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Abstract. The computational cost of training a vision-language model
(VLM) can be reduced by sampling the training data. Previous work on
efficient VLM pre-training has pointed to the importance of semantic
data balance, adjusting the distribution of topics in the data to improve
VLM accuracy. However, existing efficient pre-training approaches may
disproportionately remove rare concepts from the training corpus. As a
result, long-tail concepts remain insufficiently represented in the training
data and are not effectively captured during training. In this work, we
introduce a dynamic cluster-based sampling approach (DynamiCS) that
downsamples large clusters of data and upsamples small ones. We first
demonstrate the advantage of our cluster-scaling approach, which main-
tains the relative order of semantic clusters in the data and emphasizes
the long-tail. This approach contrasts with current work, which focuses
only on flattening the semantic distribution of the data. Then, we show
the importance of dynamic sampling, which applies sampling at each
epoch to improve cross-epoch data diversity and make upsampling prac-
tical. Our experiments show that DynamiCS reduces the computational
cost of VLM training and provides a performance advantage for long-
tail concepts. Code available at https://github.com/MingliangLiang3/
DynamiCS.

Keywords: Efficient VLM Pre-training · Long-Tail Concepts · Cluster
Scaling · Dynamic Sampling

1 Introduction

Vision-Language Models (VLMs) demonstrate strong transferability [4,6,12,13,
19,32,48,49]. Pre-trained VLMs can be applied to classification and image-text
retrieval tasks, and their image encoders are widely used in Multimodal Large
Language Models (MLLM) and generative models [14,23,28,33]. CLIP [32], one
of the popular VLMs, is trained on extremely large-scale datasets, requiring
substantial GPU resources for pre-training. The training costs of CLIP have
given rise to cost-saving training approaches, notably, RECLIP [15], FLIP [19],
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Fig. 1: Zero-shot top-1 accuracy on ImageNet-1K [5] and Let It Wag! [39]
(long-tail test set). DynamiCS outperforms cost-saving baselines (RECLIP [15],
FLIP [19], CLIPA [18]) and dual-purpose approaches (DataComp [10], DFN [9], Cap-
tioning [25]) while using less computational resources and achieves accuracy competi-
tive with full-scale pre-training, e.g., OpenCLIP [4]. Experiments are conducted with
ViT-B/16 pre-training of 6 epochs, applying different strategies to LAION-400M [35]
or DataComp [10].

and CLIPA [18], which maintain VLM performance but reduce training costs
by reducing the amount of text or image information used from each sample for
training.

CLIP’s large-scale pre-training data is collected from the web, but the data is
curated to improve semantic data balance, i.e., to adjust the distribution of topics
in the data, which in the wild typically has a very fat head and a very long tail.
In [45], the advantages of CLIP data curation are described as avoiding biases and
balancing the data over the metadata, which corresponds to semantic categories.
These advantages motivate the data curation approach in MetaCLIP [45], which
limits the number of data samples associated with each metadata category to
20k, effectively chopping off the fat head of the distribution.

Dual-purpose approaches apply data sampling for the simultaneous purposes
of training cost reduction and achieving semantic balance. This gap is left open
by MetaCLIP [45], whose goal is a semantically balanced training set. Metadata
is not the only means of identifying semantic structure, rather clustering can be
used instead, as with density-based pruning (DBP) [2]. Dual-purpose approaches
can also combine data sampling for training cost reduction with sampling to im-
prove data quality. For example, approaches have removed text-image pairs using
another already-trained CLIP as a filter [9,10] and integrating information from
automatically generated captions [25]. However, these approaches complicate
the goal of training cost reduction since they all make critical use of another
already-trained VLM.
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In this paper, we propose a dual-purpose approach for VLM training reduc-
tion, DynamiCS, which reduces costs with dynamic sampling and addresses se-
mantic data balance with cluster scaling. In Fig. 1, we observe that DynamiCS
achieves a substantial speedup over OpenCLIP [4], MetaCLIP [45], and HQ-
CLIP [43], while also yielding a slight improvement on ImageNet-1K zero-shot
classification. It improves (top of graph) over other cost-saving training ap-
proaches (RECLIP, CLIPA, FLIP) and other dual-purpose approaches (DFN,
DataComp, Captioning) in terms of training cost and also performance. The
improvements are particularly remarkable on long-tail test data (bottom of the
graph), where the pre-trained DynamiCS ViT-B/16 models substantially outper-
form the baselines on long-tail benchmark Let It Wag! [39] classification task.

