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ABSTRACT

The rapid advancement of machine learning has led to the emergence of large-scale models and massive datasets,
increasing the demand for efficient data distillation techniques. This paper proposes GITD (Generative Image-
Text Distillation), an innovative generative architecture for multimodal dataset distillation. GITD achieves
superior text-image alignment, enhanced performance, and reduced overhead compared to traditional methods.
Experimental results demonstrate significant performance improvements, with approximately 15% and 30%
gains in image and text retrieval tasks, respectively. Additionally, GITD exhibits strong cross-architecture
generalization, making it highly adaptable across different models.
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1. INTRODUCTION

The rapid development of machine learning has led to the emergence of many large-scale models and massive
data sets. The accompanying increase in computing and storage requirements has brought great challenges to
researchers. In order to better scale the data to properly reduce the training cost and overhead, people start
to use data distillation to obtain more concise but still effective data. So far, single-modal data distillation of
text,! images,? and videos® has made enough progress. Methods that are sufficiently general and efficient have
been widely used. However, we should also see that with the emergence and rapid development of large language
models, the importance of multimodal models and multimodal data has been gradually brought to the fore, and
large-scale multimodal data sets have been continuously applied to experiments. There is a growing need for a
general data distillation method that works well for multiple modalities.

However, existing data distillation techniques have largely been restricted to cater to image datasets, primarily
due to the amenable data-optimization in the continuous pixel-domain of images,* which is not easy to apply to
multi-modal data. Compared with single-modal data distillation, the difficulty of multi-modal data distillation
is mainly reflected in the correspondence between data. We take words and pictures as an example, the data
information in pictures is often many and complex, and contains some information that is difficult to describe,
while words can only provide a limited and one-sided description of pictures. Because of this, one image data can
often correspond to multiple text data, and it is difficult to preserve this relationship during the data distillation
process.

Even for some studies that have made great progress in the field of data distillation, there is no universal
multi-modal data distillation method. For LoRS,? it only uses the traditional method, which needs different
adaptation for different networks, lacks sufficient universality, and at the same time, the efficiency is low, which
has a non-negligible additional overhead. And D4M,® although a more novel diffusion model is used, which
is novel and has certain generalization, and although it only uses the labels of the images and does not distil
multi-modal data, it still has certain reference value and can be used as a possible multi-modal distillation
method.

In response to this challenge, this paper proposes GITD (Generative Image-Text Distillation), aiming to
achieve lightweight and highly generalized generative distillation for multimodal dataset. In order to improve
the generality and efficiency of the method, and realize the use of cross-model and cross-architecture, GITD
innovatively adopts the generate-filter method for multi-modal data, so as to effectively distill the mixed multi-
modal data of image and text. Different from the common gradient matching method, GITD uses the K-center
method to cluster the data, which improves the efficiency of calculation. In addition, different from general text



data distillation to obtain text features, GITD distills the text and obtains the caption of the text, so that the
distilled data is more flexible and realistic, and easier to train and use later. As a generative method, we can
achieve general data distillation across architectures, and a general and broad method can be used to obtain the
distilled results for different architecture model data requirements.

2. RELATED WORKS
2.1 Data distillation

Data distillation aims to get a small data set from a large data set. The existing algorithms can be divided
into three main categories: (1) Matching by Meta-model matching. It uses inner and outer loop to optimize the
data summary, and the optimized learning algorithm can be transferred to the original data set, which has a
very high transferability. This algorithm was originally proposed in 2018 by Wang” , but the original version has
a relatively high computational cost and loss. A separate line of work focuses on using Neural Tangent Kernel
(NTK)® based algorithms to solve the inner-loop in closed form and KIP? uses the NTK of a fully-connected
neural network for efficient data distillation. Recently, FREPO!® divided the network into feature extractor
and classifier for optimization, which achieved stronger scalability and generalization ability. (2) By gradient
matching. Originally proposed by DC,!! gradient matching method can avoid inner loop unrolling compared to
method (1), thus making the overall optimization more efficient. DSA'? improves DC by performing the same
image enhancement and optimizing the formulation. This optimization is generic and applies to all frameworks.
IDC!'3 stores data at a lower resolution to eliminate spatial redundancy and upsample to the original scale when
used. (3) By trajectory matching. MTT was proposed in 2022.'* Subsequently TESLA'® re-parameterizes
the parameter-matching loss of MTT by using linear algebraic manipulations to make the bilevel optimization’s
memory complexity independent of N.

