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Abstract

Multi-modal dataset distillation (DD) condenses large
datasets into compact ones that retain task efficacy by captur-
ing correspondence patterns, i.e., shared semantics between
paired modalities. However, such patterns rely on cross-
modal similarity and cannot be faithfully captured by intra-
modal similarity of current unimodal strategies. As a result,
current multi-modal DD methods tend to over-concentrate,
redundantly encoding similar correspondence patterns and
thus limiting generalizability. To this end, we propose a
novel multi-modal DD framework to systematically Promote
Correspondence coverage, i.e., ProCo. Initially, we develop a
correspondence consistency metric based on cross-modal re-
trieval distributions to cluster correspondence patterns. These
clusters capture the underlying correspondence distribution,
enabling ProCo to initialize distilled data with representa-
tive patterns while regularizing optimization to promote cor-
respondence representativeness and diversity. Moreover, we
employ conditional neural fields for efficient distilled data pa-
rameterization, enhancing fine-grained pattern capture while
allowing more distilled data under a fixed budget to boost cor-
respondence coverage. Extensive experiments verify that our
ProCo achieves superior and elastic budget-efficacy trade-
offs, surpassing prior methods by over 15% with 10× distilla-
tion budget reduction, highlighting its real-world practicality.

Introduction
Dataset Distillation (DD) improves training efficiency by
condensing a large-scale dataset into a compact synthetic
dataset that preserves model training efficacy, in contrast
to knowledge distillation that produces a lightweight model
for faster inference. In essence, DD comprehensively en-
codes informative patterns from original data into distilled
data with minimal redundancy, e.g., shape and texture in uni-
modal image classification tasks (Guo et al. 2024). Recently,
DD has been extended to multi-modal scenarios to reduce
the substantial computational and data storage costs of large
vision-language models (Bai et al. 2025; Wu et al. 2024).
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(a) Illustration of multi-modal correspondence patterns, where dis-
similar visual patterns, e.g., motorcycles and mini-race cars, capture
the same correspondence pattern, i.e., airborne trick.

(b) UMAP visualization of LoRS’s original (gray), randomly ini-
tialized (red) and distilled (cyan) data, where uncovered corre-
spondence patterns from original data are emphasized in dark
gray. Dashed lines are Gaussian contour ellipses, with Sσ propor-
tional to ellipse’s area, indicating data distribution compactness.

Figure 1: Illustration of existing methods’ drawbacks.

However, extending DD from unimodal to multi-modal
domains poses unique challenges. Different from unimodal
patterns based on intra-modal similarity, multi-modal cor-
respondence patterns capture the shared semantics between
paired modalities, e.g., an image and its caption. As shown
in Figure 1a, even samples with dissimilar intra-modal fea-
tures may still convey the same correspondence pattern,
making unimodal pattern mining and promotion strategies
(Liu et al. 2023; Du et al. 2024) unreliable for multi-modal
scenarios. This motivates a fundamental problem: How can
we systematically ensure broad and faithful correspon-
dence coverage in multi-modal dataset distillation?

The Fortieth AAAI Conference on Artificial Intelligence (AAAI-26)

20693



Recent works distill multi-modal data with trajectory
matching (Wu et al. 2023), enhanced by soft correspon-
dences proposed by LoRS (Xu et al. 2024). However, they
suffer from poor correspondence coverage due to over-
concentration inherent in DD, failing to ensure correspon-
dence representativeness and diversity during distilled data’s
initialization and optimization (Liu et al. 2022). Figure 1b
shows that random initialization in prior methods leads to se-
vere correspondence redundancy and bias, which is further
exacerbated by DD’s overemphasis on pattern representa-
tiveness while neglecting diversity (Guo et al. 2024). Conse-
quently, similar patterns are redundantly encoded across dis-
tilled data, undermining its generalization. Moreover, these
methods directly optimize pixel-wise RGB values, suffer-
ing from poor scalability with increasing input size and low
budget efficiency due to visual redundancy inherent in multi-
modal learning (Liang et al. 2023; Yuan et al. 2024).