The inspiration for DynamiCS is a change of perspective from previous se-
mantic data balancing approaches, which “aim for even” distributions of pre-
training data over semantic categories. The “aim for even” philosophy is rep-
resented by MetaCLIP [45], which chops off the fat head, and DBP [2], which
homogenizes densities with a comparable effect. Cluster scaling instantiates an
“aim for utility” philosophy, which does not necessarily result in a flattened dis-
tribution. Specifically, it downsamples the semantic fat head, without aiming to
completely eliminate it. At the same time, it upsamples the semantic long tail,
which improves the VLM performance on long-tail concepts.

In sum, this paper makes the following contributions:
– We point out that data sampling should involve not only down- but also

upsampling, in order to improve VLM performance on the long tail concepts.
– We show that dynamic sampling complements cluster scaling: by drawing a

different subset of data at each epoch, it improves cross-epoch diversity and
makes upsampling practical without increasing training cost.

– On the basis of these insights, we propose a dynamic cluster-based sampling
approach (DynamiCS), which outperforms other cost-reducing VLM training
approaches and is competitive with full-scale OpenCLIP [4] while requiring
only about 3% of its training costs.

The paper is structured as follows: in Sec. 2, we cover related work. Then,
we introduce DynamiCS (Sec. 3) and our experimental setup (Sec. 4). We pro-
vide further motivation with experimental analysis on a smaller-scale dataset
(Sec. 5). In Sec. 6, we present experimental results on a large-scale dataset that
demonstrate the advances of DynamiCS. Sec. 7 provides discussion and outlook.

2 Related Work

2.1 Vision-Language Models

Large-scale Vision-Language Models (VLMs) have demonstrated remarkable trans-
ferability [4,6,12,13,19,32,48,49], which forms the basis for their widespread ap-
plicability and effectiveness in downstream tasks. CLIP (Contrastive Language-
Image Pre-Training) exemplifies this paradigm by learning visual–semantic em-
beddings from language through contrastive learning [27,32]. CLIP pre-training
relies on large-scale datasets and can use millions or billions of image–text pairs.
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Fig. 2: Image examples from three semantic clusters (e.g., “sea,” “tennis” “dog”), where
visually similar concepts are grouped together.

Following CLIP [32], subsequent work, such as OpenCLIP [4] and Meta-
CLIP [45], has advanced the paradigm through open-source training and im-
proved data curation strategies. Reproducible training with publicly accessible
and diverse image–text pairs has become a key factor in advancing large-scale
VLMs, which facilitate downstream applications. However training, as mentioned
in Sec. 1, requires substantial resources. In this paper, we focus on reducing the
costs of VLM training while preserving model effectiveness.

