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In this supplementary material, we elaborate on the details

of our method and experiments and provide additional re-

sults with further analyses. We remark that throughout the

manuscript, we intend to work with features denoted as zv

for the image and zt for the text, the angle between the two

displacement vectors as ∠φ(·, ·), and the distance (discrep-

ancy) function as φ(·, ·). The list of contents is as follows:

1. Generalizing Unimodal DM to Multimodal (Sec. S1)

2. Distinctions of Our Method (Sec. S2)

3. Experimental Details (Sec. S3)

- Selection of datasets of various scales (Sec. S3.1)

- Reasons for underperformance on Flickr30k (Sec. S3.2)

- Limitations of the baseline (Sec. S3.3)

- Further analysis on initialization (Sec. S3.4)

- Implementation details (Sec. S3.5)

- Sensitivity analysis (Sec. S3.6)

- Full retrieval results over multiple runs (Sec. S3.7)

- Full algorithm (Sec. S3.8)

S1. MDM Formulation

Generalizing Unimodal DM to Multimodal. In our

approach, we consider a multimodal dataset Dreal =
{(xi, ti)}Bi=1 of image-text pairs and a much smaller syn-

thetic dataset Dsyn = {(x̃j , t̃j)}B̃j=1 with |Dsyn| � |Dreal|.
A unified image-text model Ψ(·, ·) maps an image-text pair

(x, t) into a joint feature space and is composed of a pre-

trained image encoder θv, and a pretrained text encoder θt

with a projection layer.

Our goal is to acquire an optimal set of distilled set D�
syn

via the multimodal distribution matching (MDM) objective

(Eq. 2):

D�
syn = argmin

Dsyn

φ
(
E(X,T )∼Dreal

[
Ψ(X,T )

]
︸ ︷︷ ︸

real joint

,E(X̃,T̃ )∼Dsyn

[
Ψ(X̃, T̃ )

]
︸ ︷︷ ︸

synthetic joint

)
,

where φ : Rd × R
d → [0,∞) is a nonnegative discrepancy

function measuring the distance between two mean joint

feature vectors. Below, we justify this objective as a natural

multimodal extension of the standard unimodal distribution

matching formulation.

We first interpret the real and synthetic datasets as empir-

ical distributions to ease the understanding of their distribu-

tions. The real data Dreal induces the empirical distribution:

P̂ real
XT =

1

B

B∑
i=1

δ(xi,ti), (S1)

where δ(xi,ti) is the Dirac measure at the pair (xi, ti). Simi-

larly, the synthetic dataset Dsyn induces

Q̂syn
XT =

1

B̃

B̃∑
j=1

δ(x̃j ,t̃j)
. (S2)

For any fixed joint feature extractor Ψ, the expectations of

Ψ under these empirical distributions are simply empirical

means:

E(X,T )∼ ̂P real
XT

[
Ψ(X,T )

]
=

1

B

B∑
i=1

Ψ(xi, ti), (S3)

E(X̃,T̃ )∼ ̂Qsyn
XT

[
Ψ(X̃, T̃ )

]
=

1

B̃

B̃∑
j=1

Ψ(x̃j , t̃j). (S4)

Thus, the expectations appearing in Eq.2 can be interpreted

as dataset-wise averages of joint features produced by Ψ
over the real and synthetic datasets, respectively. We can

then define the real and synthetic mean joint features as

μreal := E(X,T )∼P real
XT

[
Ψ(X,T )

]
, (S5)

μsyn(Dsyn) := E(X̃,T̃ )∼Qsyn
XT

[
Ψ(X̃, T̃ )

]
, (S6)

where we denote the true data distribution over image-text

pairs (X,T ) as P real
XT , and the distribution represented by

Dsyn as Qsyn
XT . The goal of multimodal DM is then to find

a synthetic dataset Dsyn whose induced distribution Qsyn
XT

yields a mean feature vector μsyn(Dsyn) that is as close to

the real mean μreal under some discrepancy function φ(·, ·):
D�

syn ∈ argmin
Dsyn

φ
(
μreal, μsyn(Dsyn)

)
. (S7)

Replacing the population expectations by their empirical

counterparts P̂ real
XT and Q̂syn

XT , we obtain

E(X,T )∼Dreal
[Ψ(X,T )] ≈ μreal, (S8)

E(X̃,T̃ )∼Dsyn
[Ψ(X̃, T̃ )] ≈ μsyn(Dsyn). (S9)

For fixed Ψ and Dreal, the real mean μreal is constant and

serves as the target, while the synthetic mean μsyn(Dsyn)
depends on the content of Dsyn and is optimized by updating

the synthetic pairs. We remark that this is equivalent to the

unimodal DM formulation if we replace the joint image-text

feature Ψ(x, t) with a unimodal encoder θ0(x) as:

D�
syn = argmin

Dsyn

φ
(
EX∼Dreal

[
θ0(X)

]
,EX̃∼Dsyn

[
θ0(X̃)

])
,

(S10)

for some distance function φ(·, ·) for unimodal distributions.



