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Abstract

Training models on synthetic data has emerged as an increas-
ingly important strategy for improving the performance of
generative AI. This approach is particularly helpful for large
multimodal models (LMMs) due to the relative scarcity of
high-quality paired image-text data compared to language-
only data. While a variety of methods have been proposed
for generating large multimodal datasets, they do not tailor
the synthetic data to address specific deficiencies in the rea-
soning abilities of LMMs which will be trained with the gen-
erated dataset. In contrast, humans often learn in a more ef-
ficient manner by seeking out examples related to the types
of reasoning where they have failed previously. Inspired by
this observation, we propose a new approach for synthetic
data generation which is grounded in the analysis of an ex-
isting LMM’s reasoning failures. Our methodology leverages
frontier models to automatically analyze errors produced by
a weaker LMM and propose new examples which can be
used to correct the reasoning failure via additional training,
which are then further filtered to ensure high quality. We gen-
erate a large multimodal instruction tuning dataset containing
over 553k examples using our approach and conduct exten-
sive experiments demonstrating its utility for improving the
performance of LMMs on multiple downstream tasks. Our
results show that models trained on our synthetic data can
even exceed the performance of LMMs trained on an equiv-
alent amount of additional real data, demonstrating the high
value of generating synthetic data targeted to specific reason-
ing failure modes in LMMs.

1 Introduction
Recent advancements in large language models (LLMs)
have significantly advanced the state-of-art across a broad
range of problem domains, which can be attributed in large
part to scaling the size of models and datasets used for train-
ing. However, a limiting factor to further scaling of training
datasets is the availability of new high-quality data. With
recent studies suggesting that we are rapidly approaching
saturation of existing public data sources (Villalobos et al.
2022; Xue et al. 2023), synthetic data generation has become
an increasingly popular approach for augmenting training
datasets. The generation of high-quality synthetic data has
become more feasible recently as the capabilities of LLMs
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have increased, thereby enabling their use for the production
of synthetic data at scale (Ding et al. 2024; Yu et al. 2023;
Lee et al. 2024; Howard et al. 2022, 2023; Su et al. 2024).

Synthetic data has been especially valuable for training
large multimodal models (LMMs), which combine an LLM
with a vision encoder to enable text generation conditioned
on multimodal inputs. Unlike LLMs, real data for training
LMMs is scarce due to the lack of naturally-occurring im-
ages paired with high-quality text. Consequently, popular
LMMs such as LLaVA (Liu et al. 2023) use partially syn-
thetic data for multimodal instruction tuning, which is often
collected by generating synthetic text for real images.

Existing approaches to generating synthetic data suitable
for training LMMs suffer from two primary limitations.
First, most rely on the acquisition of real images, which are
then paired with synthetic text produced by another LMM.
This limits their application to domains where images are
readily available and therefore makes such approaches ill-
suited for low-resource settings where image data is scarce.
Second, prior approaches utilize broad generation strategies
which arbitrarily produce synthetic examples without con-
sideration of the type of data which would be most useful
for improving LMMs. This results in an inefficient approach
for both generating data and training LMMs, as many of
the synthetic examples may provide little or no incremen-
tal value when added to training datasets.

In contrast to the dominant paradigm for generating syn-
thetic training data, humans often learn more efficiently by
focusing their attention on examples which are most related
to their past reasoning failures. To acquire expert knowl-
edge, Ericsson, Krampe, and Tesch-Römer (1993) argue that
humans should “ideally be given explicit instructions about
the best method and be supervised by a teacher to allow indi-
vidualized diagnosis of errors, informative feedback, and re-
medial part training.” Since humans acquire new knowledge
by learning from their failures (Darabi, Arrington, and Say-
ilir 2018; Brown, Collins, and Duguid 1989; Morgan 1904),
seeking out additional examples related to past reasoning
errors for further practice and evaluation helps the learner
achieve expertise in a subject. Problems which require types
of reasoning that have already been mastered are often ig-
nored under this paradigm, as they provide little incremental
value in the learning process.

Motivated by such observations of human learning be-
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Original Sample Analyze Failures

Question: What 
colors are in this 
sweater?