2.2 Cost-reducing VLM Training

Approaches that reduce the training costs of VLMs fall into two categories:
cost-saving approaches that reduce the amount of information in each sample
and data filtering approaches, which use data sampling to make the training set
smaller. We discuss each in turn.
Reducing Image/Text Tokens. RECLIP [15] introduces the use of low-
resolution images for CLIP pre-training followed by high-resolution fine-tuning,
achieving a substantial reduction in training cost. Taking the same idea to the
patch level, FLIP [19] uses random image masking, where only a subset of patches
is used for training. Similar token number reduction methods based on image-
token distribution have been explored with A-CLIP [46], GLIP [20], and CLIP-
PGS [31], and based on word frequency with CLIPF [21]. CLIPA [18] investi-
gates and combines different token-level strategies, including low-resolution im-
ages with truncation, random, block, and syntax-based text masking. All token-
reducing pre-training methods achieve comparable zero-shot performance at sub-
stantially lower cost compared to full-scale training [18]. Reducing the number of
tokens has become a common practice in cost-reducing VLM training; however,
it does not account for semantic data balance. In this paper, we propose a dual-
purpose approach for reducing VLM training costs while addressing semantic
data balance through cluster scaling.
Training Data Filtering. The pre-training datasets used for CLIP are large-
scale image–text collections crawled from the Internet, such as CC3M [37],
CC12M [3], LAION-400M [35], LAION-2B [34], and DataComp [10]. These
datasets are inherently noisy, contain many duplicates or near-duplicates, and
are semantically highly imbalanced [30,39,44,45]. Several studies have observed
that CLIP’s class-wise performance exhibits a log-linear relationship with class
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frequency [30, 39, 44]. Recent studies focus on filtering semantically redundant
images out of pre-training datasets [1, 42]. As mentioned in Sec. 1, DBP [2] is
a dual-purpose approach that simultaneously seeks to reduce training cost and
achieve semantic data balance. It first removes duplicates, then clusters and
prunes the data based on a measure of cluster complexity, resulting in consis-
tently better performance than random pruning. However, while pursuing the
aim of uniform data density, it does not explicitly take into account long-tail
concepts. Instead, long-tail clusters can lose a larger proportion of samples.

Other dual-purpose approaches combine training-cost reduction with the se-
lection of high-quality data. DataComp [10] and DFN [9] use a pre-trained CLIP
model to filter misaligned image–text pairs with low similarity scores. Synthetic
captions generated with LLMs or VLLMs can also be used to improve align-
ment [8, 16, 17, 25, 43], however, this may reduce data diversity and ultimately
limit model generalization [25]. As noted in Sec. 1, these approaches rely on the
existence of another already-trained VLM. Overall, long-tail concepts remain
underrepresented during VLM pre-training [39].

2.3 Dynamic Data Sampling

Previous data pruning methods utilize a fixed subset of the dataset during the
training [1, 2, 45], after which the model only sees part of the training data. An
alternative method chooses a different pruning criterion in different stages of pre-
training. One example is ClusterClip [36], which balances the clusters within each
batch during large language model training, but it does not aim to reduce the
overall training cost. In our work, we balance the dataset of VLM training by
subsampling high-frequency concepts and upsampling low-frequency concepts.
During pre-training, data samples are dynamically drawn in each training epoch.

3 DynamiCS

In this section, we first discuss common issues with current cost-reducing VLM
training, and then introduce our dynamic cluster data sampling method.

3.1 The Challenge of Semantic Data Balance

Fig. 2 provides an impression of the semantic structure of CLIP training data
that is revealed via clustering. We generated image embeddings using the pre-
trained DINOv2-ViT-B/16 [29] model and clustered them using K-means [1,
2]. Following the definition of “concept” [39] that includes object classes, i.e.,
lemmatized nouns in captions/generation prompts, we see in Fig. 2, that clusters
can be associated with dominant concepts. For example, one cluster is associated
with beach, view, sunset, and sea, which relate to the concept of “sea”. Another
cluster includes tennis, court, player, and ball, which are associated with “tennis”.

However, CLIP training faces the challenge that training data contains a few
very large clusters and a large number of small clusters. As mentioned in Sec. 1,
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in the wild the distribution of topics in the data has a very fat head and a very
long tail. Specifically, if we cluster DataComp [10] using image embeddings into
50k clusters, each cluster contains approximately 12k samples on average. How-
ever, the distribution is too imbalanced. We observe that some clusters contain
more than 1 million points, while others have fewer than 1k. Other datasets,
such as CC3M [37], YFCC-15M [38], and the LAION-400M dataset also exhibit
an imbalance in concept frequency [2, 39]. Also, a similar long-tail concept dis-
tribution of the pre-training dataset of VLMs has been observed in previous
works [30,39,44].