Under these choices, the random variable (X,T ) effec-

tively reduces to X , and the mean joint features become

mean image features. Hence, the proposed multimodal DM

objective strictly generalizes the standard image-only DM

objective by extending the feature space from θ0(x) to the

joint representation Ψ(x, t) and by allowing a general dis-

crepancy function.

S2. Distinctions of Our Method

Our MDM method first seeds synthetic image–text pairs by

running K-means clustering on the concatenated joint fea-

tures [zv; zt]. It then optimizes these synthetic pairs so that

the spherical distributions of an agreement vector u and a

discrepancy vector g match those of the real data. The agree-

ment u captures shared image–text content and is obtained

from a normalized combination of zv and zt on the unit

hypersphere. The discrepancy g encodes the modality gap

between image and text and is obtained from a normalized

difference of zv and zt on the same hypersphere. Matching

the real and synthetic distributions in both u and g encour-

ages the synthetic set to capture architecture-agnostic joint
semantics rather than reproducing individual training tra-

jectories. Here, interestingly, we observe from the ablation

study in Table 5 that matching the distribution of g improves

retrieval performance by a larger gap than that from match-

ing u. This indicates that MDM primarily encourages the

learning of how captions deviate from images through the

global structure of the gap distribution, rather than focusing

on shared semantics.

S2.1. Synthetic Data Initialization

Coreset-based initializations such as K-center and herding

select real image–text pairs that approximately cover the

encoder feature space under max–min radius or greedy

moment-matching criteria, and then reuse these as seeds

for optimization under the same MDM objective. However,

these heuristics neglect the structure of the image-text agree-

ment and discrepancy, and encourage only marginal cover-

age, rather than explicitly targeting the joint semantic modes

that are crucial for effective cross-modal retrieval. In contrast,

our initialization performs K-means clustering directly in the

joint feature space and assigns the sample nearest the clus-

ter centroid to each synthetic pair, anchoring the synthetic

parameters near representative joint centroids. This joint-

feature-aware seeding reduces the burden on MDM to relo-

cate poorly placed seeds and instead focuses optimization

on fine-grained refinement around already well-positioned

prototypes, yielding synthetic datasets that more faithfully

approximate the real joint distribution. Empirically, this leads

to consistently higher image-text retrieval performance than

coreset-seeded variants, shown in Table S1.

Table S1. Performance comparison on Ours seeded with different

synthetic data initialization strategies.

K-center Herding Joint-feature K-Means
Clustering (Ours)

IR 19.5 19.2 19.7
TR 22.1 23.9 24.2
Mean 20.8 21.5 21.9

S2.2. Model Initialization
Our method employs a dynamic multimodal weight-

initialization scheme that merges a pretrained image en-

coder–text projector pair with N finetuned counterparts ran-

domly sampled from a pool of experts, each updated at every

training iteration as with vision-only DM methods [22–24].

Inspired by the angular, layer-wise interpolation strategy of

Model Stock [8] (originally proposed for robust unimodal
classification), we compute layer-wise interpolation coeffi-

cients from the angles between the displacement vectors of

each finetuned expert anchored on the model composed of

a pretrained image encoder and a randomly initialized text

projector. Using these coefficients, we then merge them in

the weight space, with the goal of shifting the pretrained

anchor towards real data distribution, implicitly guided by

these experts. To this, we add an additional global weighting

factor, α, to further modulate these layer-wise ratios, effec-

tively controlling the trade-off between expert-specific bias

and generic structure in a fine-grained manner. Unlike the

static, one-shot merge in Model Stock that is used as the final

predictor, the merged multimodal encoder in our framework

serves as a stochastic, expert-pool–aware initialization that

is refreshed at every distillation step and then optimized un-

der the MDM objective. This construction extends [8] from

unimodal to multimodal (image encoder and text projector)

weight fusion and allows synthetic data to be optimized in a

more diverse region of the joint image–text weight space, ef-

fectively stabilizing and improving the optimization process.

S2.3. Geodesic Kernel Formulation
Geodesic distance on the sphere measures the shortest path

along the sphere with respect to the manifold’s curvature,

hence yielding the intrinsic distance. Our intuition to employ

the geodesic distance stems from [13], which highlighted its

advantage for understanding the complex geometric structure

of multimodal data. Since typical InfoNCE loss and retrieval

tasks are primarily driven by angular similarity (e.g., cosine),

our geodesic perspective using the geodesic kernel energy as

formulated in Eq. 9 aligns well with the angular distributions

of multimodal data.

