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Abstract
Multimodal data significantly improves the performance of
pretrained models, but its practical application is often lim-
ited by missing or incomplete data across modalities. There
are two key challenges that existing methods of synthesiz-
ing missing data face: (1) semantic inaccuracies due to model
hallucinations and (2) discrepancies in distribution prefer-
ences between generated and original data. To address these
challenges, we propose a novel three-stage multimodal data
augmentation framework (GFR), which Generate, Filter, and
Rank missing modality data. Our framework leverages mul-
timodal large models for diverse data generation, designs a
scene graph matching-based filtering algorithm to ensure se-
mantic consistency, and constructs a preference-aware rank-
ing model to align the generated data with both the original
distribution and task relevance. Our framework not only en-
hances semantic diversity and consistency in data generation
but also effectively captures the implicit characteristics of the
original dataset and the target model. We demonstrate the ef-
fectiveness of GFR across multiple datasets by testing differ-
ent missing types and missing ratios.

Introduction
In recent years, multimodal data, such as text and images,
has become increasingly integral to pretrained models, of-
fering aligned and complementary information that signif-
icantly enhances performance across various downstream
tasks (Pham et al. 2019; Li et al. 2021). However, real-world
applications often encounter challenges due to missing or in-
complete data across modalities, stemming from hardware
limitations, privacy concerns, environmental interference,
or data transmission issues. Studies have demonstrated that
such partial modality missing can severely degrade model
performance (Kuai et al. 2024; Lee et al. 2023b). For in-
stance, Ma et al. observed that when only 30% of text modal-
ity data is available, the performance of multimodal models
on movie classification tasks can drop by up to 43.6%, even
underperforming models trained solely on image data (Ma
et al. 2022).

Some works (Ma et al. 2022; Lee et al. 2023b) address this
issue at the model-level, which typically requires architec-
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Figure 1: A comparison between GFR and other methods
operating at the data-level.

tural modifications and model retraining. More commonly,
data-level methods (Kuai et al. 2024; Zhang et al. 2024) fo-
cus on reconstructing missing data using existing modal-
ity information before multimodal fusion, without modify-
ing the subsequent model pipeline. As shown in Figure 1
(others), data-level methods can be mainly divided into two
types: modality retrieval and modality generation. Modality
retrieval methods infer missing data from existing modali-
ties, but often fail due to their reliance on matching simi-
lar data in the multimodal space. More commonly, modality
generation methods synthesize missing data using genera-
tive models, either through single-modality or unified mul-
timodal generation approaches. While these methods hold
greater potential for recovering modality-specific informa-
tion, they face two key challenges:

Challenge 1. Semantic inaccuracies due to model hal-
lucinations. (Gunjal, Yin, and Bas 2024; Lee et al. 2023a).
Since generative models may learn incorrect features or pat-
terns during training, the generated data may be semantically
inconsistent with the original data. Such inaccurately gener-
ated data can mislead the training and inference processes of
the target model, ultimately degrading its final performance.
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Challenge 2. Discrepancies in distribution preferences
between generated and original data. Generative models,
trained on diverse datasets, may generate data that favors
specific styles or structures that do not align with the dis-
tribution of the original data. For example, if the original
dataset consists of realistic images, the generative model
may produce anime-style images, and this style discrepancy
can also affect the model’s performance.

To address these challenges, we propose a novel three-
stage multimodal data augmentation framework, GFR
(Generating-Filtering-Ranking), inspired by recommender
systems. As shown in Figure 1 (ours), our framework lever-
ages multimodal large language models (MLLMs) for di-
verse data generation, designs a scene graph matching-based
filtering algorithm to ensure semantic consistency, and con-
structs a preference-aware ranking model that ranks data
based on distribution, style, and task relevance through pref-
erence learning. Specifically:

1) Generating Stage: We utilize general-purpose
MLLMs, pre-trained on large-scale multimodal datasets, to
generate missing modality data. These models, with their ex-
tensive world knowledge and strong generalization capabil-
ities, can produce diverse and high-quality data candidates.

2) Filtering Stage: We filter the generated data to retain
only those instances that maintain semantic consistency, ef-
fectively reducing hallucinations. To achieve this, we con-
vert the generated data into scene graphs and design a scene
graph matching algorithm to ensure precise semantic align-
ment with the existing modality data.