Answer: Pink, 
green, white

LLaVA: Pink

- Focus on Dominant 
Features: Focusing solely on 
the dominant color, Model A 
failed to account for other 
significant colors present in 
less prominent parts of the 
sweater (white and green)
- Pattern and Detail 
Recognition: The patterns 
on the upper part of the 
sweater include both green 
and white. Model A appears 
to have missed or overlooked 
these details when analyzing 
the image. This indicates a 
gap in recognizing and 
interpreting detailed patterns
- Contextual Limitation: The 
question asked for "colors" in 
plural, suggesting multiple 
colors should be identified. If 
Model A does not suHiciently 
process the textual prompt…

New Samples
Q: What patterns and textures 
are visible on the outfits?
A: Stripes, polka dots, floral…
Image Description: Models 
walking on a runway, wearing 
outfits with mixed patterns and 
textures, stripes, polka dots…
Q: What colors and artistic 
techniques are visible in the 
painting?
A: Various colors (red, blue, 
yellow, green) with cubism, 
surrealism, impressionism…
Image Description: abstract 
painting, a mixture of colors 
and artistic styles: cubism, 
surrealism, impressionism…
Q: How many primary colors 
are in this sweater?
A: Three
Q: What colors are mainly used 
in the painting?
A: Pink, green, white
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Figure 1: Illustration of our approach. Given a sample from an existing dataset which LLaVA answers incorrectly, we prompt
a frontier model to analyze LLaVA’s reasoning failures and propose new synthetic samples which require similar types of
reasoning.

havior, we propose a new approach for generating synthetic
multimodal data which is grounded in an existing LMM’s
reasoning failures. First, we identify the failure modes of
an existing LMM by evaluating it on the training split of a
benchmark dataset and then asking a strong frontier model
to hypothesize possible reasons for its incorrect predictions.
The frontier model then proposes new question & answer
pairs related to the identified reasoning failure modes as well
as descriptions of images to accompany them, which can be
either used to link the new examples to existing images, or
as prompts to generate synthetic images. We further filter the
resulting synthetic data using an LMM-as-a-judge method-
ology to ensure high quality.

Using our approach, we generate a large multimodal in-
struction tuning dataset containing over 553k examples de-
rived from the reasoning failures of LLaVA-1.5-7B, a popu-
lar LMM. We conduct extensive training experiments show-
ing that our synthetic data improves LLaVA’s performance
on multiple downstream tasks, even outperforming addi-
tional training on alternative real datasets. This is notable,
as prior studies have shown that training on synthetic data
often requires significantly more examples to achieve equiv-
alent results as training on real data (He et al. 2022). Train-
ing on our dataset also produces greater performance gains
than previously-proposed synthetic datasets, highlighting
the utility of grounding synthetic data generation in the anal-
ysis of a model’s reasoning failures.
To summarize, our contributions are as follows:

1. We propose a new approach for generating fully synthetic
multimodal datasets which is grounded in an analysis of
an existing LMM’s reasoning failures.

2. Using our methodology, we produce a large multimodal

instruction tuning dataset containing over 553k examples
derived from errors produced by LLaVA.

3. We conduct extensive experiments demonstrating the
utility of our dataset for improving LMMs via training.

4. Through ablations and human analyses, we demonstrate
the high quality of data produced by our approach.

2 Related Work
Synthetic Datasets for Training LMMs. Chen et al.
(2024b) proposed the ALLaVA dataset, which consists of
1.3M samples of real images paired with image annotations
and question-answer pairs generated by a frontier LMM.
While their dataset is similarly suited for multimodal in-
struction tuning as our dataset, they utilize only real im-
ages and do not ground data generation in model failures,
whereas our approach can utilize both real and syntheti-
cally generated images. Li et al. (2024) generate synthetic
question-answer pairs from an LLM for real chart images to
address the narrower domain of reasoning-based chart VQA.
Yang et al. (2025) generate synthetic multimodal data for
text-rich images, leveraging code-guided generation in lan-
guages such as LaTeX and HTML to automatically generate
synthetic images with dense text descriptions. In contrast,
our approach can be broadly applied to different problem
domains while leveraging text-to-image diffusion models to
produce more diverse types of images.

Other approaches to generating synthetic data suitable for
training MLLMs differ from ours in the types of reason-
ing which they target. Img-Diff (Jiao et al. 2025) contains
contrasting synthetic examples which differ only in terms
of certain objects in specific regions of an image, requiring
the MLLM to learn to identify and articulate such differ-
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ences. Data-Juicer 2.0 (Chen et al. 2024a) provides multi-
modal synthetic data generation capabilities utilizing foun-
dation MLLMs and text-to-image diffusion models, but does
not address our specific task of generating synthetic data
derived from reasoning failures. For a comprehensive data-
centric review of MLLMs and how they can assist in the data
generation process, see Qin et al. (2025).