In light of the above, we propose ProCo, a novel multi-
modal dataset distillation framework to systematically pro-
mote correspondence coverage. Our key insight is that sam-
ples sharing similar correspondence patterns exhibit con-
sistent retrieval distributions, when queried against a shared
gallery. Therefore, we propose a novel correspondence con-
sistency metric, based on retrieval distribution discrepan-
cies, to adaptively cluster correspondence patterns. These
clusters model the underlying correspondence distribution,
from which we sample representative patterns to initialize
distilled data to reduce redundancy and bias. We further in-
troduce cluster-level correspondence representativeness and
diversity regularization to guide distileld data’s optimiza-
tion, thereby mitigating DD’s over-concentration. Moreover,
to tackle visual redundancy, we encode each distilled image
with a conditional neural field, a continuous coordinate-to-
pixel mapping guided by paired captions. Crucially, this fa-
cilitates the capture and refinement of correspondence pat-
terns while enabling more distilled samples within the same
budget, significantly boosting correspondence coverage.

Extensive experiments on standard multi-modal bench-
marks confirm that ProCo’s distilled data improves model
efficacy by over 15% with only 10% of previous competi-
tors’ distillation budget. With increased parameterization ca-
pacity, ProCo consistently yields an extra 2% gain by finer-
grained correspondence capture, offering an elastic budget-
efficacy trade-off. Moreover, we empirically show ProCo’s
strong correspondence coverage, supporting its remarkable
scalability, generalization and real-world applicability.

Related Works
Dataset Distillation (DD). Most methods directly treat data
content as learnable parameters and optimize them via meta-
learning (Loo et al. 2023) or matching-based (Cui et al.
2023; Wang et al. 2022; Sajedi et al. 2023) strategies. Re-
cent works further incorporate generative priors (Wang et al.
2024) to enhance distillation efficiency and efficacy. How-
ever, these methods are restricted to unimodal image domain
with simple classification tasks, limiting their applicability
to more complex multi-modal scenarios (Zhang et al. 2025).

In multi-modal learning, Wu et al. (2023) extends tra-
jectory matching to all modality encoders, while Xu et al.

(2024) uses soft correspondences to enrich distilled data’s
information density. However, they overlook DD’s over-
concentration and visual redundancy of multi-modal data,
leading to poor correspondence coverage. Conversely, our
ProCo explores cluster-level correspondence distribution
guidance with efficient parameterization, boosting corre-
spondence coverage with elastic budget-efficacy trade-offs.
Neural Field. Neural field is a continuous function param-
eterized by a neural network that maps input coordinates to
output quantities (Xie et al. 2022). Recently, they have been
widely explored in various tasks, e.g., representation learn-
ing (Mildenhall et al. 2021) and generative modeling (You
et al. 2023). In dataset distillation, DDiF (Shin et al. 2025)
adopts neural fields to improve parameterization efficiency
but is restricted to unconditioned coordinate-to-pixel map-
pings. DDiF overlooks the collaboration between parame-
terization and potential pattern descriptors (e.g., soft labels),
thereby limiting distilled data’s efficacy. Conversely, beyond
mitigating over-concentration with cluster-level correspon-
dence distribution regularization, ProCo enables distillation-
parameterization collaboration via caption guidance.

Methodology
Problem Formulation
Given an image-text dataset D = (Vi, Tj , yij)

|D|
i,j=1, Vi

and Tj are i-th image and j-th text with a matching la-
bel yij ∈ {0, 1}. We aim to synthesize a distilled dataset
S = (Ṽi, T̃j , ỹij)

|S|
i,j=1 with |S| ≪ |D| and learnable soft

correspondences ỹij ∈ [0, 1], such that S faithfully captures
D’s representative and diverse correspondence patterns. Ide-
ally, the optimal S allows the model trained on it to achieve
consistent performance as the one trained on D.

Model Overview
Figure 2 and Algorithm 1 outline our ProCo framework.
Specifically, we adaptively mine correspondence pattern
clusters from D with representative sampling to initialize S ,
reducing correspondence bias and redundancy. Beyond con-
ventional trajectory matching, we explore cluster-level regu-
larization to promote correspondence representativeness and
diversity during S’s optimization. Moreover, we introduce
an efficient data parameterization strategy based on condi-
tional neural fields, enabling compact sample representation
and improved capture of correspondence patterns. We elab-
orate on each component in the following sections.
Input Encoding. Given multi-modal input (Vi, Tj), we en-
code them into a unified feature space with modality-specific
encoders f and g, i.e., F iV = f(Vi) and F jT = g(Tj). We
compute the similarity between (Vi, Tj) via cosine similar-
ity as h(F iV , F

j
T ), denoted as hij = h(Vi, Tj) for brevity.