3) Ranking Stage: To further enhance the quality of the
generated data, we rank the filtered data based on their pref-
erence consistency. To achieve this, we train a scoring model
using partial-order pairs constructed from existing and gen-
erated data, ensuring that high-scoring data closely aligns
with the original data in terms of distribution characteristics,
style consistency, and task relevance.

The main contributions of this paper are as follows:
• To generate diverse and consistent data, based on the di-

verse candidate data generated by MLLMs, we design a
scene graph matching algorithm to filter out data that is
semantically inconsistent with the existing modality.

• To further retain data that aligns with the original data
preferences, we propose a preference-aware ranking
model to capture the implicit characteristics of both the
original dataset and target model via preference learning.

• We conduct extensive experiments and ablation studies
on multiple multimodal datasets, demonstrating the ro-
bust performance recovery of our proposed method.

Related Work
We classify data-level modality enhancement methods into
two categories. The first category, modality retrieval meth-
ods, involves filling missing modality samples using ze-
ro/random values, directly copying data from similar in-
stances, or retrieving matching samples to form complete
modality samples (Liu et al. 2023; Malitesta et al. 2024; Sun
et al. 2024; Zhi et al. 2024). The second category, modal-
ity generation methods, employs generative models—such

as autoencoders, GANs, or diffusion models—to synthesize
raw data for the missing modality (Mario Christoudias et al.
2010; Hinton and Zemel 1993; Sohn, Shang, and Lee 2014).

Modality Retrieval Methods Retrieval-based representa-
tion combination methods replace missing modality data by
copying or averaging data from retrieved samples with the
same classification (Yang et al. 2024). For instance, Modal-
mixup completes the training dataset by randomly supple-
menting samples with missing modalities of the same cate-
gory (Yang et al. 2024). Frame-Repeat addresses frame loss
in video streams by utilizing previous frames, and KNN
or its variants are employed to retrieve the best matching
samples for combination (Campos et al. 2015; Yang et al.
2024). Despite KNN-based methods performing relatively
well, they are often hampered by high computational com-
plexity, sensitivity to imbalanced data (Campos et al. 2015;
Yang et al. 2024). In general, these methods are simple and
easy to implement, but their performance is often unsatis-
factory due to the limited ability to capture unique modality-
specific information (Chen, Wang, and Qian 2020; Liu et al.
2023; Malitesta et al. 2024; Sun et al. 2024).

Modality Generation Methods With the development
of deep learning, modality generation methods are now
more effective, utilizing powerful representation learning
and generative models to synthesize missing modalities.
These methods can be divided into individual and unified
generation types. Individual modality generation methods
train a separate generative model for each potentially miss-
ing modality, such as Gaussian processes, Boltzmann ma-
chines, and autoencoders (Mario Christoudias et al. 2010;
Hinton and Zemel 1993; Sohn, Shang, and Lee 2014). GANs
(Arya and Saha 2021; Bischke et al. 2018; Gunasekar, Qiu,
and Yang 2020) are widely used for modality generation
due to their substantial improvement in image quality. Re-
cently, diffusion models, such as the IMDer method, have
further improved image quality by using available modali-
ties as conditions to generate missing ones (Wang, Li, and
Cui 2024). Unified data generation methods train a single
model to generate all modalities simultaneously, such as the
Cascade AE model (Tran et al. 2017). These methods can
alleviate performance decline to some extent, but training a
generator to produce high-quality missing modalities in sce-
narios with severely missing data remains a challenge (Tran
et al. 2017; Zhang et al. 2024).

Different from the methods discussed above, our pro-
posed GFR framework introduces specific core designs to
enhance the quality of generated data. Firstly, in the filtering
stage, we design a scene graph matching algorithm to en-
able data filtering, ensuring semantic consistency and diver-
sity. Secondly, in the ranking stage, we build a preference-
aware ranking model via preference learning on partial-
order pairs constructed from original and generated modali-
ties to capture the implicit characteristics. This distinguishes
our objective from methods like Knowledge Bridger (KB)
(Ke et al. 2025): while KB aims to match the semantic
and knowledge structure between available and generated
modalities, GFR further requires the generated modalities
to align with the original dataset’s distribution preferences.
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Figure 2: The overall framework of GFR, using missing image modality as an example.

GFR Framework

To alleviate the issue of missing modalities, we propose
a novel three-stage data augmentation framework (GFR),
which generates, filters, and ranks the missing modality data
by leveraging large multimodal models, scene graphs, and
preference learning, as shown in Figure 2. It consists of three
main stages: 1) Generating stage, 2) Filtering stage, and 3)
Ranking stage.