Synthetic Data Generation from Model Failures. Some
prior work has explored the use of model failures in the con-
text of synthetic data generation. Jain et al. (2022) proposed
an approach to identify directions in a vision model’s la-
tent space which correspond to model failures, which can
then be integrated into diffusion models to generate syn-
thetic images tailored to correcting the model’s mistakes.
Chegini and Feizi (2023) use ChatGPT and CLIP to iden-
tify text descriptions corresponding to a vision model’s fail-
ure modes, which are used as prompts for diffusion models
to produce synthetic images for data augmentation. In the
realm of language-only models, DISCERN (Menon and Sri-
vastava 2024) utilizes two LLMs to iteratively produce nat-
ural language descriptions of errors for synthetic data gen-
eration. Lee et al. (2024) use incorrect answers from a stu-
dent LLM finetuned on specific tasks as input to a teacher
LLM which generates new examples to use for training.
These prior works differ from ours in that they (1) gener-
ate only single-modality data (e.g., text-only or image-only),
and (2) focus on classification tasks such as image recogni-
tion or text classification. In contrast, our approach generates
image-text datasets aimed at training models for open-ended
text generation conditioned on multimodal inputs.

Generating Synthetic Data from Frontier Models to
Teach New Skills. AgentInstruct (Mitra et al. 2024) is
an agentic framework for generating synthetic data from a
powerful frontier model (e.g., GPT-4) to teach new skills
to a weaker LLM. Similarly, Ziegler et al. (2024) utilize
few-shot examples annotated by humans and retrieved doc-
uments with produce synthetic data from LLMs for teach-
ing specialized tasks to models. Prompt-based methods for
synthetic data generation from LLMs without seed docu-
ments (Gupta et al. 2023; Ubani, Polat, and Nielsen 2023)
as well as knowledge distillation from a teacher model (Kim,
Jang, and Yang 2024) have also been proposed. Unlike our
work, these prior studies focus on language-only data gener-
ation and use seed documents (e.g., raw text, source code) or
prompts as a basis for data generation rather than an analysis
of model failures.

3 Dataset Construction
3.1 Diagnosing Model Failures
To generate our tailored synthetic data, we first analyze rea-
soning failures in a baseline LMM using a more advanced
frontier LMM. The frontier model is selected for its supe-
rior multimodal reasoning capabilities and high accuracy on
diverse vision-language benchmarks. Reasoning failures are
identified by evaluating both models on the training sets of
vision-language benchmarks, and selecting samples where
the baseline LMM produces incorrect responses, while the

frontier model succeeds. This process generates a subset
of failure cases per benchmark, which we denote as Model
Failure Sets (MFS). Each MFS highlights the weaknesses of
the baseline LMM, providing a focused challenging dataset.

3.2 Synthetic Data Generation
Using the resulting MFS, we guide the frontier model
through a structured multi-turn process to diagnose the fail-
ures of the baseline LMM and generate new training samples
to address these failure modes.

The frontier model first analyzes the image, question,
ground truth, and incorrect prediction to diagnose reasoning
errors. It is then instructed to propose new challenging sam-
ples consisting of a detailed image description, question, and
deterministic answer designed to address the failures. We ex-
plore two sourcing strategies for the images: real images and
synthetically generated ones. These two methods utilize the
prompt described in Figure 5 of the Appendix. For Method
1, the final image-generation step is skipped.

Method 1: Question-Answer Generation for Existing Im-
ages. We leverage the original images from failed samples
and prompt the frontier model to generate 10 new question-
answer pairs per sample using the reasoning pipeline de-
scribed above. This approach is particularly effective for
benchmarks like InfoVQA and ScienceQA, where text-to-
image models often fail to capture fine-grained text and gen-
erate accurate spatial details.

Method 2: Fully Synthetic Question, Answer, and Image
Generation. In this approach, the frontier model gener-
ates both a question-answer pair and a detailed image de-
scription, which is used to prompt a text-to-image diffusion
model to generate synthetic images. For each failed sam-
ple, we create 100 fully synthetic samples, consisting of 10
(image prompt, question, answer) triplets, with each image
prompt used to produce 10 images using different classifier-
free guidance scales to enhance image diversity.

Encouraging Diversity. To further enhance the diversity
of our data, we use a variation of our prompt which in-
structs the frontier LMM to “provide examples that chal-
lenge Model A’s weaknesses using scenarios from entirely
different domains.” This additional instruction is appended
to Step 4 (Figure 5) to encourage the generation of sam-
ples in different domains and enhance generalization. Fig-
ure 2 compares fully synthetic data with similar and non-
similar domains. We also varied constraints on the question
format (e.g., multiple-choice, true/false) and answer instruc-
tions (e.g., requiring ”Unanswerable” or brief responses, see
the Shiba Inu example in Figure 10).