Structure-Aware Distillation
We adopt trajectory matching (Cui et al. 2023) for dataset
distillation (DD) and complement its over-concentration by
exploring correspondence coverage priors from D.
Initialization. We aim to initialize Sinit with balanced
broad and faithful correspondence coverage to ensure stable
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Figure 2: ProCo’s overview, illustrating Structure-Aware Distillation (left) and Efficient Parameterization (right). Black/red
arrows indicate forward/backward passes, while pentagrams mark samples selected from correspondence pattern clusters.

and effective optimization (Liu et al. 2023), avoiding the re-
dundancy and bias caused by random initialization without
global awareness. To this end, we model D’s correspondence
pattern distribution and adaptively select representative sam-
ples based on the distillation budget for initialization, e.g.,
as Sinit’s size increases, its ideal initialization should shift
from coarse representatives to fine-grained diverse ones.

To begin with, we propose a novel correspondence consis-
tency metric tailored for multi-modal scenarios, instead of
conventional intra-modal similarity. In particular, we adopt
an indirect, distributional perspective with the key insight:
cross-modal retrieval distributions implicitly encode high-
level correspondence patterns. For instance, dissimilar vi-
sual patterns (e.g., bike and mini-race car) may retrieve a
similar set of captions describing “airborne trick”, which
serves as a semantic anchor to unify them under the same
correspondence pattern. Thus, if two queries yield simi-
lar cross-modal retrieval distributions over a shared gallery,
they are likely to share the same correspondence pattern.
Formally, we compute image-to-text (i2t) and text-to-image
(t2i) similarities over the original data D:
Ĥi2t
ij = h(Vi, Tj), Ĥ

t2i
ij = h(Tj , Vi) ∀i, j ∈ [1, |D|], (1)

where Ĥi2t
i are normalized to obtain Vi’s retrieval distri-

bution Hi2t
i over all captions and vice versa for Ht2i

i . Ac-
cordingly, we define correspondence consistency between
(Vi, Ti) and (Vj , Tj) as the Jensen-Shannon divergence be-
tween retrieval distributions across modalities, capturing the
bidirectional nature of multi-modal alignment, i.e.,

Cij = JSD(Hi2t
i , Hi2t

j ) + JSD(Ht2i
i , Ht2i

j ), (2)
Then, we use Agglomerative Clustering over C to obtain
correspondence pattern clusters, with cluster size matching
|Sinit| for adaptive control over pattern granularity, i.e.,

C1, · · · , C|Sinit| = AgglomerativeClustering(C). (3)

For each cluster Ci, we select sample (Ṽi, T̃i) that is most
consistent with its centroid (VCi

, TCi
) to initialize Sinit, en-

suring broad correspondence coverage without redundancy.

Optimization. Initially, we refine Sinit with trajectory
matching to obtain the final distilled data S. We randomly
initialize identical model parameters for expert θD and stu-
dent θS , i.e., θD0 =θS0 . The θD is trained on D with standard
InfoNCE loss (Radford et al. 2021), while θS is trained on S
with binary cross-entropy (BCE) loss (Xu et al. 2024), i.e.,

LS =

B∑
i,j=1

wij · lBCE(ỹij , h(Ṽi, T̃j)/τ),

wij =
I[ỹij > β]

|(i, j) : ỹij > β| +
I[ỹij ≤ β]

|(i, j) : ỹij ≤ β| ,

(4)

where τ and β are the temperature and positive-negative
threshold. After training θD and θS for T1 and T2 steps, we
use updated parameters θDT1

and θST2
to optimize S by mini-

mizing the accumulated parameter trajectory discrepancy:

Ltraj = ∥θST2
− θDT1

∥2/∥θDT1
− θD0 ∥2. (5)

However, Ltraj fails to balance correspondence represen-
tativeness and diversity (Du et al. 2024), due to DD’s over-
concentration. To this end, we exploit intra-cluster structure
to maintain local correspondence representativeness over Ci:

y
i2t
Ci

=
exp(h(VCi

, TCi
)/τ)∑

Tj∈Ci
exp(h(VCi

, Tj)/τ)
, ỹ

i2t
Ci

=
exp(h(Ṽi, TCi

)/τ)∑
Tj∈Ci

exp(h(Ṽi, Tj)/τ)
,

with yt2iCi
and ỹt2iCi

denfined analogously. The intra-cluster
structural guidance is defined with KL divergence, i.e.,

