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ABSTRACT

Multimodal Dataset Distillation (MDD) has emerged as a vital paradigm for en-
abling efficient training of vision-language models (VLMs) in the era of multi-
modal data proliferation. Unlike traditional dataset distillation methods that focus
on single-modal tasks, MDD presents distinct challenges: (i) the effective distilla-
tion of heterogeneous multimodal knowledge, complicated by feature space mis-
alignment and asynchronous optimization dynamics; and (ii) the lack of discrete
class guidance, which hinders the distribution coverage and representativeness of
synthetic data due to the vastness and continuity of the semantic space. To address
these challenges, this paper proposes an Asynchronous Matching with Dynamic
sampling (AMD) framework. AMD enables asynchronous trajectory matching by
decoupling the selection of starting points for image and text trajectories. Addi-
tionally, a Semantics-Aware Prototype Mining module is introduced, which re-
places random initialization by leveraging feature-space clustering to identify rep-
resentative prototypes, enhancing the coverage and representativeness of the dis-
tilled samples. Extensive experiments demonstrate that AMD achieves superior
distillation performance on Flickr30k and COCO (e.g., IR@1, IR@5, and IR@10
gains of 4.5%, 9.6%, and 10.9%, respectively, on Flickr30k 200 pairs.) with
negligible computational overhead..

1 INTRODUCTION

In the era of massive data, the substantial storage, transmission, and computational expenses as-
sociated with large-scale datasets pose a significant bottleneck for deep learning model training
and iteration. Dataset distillation (DD) (Wang et al., 2018; Zhao et al., 2020; Zhao & Bilen, 2023;
Cazenavette et al., 2022) emerged to address this challenge, with the aim of distilling a small amount
of synthetic data that allows models trained on this reduced set to achieve performance similar to
the original. This approach significantly reduces data volume, lowers training costs, accelerates
research, and aids in data privacy protection (Dong et al., 2022; Loo et al., 2023).

However, most existing DD research is mainly focused on single-modal tasks. With the explosion
of multimodal data like image-text pairs and the rise of Vision-Language Models (VLMs) (Radford
et al., 2021), efficiently processing and utilizing this massive multimodal data presents a new and
critical challenge. Consequently, research specifically targeting Multimodal Dataset Distillation
(MDD) is becoming exceptionally crucial, offering a vital pathway for efficient multimodal model
training and deployment.

Despite its vital role, MDD faces unique challenges distinct from prior dataset distillation paradigms
such as image classification (Zhao & Bilen, 2023; Wang et al., 2022; Zhao et al., 2023; Du et al.,
2023) and text classification (Li & Li, 2021; Maekawa et al., 2025). MDD presents two main chal-
lenges: (i) Effective distillation of heterogeneous multimodal knowledge. The core of MDD
lies in extracting and condensing effective joint knowledge from heterogeneous modalities like im-
age and text into synthetic data. This process is much more complex than single-modal tasks, as
it involves misalignment between modality-specific feature spaces and asynchronous optimization
dynamics during training; the latter, in particular, has been largely overlooked in previous work (Wu
et al., 2023; Xu et al., 2024) but is crucial for capturing precise cross-modal correlations. (ii) Distri-
bution coverage and representativeness without discrete class guidance. Traditional DD meth-
ods often benefit from the natural guidance and structure provided by discrete classes. However,
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Figure 1: Synchronous vs. Asynchronous Matching: (a) Previous synchronous matching only paired same-
time expert parameters. (b) Our asynchronous matching explores more flexible and richer cross-modal expert
parameter combinations. (c) Performance on Flickr30k: synchronous methods (Wu et al., 2023; Xu et al., 2024)
vs. our AMD.

MDD lacks such clear class distinctions. Coupled with the vastness and continuity of the image-text
data’s semantic space, simple random initialization struggles to effectively cover the diverse joint
distribution of the original data. Without clear guidance, initial points selected by random meth-
ods in previous work may lack representativeness (e.g., corresponding to ambiguous descriptions or
low-quality images), affecting distillation quality and subsequent optimization.

To address the aforementioned challenges and limitations, this paper proposes a novel Asynchronous
Trajectory Matching (AMD) framework for MDD. In contrast to prior approaches that typically
synchronize image and text trajectories by selecting model parameters from the same training stage,
as shown in Figure 1(a), our preliminary experiments suggest that such a rigid synchronization
is suboptimal for synthesizing modality-specific data representations. This limitation stems from
the inherent heterogeneity in the learning dynamics of different modalities. To overcome this, our
framework adopts an asynchronous trajectory matching strategy, illustrated in Figure 1(b), that de-
couples the sampling stages of image and text trajectories, allowing for more diverse combinations
of image and text model parameters drawn from different training epochs. This increased flexibility
facilitates the optimization of synthetic image-text pairs. Additionally, to address the absence of a
discrete set of classes to guide the distillation process, we introduce a Semantics-Aware Prototype
Mining module that constructs cluster centers to serve as grounding references. This module per-
forms clustering in the feature space to identify representative sample prototypes. These prototypes
replace the randomly selected initial points used in prior methods and are employed to initialize the
synthesis process, thereby substantially enhancing the diversity and representativeness of the dis-
tilled samples. Notably, these improvements are achieved with negligible additional computational
overhead compared to existing methods.

Our main contributions are summarized as follows:

• We propose a novel asynchronous matching with dynamic sampling for MDD that ad-
dresses the limitations of synchronous methods by enabling asynchronous sampling of im-
age and text trajectory points to explore richer cross-modal learning dynamics.

• We introduce a semantics-aware prototype mining module that identifies representative
prototypes via clustering in the joint semantic space to provide a high-quality initialization,
significantly enhancing the coverage and diversity of distilled samples.