2.2 Generate-filter

Generate-filter refers to the generative experiment in which, after generating a certain number of candidate
samples, the most useful samples are obtained as the final training data or input through secondary selection.
This process can find relatively more representative and effective samples when the data is insufficient or the
generated data is not completely reliable, so as to avoid the interference of low-quality data on the experimental
results. Therefore, the key to Generate-filter is to find the most appropriate selection method and judgment
method. D4MS® uses K-Means method to perform Prototype Learning on the extracted features after extracting
the features, so as to obtain the most representative prototypes, ignore those that are not representative, and
finally generate new distilled data according to them. RDED!S first divides the image into multiple small patches,
finds the key patch with the highest score through the pre-trained observer model, and then selects a certain
number of key patches to spell out new images, and generates region-level soft labels for these images.

3. METHOD

In this section, we propose GITD (generative image-text distillation) to achieve low cost, lightweight, and
highly generalized generative image-text dataset distillation. We first introduce the necessary preliminaries in
Sec. 3.1, and then provide a detailed explanation of GITD in Sec. 3.2.

3.1 Preliminaries
3.1.1 Latent Diffusion Models (LDM)

Diffusion models are a class of generative models that learn to generate data by gradually denoising a
normally distributed variable. The process consists of two main phases: the forward diffusion process and the
reverse denoising process. Latent Diffusion Models (LDM)!7 enhance the efficiency of traditional diffusion models
by operating in a lower-dimensional latent space rather than the high-dimensional data space. This is achieved
by first encoding the data into a latent representation using an encoder E, and then applying the diffusion
process in this latent space.



Latent Space Encoding. Given a data point x, it is first encoded into a latent representation zy using an

encoder E:
20 = E(J?o)

The diffusion process is then applied to zg instead of xg, significantly reducing computational complexity.

Forward Diffusion Process. Given a data point xy sampled from the data distribution ¢(z) and a
prompt y, the forward process gradually adds Gaussian noise to zy over T  timesteps, producing a sequence of
noisy samples x1, Ta, ..., . This process is defined as

Q($t|$t71,y) = N(l"t; VA Btwt—lvﬁtI)

where f3; is the noise schedule at timestep ¢, and N denotes the Gaussian distribution. The prompt y is used
as a conditioning signal throughout the process.

Reverse Denoising Process. The reverse process learns to iteratively denoise x7 back to zg by estimating
the noise added at each timestep, conditioned on the prompt y. This is typically parameterized by a neural
network eg:

po(Ti—1lze,y) = N (2115 po (e, 1, y), Do (24, L, y))

where pg and ¥y are the mean and covariance predicted by the model, now explicitly conditioned on the
prompt y.

Training Objective. The model is trained to minimize the variational lower bound (VLB) on the negative
log-likelihood, which simplifies to predicting the noise added at each timestep, conditioned on the prompt y:

L= Eroyeﬁtyy [”6 - 69(1',57?5, y)H2:|

where € is the actual noise added during the forward process, and y is the prompt used for conditioning.

Decoding to Data Space. After the reverse process, the denoised latent representation zg is decoded back
to the data space using a decoder D

g = D(Zo)

3.1.2 CLARA Clustering

CLARA (Clustering Large Applications)'® is an efficient clustering algorithm designed for large datasets,
extending the PAM (Partitioning Around Medoids)'® method. It selects actual data points, called medoids,
as cluster centers, which are more robust to outliers compared to centroids. CLARA improves scalability by
employing a sampling strategy: it randomly selects multiple subsets S from the dataset X, applies PAM to each
subset to find medoids, and assigns the entire dataset to the best set of medoids. The objective is to minimize

the total clustering cost, defined as:
n

Cost(M) = in d(x;,m;
ost(M) 2 m (i, mj)
where M is the set of medoids, d(z;,m;) is the dissimilarity between data point x; and medoid m;, and n
is the number of data points. By focusing on subsets, CLARA significantly reduces computational complexity
while maintaining clustering quality.
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Figure 1. Pipeline of GITD (generative image-text distillation).