These observations concerning semantic balance motivate our introduction
of a dual-purpose approach that simultaneously reduces training costs and ad-
dresses semantic data balance. However, we observe that existing methods de-
signed to achieve semantic data balance, represented by MetaCLIP [45] and
DBP [2], pursue an “aim for even” philosophy, mentioned in Sec. 1, which seeks
to flatten the semantic distribution without devoting any specific attention to
semantic categories that are not well represented, i.e., comprise the long tail.
Because DynamiCS reduces training costs with dynamic training, we have the
freedom to explore an “aim for utility” philosophy that downsamples to reduce,
but not completely flatten, the fat head, and upsamples to ensure the long-
tail is well represented. The “aim for utility” approach is supported by recent
work that establishes that CLIP training is robust to long-tail distributions [44],
meaning that it should not be necessary to aim for a completely flat distribution,
and also by work that points to the continuing challenge of the long semantic
tail [30, 39,44].

3.2 Cluster Scaling

DynamiCS controls semantic balance with Eq. 1:

Si =
cαi∑N
j=1 c

α
j

· T (1)

where N is the total number of clusters, ci = original size of cluster i, α ≥ 0 is a
scaling factor that controls how aggressively large clusters are down-sampled and
small clusters are up-sampled, T is the target total number of samples across
all clusters, Si is the resampled size of cluster i. When Si > ci (up-sampled
clusters), samples are drawn with replacement.

The motivation for Eq. 1 is twofold: First, it provides the basic scaling we
need, reducing the number of samples in large clusters and increasing the number
in small clusters, while preserving the relative order of cluster sizes. Second, it
allows us to control the shape of the semantic distribution using α, which can
range from 0 to a large number. The case of α = 0 represents the extreme of
the “aim for even” philosophy in which all clusters contain the same number of
samples. The case of α = 1 reduces to random sampling, an important baseline
for data sampling. When α is large, the formula mimics cases in which long-tail
semantic clusters are neglected to the point of being eliminated, as happens in [1]
under de-duplication thresholds corresponding to aggressive pruning.
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We create the clusters using k-means with cosine similarity to group the
image embeddings. After clustering the embeddings, some clusters remain se-
mantically redundant because their centroids are close to each other in the em-
bedding space. To reduce this redundancy, we merge centroids whose cosine
similarity exceeds a threshold. The clustering approach is based on the assump-
tion that semantic concepts are well represented in the image embedding space
of pre-trained vision models. Our inspection of the clustering results, cf. Fig. 2
supports this assumption.

We note that Eq. 1 is reminiscent of the equation applied for balancing
the training input for text models, specifically the sampling strategy applied
in word2vec [24]. This resemblance reinforces the importance of our idea that
the distribution should not be completely flattened, but rather that differences
should be preserved so that the relative ordering of the original data is main-
tained. However, in word2vec the aim is a balance of text tokens using token
reduction, and here we are balancing the distribution of samples, not tokens,
with a data filtering approach.

3.3 Dynamic Sampling

Dynamic sampling randomly selects a different subset of Si samples from the
cluster in each epoch. In each model pre-training epoch, for each cluster i, Si

samples are drawn based on the scaling factor Pi defined as:

Pi = Si/ci (2)

This sampling strategy reduces the number of samples seen from large clusters
while ensuring that different samples within the cluster can be seen in each epoch.
It increases the number of samples seen from small clusters by upsampling. Note
that all samples within a cluster share the same probability of being selected.

4 Experimental Settings

We follow OpenCLIP [11], FLIP [19] and CLIPA [18] to pre-train and evaluate
our model.
Dataset. We pre-train our models on datasets of different sizes. Specifically,
we use DataComp (Large, 1.28B image-text pairs) [10], which is filtered with
DFN [9] for the DynamiCS analysis (Sec.5) and all next experiments. We re-
fer to this filtered dataset as DataComp-DFN. We also conduct DynamiCS on
the LAION-400M [35] dataset. Both datasets are widely used for pre-training
VLMs [4,9,10,15,18,19,43]. Due to expired URLs, we could download about 298
million samples from LAION-400M and 130 million samples from DataComp
(out of 192 million candidates).
Architecture. We use ViT-B/16 and ViT-L/16 [7] as image encoders and a
Transformer model [40] as the text encoder. The input image resolutions are
112× 112 and 224× 224, and the maximum text length is 32.
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Table 1: Zero-shot classification on ImageNet-1K for different α values in
Eq. 1. All models are pre-trained on DataComp for 106 million samples seen with
ViT-B/16 image encoder and 112× 112 image resolution.

