixture of the 665K finetuning dataset used in
LLaVA1.5 and the datasets for training GENIXER;, for one epoch following the
same training protocols. The outcomes of this process are presented as MixT in
Tab. 7, where we witnessed significant improvements across all six benchmarks.

4.4 Ablation Study

Effect of data scale. Tab. 8 investigates the effects of the scales of our synthetic
data in the pretraining stage. One can observe that a larger scale often leads to
a steady performance improvement on all of the six benchmarks, showing the
quality of our synthetic data.
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Probability Range. Tab. 9 investigates the impact of the probability threshold
during data filtering in Section 3.4 on the data quality. By varying A\, we observe
that higher values of A often better improve performance across all six bench-
marks, even with a reduced number of selected training samples. This suggests
that the quality of data is more crucial than the quantity of samples.

5 Conclusion, Limitations, and Societal Impacts

In this paper, we introduce a novel automatic data generation pipeline called
GENIXER, designed to efficiently and affordably produce high-quality instruction
tuning data by leveraging current MLLMs. We instantiate GENIXER into two
data-generative MLLMs, GENIXERy, and GENIXERg, tailored to generate gen-
eral and grounding instruction tuning data, respectively. To ensure the quality of
the generated data, we propose two data filtering frameworks: Fuyu-driven and
CLIP-driven. Finally, we contribute two instruction tuning datasets, Genixer-
915K and Genixer-350K, targeting Common VQA and REC. Experimental re-
sults demonstrate that both generated datasets significantly enhance LLaVA1.5
and Shikra across various multimodal benchmarks, respectively.

Limitations. 1) LLM Scale: Due to computational constraints, we do not
test larger LLM models, such as 13B or 34B. However, we believe that our
data generator could be beneficial since larger models are more data-hungry.
2) Data Scale: While scaling up the candidate image corpus to larger datasets
like LATON-2B could enhance the model capability, training costs and time con-
straints restrict us to do such expansions. But Tab. 8 shows scaling can improve
performance. 3) Fwvaluation: Despite proposing effective data filtering frame-
works, evaluating complex and open-ended data types like Referential Dialogue
remains challenging, leaving room for future exploration.

Societal Impacts. Our work addresses the challenge of generating high-
quality instruction tuning data by presenting a comprehensive pipeline. It paves
the way for future investigations into generating diverse multimodal data, con-
tributing to advancements in various fields.
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