Kernel variants. For two d-dim feature vectors a, b ∈ R
d

and a bandwidth σ > 0, we consider the following radial

basis function (RBF) kernels with different angular distance

functions that induce the same topology on S
d−1, where

we demonstrate that the geodesic kernel performs the best



Table S2. Performance by different types of RBF Kernel.

k(·, ·) Laplacian Chordal Geodesic (Ours)

IR 18.3 19.5 19.7
TR 22.4 23.5 24.2
Mean 20.3 21.5 21.9

in Table S2. Although the image retrieval score improve-

ments appear incremental, our geodesic kernel dramatically

increases text retrieval scores.

• Laplacian RBF kernel. We also consider a Laplacian

RBF kernel based on the L1-distance in the ambient space:

klaplacian(a, b) = exp

(
−‖a− b‖1

σ

)
. (S11)

• Chordal RBF kernel on the unit hypersphere. Similar

to the well-established Euclidean distance, the chordal

distance measures the straight-line chord distance between

the two unit-normalized points, but restricted to points on

a sphere. To force the features onto the sphere, we first

L2-normalize the features to lie on the unit hypersphere,

â = a/‖a‖2, b̂ = b/‖b‖2, and define the chordal distance
between â and b̂ as

dchord(â, b̂) = ‖â− b̂‖2 =

√
2− 2〈â, b̂〉, (S12)

where 〈·, ·〉 denotes inner product. The corresponding

chordal RBF kernel is then:

kchord(a, b) = exp
(
−dchord(â,b̂)

2

2σ2

)
= exp

(
− 2−2〈â,b̂〉

2σ2

)
.

(S13)

Intuitively, chordal distance measures the Euclidean length

of the straight-line chord in the ambient space connecting

two points on the sphere.

• Geodesic RBF kernel on the unit hypersphere. The

intrinsic (geodesic) distance on the unit hypersphere is

given by the angular distance along the arc on the surface

of the sphere as:

dgeo(â, b̂) = arccos
(〈â, b̂〉) ∈ [0, π]. (S14)

Using this intrinsic distance, we define the geodesic Gaus-

sian kernel

kgeo(a, b) = exp
(
−dgeo(â,b̂)

2

2σ2

)
. (S15)

Although this kernel is not guaranteed to be positive defi-

nite on S
d−1 in general, we use the resulting quantity as a

geodesic kernel energy to encourage the alignment of real

and synthetic feature distributions in the unit hypersphere.

S2.4. Cross-Modal Agreement and Discrepancy
To better capture the structure of multimodal representations,

we construct the joint image-text features as a cross-modal
agreement vector u and a cross-modal discrepancy vector

Figure S1. Comparison of matching geodesic kernel energy on (i)

each image and text features separately, (ii) concatenated image-

text features only, and (iii) our joint cross-modal agreement and

discrepancy features.

g. The agreement component encodes modality-shared se-
mantics (objects, actions, coarse scene layout), whereas

the discrepancy component models modality-specific infor-

mation, i.e., the inherent “modality gap”. This gap is non-

negligible in image-text data: a single image can be paired

with multiple, diverse captions (as in Flickr8k, Flickr30k,

MS-COCO datasets), and the same visual concept can be

expressed in many textual forms, leading to a structured

one-to-many relationship between the two modalities. As

reported in Fig. S1, reducing geodesic kernel energy on each

modality independently (“singles”) or on nav̈ely concate-

nated joint features (“concat”) fails to fully account for this

structure. In contrast, our joint optimization over u and g
(“joint”) explicitly matches both modality-shared seman-

tics and modality-specific gaps, yielding better preservation

of joint image-text relationships and consistently higher re-

trieval performance.

S3. Experimental Details

S3.1. Deliberate Selection of Datasets

To study how our multimodal dataset distillation behaves

as the training corpus grows, we deliberately choose three

image–text benchmark datasets as exemplified in Fig. S2

that particularly differ in scale: Flickr8k [6] (≈8k pairs),

Flickr30k [21] (≈30k pairs) and MS-COCO [11] (≈123k

pairs). These datasets of increasing scale allow us to probe

whether the same distillation procedure continues to yield

meaningful compression and retrieval performance as we

move from a small to a substantially larger dataset, while

keeping the task and evaluation protocol comparable. Across

this entire scale range, our method remains highly competi-

tive, effectively condensing real data into compact synthetic

subsets at substantially lower computational resource cost

than existing baselines.