0.0 0.2 0.4 0.6 0.8 1.0 2.0

ImageNet-1K 38.5 39.2 38.2 36.9 36.4 33.8 19.4
Let It Wag! 19.5 20.2 19.6 17.5 15.6 13.4 5.1

Training and Fine-tuning Setting. We pre-train the model on the DataComp
and LAION-400M dataset for 1.28 billion and 2.56 billion samples seen, following
DFN [9] and CLIPA [18]. To accelerate training and conserve computational
resources as much as possible, we first pre-train at a small image resolution
(112×112) with a batch size of 28k which has been shown to be an effective
way to speed up CLIP [15, 18], and use this as our baseline. We then fine-tune
the model for one additional step with a full-resolution image (224 × 224) to
bridge the distribution gap between training and evaluation. We set the number
of clusters to 50k for both DataComp and LAION-400M (Sec. 6). We use α = 0.2
and set the target number of samples T to 50% of the dataset size. For post-
clustering refinement, we use a cosine-similarity threshold of 0.7.

The model was trained on 2 nodes, each with 4 H100 GPUs, with identical
settings to ensure that all models were run under consistent conditions. More
details of the training and fine-tuning settings can be found in the Appendix.
Evaluation We adopt the evaluation settings and downstream datasets as CLIP
and OpenCLIP [4, 32]. These datasets cover a broad range of modalities and
domains, including natural images, fine-grained classification tasks, and cross-
modal retrieval benchmarks to ensure the evaluation is both wide in scope and
diverse. We also evaluate the models on the long-tail concepts dataset Let It
Wag! [39], which consists of 290 long-tail categories curated from multiple VLMs’
training datasets and 130K test samples collected from the web (448 images per
category). For classification, we adopt the 80 prompts introduced in CLIP [32],
which are also used for ImageNet-1K evaluation.

5 Experimental Analysis of DynamiCS

In this section, we carry out experiments on DataComp to demonstrate the con-
tributions of dynamic sampling and cluster scaling and set key hyperparameters.
Scaling Factor α. As shown in Table 1, the model achieves its best performance
when α = 0.2. The result supports the conclusion that, in practice, we need to
select a moderate α that balances the short-head and long-tail data.

Diving into more detail, we see that the “aim for even” case, where α = 0 and
each cluster selects the same number of samples, is outperformed by α = 0.2.
This result supports our “aim for utility”, where the fat head is not completely
eliminated and the long-tail is emphasized. Note that the α = 0 still outperforms
α = 1, which corresponds to the dynamic random sampling approach where all
samples have equal probability of being sampled.
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Table 2: Comparison of zero-shot top-1 classification accuracy on ImageNet-
1K. All models are pre-trained on DataComp for 0.64 billion samples seen with
ViT-B/16 image encoder.

Models Samples Seen@Resolution ImageNet-1K Let It Wag!

Random Pruning

0.64B@112 + 128M@224

64.5 35.5
Random-Dynamic 66.2 36.2
Cluster-Scaling (ours) 68.0 43.7
DynamiCS (ours) 69.2 46.5

When α = 2, sampling favors large clusters and suppresses small ones, lead-
ing to a highly imbalanced distribution. Performance drops substantially as α
increases from 0.2 to 2, falling from 39.2% to 19.4% on ImageNet-1K and from
20.2% to 5.1% on Let It Wag!. This drop can be attributed to the loss of repre-
sentation of long-tailed concepts.