3.2 GITD (Generative Image-Text Distillation)

Based on the previous analysis, existing works have the disadvantages of high operating costs, weak gener-
alization, and lack of support for multimodal data distillation. To solve these deficiencies, we propose GITD
(generative image-text distillation), which is a low-cost, lightweight, and highly generalized generative architec-
ture for multimodal dataset distillation.

Fig. 1 shows the pipeline of GITD. Given a multimodal dataset, GITD firstly extracts latent embeddings from
original images. Then, GITD applies CLARA Clustering algorithm to find the most representative medoids of
the latent embeddings. Subsequently, using the original corresponding text as the prompt, GITD performs the
diffusion process with pre-trained diffusion model on the latent embeddings of the cluster centers and decodes
the generated embeddings to generate synthetic images. Finally, GITD leverages pre-trained text generation
model to generate the corresponding synthetic text for synthetic images. In the following paragraphs, we will
elaborate on the various parts of the pipeline.

Latent Embedding Extraction. GITD leverages the encoder € inherent in the pre-trained LDM to map
the original image data into the latent embedding space. The latent embeddings capture the essential features
of the images, enabling efficient clustering and generation.

CLARA Clustering for Medoid Selection. To select the most representative samples in the latent space,
GITD applies k-medoids clustering algorithm. To improve the clustering efficiency, GITD employs the CLARA
algorithm, enabling the pipeline to perform clustering efficiently on larger datasets. The selected medoids, serve
as the foundation for generating synthetic data, ensuring diversity and coverage of the dataset.

Image Generation with LDM. From the latent embeddings of the cluster medoids, GITD conducts a
diffusion process to generate high-quality synthetic embeddings, which is guided by the pre-trained LDM (e.g.
stable-diffusion-vi1-5'). The original text associated with each medoid serves as the prompt to condition
the diffusion process, ensuring alignment between the generated embeddings and the semantic content of the
original data. Then GITD utilizes the decoder D that corresponds to the encoder in the LDM to generate
synthetic images from the synthetic embeddings.

Text Generation. To complete the generation of the synthetic mutimodal dataset, GITD utilizes the pre-
trained text generation model (e.g. blip2-opt-6.7b-coco?") to produce corresponding captions of the synthetic
images. The synthetic text and synthetic images together form a synthetic multimodal dataset.

Score Model for Image&Text Generation. To further increase the quantity of generated images and
text, GITD introduces a multimodal pre-trained model (e.g. clip-vit-base-patch32?!) as the score model.
As illustrated in the Fig. 1, during the diffusion-based image generation process, multiple images are generated
and then evaluated by the score model. The score model takes the generated images and their corresponding
original texts as input, encodes them into embeddings, and computes the similarity between these embeddings.
A higher similarity results in a higher score. Finally, the generated image with the highest score is selected as the
final output. Similarly, during the text generation phase, GITD generates multiple text candidates and evaluate



them using the score model based on their corresponding synthetic images. The text with the highest score is
selected as the final synthetic text. By leveraging the score model, GITD enhances the quality and alignment of
the synthetic dataset.

4. EXPERIMENTS

In this section, we first describe the setup in Sec. 4.1. We use it to evaluate our generative image-text dataset
distillation performance. We then compare the performance of our methods to baseline and verify the superiority
of our method in Sec. 4.2. In Sec. 4.3, we demonstrate the capabilities of our method on cross-architecture. We
further conduct the ablation study in Sec. 4.4, and visualize the synthetic image-text pair examples in Sec. 4.5.

4.1 Setup

Datasets and Tasks. We apply our method on image-text retrieval tasks. We evaluate our method on
multimodal datasets: Flickr30K2? and COCO,?? which are widely used for image-text retrieval tasks.

Evaluation models. We train the evaluation models on the synthetic multimodal dataset. In comparison
experiments, we use pre-trained NFNet?* as image model and Bert?® as text model. In cross-architecture
Experiments, we further explore ResNet50,%¢ RegNet,?” NF_ResNet50,%8 NF_RegNet?® as other image models
and CLIP?! as other text model.