For missing image data, we use an existing multimodal
model to generate images conditioned on text in the gener-
ation stage. In this stage, the model uses its learned world
knowledge to generate a diverse range of images, which can
include information not present in the original text, increas-
ing the chance of recovering modality-specific information.
In the filtering stage, we use a scene graph generation model
to convert the generated images into scene graphs. Then, we
design a scene graph matching algorithm to compare gen-
erated scene graphs with the graph structure extracted from
the original text through entity and relationship extraction,
thus filtering out images that are semantically inconsistent
with the original text. This step enhances the semantic con-
sistency and diversity of the generated image candidate set.
Finally, we construct a ranking model to learn the implicit
features of the original dataset and target model through par-
tial order data and score the candidate-generated images.
The higher the score, the more the image matches the im-
plicit characteristics of the original dataset and target model,
with the highest-scoring image selected as the final gener-

ated image. GFR can also recover missing text data using
the same process as for missing images. The details of each
section are provided below.

MLLM based Candidate Generating
In the generating stage, our goal is to leverage the model’s
world knowledge to generate diverse images, enhancing
the recovery of modality-specific information. We selected
two open-source models, Stable Diffusion XL (Podell et al.
2023) for text-to-image generation and Qwen2.5-VL-7B
(Wang et al. 2024) for image-to-text generation. The input
data includes existing modality data and prompt words. We
designed a common prompt for generating missing image
modalities from text and missing text modalities from im-
ages, combined with data augmentation methods to generate
diverse data while maintaining semantic consistency. The
prompt includes descriptive information about the original
dataset, the classification task, instructions for generating
data, and an example (only for image-to-text), helping the
model better understand the target task and improve the gen-
erated data quality. The detailed generation process is shown
in Figure 3. Ultimately, we obtain k candidate samples.

Scene Graph Matching based Candidate Filtering
In the filtering stage, our goal is to filter out generated data
that contradicts the original modality data using the scene
graph generation model and graph comparison, thereby en-
hancing the semantic consistency and diversity of the gen-
erated data candidate set. Scene graphs represent text and
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image data as graph structures, allowing the filtering pro-
cess for both types of generated data to be handled in the
same way, and increasing the interpretability of the process.
We use a unified method to generate scene graphs for both
existing modality data and all generated candidates. Figure
4 shows an example of generating scene graphs for a text-
image pair.

To enhance the semantic consistency and diversity of the
generated data candidate set, we use the aforementioned
scene graphs for graph matching-based filtering. For missing
image data, we check whether each generated image scene
graph Gi contains all entity nodes of the original text scene
graph Gtarget and ensure that there is at least one similar re-
lationship between the same nodes. If Gi meets the require-
ments, it is added to Gfiltered. After ensuring node match-
ing, we further enhance diversity. For each scene graph in
Gfiltered, we extract nodes and edges that exceed those in
Gtarget (i.e., extra). If this extra has not appeared in previ-
ous scene graphs, the scene graph is considered diverse and
added to Gdiverse. Finally, the list of scene graphs Gdiverse,
processed by subgraph matching and diversity processing,
is returned as the final list of retained scene graphs.

One of the main challenges in the filtering process is es-
tablishing correspondence between nodes in different scene
graphs and identifying conflicting relationships. For exam-
ple, the text scene graph may contain a triple like (”jack”,
”hit”, ”roce”), while the image scene graph may use ”man”
instead of ”jack”, complicating the matching process. To ad-
dress these challenges, we use Qwen2.5-VL to standardize
the triples for consistency. The model replaces entities with
corresponding nouns, converts plurals to singulars, num-
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Figure 4: An example of scene graphs for an image-text pair.

bers entities, and removes non-noun entities (e.g., adjec-
tives) and relationships that are neither verbs nor preposi-
tions. This standardization ensures consistency in the match-
ing process. Once standardized, we match entities and rela-
tionships using the following strategies: String Matching:
We first attempt to match triples using string matching. Se-
mantic Similarity Matching: For triples that cannot be di-
rectly matched (e.g., synonyms like ”next to” and ”near”),
we combine them into phrases and calculate cosine simi-
larity using the BGE (Chen et al. 2024) vector encoder. A
similarity score above threshold is considered a successful
match.

We also tested methods that directly use text similarity
matching and large model judgment for the filtering process,
the results of which will be discussed in the experimental
section. Using these methods, we filter out data that does
not match the semantics of the original text, further ensuring
the semantic consistency and diversity of the generated data
candidate set.