Overall, models trained with α values between 0.0 and 0.8 consistently out-
perform the random method (α = 1.0), indicating that DynamiCS is relatively
robust to the choice of α. Based on this robustness, we use α = 0.2 for all large-
scale experiments in Sec. 6, without concern that the experimental results are
sensitive to this choice.
Cluster Scaling Helps Improve Long-tail Concepts Performance. As
shown in Table 2, cluster scaling substantially improves pre-training under both
random and dynamic sampling. It substantially increases performance by 3.5%
and 3.0% on ImageNet-1K, and by 8.2% and 10.3% on Let It Wag!, respectively.
The improvement can be attributed to DynamiCS enhancing the performance
of long-tail concepts while maintaining that of head concepts.
Dynamic Sampling Increases Training Data Diversity. Then, we show the
influence of dynamic sampling on CLIP pre-training. The results in Table 2 show
the improvement that dynamic sampling delivers compared to standard, static
sampling. DynamiCS outperforms the Random pruning method by 4.7% and
11.0% on the ImageNet-1K and Let It Wag! datasets. Here, random pruning
means that it randomly selects a fixed 50% subset of the dataset. Random-
Dynamic outperforms random pruning by 1.7% and 0.7% on the ImageNet-1K
and Let It Wag! datasets. Here, Random-Dynamic means that each sample has a
50% probability of being selected during training. And DynamiCS outperforms
Cluster-Scaling by 1.2% and 2.8% on the ImageNet-1K and Let It Wag! datasets.
The gains of dynamic sampling can be attributed to an improvement in the
diversity of the data used for training, compared with static sampling.

6 Comparative Experimental Results

In this section, we present an evaluation of DynamiCS trained on LAION-
400M [35] and DataComp [9, 10] on the classic zero-shot ImageNet-1K task,
on a long-tail task, and on a range of other datasets conventionally used in the
literature to evaluate CLIP performance.
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Table 3: Random sampling vs. DynamiCS. Results on ImageNet-1K and Let It
Wag! under same training settings on LAION-400M and DataComp-DFN.

Models Dataset
(Data Size) Samples Seen@Resolution ImageNet-1K Let It Wag! GPU hours

Random LAION-400M
(298M)

1.28B@112 + 128M@224 59.8 31.9 151
DynamiCS (Ours) 1.28B@112 + 128M@224 65.0 42.1 163

Random DataComp-DFN
(130M)

0.64B@112 + 128M@224 64.5 35.5 90
DynamiCS (Ours) 0.64B@112 + 128M@224 69.2 46.5 95

Table 4: Comparison of zero-shot top-1 classification on ImageNet-1K. Our
model was pre-trained on the LAION-400M dataset and a subset of DataComp-
Large that was filtered by DFN-2B. FLIP is pre-trained with 75% image masking,
resulting in the same number of image tokens as a 112×112 image size. CLIPA is
pre-trained by syntax masking with 16 text tokens. The symbol ∗ indicates results
we reproduced under the same low-resolution and training setting to enable fairer
comparison wherever possible. The symbol ≈ indicates estimated values, because GPU
hours are not reported in their paper. All models use the ViT-B/16 image encoder.

Models Dataset
(Data Size) Samples Seen@Resolution ImageNet-1K Let It Wag! GPU hours

OpenCLIP [4] LAION-400M
(400M)

2.56B@224 64.2 — 2140
FLIP [19] 2.56B@224 + 128M@224 60.9 — —
CLIPA* [18]

LAION-400M
(298M)

2.56B@112 + 128M@224 63.2 36.4 269
RECLIP* [15] 2.56B@112 + 128M@224 62.9 36.0 280
DynamiCS (Ours) 1.28B@112 + 128M@224 65.0 42.1 163
DynamiCS (Ours) 2.56B@112 + 128M@224 67.5 45.5 299

DataComp [10] DataComp
(1.28B)

1.28B@224 63.1 33.7 ≈ 1070
Captioning [25] 2.56B@224 59.8 — ≈ 2140

WhatIf [17] Recap-DataComp-1B
(1.4B) 2.56B@112 + 128M@224 69.2 — —

DFN [9]

DataComp-DFN
(130M)

1.28B@224 67.8 — ≈ 1070
HQ-CLIP [43] 3.20B@224 70.6 38.2 ≈ 2675
DFN* [9] 1.28B@112 + 128M@224 68.7 42.4 151
DynamiCS (Ours) 0.64B@112 + 128M@224 69.2 46.5 95
DynamiCS (Ours) 1.28B@112 + 128M@224 71.3 50.2 163

6.1 DynamiCS vs. Random Sampling

As shown in Table 3, DynamiCS outperforms random pruning by 5.2% and
4.7% on ImageNet-1K when pre-training on LAION-400M and DataComp, re-
spectively. The improvements on the long-tail benchmark are larger (10.2% and
11.0%), indicating that DynamiCS improves coverage of long-tail concepts while
also delivering clear improvements on ImageNet-1K.