Figure S2. Examples of image-text datasets consisting of natural

scene images and corresponding captions.

S3.2. Reasons for Underperformance on Flickr30k
In Table 1 of the main paper, we observe that on Flickr30k,

a mid-scale dataset with relatively low redundancy, our text

retrieval (TR) performance slightly underperforms the LoRS

baseline. Each image in Flickr30k has multiple locally di-
verse captions, and many images are visually similar while

differing only in subtle relational or attribute-level details.

Under MDM, the real gap vectors {gi} associated with such

visually and semantically related image–caption pairs are

pulled toward a small number of synthetic gap prototypes.

This averaging of gap modes reduces the margin between the

ground-truth captions and near-duplicate but different cap-

tions for a given image. Caption-level discrimination in text

retrieval on Flickr30k, therefore, becomes harder than for

LoRS [20], which preserves more instance-level detail via

low-rank similarity and maintains sharper caption margins.

In contrast, the Flickr8k dataset is about 4× smaller and

has a sparser caption space, with fewer near-duplicate cap-

tions per image and fewer confusing alternatives at evalua-

tion time. In this low-data regime, the same smoothing of the

gap distribution acts mainly as regularization. It suppresses

unstable or idiosyncratic gaps instead of collapsing many

truly distinct modes, which improves generalization relative

to LoRS. On COCO, the largest and most redundant dataset

in our evaluation, many caption patterns and gap structures

repeat across a large number of images. In this setting, MDM

compresses these repeated gap patterns into a compact set

of prototypes and achieves more efficient coverage of typi-

cal multimodal relations than LoRS. This explains why our

method outperforms the baseline on COCO despite operating

at a stronger effective compression rate.

S3.3. Limitations of the Baseline [20]
The LoRS baseline constructs synthetic data by enforcing

low-rank similarity between the behavior of real and syn-

thetic examples on a fixed source architecture. This ties the

distilled set closely to the geometry and inductive biases of a

particular architecture and favors instance-level reproduction

of that model’s gradients and feature updates. LoRS does

not explicitly model the multimodal feature distribution. In-

stead, it approximates the real data distributions through a

low-rank subspace of parameter updates. As a result, LoRS

can preserve fine caption-level distinctions that benefit same-

architecture text retrieval on Flickr30k. Yet, the synthetic

data often remains specialized to the source model’s decision

boundaries and transfers poorly to different encoders. In con-

trast, our MDM approach operates directly in a joint feature

space and matches distributions over both agreement and

discrepancy between real and synthetic pairs. This induces

the synthetic set to capture architecture-agnostic structure in

the joint image-text manifold rather than reproducing low-

rank gradient behavior tailored to a single architecture. The

resulting synthetic data provide a more faithful distribution-

level approximation of multimodal semantics and modality

gaps, which accounts for the superior cross-architecture gen-

eralization, even though LoRS retains a small advantage in

same-architecture text retrieval on Flickr30k.

S3.4. Further Analysis on Initialization
In Fig. S3, we further inspect how different choices of data

and model initialization affect the distilled (synthesized)

samples. Across all three settings, the synthesized captions

change locally relative to their initial counterparts, making

the semantic effect of distillation more apparent on the text

side. With random data and a pretrained model (left), the gen-

erated captions are often clearly misleading. For instance,

they hallucinate or misidentify people and scene context,

indicating poor image–text alignment. When we keep the

model pretrained but initialize the synthetic set using our

clustering-based joint-feature seeding (middle), the captions

become slightly more faithful: core objects such as people

are better captured, yet high-level scene understanding (e.g.,

“mountain” vs. “lake”) is still inaccurate. In contrast, using

randomly sampled real data together with our mixed model

initialization (right) yields captions that more reliably track

the local objects and actions in the image, although some

residual mismatches remain. These qualitative trends align

with the quantitative ablation studies reported in Table 4

of the main paper, where combining both our data initial-

ization and model initialization gives the strongest overall

image–text matching performance. We refer to Fig. 3 of our

main paper for the qualitative results of Ours altogether.

S3.5. Implementation Details
Unless otherwise noted, we conducted all ablation studies

on the Flickr8k [6] dataset using 100 pairs for uniformity.

S3.5.1. System Configuration
We carried out all the experiments on a Linux Machine

equipped with an Intel Xeon(R) Silver 4210R CPU and

a single NVIDIA RTX A6000 GPU, following the hyper-

parameter settings listed in Table S3. The software stack

includes Python 3.10, PyTorch 2.6.0, and Torchvision 0.21.0,

with support for CUDA 11.8 and cuDNN 9.1.0.



Figure S3. Qualitative comparisons for the ablation studies with different data and model initializations.

Table S3. Hyperparameters for different experiments.