• Extensive experiments demonstrate that our method achieves significant performance im-
provements on Flickr30k and COCO. For instance, on Flickr30k (200 pairs), Image Re-
trieval metrics IR@1, IR@5, and IR@10 improve by 4.5%, 9.6%, and 10.9%, respectively.

2 PRELIMINARY

Multimodal Dataset Distillation. We first provide a formal definition of Multimodal Dataset Dis-
tillation (MDD). Given a large-scale image-text dataset T = {(xi, yi)}Ni=1, where xi denotes an
image sample, yi represents the corresponding text description, and N = |T | is the size of the
original dataset. The goal of MDD is to compress T into a budget-constrained synthetic dataset
S = {(x̃j , ỹj)}Mj=1 with M ≪ N , such that models trained on S approximate the performance of
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those trained on T . This objective can be formulated as:

E(x,y)∼Ttest

∣∣ℓ(θTV (x), θTL (y))− ℓ(θSV(x), θ
S
L(y))

∣∣ ≤ ϵ, (1)

where θTV and θTL are parameters of multimodal model trained on T , θSV and θSL are trained on S,
Ttest is the test data distribution, ℓ denotes the performance measure function, ϵ is a small tolerance.

Since vision-language datasets lack the category-level labels found in traditional classification tasks,
methods such as gradient matching (Zhao et al., 2020) and distribution matching (Zhao & Bilen,
2023), which rely on intra-category data compression, struggle to be effective.

Matching Image-Text Trajectories. Existing works (Wu et al., 2023; Xu et al., 2024) employ MTT-
based methods (Cazenavette et al., 2022; Cui et al., 2023) to compress key information and cross-
modal relationships through: (1) expert trajectories buffering and (2) image-text pairs distilling.

During buffering, the multimodal model is first trained on dataset T using the bi-directional In-
foNCE loss, which consists of symmetric image-to-text and text-to-image contrastive terms. The
image-to-text contrastive loss can be formulated as:

LInfoNCE = − 1

N

N∑
i=1

log
exp (s(θV(xi), θL(yi))/τ)∑K
j=1 exp (s(θV(xi), θL(yj))/τ)

, (2)

where s(·, ·) measures similarity between positive pair (xi, yi) and K negative pairs (xi, yj) in a
batch, with temperature τ . To ensure the generalization capability of the expert trajectories, it is
common practice to perform multiple rounds of retraining and periodically save the parameters of
the image encoder θV and the text encoder θL at different training steps, thereby constructing the
expert trajectories. One of them can be formalized as: image trajectories = {θ(0)V , θ

(1)
V , . . . , θ

(r)
V }

and text trajectories = {θ(0)L , θ
(1)
L , . . . , θ

(r)
L }, r is total training epochs.

During the distilling phase, matching is performed between student and expert trajectories in both
the vision (V) and language (L) modalities. At initialization step t, the student and expert networks
share identical parameters (θ

(t)
V , θ

(t)
L ). The expert trajectory undergoes M optimization steps to

reach (θ
(t+M)
V , θ

(t+M)
L ), while the student network performs N gradient descent updates (N ≪M )

to obtain its final parameters (θ̃
(t+N)
V , θ̃

(t+N)
L ). The matching objective minimizes the normalized

ℓ2-distance between corresponding student and expert trajectories across both modalities:

(x̃, ỹ) = argmin
x̃,ỹ

(
∥θ̃(t+N)

V − θ
(t+M)
V ∥2

∥θ(t)V − θ
(t+M)
V ∥2

+
∥θ̃(t+N)

L − θ
(t+M)
L ∥2

∥θ(t)L − θ
(t+M)
L ∥2

), (3)

where (θ
(t)
V , θ

(t)
L ) = (θ̃

(t)
V , θ̃

(t)
L ). It is noteworthy that, to optimize memory efficiency, LoRS (Xu

et al., 2024) leverages TESLA (Cui et al., 2023) technology, enabling the this framework to be
executed on a single GPU.

3 METHODOLOGY

3.1 EXPLORATION

Existing MDD methods typically adopt a synchronous sampling strategy for trajectory matching,
perhaps extending the synchronized processing of image and text data in standard VLM training.
However, this paper questions the validity of such a synchronous matching assumption:

First, the inherent architectural differences between the image and text networks lead to asyn-
chronous evolution of their parameter trajectories. Taking NFNet+BERT, a commonly used back-
bone in MDD, as an example, the visual encoder and the text encoder (with BERT often frozen and
followed by a linear layer for optimization) exhibit significantly different parameter update dynam-
ics. Second, from the perspective of data distillation, the optimization spaces of synthesized images
(3×224×224 pixel space) and synthesized texts (768-dimensional embedding space) possess funda-
mentally different topological properties, making synchronization of their optimization processes
difficult.
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Figure 2: Exploring the Asynchronous Phenomenon: (a) Visualizes the expert trajectories during the buffering
stage; (b) analyzes the parameter update magnitudes; (c) MTT loss curves during the distillation stage.

To empirically investigate these theoretical reasons and validate our skepticism, we conducted sys-
tematic experimental analyses on the Flickr30k dataset. Our observations provide strong evidence:

Observation 1. Asynchronous Expert Trajectories. Consistent with the notion of inherent archi-
tectural differences, our analysis of expert model training reveals clear asynchrony. As visualized
in Figure 2 (a), expert trajectories during the buffering stage show initial synchronization followed
by clear decoupling in middle and later stages. Furthermore, analysis of parameter update magni-
tudes (Figure 2 (b)) reveals distinct dynamics: the text network undergoes intense initial fluctuations
but quickly converges, whereas the image network maintains a consistently high update intensity
throughout training. This evidence highlights the asynchronous evolution of image and text network
parameters.