6.2 Zero-shot Classification on ImageNet-1K

Cost-saving Baselines on LAION-400M: DynamiCS outperforms cost-saving
baselines, RECLIP [15], FLIP [19], CLIPA [18] as demonstrated in Table 4, with
around 50% of the samples seen and 60% GPU hours used by baselines. Specif-
ically, DynamiCS-1.28B outperforms CLIPA by 1.8%, RECLIP by 2.1% and
FLIP by 4.1% on ImageNet-1K while using only 50% of the total samples seen,
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primarily due to improved performance on long-tail concepts (See Appendix).
Notably, our dynamic sampling plays a key role in reducing training cost while
preserving model quality.
Dual-purpose Filtering-based Baselines on DataComp: DynamiCS also
outperforms different dual-purpose filtering-based baselines. We first reproduce
the result for DFN [9] on the filtered DataComp-Large dataset, DFN* in Ta-
ble 4. We then apply DynamiCS on the same filtered dataset. DynamiCS-0.64B
improves over DFN* by 0.5% on ImageNet-1K while using only 50% of the
training samples and 62% of the GPU hours. DynamiCS-1.28B also outper-
forms HQ-CLIP by 0.7% with about 40% of the samples and about 6% of the
GPU hours. In addition, DynamiCS-0.64B surpasses the Captioning baseline by
9.4% on ImageNet-1K. DynamiCS achieves comparable or better ImageNet-1K
performance than WhatIf [17] (recaptioning on DataComp-1B), while requiring
substantially less computing resources.

6.3 Zero-shot Classification on Long-tail Dataset

To further investigate whether upsampling long-tail concepts can improve the
performance of low-frequency classes. We further evaluate DynamiCS on the
long tail dataset, which is Let It Wag! [39], as shown in Table 4 demonstrates
that DynamiCS can substantially enhance the long-tail performance, thereby
contributing to the model’s overall performance.

DynamiCS-1.28B pre-trained on LAION-400M outperforms the baseline model
RECLIP by 6.1% and CLIPA by 5.7% on the Let It Wag! dataset, while main-
taining comparable performance on ImageNet and using only about 50% of the
total samples seen and 60% GPU hours. Furthermore, DynamiCS-0.64B pre-
trained on DataComp-DFN substantially outperforms the DataComp (Image-
based ∩ CLIP score) filtering methods that are pre-trained on the DataComp
dataset by 12.8%. DynamiCS-0.64B also outperforms HQ-CLIP by 8.3% on the
long-tail dataset with only 20% samples seen and 3.6% GPU hours. Overall,
DynamiCS boosts long-tail performance at far lower training cost, outperform-
ing large-scale models and baselines by a wide margin.

6.4 Data Scaling

DynamiCS has shown a substantial improvement over random pruning, cost-
saving baselines, and dual-purpose baselines on both ImageNet-1K and Let It
Wag!, while using about 60% of the GPU hours. We further scale DynamiCS
from 0.64B to 2.56B samples seen on LAION-400M and DataComp. As shown
in Table 5, on LAION-400M, ImageNet-1K accuracy increases from 61.5% to
67.5%, and Let It Wag! accuracy increases from 37.3% to 45.5%. On DataComp,
ImageNet-1K accuracy improves from 69.2% to 72.6%, and Let It Wag! improves
from 46.5% to 52.0%. Overall, the scaling experiments show a clear and consis-
tent improvement as the number of training samples increases.
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Table 5: Data scaling results for DynamiCS. Zero-shot top-1 accuracy on
ImageNet-1K and Let It Wag! when scaling the number of training samples from 0.64
billion to 2.56 billion samples seen on LAION-400M and DataComp-DFN.