Hyperparam. Flickr8k [6] Flickr30k [21] COCO [11]

# Pairs 100 200 500 100 200 500 100 200 500

Batch size 64 64 64 64 64 64 64 64 64

LRimg 100 100 1000 100 1000 1000 1000 1000 5000

LRtxt 100 100 1000 100 1000 1000 1000 1000 5000

λagr ———————— 0.8 ————————

σagr ———————— 0.5 ————————

λdis ———————— 0.8 ————————

σdis ———————— 0.5 ————————

α ———————— 0.5 ————————

min expert epoch ———————— 1 ————————

max expert epoch ———————— 10 ————————

S3.5.2. Coreset Selection
To compare the image-text retrieval performance of our

distilled data with traditional coreset selection methods [1–

4, 7, 9, 10, 12, 14–18], we selected several benchmarked

methods as practiced in [19, 20]. Specifically, we reproduced

the results using DeepCore [5] for Herding [18], K-center [4],

and Forgetting [17] in Table 1 of our main paper.

Herding [18]. We adapt DeepCore [5]’s herding strategy

to the image–text retrieval setting using a CLIP-style encoder.

We first warm up the image encoder and text projection for 5
epochs on the full training set with InfoNCE loss, using SGD

(learning rate 0.1, batch size 64). After warmup epochs, we

extract a joint representation for each pair by concatenating

the 	2-normalized image and text features, and compute the

global mean feature over all training pairs. Herding then

greedily selects pairs whose features make the cumulative

sum of selected features closest to (t+ 1) times the global

mean at step t, yielding an ordered coreset of all training

pairs. For each budget B̃ ∈ {100, 200, 500}, we take the

first B̃ pairs in this ordering.

K-center [4]. For K-center, we again use the same 5-epoch

CLIP warmup (SGD optimizer, learning rate 0.1, batch size

64) and extract pairwise joint sum features. We then run

greedy K-center on these embeddings: the first center is

chosen uniformly at random, and subsequent centers are

added by iteratively selecting the pair with the maximum

Euclidean distance to the current selected set (farthest-first

traversal) until we reach the maximum budget.

Forgetting [17]. For forgetting-based selection, we train

the initial model on the full training set for 10 epochs with In-

foNCE loss, using an SGD optimizer. At each training epoch,

we compute the CLIP similarity logits for every batch and

evaluate whether each image–text pair is correctly retrieved.

A pair is marked as “correct" only when its image retrieves

its own caption at rank-1 and, simultaneously, the caption re-

trieves its corresponding image at rank-1. For every pair, we

maintain its correctness state over epochs and increment a

forgetting counter whenever the pair transitions from correct

to incorrect. We also track whether the pair was ever learned

(i.e., correct at least once) and whether it remains correct in

the final epoch. After 10 epochs of training, we assign each

pair a ranking score composed of its number of forgetting

events and an additional penalty for pairs that were never

learned. Sorting all pairs by this score in ascending order

produces a forgetting-based coreset ordering, from which

the first B̃ pairs define the selected subset.

S3.6. Performance Sensitivity

S3.6.1. Expert Pool Size
We further investigate how the size of the finetuned ex-

pert pool used for model initialization affects image–text

retrieval. Specifically, we vary the number of available fine-



Figure S4. Retrieval performance on Flickr8k with 100 pairs as a

function of the number of experts in the randomly sampled pool.

Performance remains largely stable, with a slight improvement as

the pool size increases.

tuned experts from which models are randomly sampled
(non-overlapping N experts), and report retrieval perfor-

mance across different pool sizes in Fig. S4. The results

indicate that performance remains consistently strong, with

a slight improvement as the expert pool grows. We attribute

this behavior to increased stability in random expert sam-

pling when more experts are available, which in turn raises

the likelihood of selecting a more diverse set of experts.

S3.6.2. Weighting Factors
On hyperparameters λagr and λdis. We tested the sensi-

tivity of the hyperparameter to the weighting factors for the

loss of agreement and discrepancy, i.e., λagr, and λdis by

sweeping the range [0, 1]. As shown in Fig. S5, we choose

the weighting factors λagr and λdis that yield the highest re-

trieval scores, at (0.8, 0.8). We observe that λdis contributes

more to performance than λagr as there is more variation in

performance with higher λdis relative to λagr. Performance

improvement is relatively marginal with λagr in all sweep

values, which is consistent with the results of a slightly in-

cremental improvement shown in Table 5 (ablation study).