Filtering We use the same frontier LMM to filter synthetic
samples by rating image-question-answer triplets from 1 (in-
correct) to 3 (fully correct), as shown in the prompt in Figure
6. Only samples rated 3 are retained to ensure quality.

3.3 Details of Generated Dataset
Our synthetic dataset consists of 553,992 samples incorpo-
rating both real and generated images derived from the MFS
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Q: What character is 
this umbrella designed 
after?          A: Dog.
GT: Sock monkey.

Q: Which character 
wears a hat like this?
A: The Cat in the Hat.

Failure Modes:
• Lack of Contextual 

Understanding 
• Visual Recognition 

Limitations

Q: What landmark is 
this?
A: Taj Mahal.

Synthetic Similar Synthetic Non Similar

Original

Q: Which character is 
this costume designed 
after?     A: The Grinch.

Q: What mythical 
creature is this?
A: Pegasus.

Figure 2: Comparison of fully synthetic similar and non-
similar samples. Similar samples maintain a children’s
characters-based theme like the original sample, while non-
similar samples address the failure modes by introducing di-
verse contexts.

of LLaVA-1.5-7B on four benchmark training sets: VizWiz
(Gurari et al. 2018), InfoVQA (Mathew et al. 2022), Sci-
enceQA (Lu et al. 2022), and OK-VQA (Marino et al. 2019).
These benchmarks were chosen to cover a wide range of
visual reasoning challenges. VizWiz features real-world im-
ages from visually impaired users, demanding detailed scene
understanding. OK-VQA requires external knowledge for
visual question answering. InfoVQA focuses on text-rich
images, testing reading comprehension. ScienceQA involves
multimodal scientific questions, assessing spatial and logical
reasoning skills. We use GPT-4o (OpenAI 2024) as the fron-
tier LMM for analyzing the reasoning failures of LLaVA-
1.5-7B due to its strong multimodal reasoning capabilities.
The text-to-image model FLUX.1-schnell (Labs 2024) was
used to generate the images with a resolution of 1024×1024
pixels and a classifier guidance scale ranging from 3 to 13.

Q: Which country’s 
maritime boundary is 
outlined in green?
A: Kiribati

VizWiz InfoVQA

Real image/Synthetic Text

ScienceQA

Q: What prominent 
color is found at the 
bottom of the tube? A: 
Green

Q: What percentage of 
children walked to 
school by foot in 2015? 
A: 8.3%

Figure 3: Examples of generated synthetic question-answer
pairs for real images from VizWiz, InfoVQA, and Sci-
enceQA.

Table 6 (Appendix) provides an overview of each bench-
mark, including the size of the training split, the MFS size,
and the number of synthetic samples after filtering. For In-
foVQA and ScienceQA, we applied Method 1 from Sec-
tion 3.2. For OK-VQA, we employed Method 2. For the
VizWiz, we integrated both methods. The final dataset com-
prises 42% real-image-based and 58% fully synthetic sam-
ples, each with a single-turn question-answer pair.

Our filtering process effectively removes low-quality
samples. VizWiz had the highest rejection rate (81% for
synthetic images and 34% for real images), highlighting
the challenge of generating quality synthetic visuals. OK-
VQA’s lower rate (29%) suggests simpler and less ambigu-
ous visual content. ScienceQA showed a similar 29% rejec-
tion rate for real images, while InfoVQA had only 5% re-
moved. Figure 3 showcases diverse question types and the
quality of generated samples from VizWiz and InfoVQA.
Appendix D includes additional examples, including sam-
ples with errors or ambiguities. Finally, Figure 8 shows OK-
VQA examples with original image-question-answer pairs,
the GPT-4o-identified failure mode, and newly generated
samples targeting the same failure.
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4 Experiments
4.1 Details of Experimental Setting
We perform vision-language instruction tuning with
LLaVA-v1.5-7B, building upon the LLaVA-1.5-mix-665K
instruction tuning dataset (Liu et al. 2024). This dataset
contains 665K structured user-GPT conversations mostly
focused on visual prompts. Because our approach explic-
itly targets image-grounded reasoning, we only selected the
624K samples that include images from the original LLaVA-
instruct data. We then augmented this visually oriented sub-
set with our generated synthetic MFS (Section 3.3), vary-
ing the number of synthetic samples used according to the
requirements of each experiment. The resulting training set
combines real image-text conversations and generated syn-
thetic samples that address specific reasoning failures. For
fine-tuning, we used Vicuna-v1.5-7B (Zheng et al. 2023)
weights as the LLM backbone and leveraged the pretrained
multimodal projector from LLaVA-1.5-7b. We followed the
original LLaVA training procedure, ensuring a fair compar-
ison to existing methods (details in Appendix A.5). We re-
fer to models trained with a mixture of the original LLaVA-
Instruct dataset and our synthetic data as LLaVAsyn. As a
baseline, we report the performance of LLaVA trained under
the same setting but without any additional synthetic data
added to the training dataset (i.e., Nsyn = 0). Additionally,
for each dataset from which reasoning failures were derived
for synthetic data generation, we report the performance of
a LLaVA model trained on an equivalent amount of real data
sourced from the corresponding training dataset (denoted as
LLaVAreal). This provides a measure of the efficiency of our
synthetic data relative to training on real in-domain data.