Evaluation metrics. We use Recall RQK (for K € {1, 5,10}), which represents the fraction of relevant items
that are returned within the top K results of image-text retrieval task, as the evaluation metrics in experiments.
More specifically, we use IRQK (Image Recall) and TR@QK (Text Recall) to evaluate. The metrics are measured
on the evaluation model.

Baselines. We employ the following coreset selection methods as baselines: Random (random select a data
subset), Herd,?® K-center®! and Forgetting.32

Testbed. All the experiments are conducted on a single NVIDIA RTX 4070 GPU, which is quite lightweight.

4.2 Comparison Results

The results on Flickr30k and COCO are shown in Table 1. Compared to baselines, GITD demonstrates
superior performance across almost all data scales and datasets. In particular, GITD outperforms the baselines
with an relative improvement of around ~ 15% in TR and ~ 30% in IR, while the maximum relative improvement
can reach up to 73.3%. This demonstrates the effectiveness of GITD.

Table 1. Results on Flickr30K and COCO. The data is evaluated on NFNet+Bert. R, H, K, and F denote the baseline
methods: Random (random subset selection), Herding, K-center, and Forgetting, respectively.

TR IR
R H K F GITb R H K F GITD

R@1 1.3 11 06 1.2 1.7 1.0 07 0.7 0.7 1.1
100 R@5 5.9 47 50 4.2 5.9 40 28 31 24 4.2
R@10 101 79 76 9.7 10.3 6.5 53 6.1 5.6 8.0

Dataset #pairs  Metrics

Flickr30K
R@1 2.1 2.3 2.2 1.5 2.7 1.1 15 15 1.2 1.6
200 R@5 8.7 8.4 8.2 8.4 9.3 48 55 54 3.1 6.5
R@10 132 144 135 10.2 15.7 92 93 99 &84 10.9
R@1 0.8 0.8 1.4 0.7 1.1 03 05 04 0.3 0.6
100 R@5 3.0 2.1 3.7 2.6 3.8 1.3 14 14 1.5 2.6
COCO R@10 5.0 4.9 5.5 4.8 6.6 27 35 25 25 4.8

R@1 1.0 10 1.2 1.1 1.4 0.6 09 07 06 1.0
200 R@5 40 36 38 35 5.3 23 24 21 28 3.6
R@10 72 7T 75 7.0 8.9 44 41 58 49 6.5




4.3 Cross-Architecture Experiments

In the cross-architecture experiments, We choose MTT-VL?3? and LoRS,® two works that have demonstrated
excellent performance on multimodal datasets, as baselines. The results of cross-architecture experiments on
different methods are shown in Table 2. The baselines demonstrate a significant performance drop in cross-
architecture evaluation, with performance generally declining to around 50% of its original performance. In
contrast, GITD maintains the performance without noticeable degradation and even achieves performance im-
provement on TR@5 with NF-RegNet, which the baselines fail to accomplish. This demonstrates that GITD
transfers exceptionally well across different models compared to the baseline.

Table 2. The results of cross-architecture experiments for different methods. For MTT-VL and LoRS, the datasets are
synthesized using the NFNet+Bert model. The evaluation is conducted on the COCO dataset, with Bert as the text
model. For each method, the performance evaluated on NFNet+Bert serves as the 100% baseline for each R@QK metric.

TR \ IR
R@l R@5 R@I0 | R@ R@5 RQ10

Method Evaluate

MTT-VL NF-ResNet50 52.5% 51.9% 54.2% | 95.7% 87.9% 86.2%
NF-RegNet 36.4% 34.3% 39.6% | 53.2% 54.8% 86.2%
LoRS ResNetb0 33.0% 43.9% 49.0% | 43.9% 49.2% 57.9%
RegNet 35.0% 43.6% 50.7% | 43.9% 52.3% 56.2%
GITD NF-ResNets0 88.2% 83.1% 76.7% | 72.7% 81.0% 77.5%
NF-RegNet 112%  114%  91.3% | 63.6% 90.1% 81.3%

To further explore the cross-architecture generalization capability of GITD, We evaluate its performance
on different text and image evaluation models. The results are presented in Table 3. Across different image
models, GITD demonstrates consistent performance, while for text models, GITD significantly outperforms on
CLIP compared to Bert. This is attributed to the fact that the pre-trained CLIP model is substantially more
powerful than Bert, while the capabilities of NFNet, NF_ResNet50 and NF_RegNet are relatively similar. These
results indicate that GITD exhibits strong cross-architecture generalization capabilities for both text and image
modalities.