Lintra =
∑|S|

i=1
KL(yi2tCi

, ỹi2tCi
) + KL(yt2iCi

, ỹt2iCi
). (6)

Moreover, we further exploit inter-cluster topological rela-
tionships to maintain global correspondence diversity, i.e.,

A
i2t
ij =

exp(h(VCi
, TCj

)/τ)∑|S|
k=1 exp(h(VCi

, TCk
)/τ)

, Ã
i2t
ij =

exp(h(Ṽi, TCj
)/τ)∑|S|

k=1 exp(h(Ṽi, TCk
)/τ)

,

with At2iij and Ãt2iij denfined similarly. The inter-cluster
structural guidance is defined with matrix Frobenius norm:

Linter = ∥Ai2t − Ãi2t∥F + ∥At2i − Ãt2i∥F , (7)
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Algorithm 1: ProCo’s distillation process.
Input: Original data D, interval T1 and T2, learning rate α.
Output: Compact distilled data S.

1 //Correspondence pattern mining via clustering.
2 Compute i2t and t2i retrieval distribution H (Eq.1)
3 Compute correspondence consistency C (Eq. 2)
4 C1, . . . , C|S| = AgglomerativeClustering(C)
5 //Initialize distilled data with efficient parameterization.
6 for i = 1 : |S| do
7 Ṽi, T̃i ← Sampling(Ci), F iψ ← Ṽi, Ỹ ← I

8 for j = 1 : num steps do
9 //Expert-Student trajectory matching.

10 Initialize θD and θS with identical value, θD0 = θS0 .
11 Train θD on D for T1 steps with InfoNCE loss.
12 Train θS on S for T2 steps with Eq. 4.
13 Ltraj = ∥θST2

− θDT1
∥2/∥θDT1

− θD0 ∥2
14 //Intra- and Inter-Cluster Regularization.
15 Compute Lintra and Linter via Eq. 6 and 7.
16 L = Ltraj + Lintra + Linter
17 //Distilled data optimization.
18 S ← S − α · ∇SL

While these regularizations can be pre-computed for effi-
ciency, they are static and fail to adapt to evolving S during
optimization. Therefore, we introduce a momentum correc-
tion to adaptively update such regularizations at step t, i.e.,

yi2tCi
(t) = α · yi2tCi

(t− 1) + (1− α) · ỹi2tCi
(t),

Ai2t(t) = α ·Ai2t(t− 1) + (1− α) · Ãi2t(t),
(8)

where α ∈ (0, 1) is the momentum coefficient. Overall, the
S is jointly supervised by trajectory matching and our struc-
tural guidance, i.e., L = Ltraj + Lintra + Linter.

Efficient Distilled Sample Parameterization
Evidently, L directly optimizes distilled image Ṽi’s pixel-
wise RGB values, suffering from poor scalability and bud-
get efficiency (Liang et al. 2023). In this sense, we seek to
efficiently parameterize Ṽi to facilitate distillation by allevi-
ating visual redundancy, allowing more samples within the
same budget to further boost correspondence coverage.

We encode Ṽi from raw RGB-space into an efficient con-
ditional neural field F iψ , where captions serve as natural cor-
respondence pattern conditions, enabling more effective pa-
rameterization than vanilla neural field (Shin et al. 2025).
Given Ṽi ∈ RH×W×C with resolution (H,W ) and C = 3
for RGB, F iψ is a continuous function that maps each pixel
coordinate (x, y) to its RGB value (Rxy, Gxy, Bxy):

(Rxy, Gxy, Bxy) = F iψ(x, y, T̃
c
i ), (9)

where T̃ ci is a text-based conditional signal. Notably, we use
learnable soft correspondence ỹij to greatly enrich T̃ ci by
aggregating the relevant distilled captions, i.e.,

T̃ ci = Norm(
∑|S|

j=1
ỹij · T̃j), (10)

which effectively facilitate the capture and refinement of
fine-grained correspondence patterns in Ṽi, enriching dis-
tilled data’s information density. Moreover, benefiting from
neural fields’s continuous nature, Figure 2 shows that our
ProCo supports flexible resolution adaptation during deploy-
ment by simply adjusting the coordinate sampling density,
effectively alleviating previous methods’ resolution rigidity.