4.2 Synthetic Data Augmentation Results
Table 1 provides in-domain evaluation results utilizing syn-
thetic data derived from InfoVQA, ScienceQA, and OK-
VQA. Notably, augmenting the LLaVA-Instruct dataset with
our synthetic data achieves performance comparable to or
better than using an equivalent amount of real domain-
specific data in most cases. This result is particularly signif-
icant given that the synthetic samples were generated using
only a small subset of the original training data: specifically,
only those examples where LLaVA scored 0.0 while GPT
scored 1.0. For instance, in OK-VQA, the original train-
ing set consists of 9,009 samples, but we utilized only 607
training samples where LLaVA failed in order to generate
9009 synthetic samples, resulting in a performance boost of
13% on the OK-VQA test set. Similarly, our approach uti-
lized only 28% of the ScienceQA training dataset to generate
full synthetic replacements, yet still resulted in better perfor-
mance than training directly on the real dataset. We also ob-
serve that performance improves as the amount of synthetic
data used for data augmentation increases.

In practice, it may be desirable to combine synthetically
generated data which was derived from reasoning failures
across different datasets. We therefore provide results for
two different sized mixtures of our synthetic data derived
from InfoVQA, ScienceQA, and OK-VQA reasoning fail-
ures in Table 2. We also provide results for LLaVA models

Dataset Model N Nsyn EM Score

I-VQA

LLaVA 624,610 0 26.7
LLaVAreal 634,684 0 31.6
LLaVAsyn 634,684 10,074 30.8
LLaVAsyn 687,071 62,461 33.0
LLaVAsyn 710,610 86,000 34.3

SQA

LLaVA 624,610 0 70.7
LLaVAreal 630,195 0 70.0
LLaVAsyn 630,195 5,585 71.8
LLaVAsyn 646,594 21,984 73.0

OK-VQA

LLaVA 624,610 0 57.0
LLaVAreal 633,619 0 54.3
LLaVAsyn 633,619 9,009 61.3
LLaVAsyn 687,071 62,461 61.3
LLaVAsyn 749,532 124,922 61.5

Table 1: In-domain evaluation of baseline LLaVA, LLaVA
trained using synthetically augmented data (LLaVAsyn),
and augmented with real in-domain data (LLaVAreal). I-
VQA denotes InfoVQA and SQA denotes ScienceQA.

trained on four alternative synthetically generated datasets:
ALLaVA (Chen et al. 2024b), CoSyn-400k (Yang et al.
2025), SimVQA (Cascante-Bonilla et al. 2022), and Img-
Diff (Jiao et al. 2024)1. From Table 2, we observe that our
synthetic data outperforms these baselines datasets, demon-
strating the value of grounding synthetic data generation
in an analysis of a model’s failures. Finally, we evaluated
trained models on OOD benchmarks (Table 8 of Appendix)
and found that models trained on our dataset do not exhibit
degradation in OOD performance, demonstrating the ability
of our approach to correct model reasoning failures without
sacrificing general reasoning capabilities. Importantly, our
dataset strikes a middle ground in the cost–quality–diversity
tradeoff and can be further complemented with lower-cost
image generation pipelines such as CoSyn’s to achieve scal-
able and semantically rich supervision. A detailed compari-
son of compute and generation costs across our method and
baseline datasets is provided in Appendix B.3.