On hyperparameter α. The hyperparameter α in Eq. 5

of the main paper acts as a global scaling factor on the

layer-wise mixing coefficient tm� , which determines how

strongly each layer of the pretrained anchor θm0,� is nudged

toward the averaged finetuned updates 1
2 (Δ

m
1,�+Δm

2,�). When

α = 0, the initialization collapses to the original pretrained

model, whereas larger α values increasingly inject real-data

finetuning information along the direction prescribed by tm� .

As shown in Fig. S6, retrieval performance rapidly improves

as we move away from α = 0, peaks in an intermediate

range, and then slightly degrades when α approaches 1.0,

where the model becomes overly biased toward the finetuned

solutions. This behavior suggests that too small α under-

exploits the benefits of real-data finetuning, while too large

α over-specializes the distilled initialization. A mid-range

value of α = 0.5, as adopted in ours, provides a balanced

compromise and yields the best mean recall across image-to-

Figure S5. Hyperparameter sensitivity. While all choices of λagr

and λdis consistently perform high, our selected values return the

highest mean recall in image-text retrieval tasks.

Figure S6. Hyperparameter sensitivity. While all choices of λagr

and λdis consistently perform high, our selected values return the

highest mean recall in image-text retrieval tasks.

text and text-to-image retrieval.

S3.6.3. Additional Insights
Weight mixing for large heterogeneous encoders. We

agree weight-space update-agreement should be scale-robust.

[8] provides encouraging evidence in CLIP-scale models that

fine-tuning updates exhibit highly structured, layer-wise reg-

ularities: displacement magnitudes and directions remain

consistent across a wide range of fine-tuning conditions, and

similar patterns are observed across backbone families (e.g.,

ViT, ResNet, ConvNeXt). Given these coherent patterns, us-

ing directional agreement as a conservative mixing criterion

is well-motivated, since it explicitly checks the compatibility

of updates rather than relying on unstructured averaging,

which can introduce interference.

Comparison to a concurrent work. In comparison to a

concurrent work, EDGE [25], on the total cost, our pipeline

includes a one-time expert training (∼91.7h), whereas EDGE



Table S4. Full Image-text retrieval results for 100, 200, and 500 synthetic pairs using the coreset methods and distillation method, including

standard deviation over five random evaluations. The condensation rate for {Flickr8k, Flickr30k, and COCO} datasets are approximately

{1.7%, 0.3%, 0.8‰}, {3.3%, 0.7%, 1.7‰}, {8.3%, 1.7%, 4.4‰} for 100, 200, and 500 pairs. Best and runner-up results are indicated in

boldface and underline, respectively.

#
P

ai
rs Dataset Flickr8k [6] Flickr30k [21] COCO [11]

Method IR@1IR@5IR@10TR@1TR@5TR@10 MeanIR@1IR@5IR@10TR@1TR@5TR@10MeanIR@1IR@5IR@10TR@1TR@5TR@10Mean

1
0
0

Random 1.2 5.6 9.6 2.7 8.0 12.6 6.6 0.9 4.2 7.3 2.0 7.9 12.1 5.7 0.4 1.7 3.0 0.8 3.2 5.4 2.4

Herding [18] 1.2 4.4 8.5 2.2 8.5 14.2 6.5 0.9 3.5 6.5 2.0 6.9 11.1 5.1 0.3 1.4 2.6 0.8 3.0 5.5 2.3

K-Center [4] 1.2 4.9 9.0 2.7 9.3 13.9 6.8 1.1 4.9 8.7 3.0 9.1 14.3 6.8 0.5 1.9 3.6 1.1 4.2 7.6 3.2

Forgetting [17] 1.2 4.1 7.1 1.5 4.8 8.4 4.5 0.8 3.6 6.2 1.2 5.4 9.1 4.4 0.2 1.0 1.9 0.2 1.2 2.6 1.2

MTT-VL [19] 0.8 4.1 7.0 1.2 6.4 11.5 5.1 4.7 15.7 24.6 9.9 28.3 39.1 20.4 1.3 5.4 9.5 2.5 10.0 15.7 7.4

± 0.0 ± 0.2 ± 0.3 ± 0.2 ± 0.6 ± 0.9 ± 0.3 ± 0.2 ± 0.5 ± 1.0 ± 0.3 ± 0.5 ± 0.7 ± 0.5 ± 0.1 ± 0.3 ± 0.5 ± 0.3 ± 0.5 ± 0.4 ± 0.4

TESLAWBCE 0.8 3.8 7.0 4.7 16.1 25.9 9.7 0.5 2.3 4.7 5.5 19.5 28.9 10.2 0.3 1.0 1.8 2.0 7.7 13.5 4.4

± 0.1 ± 0.4 ± 0.3 ± 0.3 ± 0.6 ± 0.8 ± 0.3 ± 0.2 ± 0.2 ± 0.4 ± 0.5 ± 0.9 ± 1.0 ± 0.5 ± 0.2 ± 0.4 ± 0.5 ± 0.2 ± 0.3 ± 0.3 ± 0.4