Efficiency Discussion
We highlight ProCo’s efficiency and scalability in promoting
correspondence coverage, pivotal for large-scale real-world
applications. The analyses are focused on ProCo’s core com-
ponents, with empirical validations in ablation studies.
Initialization. Previous methods initialize samples by diffi-
culty estimation (Lee and Chung 2024; Chen et al. 2025),
gradually including harder samples as the budget increases.
However, this requires training multiple models on data sub-
sets (Jiang et al. 2021), which is impractical at scale. More-
over, difficulty scores often correlate with correspondence
patterns, leading to severe redundancy. Conversely, ProCo
initializes samples with comprehensive yet compact cover-
age by clustering correspondence patterns based on retrieval
consistency, which can be efficiently pre-computed via θD.
Optimization. Beyond trajectory matching, ProCo proposes
lightweight regularizers: Linter models inter-cluster topol-
ogy to maintain global correspondence diversity and Lintra
explores intra-cluster consistency for correspondence repre-
sentativeness, accelerated by sampling k representative sam-
ples per cluster. Overall, ProCo incurs a cost of O(|S|2 +
k|S|), less than 4% of the total distillation overhead.
Parameterization. Previous methods explore latent codes
with pretrained generators to synthesize distilled data (Chan-
Santiago et al. 2025; Wang et al. 2024), struggling with con-
siderable budget and computational overhead, e.g., a single
Flux (Batifol et al. 2024) model consumes over 23GB bud-
get (1000× than ours) with high image synthesis costs. Con-
versely, our ProCo employs lightweight MLP-based condi-
tional neural fields with negligible computational overhead,
offering a more favorable budget-efficacy trade-off.

Experiments
Experimental Setup
Datasets. We adopt two multi-modal datasets: Flickr30K
(Young et al. 2014) and COCO (Lin et al. 2014) and data
splits are the same as Xu et al. (2024); Dang et al. (2025).
Evaluation Metrics. We train multiple randomly initialized
models using the distilled data and evaluate them on the
standard test set. Performance is reported as the mean and
standard deviation of Recall@K (R@K, K = 1/5/10).

Comparison with State-of-the-Art (SOTA)
To verify our ProCo’s efficacy, we compare it against SOTA
multi-modal dataset distillation methods, including two cat-
egories: (1) Coreset selection methods, which directly se-
lect representative subsets from the original data for training,
such as K-Center (Sener and Savarese 2018) and Forgetting
(Toneva et al. 2018); (2) Dataset distillation (DD) methods,
including LoRS (Xu et al. 2024), TESLA (Cui et al. 2023)
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Pairs Methods
Flickr30K MS-COCO 1K

Image−→Text Text−→Image Image−→Text Text−→Image
R@1 R@5 R@10 R@1 R@5 R@10 R@1 R@5 R@10 R@1 R@5 R@10

100

K-center 0.6 5.0 7.6 0.7 3.1 6.1 1.4 3.7 5.5 0.4 1.4 2.5
Forget 1.2 4.2 9.7 0.7 2.4 5.6 0.7 2.6 4.8 0.3 1.5 2.5

vl-distill 9.9±0.3 28.3±0.5 39.1±0.7 4.7±0.2 15.7±0.5 24.6±1.0 2.5±0.3 10.0±0.5 15.7±0.4 1.3±0.1 5.4±0.3 9.5±0.5

LoRS 11.8±0.2 35.8±0.6 49.2±0.5 8.3±0.2 24.1±0.2 35.1±0.3 3.3±0.2 12.2±0.3 19.6±0.3 1.8±0.1 7.1±0.2 12.2±0.2

Ours-S 14.9±0.4 41.2±0.4 55.7±0.6 9.7±0.3 28.9±0.1 41.0±0.4 6.0±0.3 18.9±0.1 28.6±0.3 3.1±0.1 11.3±0.1 18.9±0.2

Ours-L 15.5±1.1 42.0±0.6 56.9±0.5 10.2±0.1 29.2±0.2 41.6±0.3 6.6±0.2 19.9±0.4 30.1±0.2 3.3±0.1 12.0±0.1 19.6±0.2