Observation 2. Asynchronous Synthetic Data Optimization Speed. Supporting the perspective that
the optimization spaces of synthesized images and texts are fundamentally different, Figure 2 (c)
demonstrates that during the distillation stage, the synthesized text optimizes significantly faster
than the synthesized image. This discrepancy in optimization speed provides direct evidence that
the optimization processes of synthesized image and text data are fundamentally asynchronous.

Based on these empirical findings, we draw two important conclusions:

• The asynchrony of expert trajectories is an inherent characteristic of visual-language mod-
els;

• Synthetic text converges significantly faster than synthetic images, further validating the
asymmetry in the cross-modal optimization process.

Building on these insights, in Section 3.2, we further propose asynchronous trajectory matching —
decoupling the distillation paths of image and text modalities to realize a distillation process that
better aligns with the actual optimization dynamics.

3.2 ASYNCHRONOUS MATCHING WITH DYNAMIC SAMPLING.

Building upon the empirical findings presented in the previous section, which revealed the funda-
mental asynchronous nature of both expert trajectories and the optimization of synthesized data, we
propose a novel Asynchronous Matching with Dynamic sampling (AMD) Framework for mul-
timodal Dataset Distillation. Unlike conventional synchronous methods that ignore this inherent
asynchrony by strictly aligning expert trajectories based on the same training steps (tv = tl), AMD,
as shown in Figure 3, enables the independent and flexible selection of starting points (tv, tl) for the
image (θ(t)V ) and text (θ(t)L ) expert trajectories (where t is the training step).

The expert and student trajectories whose states are matched in AMD are generated by the standard
visual-language model training process using a contrastive loss like InfoNCE. The expert trajectory
is generated by training the network on the real dataset T :

(θ
(t+1)
V , θ

(t+1)
L ) = (θ

(t)
V , θ

(t)
L )− αT∇LInfoNCE(T ; θ(t)V , θ

(t)
L ) (4)

Similarly, the student trajectory corresponds to training a network on the synthetic dataset S:

(θ̃
(t+1)
V , θ̃

(t+1)
L ) = (θ̃

(t)
V , θ̃

(t)
L )− αS∇LInfoNCE(S; θ̃(t)V , θ̃

(t)
L ). (5)
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Asynchronous Trajectories Matching. AMD then aims to optimize the synthetic data S such
that points on its resulting student trajectory match points on the expert trajectory. Specifically, it
minimizes the asynchronous trajectory matching loss (LAMD), which compares student parameters
after N steps of optimization on (x̃, ỹ) (corresponding to an expert state) to expert parameters after
M steps, starting from tv and tl. Extending the standard MTT-VL (Wu et al., 2023) formulation, this
objective minimizes the normalized L2 distance between student parameters and expert parameters:

LAMD =
∥θ̃(tv+N)

V − θ
(tv+M)
V ∥2

∥θ(tv)V − θ
(tv+M)
V ∥2

+
∥θ̃(tl+N)

L − θ
(tl+M)
L ∥2

∥θ(tl)L − θ
(tl+M)
L ∥2

s.t. tv ∈ [0, RV ], tl ∈ [0, RL],

(6)

where RV and RL denote the sampling ranges for visual and text.

Maximum Mean Discrepancy based Dynamic Sampling. We utilize the actual convergence
speed differences of the visual and text expert trajectories to determine the dynamic sampling ranges.
As shown in Figure 2 (b), we first obtain the Maximum Mean Discrepancy (MMD) of the trajec-
tory parameters between consecutive epochs. To precisely quantify the parameter update magnitude
between training steps, we formally define the MMD for visual modality as the Maximum Mean
Discrepancy with linear kernel, which reduces to the squared euclidean distance between the aver-
age parameter vectors of consecutive epochs:

MMDV,t =MMD(θ(t−1)
V , θ

(t)
V ) =

∥∥∥∥∥ 1

nV

nV∑
i=1

θ
(t−1)
V,i − 1

nV

nV∑
i=1

θ
(t)
V,i

∥∥∥∥∥
2

(7)

Similarly,MMDL,t is computed for the text modality. We employ the median Tmedian of the trajec-
tory ratio as an adaptive baseline:

Tmedian = Median
({
MMDV,t

MMDL,t
| t ∈ [1, T ]

})
(8)

The visual and text sampling ranges RL and RV are then defined based on Tmedian:

RL = max{t | MMDV,t

MMDL,t
< Tmedian}

RV = min{t | MMDV,t

MMDL,t
> Tmedian}

(9)

This approach is designed to prevent excessive asynchronicity between the sampled visual and text
trajectories, which could lead to instability in the synthetic dataset optimization. Inspired by the
faster dynamics and earlier convergence of the text modality (Figure 2 (b)&(c)), we dynamically
establish the boundaries for the two modalities: RLis truncated earlier when the ratio first exceeds
the median, signifying that the text modality’s relative dynamics have significantly stabilized. Con-
versely, RV is allowed a wider range, continuing until the ratio first increase beyond the median. By
leveraging this data-driven, differential range sampling strategy, our method adaptively captures the
inter-modal learning speed discrepancies without relying on predefined empirical hyperparameters,
which fundamentally enhances the robustness and generalizability of the ATM framework, leading
to higher-quality synthetic data.