Preference Learning based Candidate Ranking
In the ranking stage, our goal is to construct a model to score
and sort the candidate data from the generation stage, select-
ing the data that best aligns with the implicit characteristics
of the original dataset and target model. Although the fil-
tering stage enhances the semantic consistency of the gen-
erated data in terms of entities and content, the data distri-
bution can significantly impact the performance of the tar-
get multimodal model. For example, if the original dataset
consists of realistic images, the generative model might pro-
duce cartoon-style images. While these images may satisfy
the filtering criteria for entities and content, they do not
align with the implicit characteristics of the original dataset
in style and features. Our objective is to enable the tar-
get model to achieve performance comparable to the base-
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line model trained with complete modality data, even with
missing modalities. The ground truth for training the rank-
ing model should align with the classification results of the
target multimodal model for the corresponding text-image
pairs, not with the actual ground truth labels. We refer to
this as aligning with the implicit characteristics of the target
multimodal model.

To achieve this, we focus on learning the implicit charac-
teristics of both the dataset and target model using prefer-
ence learning. We pair each generated sample with the orig-
inal data from the other modality and feed the pairs into the
target multimodal classification model for classification re-
sults. We experimented with three methods for constructing
positive and negative samples, as shown in Figure 5. The
ranking model aims to maximize the gap between the scores
of positive and negative samples. With multiple positive and
negative samples for each instance, we chose the Circle loss
function to optimize the ranking model. Circle loss is de-
signed to effectively handle the relationships among multi-
ple positive and negative samples. The final loss function is
defined as Equation 1:

L =
1

K

K∑
i=1

K∑
j=1

[
(1− δij) ·

(
1− rθ(xi, yi) · rθ(xj , yj)

)2

+ δij ·
((

1− rθ(xi, yi)
)2

+
(
1− rθ(xj , yj)

)2)]
. (1)

K denotes the total number of samples. xi and yi repre-
sent the i-th original and generated data pairs, respectively.
rθ(xi, yi) is the score assigned by the model to the pair
(xi, yi). The indicator function δij equals 1 if i = j and 0
otherwise. This loss function optimizes the model parame-
ters to maximize the score gap between positive and negative
samples, ensuring that positive samples receive much higher
scores than negative ones. This approach captures the im-
plicit characteristics of the original dataset and target model,
leading to high-quality and relevant generated data.

Experiments
Experimental Setup
Datasets Our experiments were conducted on several
widely used multimodal classification datasets. The primary
comparisons were performed on two multi-label datasets:
MM-IMDb (Arevalo et al. 2017) and IU-Xray (Demner-
Fushman et al. 2015). We also tested our method on three
additional multi-class/single-label datasets: Food101 (Wang
et al. 2015), MVSA (Niu et al. 2016), and Pascal VOC
(Hoiem, Divvala, and Hays 2009).
Evaluation Metrics For multi-label classification on MM-
IMDb and IU-Xray, we use F1-Score as the primary met-
ric. For classification tasks on Food101, MVSA, and Pascal
VOC, we use Accuracy.
Baselines We compare GFR with several state-of-the-art
(SOTA) methods for handling missing modalities, including
MMIN(Zhao, Li, and Jin 2021), DiCMoR (Wang, Cui, and
Li 2023), MPLMM (Guo, Jin, and Zhao 2024), and KB (Ke
et al. 2025). Our GFR framework, along with MACP (Kuai
et al. 2024) and Missing-aware-prompts (Lee et al. 2023b),
was implemented and evaluated on the ViLT model. The re-
sults for SOTA methods are cited from KB, which may use
different backbones. This does not affect the validity of our
comparative analysis. Backbone is an intermediate step for
feature extraction, but we focus on classification task under
missing modalities. To eliminate backbone bias, we use Per-
formance Recovery Capability (∆ = (M−N)/N , where N
denotes full-modality performance and M represents post-
completion performance) as the primary metric.