200

K-center 2.2 8.2 13.5 1.5 5.4 9.9 1.2 3.8 7.5 0.7 2.1 5.8
Forget 1.5 8.4 10.2 1.2 3.1 8.4 1.1 3.5 7.0 0.6 2.8 4.9

vl-distill 10.2±0.8 28.7±1.0 41.9±1.9 4.6±0.9 16.0±1.6 25.5±2.6 3.3±0.2 11.9±0.6 19.4±1.2 1.7±0.1 6.5±0.4 12.3±0.8

LoRS 14.5±0.5 38.7±0.5 53.4±0.5 8.6±0.3 25.3±0.2 36.6±0.3 4.3±0.1 14.2±0.3 22.6±0.2 2.4±0.1 9.3±0.2 15.5±0.2

Ours-S 17.4±0.5 44.5±0.4 59.3±0.5 10.7±0.2 30.8±0.4 42.9±0.4 7.4±0.2 22.8±0.1 33.5±0.2 4.2±0.1 14.1±0.2 22.5±0.3

Ours-L 18.1±0.3 45.1±0.9 60.7±1.0 11.4±0.2 31.8±0.6 44.5±0.7 7.9±0.1 24.4±0.2 35.5±0.3 4.5±0.1 14.9±0.2 23.5±0.3

500

K-center 4.9 16.4 23.3 3.5 10.4 17.3 2.5 8.7 14.3 1.1 6.3 10.5
Forget 3.6 12.3 19.3 1.8 9.0 15.9 2.1 8.2 13.0 0.8 5.8 8.2

vl-distill 13.3±0.6 32.8±1.8 46.8±0.8 6.6±0.3 20.2±1.2 30.0±2.1 5.0±0.4 17.2±1.3 26.0±1.9 2.5±0.5 8.9±0.7 15.8±1.5

LoRS 15.5±0.7 39.8±0.4 53.7±0.3 10.0±0.2 28.9±0.7 41.6±0.6 5.3±0.5 18.3±1.5 27.9±1.4 2.8±0.2 9.9±0.5 16.5±0.7

Ours-S 19.6±0.5 48.4±0.4 62.8±0.6 13.5±0.2 36.0±0.5 48.6±0.5 7.3±0.2 21.7±0.4 32.5±0.3 6.2±0.1 19.4±0.5 29.8±0.6

Ours-L 21.5±0.7 51.1±0.7 65.3±0.9 13.9±0.2 36.8±0.6 49.5±0.5 7.6±0.2 22.9±0.4 34.3±0.5 6.9±0.2 20.9±0.6 31.6±0.7

Table 1: Distillation on Flickr30K and COCO. Model on original dataset training achieves R@1/5/10 of 33.9/65.1/75.2 (Image)
and 27.3/57.1/69.7 (Text) on Flickr30K; while 19.6/45.6/59.5 (Image) and 16.9/41.9/55.9 (Text) on COCO.

20%↑
efficacy

10x budget reduction

Parameterization
Inefficiency

Superior and Elastic
Budget-Efficacy Trade-off

45%↑
efficacy

Figure 3: Budget-efficacy trade-off on Flickr30K.

and VL-Distill (Wu et al. 2023). Moreover, we implement
two variants of ProCo, denoted as Ours-S and Ours-L, based
on conditional neural field’s parameter size. Notably, their
distillation budgets are only 10% and 30% of prior SOTA
methods, given the same distilled data size.

Table 1 compares distillation efficacy on Flickr30K and
COCO datasets. Specifically, coreset selection methods suf-
fer from correspondence patterns loss, as they merely se-
lect data subsets. Although DD methods attempt to enhance
distilled data, their over-concentration limits performance
gains when budget scales up, as redundant encoding of sim-
ilar patterns severely reduces distilled data’s generalizabil-
ity. Moreover, their excessive input redundancy misleads
optimization to instability, further hindering distillation ef-
ficacy. Conversely, our ProCo explores cluster-level corre-
spondence distribution priors with efficient parameterization
for representative and diverse correspondence coverage, sur-
passing prior SOTA by over 15% with 10× distillation bud-

get reduction. Moreover, with larger parameterization capac-
ity, ProCo yields an extra 2% gain by finer correspondence
pattern capture, offering an elastic budget-efficacy trade-off.
Practicality and Scalability. Figure 3 evaluates ProCo’s
scalability by increasing distillation budget. Notably, LoRS
incurs a high distillation budget with only marginal gains,
due to persistent over-concentration. In contrast, ProCo ex-
hibits consistent scalability, achieving 75% of the original
data performance with only 1K distilled samples (500×
storage reduction than original data), highlighting its prac-
ticality in budget-sensitive scenarios, e.g., edge deployment.