3.3 SEMANTIC-AWARE PROTOTYPE MINING

Multimodal Dataset Distillation for non-categorical data like image-text pairs faces the critical chal-
lenge of insufficient synthetic data coverage and diversity. Due to the data’s continuous and complex
nature, traditional random initialization of synthetic samples often selects semantically redundant
pairs, significantly harming coverage and diversity. To mitigate this, we propose a novel Semantics-
aware Prototype Mining (SPM) module. SPM analyzes the joint semantic feature space of the
original dataset to identify representative prototypes, which are utilized as initialization points for
the B synthetic samples {(x̃k, ỹk)}Bk=1.
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Algorithm 1 Asynchronous Matching with Dy-
namic Sampling
Input: Real set T ; Expert Trajectories
{θ(t)V }rt=0, {θ

(t)
L }rt=0; Max start epochs RL, RV ;

Synthetic data learning rate ηS .
Output: Synthetic dataset S

1: Initialize S = (x̃, ỹ) using Semantics-
aware Prototype Mining

2: repeat
3: Select the start epoch separately: tv ∈

[0, RV ] and tl ∈ [0, RL]

4: Get expert trajectories {θ(t)V }
tv+M
t=tv and

{θ(t)L }
lv+M
t=lv

5: Initialize the student network
(θ

(tv)
V , θ

(tl)
L )

6: Train (θ
(tv)
V , θ

(tl)
V ) on S for N steps and

get {θ̃(t)V }
tv+N
t=tv and {θ̃(t)L }

lv+N
t=lv

7: Compute AMD loss using Eq. 6
8: Update synthetic image-text pairs:

(x̃, ỹ)← (x̃, ỹ)− ηS∇(x̃,ỹ)LAMD

9: until convergence
10: return S

Figure 3: Illustration of Asynchronous Trajec-
tory Matching: Dashed lines represent expert tra-
jectories saved during buffering, while solid lines
are student trajectories matched during distilla-
tion. Columns represent decoupled expert start-
ing points ((tv = 0, tl = 1) left, (tv = 1, tl = 0)
right), and rows depict subsequent matching steps.

SPM involves several steps. First, we extract corresponding visual features vi = θV(xi) and text
features li = θL(yi) for every image-text pair (xi, yi) in the original dataset D = {(xi, yi)}|D|

i=1
using trained image and text encoders θV and θL. Second, to capture the joint semantic information
of each pair, we construct a joint image-text feature fi by simple feature concatenation: fi = [vi; li].
This builds a representation {fi}|D|

i=1 of the original dataset in the joint feature space. Next, we
perform K-means clustering on {fi} in this space, setting the number of clusters K equal to the
synthetic dataset budget B (K = B). This yields B cluster centroids {ck}Bk=1, each representing a
semantic prototype from the original data distribution:

{ck}Bk=1 = C({fi}|D|
i=1, K = B), (x∗

k, y
∗
k) = arg min

xi,yi

∥fi − ck∥2 ∀k ∈ {1, . . . , B}. (10)

For each cluster k ∈ {1, . . . , B}, we select the original dataset sample (x∗
k, y

∗
k) whose joint feature

f∗
k is closest to the centroid ck as the representative prototype for that cluster.

This prototype-based approach leverages the semantic structure of the original data to guide the
initialization process. By selecting B initialization pairs {(x∗

k, y
∗
k)}Bk=1 based on diverse semantic

clusters identified in the joint feature space, it maximizes the coverage of the original data distri-
bution and ensures the initial synthetic samples are highly diverse and representative. This directly
addresses the semantic redundancy issue associated with random initialization, providing a high-
quality starting set for the subsequent distillation optimization.

4 EXPERIMENTS

4.1 EXPERIMENTS SETUP

Datasets and Metrics. Following established MDD protocols (Wu et al., 2023; Xu et al., 2024),
we evaluate our approach on the Flickr30K (Plummer et al., 2015) and COCO (Lin et al., 2014)
datasets, which are standard cross-modal retrieval benchmarks containing 31,783 and 123,287 im-
ages, respectively, each paired with five human-annotated captions. We assess retrieval performance
using standard Recall@K (R@K) metrics with K ∈ {1, 5, 10}, reporting results in both directions:
Image-to-Text (I2T), denoted as IR@K, which measures the hit rate of retrieving correct captions

6
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Table 1: Performance comparison with four coreset selection and current multimodal dataset distillation meth-
ods on Flickr30k (Plummer et al., 2015) dataset. In line with the fair comparison setting of LoRS (Xu et al.,
2024), both LoRS and AMD use 99, 199, and 499 pairs, while others uses 100, 200, and 500 pairs. The
NFNet (Brock et al., 2021)+BERT (Vaswani et al., 2017) model trained on the full dataset yields: IR@1=27.3,
IR@5=57.1, IR@10=69.7 for I2T, and TR@1=33.9, TR@5=65.1, TR@10=75.2 for T2I. Best results are in
bold.

Pairs Ratio Metric Coreset Selection Dataset Distillation
Rand Herd K-Cent Forget MTT-VL LoRS AMD (Ours)

100
(99) 0.3%

IR@1 1.0 0.7 0.7 0.7 4.7±0.2 8.3±0.2 10.4±0.3
IR@5 4.0 2.8 3.1 2.4 15.7±0.5 24.1±0.2 30.5±0.7

IR@10 6.5 5.3 6.1 5.6 24.6±1.0 35.1±0.3 43.0±0.6
TR@1 1.3 1.1 0.6 1.2 9.9±0.3 11.8±0.2 14.4±0.5
TR@5 5.9 4.7 5.0 4.2 28.3±0.5 35.8±0.6 39.1±0.6

TR@10 10.1 7.9 7.6 9.7 39.1±0.7 49.2±0.5 52.6±0.6

200
(199) 0.7%

IR@1 1.1 1.5 1.5 1.2 4.6±0.9 8.6±0.3 13.1±0.3
IR@5 4.8 5.5 5.4 3.1 16.0±1.6 25.3±0.2 34.9±0.6

IR@10 9.2 9.3 9.9 8.4 25.5±2.6 36.6±0.3 47.5±0.7
TR@1 2.1 2.3 2.2 1.5 10.2±0.8 14.5±0.5 16.9±0.4
TR@5 8.7 8.4 8.2 8.4 28.7±1.0 38.7±0.5 42.3±0.6