4.3 Generalization to Other Models and Tasks
While our synthetic data is collected by targeting the reason-
ing failures of a specific LMM, we also evaluated whether
it could generalize to other models and tasks, thereby fur-
ther increasing its value beyond correcting targeted reason-
ing failures in a single model. To evaluate this generaliza-
tion ability of our synthetic dataset, we trained models us-
ing the same datasets as before but with different backbone
LLMs. In the following experiments, we used Gemma-2B
(Team et al. 2024) and Qwen2-7B (Yang et al. 2024) as
base LLMs. We adopted the LLaVA two-phase training pro-
cedure: pretraining on the LLaVA 558k dataset (Liu et al.
2024) followed by instruction fine-tuning. Table 2 indicates

1ALLaVA consists of real images with synthetic text, whereas
Cosyn-400k and SimVQA contain fully synthetic examples. Our
synthetic data utilized here contains both real and synthetic images.
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Base LLM N Nsyn Aug Data I-VQA OK-VQA SQA

Vicuna-7B 625k 0 N/A (bs) 26.7 57.0 70.7

Vicuna-7B 643k 18k
Img-Diff 27.3 56 71.3
Ours 31.5 61.2 72

Vicuna-7B 687k 62k
SimVQA 26.6 54.4 71.1
Ours 33.1 60.8 73.1

Vicuna-7B 750k 125k
ALLaVA 28.8 49.4 66.5
CoSyn 29.6 57.7 70.9
Ours 33.2 61.1 73.0

Gemma-2B
625k 0

Ours
21.8 51.7 62.3

749k 125k 29.8 54.8 65.2

Qwen2-7B
625k 0

Ours
26.7 59.2 77.9

750k 125k 27 60.6 80.7

Table 2: Training data augmentation results. N denotes
the total number of training examples, Nsyn denotes the
number of synthetic examples in the training dataset gen-
erated using our approach. I-VQA denotes InfoVQA and
SQA represents ScienceQA. The first section of the table
compared the same base LLM (Vicuna) trained on various
datasets with our dataset, while the second section compares
different LLM backbones trained on our dataset.

that our synthetic data in its maximum augmentation setting,
Nsyn = 124, 922, outperform the baseline for both LLaVA-
Gemma-2B and LLaVA-Qwen-7B across nearly all bench-
marks. Notably, despite being generated based on LLaVA-
Vicuna-7B failure modes, our synthetic data enhances the
performance of other models whether they are of the same
size (Qwen2-7B) or smaller (Gemma-2B).

For some models (e.g., Qwen2.5-VL-7B-Instruct), the
original finetuning dataset is not publicly available. Never-
theless, we show that our dataset can be sufficient to im-
prove these models through continued finetuning. Table 4
provides the results of finetuning Qwen2.5-VL-7B on our
124K synthetic-only dataset derived from LLaVA reasoning
failures. We observe that finetuning Qwen2.5-VL-7B on our
124K dataset improves performance significantly on OK-
VQA and ScienceQA. InfoVQA performance remains un-
changed, likely due to Qwen’s high baseline and prior expo-
sure to similar data. Generating synthetic data which targets
Qwen-specific failure cases may yield further gains; never-
theless, these results point to the value of our dataset beyond
correcting reasoning failures in only the targeted LMM.

Finally, we investigated whether our targeted synthetic
dataset could improve performance on other tasks besides
those used for deriving the reasoning failures. Specifically,
we evaluated our LLaVAsyn model trained on the 124K
synthetic dataset on multiple hallucination and math bench-
marks. The results in Table 3 show that LLaVAsyn out-
performs the baseline LLavA model across all such bench-
marks, demonstrating how our synthetic dataset improves
model performance beyond the specific reasoning failures
targeted during the dataset generation process. The ability of

LLaVA LLaVAsyn (124k)

HalluB↑ 40.6 47.4
LLaVA-B-COCO↑ 85.3 86.9
POPE↑ 86.8 87.2
Math-V(vision)↑ 10.6 11.7
MathVista↑ 24.9 26.6

Table 3: Our targeted 124k synthetic dataset generalizes to
improve LLaVA on hallucination and math benchmarks.

InfoVQA OK-VQA SciQA

LLaVA1.5-7b 26.4 57.1 70.8
+ CFT 32.4 45.8 73.2

Qwen2.5-VL-7b-Instruct 82.6 42.4 67.9
+ CFT 82.5 53.0 85.5

Table 4: Continued finetuning results for LLaVA-1.5-7b and
Qwen2.5-VL-7B-Instruct with our 124K synthetic dataset

our synthetic dataset to generalize to improving other LMMs
and tasks than the ones used in the generation process further
illustrates the significant value of our approach.