Correspondence Coverage Analyses

We conduct qualitative and quantitative experiments to com-
prehensively evaluate ProCo’s correspondence coverage ef-
ficacy. Compared to Figure 1b, Figure 4a shows that ProCo
explores correspondence pattern cluster priors to alleviate
DD’s over-concentration, validated by stable Sσ . Further-
more, the blue arrow highlights that ProCo effectively adapts
distilled samples during optimization, thereby promoting
representative and diverse correspondence coverage.

To quantitatively assess ProCo’s correspondence cover-
age, we extend unimodal coverage metric (Lee and Chung
2024) to multi-modal scenario. For fairness, all methods are
evaluated under the same distilled data size, while ProCo
uses only 10% of distillation budget. Figure 4b shows that
ProCo consistently achieves superior correspondence cover-
age across various distilled data sizes, supporting its perfor-
mance and scalability highlighted in Table 1. Moreover, as
coverage score increases with distilled data size, ProCo’s ef-
ficient parameterization can enable more samples within the
same budget to further boost correspondence coverage.
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Figure 4: (a) illustrates our ProCo’s UMAP visualization, where distilled data exhibits representative and diverse correspon-
dence coverage without over-concentration. (b) quantitatively analyzes correspondence coverage. (c) illustrates cross-resolution
generalization efficacy. Ours-L* denotes results distilled at the corresponding evaluation resolution, whereas others are distilled
at the standard CLIP pre-training resolution (224× 224) for higher-resolution evaluation.

Methods Image−→Text Text−→Image
Param Init Lintra Linter R@1/5/10 R@1/5/10

11.8/35.8/49.2 8.3/24.1/35.1
✓ 12.3/36.9/50.7 8.4/24.6/36.0
✓ ✓ 12.8/38.2/51.9 8.7/26.6/38.9
✓ ✓ ✓ 14.1/40.2/54.4 9.4/28.0/40.5
✓ ✓ ✓ 13.7/39.5/53.8 9.2/27.4/40.3
✓ ✓ ✓ ✓ 14.9/41.2/55.7 9.7/28.9/41.0

Table 2: Component analyses on Flickr30K (100 samples).

Ablation Studies
Component Analyses. Table 2 ablates ProCo’s core com-
ponents: efficient parameterization (Param) and structure-
aware distillation, including initialization (Init) and opti-
mization (Lintra, Linter). Without all components, ProCo
degrades to vanilla distillation, suffering from poor corre-
spondence coverage due to over-concentration and visual re-
dundancy. The Param improves 10× budget efficiency and
3% performance, highlighting the importance of reducing
redundancy during distillation. Although promoting corre-
spondence coverage during initialization improves perfor-
mance by 3%, Init fails to fully resolve over-concentration
as DD overemphasizes pattern representativeness during op-
timization. Moreover, Lintra and Linter offer limited gains
in isolation, as neither adequately balances correspondence
representativeness and diversity. The full ProCo yields the
best results, confirming each component’s essential role.
Cross-Resolution Generalization. Resolution mismatches
between distillation and deployment require costly full re-
distillation, or even infeasible due to the quadratic growth of
computation and memory with image resolution. We show
that ProCo achieves strong cross-resolution generalization,
allowing distilled data synthesized at low resolution to retain
high efficacy when evaluated at higher resolutions. Specif-
ically, we distill at the standard CLIP pre-training resolu-
tion (2242) and evaluate at resolutions used in CLIP fine-
tuning (3842) and large backbone (4482). Figure 4c shows
that prior methods struggle due to their fixed input-sized
parameterization, requiring naive interpolation for resizing

Methods Model Image−→Text Text−→Image
R@1/5/10 R@1/5/10

LoRS
NFNet+BERT 15.0/40.5/53.6 10.4/29.5/42.2
ResNet+BERT 5.9/15.3/23.6 3.6/12.3/18.9

ViT+BERT 7.3/19.5/28.5 4.7/14.2/21.1

Ours
NFNet+BERT 19.3/49.2/63.6 14.0/35.5/47.3
ResNet+BERT 10.8/28.2/39.2 6.7/19.2/28.7

ViT+BERT 11.8/30.2/41.9 6.4/19.4/29.2

Table 3: Cross-architecture generalization on Flickr30K. 1K
samples are distilled with NFNet+BERT for evaluation.