TR@10 13.2 14.4 13.5 10.2 41.9±1.9 53.4±0.5 56.2±0.8

500
(499) 1.7%

IR@1 2.4 3.0 3.5 1.8 6.6±0.3 10.0±0.2 15.8±0.4
IR@5 10.5 10.0 10.4 9.0 20.2±1.2 28.9±0.7 39.8±0.4

IR@10 17.4 17.0 17.3 15.9 30.0±2.1 41.6±0.6 53.2±0.5
TR@1 5.2 5.1 4.9 3.6 13.3±0.6 15.5±0.7 19.3±0.5
TR@5 18.3 16.4 16.4 12.3 32.8±1.8 39.8±0.4 46.4±0.4

TR@10 25.7 24.3 23.3 19.3 46.8±0.8 53.7±0.3 60.0±0.6

among the top-K results, and Text-to-Image (T2I), denoted as TR@K, which evaluates the accuracy
of finding matching images based on text queries.

Implementation Details. Following the setup of the LoRS (Xu et al., 2024) baseline, we utilize an
NFNet (Brock et al., 2021) (Normalizer-Free ResNet) pretrained on ImageNet (Deng et al., 2009)
as the image encoder, along with a pretrained BERT (Vaswani et al., 2017) model that includes an
appended linear layer as the text encoder. In accordance with the protocols of previous work (Xu
et al., 2024; Wu et al., 2023), the BERT weights remain frozen during training and distillation, with
only the parameters of the linear layer being optimized. Adhering to the MTT (Cazenavette et al.,
2022), during the buffer phase, we train the image and text encoders on the original dataset for 10
epochs, repeating this process 20 times to generate 20 expert trajectories. We optimize the distilled
data using SGD with momentum 0.5. The reported results are calculated as the mean ± standard
deviation over 15 independent evaluations: we generate 3 synthetic datasets, and for each dataset,
we retrain the model 5 times. All experiments are conducted on a single NVIDIA V100 / RTX 4090
GPU. More detailed are provided in the Appendix.

Counterpart Methods. We compared two main categories of methods: Coreset Selection and
Dataset Distillation. Coreset Selection includes commonly used techniques such as Random (Re-
buffi et al., 2017), Herding (Welling, 2009), K-center (Farahani & Hekmatfar, 2009), and For-
getting (Toneva et al., 2018). Dataset Distillation encompasses MTT-VL (Wu et al., 2023) and
LoRS (Xu et al., 2024). MTT-VL is the first work to apply MTT (Cazenavette et al., 2022) (training
trajectory matching) in the multimodal area, while LoRS enhances similarity mining and incorpo-
rates TESLA (Cui et al., 2023) technology to reduce memory overhead.

4.2 QUANTITATIVE RESULTS

As shown in Tables 1 and 2, our AMD demonstrates significant advantages over existing approaches
across both datasets. On the Flickr30k dataset, AMD achieves a new state-of-the-art performance,
significantly surpassing traditional Coreset Selection methods and existing dataset distillation tech-
niques. For instance, under the setting of 200 image-text pairs, AMD improves I2T over the LoRS
baseline with gains of +4.5%, +9.6%, and +10.9% in IR@1, IR@5, and IR@10, respectively. For
T2I, AMD achieves improvements of +2.4%, +3.6%, and +2.8% in TR@1, TR@5, and TR@10, re-
spectively. Given that the COCO dataset is 3.9x larger than Flickr30k and contains richer semantic
relationships, the performance for all methods are relatively lower. Nevertheless, AMD maintains its
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Table 2: Performance comparison with coreset selection and dataset distillation methods on COCO (Lin et al.,
2014). For a fair comparison, LoRS (Xu et al., 2024) and AMD use 99, 199, and 499 pairs, while others use
100, 200, and 500 pairs. The NFNet (Brock et al., 2021)+BERT (Vaswani et al., 2017) model trained on the full
dataset achieves: IR@1=16.9, IR@5=41.9, IR@10=55.9 for I2T, and TR@1=19.6, TR@5=45.6, TR@10=59.5
for T2I. Best results are in bold.

Pairs Ratio Metric Coreset Selection Dataset Distillation
Rand Herd K-Cent Forget MTT-VL LoRS AMD (Ours)

100
(99) 0.02%

IR@1 0.3 0.5 0.4 0.3 1.3±0.1 1.8±0.1 2.8±0.2
IR@5 1.3 1.4 1.4 1.5 5.4±0.3 7.1±0.2 10.5±0.2
IR@10 2.7 3.5 2.5 2.5 9.5±0.5 12.2±0.2 17.2±0.4
TR@1 0.8 0.8 1.4 0.7 2.5±0.3 3.3±0.2 4.1±0.3
TR@5 3.0 2.1 3.7 2.6 10.0±0.5 12.2±0.3 13.8±0.3
TR@10 5.0 4.9 5.5 4.8 15.7±0.4 19.6±0.3 21.8±0.4

200
(199) 0.04%

IR@1 0.6 0.9 0.7 0.6 1.7±0.1 2.4±0.1 3.8±0.2
IR@5 2.3 2.4 2.1 2.8 6.5±0.4 9.3±0.2 13.4±0.3
IR@10 4.4 4.1 5.8 4.9 12.3±0.8 15.5±0.2 21.4±0.4
TR@1 1.0 1.0 1.2 1.1 3.3±0.2 4.3±0.1 4.6±0.2
TR@5 4.0 3.6 3.8 3.5 11.9±0.6 14.2±0.3 15.5±0.6
TR@10 7.2 7.7 7.5 7.0 19.4±1.2 22.6±0.2 24.1±0.5