Table 3. The results of cross-architecture experiments for GI'TD. The evaluation is conducted on the COCO dataset with
100 pairs.

.. TR IR
Text Model | Vision Model Ral R@5 R@I0 | R@l RG@5 R@10
NFNet-10 1.7 5.9 10.3 1.1 4.2 8.0
BERT NF_ResNet50 | 1.5 4.9 7.9 0.8 3.4 6.2
NF_RegNet 1.9 6.7 94 0.7 3.8 6.5
NFNet-10 6.3 18.7 27.9 5.0 15.9 23.8
CLIP NF_ResNet50 | 3.5 10.9 15.3 2.8 8.6 14.2
NF_RegNet 4.8 14.3 23.0 4.1 12.9 20.6

4.4 Ablation Study

To measure the effectiveness of each proposed method of GITD, we create several variants of GITD as
follows to conduct ablation study. 1) For GITD/C, the CLARA clustering is replaced by randomly selected
embeddings; 2) GITD/D skips the diffusion process and directly select the original images corresponding to the
cluster centers as the synthetic images; 3) GITD/T skips the text generation process and directly select the
original text corresponding to the cluster centers as the synthetic texts; 4) GITD/S removes the score model,
and the first generated image-text pair is directly used as the synthetic image-text pair.



Table 4. The performance of different variants of GITD. The evaluation is conducted on the Flickr30K dataset with 100
pairs. The evaluation model is NFNet+Bert.

GITD Variants TR R

RQ1 R@5 R@I0 R@1 R@5 RQI0
GITD 1.7 5.9 10.3 1.1 4.2 8.0
GITD/C 1.0 5.0 8.8 0.6 3.7 6.5
GITD/D 1.4 5.4 9.3 0.8 3.9 6.8
GITD/T 1.7 5.8 10.2 0.9 3.4 6.8
GITD/S 1.7 5.7 9.7 1.1 4.2 7.3

Table 4 presents the results of the ablation study. All variants exhibit a decline in performance, indicating
the importance of each component in GITD.

4.5 Visualization

To illustrate the quality of the synthetic data intuitively, We provide visualizations of the synthetic image-text
pairs for Flickr30K. As shown in Fig. 2, the generated images are highly realistic, and the captions are precisely
aligned with the visual content, demonstrating the superior quality of the synthetic dataset.
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Figure 2. Examples of synthetic image-text pairs.

5. DISCUSSIONS AND LIMITATIONS

Due to the generative method employed by GITD, it demonstrates strong generalization capabilities without
relying on specific architectures, making it directly applicable to a wide range of models. Additionally, GITD does
not require any specific training, resulting in low time cost and overhead. Furthermore, by using the diffusion
process, text generation model and score model, the generated synthetic multimodal dataset achieves enhanced
realism and improved alignment.

However, the performance of GITD is relatively insufficient compared to the most common traditional meth-
ods (such as gradient matching, trajectory matching). One reason for this deficiency is the lack of training
on specific dataset. If the diffusion models and text generation models can be fine-tuned on the dataset to
be distilled, the performance can be much better. The other reason is that GITD only leverages the informa-
tion of selected centre during data generation with generative methods, while the traditional methods use the
information of whole original dataset.



Meanwhile, compared to the improvement of IR, the improvement of TR is relatively poor. On the one hand,
the task of text distillation itself is quite challenging; On the other hand, the generation of text in GITD does
not directly utilize the original caption in the dataset, which may lead to lower performance.

6. CONCLUSION

In the end, this work innovatively proposes GITD, a novel generative architecture for multimodal dataset
distillation. GITD demonstrates better text-image alignment, better performance and lower overhead. Experi-
ments show that GITD achieves significant improvements (approximately 15% on IR and 30% on TR) compared
to traditional coreset selection methods. Meanwhile, GITD transfers exceptionally well across different models
compared to the traditional dataset distillation methods, which shows strong cross-architecture generalization
capabilities of GITD. We hope that this novel generative multimodal dataset distillation method can be more
widely applied to the training of cross-modal large datasets.
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