4.4 Continued Finetuning Results
We also conducted experiments wherein we continued fine-
tuning LLaVA on our 124K mixture dataset. This approach
allows us to evaluate performance gains attributed solely to
our data while significantly reducing compute requirements
compared to full finetuning. In this setting, we used the
same hyperparameter configurations as our previous fine-
tuning experiments. Table 4 shows that continued finetun-
ing improves in-domain performance except on OK-VQA.
Notably, continued finetuning on the real OK-VQA training
set (9K, 41.1%) results in worse performance than with an
identical-size synthetic dataset (48.2%), suggesting possible
overfitting when training on real data.

4.5 Correcting Specific Types of Reasoning
Failures

Our synthetic data generation approach identifies specific
types of LMM failures. To systematically categorize these

Cluster name Percentage (%)
Feature misinterpretation 8

Blurriness 12.4
Weakness in visual analysis 18.6

Incomplete context understanding 24
Other 11.3

Text recognition errors 9.2
Object recognition failure 10.8

Overgeneralization 5.6

Table 5: Table shows the clusters of LLAVA reasoning fail-
ures described by GPT-4o.
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Dataset LLAVA LLaVAsyn

CIFAR-10 82.1 81.2
Food-101 13.4 13.2
iNaturalist 20.6 52.0
MNIST 75.1 80.5
F-MNIST 9.8 10.0
Oxford-pets 39.6 96.4

Table 6: Image classification results, with LLaVAsyn aug-
mented only using examples for object recognition failures.

failures, we encoded each reasoning explanation using sen-
tence transformers (Reimers and Gurevych 2019) and clus-
tered them using k-means. Table 5 presents the resulting
clusters, highlighting prevalent failure modes such as opti-
cal character recognition (OCR) and object detection errors.
Based on this analysis, we further investigated whether tar-
geted synthetic data can effectively address these specific
failure cases and enhance LLAVA’s reasoning capabilities.

Specifically, we augmented LLaVA-Instruct with 10,579
synthetic samples from our VizWizsyn-MFS addressing ob-
ject detection reasoning failures and repeated the second
stage of LLaVA finetuning. The model was then evalu-
ated on CIFAR-10 (Krizhevsky, Hinton et al. 2009), Food-
101 (Bossard, Guillaumin, and Van Gool 2014), iNatural-
ist (Van Horn et al. 2018), MNIST (LeCun et al. 1998),
Fashion-MNIST (Xiao, Rasul, and Vollgraf 2017), and
Oxford-Pets (Binary) (Parkhi et al. 2012) by formatting sam-
ples as multiple-choice questions. Table 6 presents a com-
parison of LLaVA and LLaVAsyn. LLaVAsyn surpasses
LLaVA on four out of six datasets, with significant improve-
ments on iNaturalist, MNIST and Oxford-Pets. This demon-
strates the effectiveness of our synthetic dataset in address-
ing specific reasoning failures within LLaVA. Our findings
highlight the effectiveness of leveraging targeted synthetic
data to refine model reasoning and suggest that incorporat-
ing such data-driven interventions can significantly enhance
the robustness and generalization of LMMs.

5 Analysis
5.1 Human Evaluation of Dataset Quality
Three of the authors of this work conducted a human eval-
uation by assessing three different aspects of our generated
samples: (1) the alignment of the question and answer in re-
lation to the image prompt, (2) the alignment between the
image prompt and the generated image, and (3) the correct-
ness of the answer given the question and image. The first
evaluation reflects the semantic coherence, the second eval-
uates the fidelity of the image generator’s output, and the
third combines both aspects. Scores range from 1 to 3, where
1 indicates an irrelevant alignment, 3 signifies a relevant
alignment, and 2 represents a partially relevant or ambiguous
alignment. We evaluated 200 samples in total, with 101 con-
taining real images and 99 being fully synthetic. The over-
all correctness score for answers was 2.78, with real-image-
based samples scoring 2.75 and fully synthetic samples scor-
ing 2.81, indicating that fully synthetic samples achieve a

level of fidelity equal to or even slightly exceeding that of
real-image-based samples. For the synthetic samples specif-
ically, we also measured the alignment between the image
prompt and the generated image (2.66), and the alignment
of the generated question and answer with the image prompt
(2.84), indicating the high quality of reasoning in the gener-
ated responses. Additionally, to assess the frontier model’s
reasoning and ensure it highlights meaningful failures, five
annotators rated 209 samples (image, QA, and error analy-
sis) on a 1–3 scale. The average score of 2.81 indicates that
the explanations usually identified the true failure cause.