500
(499) 0.09%

IR@1 1.1 1.7 1.1 0.8 2.5±0.5 2.8±0.2 4.2±0.2
IR@5 5.0 5.3 6.3 5.8 8.9±0.7 9.9±0.5 14.2±0.5
IR@10 8.7 9.9 10.5 8.2 15.8±1.5 16.5±0.7 22.3±0.4
TR@1 1.9 1.9 2.5 2.1 5.0±0.4 5.3±0.5 5.7±0.6
TR@5 7.5 7.8 8.7 8.2 17.2±1.3 18.3±1.5 19.3±1.2
TR@10 12.5 13.7 14.3 13.0 26.0±1.9 27.9±1.4 28.7±1.0

superiority on the more complex COCO dataset. For example, under the setting of 200 pairs, AMD
achieves improvements of +1.4%, +4.1%, and +5.9% in IR@1, IR@5, and IR@10, respectively,
compared to the LoRS baseline.

Additionally, we observed two noteworthy phenomena. First, as the distillation budget (the num-
ber of image-text pairs) increases, the performance gains from the asynchronous trajectory become
more pronounced. In the case of Flickr30k, AMD outperformed LoRS by 2.1%, 4.5%, and 5.8% in
the IR@1 metric for 99, 199, and 499 pairs, respectively. This suggests that previous synchronous
trajectory strategies may create performance bottlenecks when handling large-scale data, as they
struggle to adapt to the increasing complexity of image-text pairs. Second, the improvements in
I2T retrieval metrics are particularly significant, indicating that the previous synchronous trajec-
tory approach, which forced the matching of imbalanced image and text expert trajectories, led to
optimization challenges for synthetic image-text pairs. In contrast, our proposed asynchronous tra-
jectory technique enables flexible optimization of image and text combinations at different stages,
resulting in substantial performance enhancements.

4.3 ABLATION STUDY

Component Analysis. We conduct a comprehensive ablation study on the proposed AMD frame-
work to analyze the contribution of its key components: (1) Baseline (using the codebase of
LoRS (Xu et al., 2024)), (2) Asynchronous Trajectory Matching (AMD), and (3) Semantic-aware
Prototype Mining (SPM). As shown in Table 9, the Baseline (LoRS) provides a solid starting point.
Adding the AMD component alone yields significant improvements across all metrics (e.g., IR@1
increases from 8.6% to 12.1%), highlighting the effectiveness of explicitly modeling and leveraging
asynchronous learning dynamics during distillation. Adding the SPM component to the baseline also
provides noticeable gains (e.g., IR@1 increases from 8.6% to 9.1%), demonstrating the importance
of semantic-aware initialization for enhancing synthetic data coverage and diversity. Importantly, the
improvement from AMD alone is generally larger than that from SPM alone, particularly for Im-
age Retrieval metrics. When combining both AMD and SPM, our full framework achieves the best
performance across all metrics, reaching 13.1%/34.9%/47.5% for IR and 16.9%/42.3%/56.2% for
TR. These results underscore the complementarity of the proposed AMD and SPM components, and
their combined effect leads to superior performance in MDD.

Cross-Architecture Generation. Cross architecture generation aims to assess the ability of syn-
thetic datasets to generalize to unseen architectures. We employed NFNet+BERT as the distillation
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Table 3: Ablation study of proposed modules. Experiments are conducted on the Flickr30k 200pairs setting.
The best results are in bold.

Baseline AMD SPM IR@1 IR@5 IR@10 TR@1 TR@5 TR@10
✓ 8.6±0.3 25.3±0.2 36.6±0.3 14.5±0.5 38.7±0.5 53.4±0.5
✓ ✓ 12.1±0.3 33.9±0.6 46.7±0.5 16.5±0.4 41.6±0.6 55.7±0.5
✓ ✓ 9.1±0.1 26.4±0.3 38.5±0.4 15.3±0.4 40.1±0.5 53.9±0.4
✓ ✓ ✓ 13.1±0.3 34.9±0.6 47.5±0.7 16.9±0.4 42.3±0.6 56.2±0.8

Table 4: Cross-architecture generalization: We utilize NFNet+BERT as the dataset distillation model to gener-
ate synthetic images and evaluate performance across various architectures.

Pairs Method Evaluate Model Flickr30k
IR@1 IR@5 IR@10 TR@1 TR@5 TR@10

499 LoRS
NFNet+BERT 10.0±0.2 28.9±0.7 41.6±0.6 15.5±0.7 39.8±0.4 53.7±0.3
ResNet+BERT 3.3±0.2 12.7±0.3 20.4±0.2 6.8±0.2 19.6±1.3 31.1±0.3
RegNet+BERT 3.5±0.1 12.6±0.3 21.1±0.4 6.8±0.3 20.8±0.3 30.2±0.3

499 AMD
NFNet+BERT 15.8±0.4 39.1±0.4 53.2±0.5 19.3±0.5 46.4±0.4 60.0±0.6
ResNet+BERT 4.1±0.3 14.2±0.5 22.6±0.4 7.6±0.4 22.3±0.4 33.2±0.6
RegNet+BERT 4.0±0.2 14.4±0.3 23.1±0.5 7.5±0.3 22.8±0.5 32.7±0.4

Table 5: Upper Bound Analysis on Synthetic Data Scale.