Methods Para Init Lintra+Linter Ltraj

LoRS 0s/582 MB - - ∼25s/iter
Ours 5s/58 MB 67s ∼1s/iter ∼25s/iter

Table 4: Efficiency analyses on Flickr30K with 1K distilled
data. Para and Init are parameterization and initialization.

and thus suffering from information distortion. In contrast,
our ProCo enables resolution-adaptive generation via neu-
ral fields’ continuous nature, highlighting its scalability and
practicality by maximal task efficacy at higher resolutions.
Cross-Architecture Generalization. We further assess the
generalization of our ProCo’s distilled data across model
architectures. We focus on the visual encoder following
(Xu et al. 2024), as the text encoder remains frozen during
training and distillation. Table 3 shows that LoRS’s perfor-
mance drops severely when applied to different model archi-
tectures for training, due to poor correspondence coverage
caused by over-concentration and visual redundancy. In con-
trast, ProCo explores cluster-level correspondence distribu-
tion with efficient parameterization to boost correspondence
coverage, thereby enabling stronger cross-architecture gen-
eralization, e.g., it generalizes well across architectures with
entirely different inductive biases such as ResNet and ViT.
Efficiency Analyses. Efficiency is critical for large-scale
dataset distillation. Table 4 reports the training overhead
using an NVIDIA Tesla L40, where ProCo’s cost mainly
stems from: (1) Parameterization: ProCo pre-computes a
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Figure 5: Illustration of evolving correspondence patterns mined by our ProCo from 100 (left) to 1000 (right) distilled data.
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Figure 6: Visualization of synthetic distilled pairs on COCO. “ProCo w/o param” shows distillation without efficient parameter-
ization, i.e., directly optimizing pixel-wise RGB values. The newly captured correspondence patterns are emphasized in green.

conditional neural field for each sample, incurring 5s over-
head each. This enables a 10× parameter size reduction and
greatly improves optimization stability. (2) Optimization:
ProCo pre-computes retrieval distributions and performs ef-
ficient clustering with sklearn during initialization, requir-
ing ∼70s. During optimization, Lintra and Linter incur less
than 4% of the conventional trajectory matching cost. Over-
all, our ProCo achieves substantial performance gains with
minimal computation overhead, validating its practicality
for scalable multi-modal dataset distillation.
Correspondence Pattern Visualization. Figure 5 shows
the correspondence patterns mined by ProCo, where we vi-
sualize representative samples from each cluster. As the dis-
tillation budget increases, the mined patterns evolve from
coarse-grained representatives (i.e., playing instruments) to
more fine-grained diverse ones (i.e., busking and choir). No-
tably, ProCo discriminates correspondence patterns despite
high intra-modal similarity, e.g., guitar of on stage and busk-
ing patterns, thereby effectively modeling correspondence
distribution to alleviate over-concentration.
Distilled Data Visualization. Figure 6 shows that distilled
data are substantially refined to enrich correspondence pat-
terns, e.g., distilled images incorporate high-frequency de-
tails to boost generalization (Liang et al. 2023), exhibit-

ing a DeepDream-Style (Zeiler 2014) typical in dataset dis-
tillation. This further verifies our efficient parameteriza-
tion’s efficacy, which reduces visual redundancy while fa-
cilitating correspondence pattern’s capture and refinement.
Notably, compared to input-sized pixel-wise optimization,
ProCo better preserves critical semantics (e.g., giraffes and
kites), while transforming redundant information to infor-
mative patterns (e.g., tree branches and beach) guided by
learnable aggregation of relevant distilled captions.

Conclusion
We propose ProCo, a novel multi-modal dataset distillation
framework to enhance correspondence coverage. Specifi-
cally, ProCo clusters correspondence patterns with retrieval
distributions, then explores cluster-level correspondence dis-
tribution to guide distilled data’s initialization and optimiza-
tion, promoting representative and diverse correspondence
coverage. Moreover, ProCo reduces visual redundancy with
conditional neural fields, boosting correspondence cover-
age by fine-grained pattern capture and enhanced budget
efficiency. Extensive experiments validate ProCo’s efficacy,
scalability and generalization. We envision ProCo as a step
toward advancing green, secure and responsible AI.
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