5.2 Impact of LMM on Generated Data
We evaluate our synthetic-data pipeline with two LMMs of
very different cost profiles: the proprietary GPT-4o API and
the fully open, Apache-2.0-licensed Qwen2-VL-7B (Wang
et al. 2024). Both models improve LLaVA-7B after fine-
tuning on the resulting data: GPT-4o yields gains of 2.7%
on InfoVQA and 10% on OK-VQA, while Qwen2-VL-7B
delivers 7.0% and 3.5% on the same tasks. Although GPT-
4o’s detailed and precise reasoning may contribute to gener-
ating more targeted and effective synthetic samples, which
produces larger gains on some benchmarks, our failure-
guided generation shows robustness by producing meaning-
ful improvements across both models. Because Qwen2-VL-
7B runs locally on a single A100 GPU, synthetic data can be
obtained with our approach at a lower cost than commercial
models such as GPT-4o. Figure 7 (Section C.1 in Appendix)
illustrates representative examples of the reasoning and sam-
ple diversity across the two models.

6 Conclusion
We introduced a novel method for generating multimodal
synthetic data by analyzing model reasoning failures. This
approach enabled us to create a multimodal instruction tun-
ing dataset with over 553k synthetic examples derived from
LLaVA’s errors. Experimental results show that our syn-
thetic data significantly improves LLaVA’s in-domain per-
formance on InfoVQA, ScienceQA, and OK-VQA, even
outperforming training on an equivalent amount of real data
sampled from most of these datasets. Furthermore, mod-
els trained on our synthetic dataset exhibit improvements
in OOD evaluations and outperform training on other exist-
ing synthetic datasets when the amount of training data aug-
mentation is scaled. We also showed that training LLaVA
only on examples derived from specific failure modes im-
proves its performance on tasks which require correspond-
ing forms of reasoning. Through additional ablations and hu-
man evaluations, we demonstrated the effectiveness of dif-
ferent components of our methodology and the high quality
of our dataset. We believe our study points to the promise
of targeted synthetic data generation strategies which lever-
age an understanding of a model’s reasoning deficiencies to
construct better synthetic examples.

References
Bossard, L.; Guillaumin, M.; and Van Gool, L. 2014. Food-
101–mining discriminative components with random forests. In

25614



Computer vision–ECCV 2014: 13th European conference, zurich,
Switzerland, September 6-12, 2014, proceedings, part VI 13, 446–
461. Springer.

Brown, J. S.; Collins, A.; and Duguid, P. 1989. Situated cognition
and the culture of learning. 1989, 18(1): 32–42.

Cascante-Bonilla, P.; Wu, H.; Wang, L.; Feris, R.; and Ordonez,
V. 2022. SimVQA: Exploring Simulated Environments for Visual
Question Answering. arXiv:2203.17219.

Chegini, A.; and Feizi, S. 2023. Identifying and Mitigating Model
Failures through Few-shot CLIP-aided Diffusion Generation. arXiv
preprint arXiv:2312.05464.

Chen, D.; Huang, Y.; Pan, X.; Jiang, N.; Wang, H.; Zhang, Y.; Ge,
C.; Chen, Y.; Zhang, W.; Ma, Z.; et al. 2024a. Data-Juicer 2.0:
Cloud-Scale Adaptive Data Processing for and with Foundation
Models. arXiv preprint arXiv:2501.14755.

Chen, G. H.; Chen, S.; Zhang, R.; Chen, J.; Wu, X.; Zhang, Z.;
Chen, Z.; Li, J.; Wan, X.; and Wang, B. 2024b. Allava: Harness-
ing gpt4v-synthesized data for lite vision-language models. arXiv
preprint arXiv:2402.11684.

Darabi, A.; Arrington, T. L.; and Sayilir, E. 2018. Learning from
failure: A meta-analysis of the empirical studies. Educational Tech-
nology Research and Development, 66: 1101–1118.

Ding, B.; Qin, C.; Zhao, R.; Luo, T.; Li, X.; Chen, G.; Xia, W.; Hu,
J.; Tuan, L. A.; and Joty, S. 2024. Data augmentation using llms:
Data perspectives, learning paradigms and challenges. In Findings
of the Association for Computational Linguistics ACL 2024, 1679–
1705.

Ericsson, K. A.; Krampe, R. T.; and Tesch-Römer, C. 1993. The
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