Method Image Encoder Text Encoder Ratio TR@1 TR@10 IR@1 IR@10
AMD NFNet BERT 10% 32.5 73.9 24.7 67.3

Upper Bound NFNet BERT 100% 33.9 75.2 27.3 69.7
AMD NFNet CLIP 10% 60.5 91.7 47.9 86.8

Upper Bound NFNet CLIP 100% 61.2 92.8 49.8 88.3

Figure 4: Visualization of initial (Left) and synthetic (Right) image-text pairs, with the synthetic data under-
going 3000 distillation steps.

model to generate the synthetic dataset, and then evaluated it using various architectures. Since
BERT is frozen, we followed the baseline approach of LoRS by modifying the image encoder ar-
chitecture, including ResNet (He et al., 2016) and RegNet (Radosavovic et al., 2020). As shown
in Table 4, the dataset generated by our AMD method outperforms the baseline LoRS in cross-
architecture performance.

Upper Bound Analysis. We investigated the AMD performance upper bound by scaling up syn-
thetic data quantity. As detailed in Table 5, with the CLIP encoder, AMD trained on a 10% synthetic
subset achieves 47.9 IR@1, recovering over 96% of the full dataset’s upper bound (49.8). The 10%
synthetic subset, with the BERT encoder, recovers 90.4% of its upper bound (24.7 vs. 27.3 IR@1).
This demonstrates the high performance ceiling and potential of the AMD approach.

4.4 QUALITATIVE RESULTS.

Synthetic Image-Text Pairs Visualization. Figure 4 provides qualitative examples of synthetic
image-text pairs generated by our method. Similar to prior work (Wu et al., 2023; Xu et al., 2024),
our synthetic images exhibit a deepdream-like style (Zeiler & Fergus, 2014), characterized by real
images overlaid with learned high-frequency components. The examples demonstrate that our syn-
thetic text, even if not longer, is significantly more effective at capturing salient objects and rela-
tionships compared to the initial synthetic text (i.e., before optimization). For instance, the last case
clearly describes the performers and their relationships, a detail often lacking initially but crucial for
high-quality VL understanding.

Initialization Strategies Analysis. As shown in Figure 5, t-SNE visualization of the joint image-
text feature space reveals a stark contrast between random initialization and our Semantics-Aware
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Figure 5: t-SNE visualization of initialization strategies. (Left) Random selects samples haphazardly, lead-
ing to semantic redundancy and poor coverage. (Right) SPM (ours) identifies representative prototypes via
clustering, ensuring uniform, diverse coverage of the semantic manifold. Each cluster is color-coded.

Figure 6: Qualitative analysis of similarity matrices and their evolution. (a) The initial similarity matrix, where
only diagonal elements are 1.0. (b) The similarity matrix after synchronous matching using the LoRS baseline.
(c) The similarity matrix after asynchronous matching with our AMD framework. (d) The evolution of mean
diagonal similarity over iterations, demonstrating the superior convergence of AMD compared to the LoRS.

Prototype Mining (SPM). Randomly selected prototypes (red stars) cluster redundantly around a few
dominant semantics—such as multiple instances of “dogs running on grass” with only minor vari-
ations in pose or background—failing to capture the diversity of the underlying data manifold and
resulting in a biased, low-coverage initialization. In contrast, SPM leverages K-means clustering to
identify representative prototypes that uniformly span the semantic spectrum: examples include dis-
tinct concepts such as “soccer matches,” “motocross,” and “snowboarding,” each corresponding to
a well-separated cluster. This structured, diversity-driven initialization ensures the synthetic dataset
begins with high semantic fidelity and broad coverage, providing a far more effective foundation for
subsequent distillation.

Similarity Matrix Evolution. As shown in Figure 6, we dynamically visualize the evolution of the
low-rank similarity matrix during distillation. Figures 6 (a)–(c) display the similarity matrices at
initialization, after LoRS distillation, and after AMD distillation, respectively. AMD, by decoupling
image and text trajectories, yields two key advantages: (1) Stable text optimization—since text pa-
rameters typically converge rapidly in early stages, asynchronous matching allows the text trajectory
to be sampled at its optimal convergence point, reducing later-stage parameter updates that could
introduce instability and overfitting; (2) Enhanced image learning—image synthesis is no longer
constrained to match the text trajectory at identical training stages, enabling optimization along
more informative gradient directions that accelerate visual feature convergence. These mechanisms
collectively produce a similarity matrix with stronger diagonal dominance and better-suppressed off-
diagonal elements. Figure 6 (d) further validates that AMD achieves faster convergence and higher
final diagonal values than LoRS.

5 CONCLUSION

In this study, we introduce the Asynchronous Trajectory Matching framework for Multimodal
Dataset Distillation, AMD. We propose two novel components: an asynchronous trajectory match-
ing strategy that decouples image and text parameter sampling to leverage differential convergence
rates, and a semantics-aware prototype mining module leveraging clustering for representative ini-
tialization. Experimental results demonstrate AMD achieves superior distillation performance on
Flickr30k and COCO with negligible computational overhead, offering an efficient and scalable
solution for mitigating data bottlenecks.
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Table 6: Ablation study on Text Encoder.

Text Encoder Method TR@1 TR@10 IR@1 IR@10
MTT-VL 9.9 39.1 4.7 24.6BERT

AMD 14.4 52.6 10.4 43
MTT-VL 31.4 72 17.1 56.2CLIP

AMD 41.7 81.2 29.7 76.4

A APPENDIX

The supplementary material is organized as follows: Section A.1 reviews related works on dataset
distillation and multimodal dataset distillation. Section A.2 provides a performance comparison
using different text and visual encoders. Section A.3 analyzes the time overhead of the AMD.
Section A.4 provides implementation details and hyperparameter settings.