LoRS [20] 4.9 18.0 29.0 7.0 22.8 34.8 19.4 8.3 24.1 35.1 11.8 35.8 49.2 27.4 1.8 7.1 12.2 3.3 12.2 19.6 9.4

± 0.3 ± 0.8 ± 1.2 ± 0.3 ± 0.4 ± 0.8 ± 0.5 ± 0.2 ± 0.2 ± 0.3 ± 0.2 ± 0.6 ± 0.5 ± 0.3 ± 0.1 ± 0.2 ± 2.0 ± 0.2 ± 0.3 ± 0.3 ± 0.5

Ours 6.0 20.8 32.4 7.9 26.5 38.1 21.9 8.1 24.7 36.2 11.5 32.6 45.0 26.4 1.9 7.6 13.2 3.6 13.7 21.6 10.3
± 0.4 ± 0.4 ± 0.7 ± 0.3 ± 0.5 ± 0.6 ± 0.3 ± 0.3 ± 0.8 ± 0.7 ± 0.7 ± 0.9 ± 1.0 ± 0.3 ± 0.1 ± 0.1 ± 0.2 ± 0.2 ± 0.3 ± 0.4 ± 0.2

2
0
0

Random 2.0 7.8 13.7 3.3 12.5 19.5 9.8 1.9 7.1 12.3 1.9 10.3 18.2 8.6 0.6 2.7 4.9 1.3 5.3 9.0 4.0

Herding [18] 2.0 7.6 14.0 3.2 12.5 19.9 9.9 1.4 5.9 10.5 3.1 9.4 15.5 7.6 0.6 2.5 4.6 1.1 4.6 8.4 3.6

K-Center [4] 2.3 9.1 15.0 3.8 13.7 20.9 10.8 2.2 8.1 13.3 4.2 13.1 21.2 10.3 0.9 3.4 5.9 2.1 7.0 11.6 5.1

Forgetting [17] 1.7 6.5 11.5 3.1 9.7 15.4 8.0 1.6 6.6 10.8 2.5 9.0 14.9 7.6 0.4 1.6 3.0 0.7 2.8 5.1 2.3

MTT-VL [19] 1.8 7.0 12.2 2.8 10.3 17.3 8.6 4.6 16.0 25.5 10.2 28.7 41.9 21.2 1.7 6.5 12.3 3.3 11.9 19.4 9.2

± 0.2 ± 0.2 ± 0.2 ± 0.3 ± 0.7 ± 0.7 ± 0.3 ± 0.9 ± 1.6 ± 2.6 ± 0.8 ± 1.0 ± 1.9 ± 1.5 ± 0.1 ± 0.4 ± 0.8 ± 0.2 ± 0.6 ± 1.2 ± 0.6

TESLAWBCE 1.2 4.7 8.4 6.6 19.5 29.5 11.7 0.2 1.3 2.5 2.8 10.4 17.4 5.8 0.1 0.2 0.5 0.7 3.1 5.3 1.7

± 0.2 ± 0.5 ± 0.6 ± 0.3 ± 1.1 ± 1.5 ± 0.6 ± 0.1 ± 0.2 ± 0.2 ± 0.5 ± 1.5 ± 1.6 ± 0.7 ± 0.1 ± 0.1 ± 0.1 ± 0.2 ± 0.5 ± 0.8 ± 0.3

LoRS [20] 6.3 20.5 31.6 9.5 26.3 38.2 22.1 8.6 25.3 36.6 14.5 38.7 53.4 29.5 2.4 9.3 15.5 4.3 14.2 22.6 11.4

± 0.4 ± 0.7 ± 0.7 ± 0.4 ± 0.4 ± 0.9 ± 0.4 ± 0.3 ± 0.2 ± 0.3 ± 0.5 ± 0.5 ± 0.5 ± 0.4 ± 0.1 ± 0.2 ± 0.2 ± 0.1 ± 0.3 ± 0.2 ± 0.2

Ours 7.1 23.2 35.1 9.9 29.0 41.6 24.3 9.1 26.7 39.1 13.0 33.7 47.4 28.2 2.9 11.1 18.4 4.9 16.2 25.3 13.1
± 0.2 ± 0.4 ± 0.6 ± 0.2 ± 0.7 ± 0.6 ± 0.3 ± 0.2 ± 0.4 ± 0.4 ± 0.5 ± 0.9 ± 0.5 ± 0.2 ± 0.1 ± 0.2 ± 0.3 ± 0.1 ± 0.3 ± 0.3 ± 0.1