Experimental Implementation
Input Processing Our datasets mainly consist of images
and text. For missing text, an empty string is used to repre-
sent the missing input. For missing images, a uniform image
with pixel values set to 1 is used as a placeholder. The pa-
rameter ϵ controls the missing rate. When one modality is
missing, the input is reconstructed with ϵ incomplete data
and (1− ϵ) complete data. Text modality preprocessing, in-
cluding tokenizers and image data processing, follows the
protocols established in the ViLT study.
Model Configuration During the generating phase, we
generate 10 candidate samples for each missing data. We
used the Stable Diffusion XL (Podell et al. 2023) model
as the general image generator and Cheff (Weber et al.
2023) for Xray image generator. Meanwhile, we used the
Qwen2.5-VL-7B (Wang et al. 2024) as the text genera-
tor. We use Qwen2.5-VL to extract scene graph triples. In
the scene graph filtering process, we use bge-base-ev-v1.5
(Chen et al. 2024) to generate text vectors.
Training Details When training the baseline model, all
settings were consistent with Missing-aware-prompts. The
initial learning rate was 0.01, weight decay was 0.02, the
learning rate was warmed up to 10% of the total training
steps, and then linearly decayed to zero. It is also neces-
sary to train the ranking model. We implemented a ViLT-
structured ranking model that scores text-image pairs via
linear projection of the final hidden state. During the exper-
iment, each dataset was divided into a training set and a test
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Dataset MM-IMDb IU-Xray
Missing Rate 30% (∆ ↓) 50% (∆ ↓) 70% (∆ ↓) 30% (∆ ↓) 70% (∆ ↓)

CLIP-based

Baseline 56.2 57.0
Baseline+missing 51.8 (-7.8%) 50.3 (-10.5%) 47.2 (-16.0%) 49.1 (-12.6%) 31.5 (-44.7%)

MPLMM 53.9 (-4.1%) 52.8 (-6.0%) 49.1 (-12.6%) 49.3 (-12.3%) 35.2 (-38.2%)
MMIN 50.1 (-10.9%) 49.5 (-11.9%) 44.6 (-20.6%) 37.3 (-33.6%) 26.7 (-53.2%)

DiCMoR 49.2 (-12.5%) 43.7 (-22.2%) 30.5 (-45.7%) 40.5 (-27.9%) 29.8 (-47.7%)
KB 52.4 (-6.8%) 51.9 (-7.7%) 50.3 (-10.5%) 51.4 (-8.5%) 41.1 (-27.9%)

ViLT-based
Baseline 56.4 58.8

Baseline+missing 50.29 (-10.8%) 45.36 (-19.6%) 40.78 (-27.7%) 55.5 (-1.6%) 50.5 (-14.1%)
GFR 54.5 (-3.4%) 53.8 (-4.6%) 52.7 (-6.6%) 59.1 (+4.8%) 58.7 (-0.2%)

Table 1: Performance comparison of models at varying missing image rates on MM-IMDb and IU-Xray datasets.
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Figure 6: Performance comparison of our method and baselines across three missing data scenarios at varied deletion rates.
ϵ=70% means that all models were trained with a 70% missing rate.

set. The ranking model was trained only on the training set
and did not affect the testing of the missing modality task.

Main Results and Analysis
As shown in Table 1, all models exhibit performance degra-
dation as the missing modality rate increases across both
datasets. However, the GFR framework consistently recov-
ers this lost performance. For example, on the IU-Xray
dataset, under a 70% missing rate, GFR enables the ViLT
model to recover a significant portion of its performance,
achieving an F1-score notably higher than both the base-
line with missing data removed and most other competing
methods. This result underscores that GFR’s effectiveness
is not limited to a specific backbone architecture; it serves
as a robust data augmentation pipeline that enhances model
resilience in missing modality scenarios.

When models are retrained on data completed by GFR,
their advantages are amplified, demonstrating that the high-
quality data it generates significantly benefits model train-
ing. Figure 6 shows a more challenging setup, where all
models (GFR, Missing-aware-prompts, and MACP) are
based on a unified ViLT baseline and retrained on the train-

ing set processed by their respective methods. The model
trained on GFR-completed data consistently outperforms all
other methods across all missing rates. This provides strong
evidence that GFR not only generates semantically accurate
samples but also produces a high-quality dataset whose dis-
tribution closely aligns with the original, offering a supe-
rior foundation for downstream tasks. Overall,GFR frame-
work effectively mitigates performance degradation caused
by missing modalities, showing superior recovery compared
to other SOTA methods.

Ablation Studies

Table 2 shows a detailed component-wise analysis of the
GFR framework. The data show that removing either the
Filtering or Ranking stage results in a significant perfor-
mance drop, proving the necessity of our three-stage de-
sign. Further analysis shows that in the filtering stage, Scene
Graph Matching, which utilizes structured semantic infor-
mation, is more effective than relying solely on Text Similar-
ity. In the ranking stage, the model trained with Circle Loss,
which handles complex partial-order relationships, outper-
forms both traditional Pairwise Loss and the absence of a
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ranking strategy. These results validate that each component
of GFR is both essential and highly effective. Overall, the
Filtering and Ranking stages are essential components of
the GFR framework, with Scene Graph Matching and Circle
Loss-based ranking being key strategies for optimal perfor-
mance.