A.1 RELATED WORK

Dataset Distillation. Dataset distillation Wang et al. (2018); Zhao et al. (2020) has witnessed
rapid advancements in recent years, with the primary goal of generating a compact set of highly
informative synthetic data to replace massive original datasets for model training, thereby dramat-
ically reducing demands on data storage and computational resources. Current research predomi-
nantly focuses on classification tasks, giving rise to three mainstream approaches: gradient match-
ing Zhao et al. (2020), distribution matching Zhao & Bilen (2023), and training trajectory match-
ing Cazenavette et al. (2022).

Gradient matching methods (DC) optimize synthetic samples by minimizing the gradient discrep-
ancies between synthetic and real data during model training. Subsequent improvements include
DSA’s Zhao & Bilen (2021) introduction of differentiable data augmentation to enhance generaliza-
tion, and IDC’s Kim et al. (2022) adoption of multi-formation synthesis techniques for better per-
formance. Distribution matching methods (DM) aim to align the statistical distributions of synthetic
data with real data in feature space, where early works employed Maximum Mean Discrepancy
(MMD) as the distance metric, while advanced approaches like CAFE Wang et al. (2022) extend the
alignment to intermediate network layers beyond final features. Training trajectory matching meth-
ods (MTT) optimize synthetic data by minimizing parameter differences between models trained
on synthetic versus real data across training stages. To address the prohibitive computational and
memory costs of long-horizon trajectory matching, TESLA Cui et al. (2023) reduces memory con-
sumption through loss reparameterization.

Multimodal Dataset Distillation. In multimodal dataset distillation, current research primarily
targets image-text paired datasets. MTT-VL Wu et al. (2023) pioneered the first framework by ex-
tending conventional single-trajectory matching to dual visual-textual trajectory alignment. Building
upon this, LoRS Xu et al. (2024) introduces cross-modal similarity mining with low-rank matrices
to reduce computational overhead, while incorporating TESLA’s memory management techniques
to enable efficient single-GPU training.

A.2 FURTHER ARCHITECTURE EXPERIMENTS

Following the evaluation protocol of MTT-VL Wu et al. (2023), we systematically replaced the text
encoder and the image encoder to verify the generalization performance of AMD.

As shown in Table 6, the performance is significantly stronger when the text encoder utilizes CLIP.
This is attributed to the fact that pre-trained CLIP inherently possesses a more powerful cross-modal
alignment capability and richer semantic information. Furthermore, the performance gain of AMD
compared to MTT-VL (e.g., in terms of the IR@1 metric) is more pronounced when using CLIP as
the text encoder, which fully validates the effectiveness of our proposed method.

In addition, as demonstrated in Table 7, different visual encoders have a more pronounced impact
on the IR performance on synthetic data, where a better visual encoder consistently brings a cer-
tain degree of improvement. For instance, the overall performance is superior when using the more
advanced ViT as the visual encoder compared to using NFNet, NFResNet and NFRegNet. This ob-
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Table 7: Ablation study on Image Encoder.

Image Encoder Method TR@1 TR@10 IR@1 IR@10
MTT-VL 10.4 38.7 5.4 27.4ViT

AMD 14.4 52.6 10.4 43
MTT-VL 9.9 39.1 4.7 24.6NFNet

AMD 14.1 51.9 9.7 40.8
MTT-VL 6.5 28.1 3.5 18.7NFResNet

AMD 10.9 43.4 7.9 33.6
MTT-VL 7.8 33.3 3.3 20.5NFRegNet

AMD 11.8 46.2 8.6 35.7

Table 8: Comparison of per-iteration training time between AMD and LoRS.

Dataset Method 100 pairs 200 pairs 500 pairs

Flickr30k LoRS 6.44s 6.63s 6.56s
AMD 6.52s 6.67s 6.61s

COCO LoRS 6.13s 6.04s 6.09s
AMD 6.21s 6.15s 6.21s

Table 9: Hyperparameters for different experiments.

Dataset Flickr30k COCO
Pairs 100 200 500 100 200 500

lr image 100 1000 1000 1000 1000 5000
lr text 100 1000 1000 1000 1000 5000
lr lr 0.001 0.01 0.01 0.01 0.01 0.01

lr similarity 10 10 100 5 50 500
synth steps 8 8 8 8 8 8

servation suggests that AMD can effectively leverage more powerful visual feature representations
to enhance the matching accuracy for synthetic data.

A.3 TIME COST ANALYSIS

We base our implementation on the LoRS codebase, thus comparing our time cost with LoRS. As
shown in Table 8, the per-iteration time costs of AMD and LoRS are highly consistent across datasets
and pair counts. Crucially, the average per-iteration time reported for AMD explicitly includes the
amortization of the one-time SPM initialization cost (which is only 5-10 minutes). For a complete
distillation run (3000 iterations), the total time is approximately 5.4 hours (e.g., 6.52seconds ×
3000 ≈ 5.43 hours for Flickr30k 100 pairs), which is consistent with the baseline. This confirms
our significant performance improvements are achieved with virtually no additional computational
cost during distillation.

A.4 MORE IMPLEMENTATION DETAILS

We’ve released the hyperparameter configuration for AMD, which is aligned with the baseline
LoRS Xu et al. (2024).

A.5 MORE VISUALIZATION

We provide more visual comparisons of synthesized images and text before and after distillation, as
shown in Figure 7-10.
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Figure 7: Visualization for Initialized images, interation=0.

Figure 8: Visualization for Initialized texts, interation=0.

B THE USE OF LARGE LANGUAGE MODELS (LLMS)

We use LLMs solely for checking grammar and polishing writing.
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Figure 9: Visualization for distilled images, interation=3000.

Figure 10: Visualization for distilled texts, interation=3000.
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