5
0
0

Random 3.7 13.0 21.2 6.0 19.4 28.8 15.3 3.2 11.5 18.9 5.2 18.3 27.4 14.1 1.2 5.2 9.2 2.5 8.7 14.9 7.0

Herding [18] 3.7 12.5 19.8 4.9 17.5 26.4 14.1 2.7 10.6 17.0 4.1 14.9 24.0 12.2 1.3 5.0 8.8 2.0 7.9 13.6 6.4

K-Center [4] 4.0 13.4 21.1 5.9 18.9 29.0 15.4 3.4 11.8 18.7 6.7 18.0 30.6 14.9 1.5 5.7 9.7 3.0 9.9 16.2 7.7

Forgetting [17] 4.6 16.2 24.5 5.8 21.7 31.7 17.4 3.6 12.7 20.6 6.1 18.7 29.5 15.2 1.1 4.3 7.6 2.0 7.3 11.3 5.6

MTT-VL [19] 3.7 13.3 21.3 5.8 18.0 28.2 15.1 6.6 20.2 30.0 13.3 32.8 46.8 25.0 2.5 8.9 15.8 5.0 17.2 26.0 12.6

± 0.0 ± 0.3 ± 0.5 ± 0.3 ± 0.6 ± 0.7 ± 0.3 ± 0.3 ± 1.2 ± 2.1 ± 0.6 ± 1.8 ± 0.8 ± 1.1 ± 0.5 ± 0.7 ± 1.5 ± 0.4 ± 1.3 ± 1.9 ± 1.1

TESLAWBCE 2.5 8.8 14.1 6.9 19.6 29.0 13.5 1.1 7.3 12.6 5.1 15.3 23.8 10.9 0.8 3.6 6.7 1.7 5.9 10.2 4.8

± 0.2 ± 0.3 ± 0.2 ± 0.4 ± 0.6 ± 0.6 ± 0.2 ± 0.2 ± 0.4 ± 0.5 ± 0.2 ± 0.5 ± 0.3 ± 0.4 ± 0.2 ± 0.6 ± 0.9 ± 0.4 ± 0.8 ± 1.0 ± 0.7

LoRS [20] 6.9 22.0 33.1 10.9 31.0 45.8 25.0 10.0 28.9 41.6 15.5 29.8 53.7 31.6 2.8 9.9 16.5 5.3 18.3 27.9 13.5

± 0.4 ± 1.2 ± 1.6 ± 0.3 ± 1.0 ± 1.2 ± 0.7 ± 0.2 ± 0.7 ± 0.6 ± 0.7 ± 0.4 ± 0.3 ± 0.5 ± 0.2 ± 0.5 ± 0.7 ± 0.5 ± 1.5 ± 1.4 ± 0.8

Ours 7.4 25.0 37.1 11.2 32.4 44.2 26.2 10.0 29.3 42.0 13.7 37.0 51.5 30.6 3.7 13.6 22.2 5.6 18.4 28.2 15.3
± 0.4 ± 0.4 ± 0.7 ± 0.7 ± 0.7 ± 0.5 ± 0.3 ± 0.5 ± 0.5 ± 0.7 ± 0.5 ± 0.6 ± 0.9 ± 0.4 ± 0.1 ± 0.2 ± 0.5 ± 0.3 ± 0.2 ± 0.4 ± 0.2

Full Dataset 25.5 56.1 69.2 32.7 64.5 74.5 53.8 28.1 57.9 70.3 34.9 65.4 77.6 55.7 17.3 42.8 56.7 20.4 47.7 62.1 41.2

trains SDv1.5 (∼49.0h) with additional caption generation

time (e.g., ∼248.14s for 100 pairs); ∗denotes measurement

on an RTX A5000 [25], otherwise on an RTX A6000. Our

end-to-end GPUh is slightly lower on Flickr30k but becomes

higher on COCO as scale increases due to expert training,

highlighting the limitation of expert-based methods.
500 Pairs Method V-L Model (GB) Expert train (h) Data init (s) Distillation (s) Total GPUh Perf.

F30k [25] 2.58 12.5 (1 SD expert) - 48,960∗ 26.1 25.8
MDM 0.60 25.7 (20 experts) 219 291 25.8 30.6

COCO [25] 2.58 49.0 (1 SD expert) - 27,720∗ 56.7 7.9
MDM 0.60 91.7 (20 experts) 953 2,765 92.7 15.3

S3.7. Full Retrieval Results
We provide complete image-text retrieval results with stan-

dard deviations in five random evaluations in Table S4.

S3.8. Full Algorithm
We outline our multimodal distribution matching algorithm

in Alg. 1.
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