Stage Method Missing Rate
30% 50% 70%

Filtering

Only rank 43.09 42.19 40.68
Text sim 42.99 42.32 39.78

LLM filter 43.20 42.19 41.07
Scene graph 43.22 42.29 41.14

Ranking

Only filter 42.50 40.96 40.13
Pairwise 43.81 42.40 40.56

Pairwise* 42.79 41.36 40.68
Circle loss 43.22 42.29 41.14

Table 2: Contributions of GFR’s filtering and ranking stages.

Generalizability and Visualization
To validate the broad applicability of the GFR frame-
work, we conducted experiments on additional benchmark
datasets, where GFR demonstrated strong performance in
recovering from missing modalities across various data do-
mains and tasks. Table 3 presents the results of generaliza-
tion tests on the Food101, MVSA, and Pascal VOC datasets,
each posing unique challenges. The results, evaluated us-
ing Accuracy, affirm our central claim: whether the missing
modality is image or text, GFR effectively bridges the per-
formance gap caused by data incompleteness, bringing the
model’s performance closer to that of complete data. This
shows that GFR is not domain-specific, but a generalizable
framework for multimodal data augmentation.

Qualitative analysis through visualizations provides
strong support for our quantitative results, clearly demon-
strating the high fidelity and semantic coherence of the data
generated by GFR. In Figure 7, we compare the ground-truth
data, GFR-generated samples, and samples from a basic
generative model. The images produced by GFR maintain
high semantic consistency with the source modality and ac-
curately reconstruct details, styles, and entity relationships.
In contrast, simpler generative methods tend to produce hal-
lucinations, such as missing key details, fabricating content,
or generating stylistically inconsistent outputs. These visual
examples provide an intuitive explanation for GFR’s supe-
rior performance in our quantitative evaluations.

Limitations and Discussion
GFR is applicable to visual-language tasks that require
cross-modal semantic alignment, but its design principles
can be extended to other multimodal learning scenarios. Of
course, GFR assumes semantic consistency, which may not
fully apply to certain tasks with modality conflicts, such
as multimodal satire and hate meme analysis (Kiela et al.

Dataset Missing Type Missing Rate
30 %(∆ ↓) 70% (∆ ↓)

Food101

No missing 82.43
Image 81.53 (-1.1%) 80.23 (-2.7%)

Image+GFR 81.88 (-0.6%) 81.28 (-1.4%)
Text 60.64 (-26.4%) 31.72 (-61.5%)

Text+GFR 68.48 (-16.9%) 49.75 (-39.6%)

MVSA

No missing 70.25
Image 64.25 (-8.5%) 60.75 (-13.5%)

Image+GFR 68.00 (-3.2%) 64.75 (-7.8%)
Text 62.50 (-11.0%) 52.25 (-25.6%)

Text+GFR 65.50 (-6.7%) 60.25 (-14.2%)

Pascal

No missing 84.00
Image 75.00 (-10.7%) 63.00 (-25%)

Image+GFR 85.00 (+1.2%) 83.00 (-1.2%)
Text 69.00 (-17.9%) 34.00 (-59.5%)

Text+GFR 82.00 (-2.4%) 77.00 (-8.3%)

Table 3: GFR performance on additional datasets.

Direct (SDXL)Ground-truth GFR (SDXL)

Food 101
(Image style)

Pascal VOC
(Entity)

Figure 7: Visualization results of GFR performance.

2020). Despite its limitations, our work remains of academic
value and practical potential.

Conclusion
In this study, we proposed a three-stage data augmentation
framework (GFR) based on multimodal large models, scene
graphs, and preference learning, aiming to recover missing
modality data in multimodal datasets and enhance model
performance in the case of missing modalities. Through ex-
tensive experiments and ablation studies on multiple clas-
sification datasets, we have verified the effectiveness of the
GFR framework and deeply analyzed the impact of modal-
ity missing on model performance and the performance of
GFR under different conditions. In addition, GFR is essen-
tially a general framework for data augmentation and can
be widely applied in the field of multimodal data augmen-
tation. Overall, our research provides an effective solution
to the problem of missing multimodal data and offers new
ideas for future research.
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