Models Dataset
(Data Size) Samples Seen@Resolution ImageNet-1K Let It Wag! GPU hours

DynamiCS (Ours)

LAION-400M
(298M)

0.64B@112 + 128M@224 61.5 37.3 95
1.28B@112 + 128M@224 65.0 42.1 163
2.56B@112 + 128M@224 67.5 45.5 299

DataComp-DFN
(130M)

0.64B@112 + 128M@224 69.2 46.5 95
1.28B@112 + 128M@224 71.3 50.2 163
2.56B@112 + 128M@224 72.6 52.0 299

Table 6: Zero-shot top-1 classification on ImageNet-1K and Let It Wag!
with the full training CLIP. All models use the ViT-B/16 image encoder.

Models Dataset
(Data Size) Samples Seen@Resolution Tokens ImageNet-1K Let It Wag! GPU hours

OpenAI-WIT [32] —
(400M)

12.8B@224 274 68.3 37.9 10700
MetaCLIP-400M [45] 12.8B@224 274 70.8 46.5 ≈ 10700

OpenCLIP [4] LAION-400M
(400M)

12.8B@224 274 67.1 39.1 10736
LaCLIP [8] 12.8B@224 274 69.4 48.4 ≈ 10700

DynamiCS (Ours) LAION-400M
(298M) 2.56B@112 + 128M@224 81 67.5 45.5 299

OpenVision [16] Recap-DataComp-1B
(1.4B)

12.8B@160 + 1.024B@224
+ 256M@336 180 73.9 — —

DynamiCS (Ours) DataComp-DFN
(130M)

1.28B@112 + 128M@224 81 71.3 50.2 163
2.56B@112 + 128M@224 81 72.6 52.0 299

6.5 Comparison with Full-scale Training CLIP Baselines

As shown in Table 6, we compare DynamiCS with the full-scale training CLIP
baselines, which are pre-trained with 224 × 224 image resolution and 12.8 bil-
lion samples seen. Our DynamiCS-2.56B has the best performance on both
ImageNet-1K and Let It Wag! datasets. Surprisingly, DynamiCS pre-trained on
DataComp with 2.56B samples seen, with only about 3% of the training cost,
outperforms OpenAI-WIT CLIP, OpenCLIP, and MetaCLIP by 4.3%, 5.5%,
1.8% on ImageNet-1K and by 14.1%, 12.9%, 5.5% on the Let It Wag! dataset.
Moreover, DynamiCS-1.28B pre-trained on DataComp with 1.28B samples al-
ready surpasses full-training baselines using only 163 GPU hours.

6.6 Zero-shot Robustness

We evaluate DynamiCS on 6 robustness datasets following the evaluation of
CLIP [32] and OpenCLIP [4] as shown in Table 7. On LAION-400M, DynamiCS-
1.28B outperforms CLIPA by 1.1% and RECLIP by 1.5%, while using only 50%
of the samples seen by RECLIP. It also improves over the random baseline by
4.6%. DynamiCS-2.56B remains below full-training CLIP, with a gap of 0.4%.

On DataComp, DynamiCS performs well compared with CLIP-score-based
filtering methods. DynamiCS-0.64B already outperforms DataComp by 4.9%
while using only 50% of the samples and 8% of the GPU hours. DynamiCS-
1.28B improves over the DFN baseline by 2.2% and over HQ-CLIP by 1.0%. Both
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Table 7: Zero-shot robustness evaluation of DynamiCS and other methods on
the different robustness datasets.

Models Dataset
(Data Size) Samples Seen@Resolution IN-A IN-O IN-R IN-S IN-V2 ON Avg. GPU hours

OpenAI-WIT [32] —
(400M)

12.8B@224 50.0 42.3 77.7 48.2 55.3 61.9 55.9 10700
MetaCLIP-400M [45] 12.8B@224 – – – – – – 57.5 ≈ 10700

OpenCLIP [4] LAION-400M
(400M) 12.8B@224 33.2 50.8 77.9 52.4 50.8 59.6 54.1 10736

RECLIP* [15]

LAION-400M
(298M)

2.56B@112 + 128M@224 26.1 53.5 72.8 48.1 55.2 47.2 50.5 280
CLIPA* [18] 2.56B@112 + 128M@224 26.7 54.1 73.3 48.6 55.5 47.2 50.9 269

Random 1.28B@112 + 128M@224 21.6 53.7 69.3 44.9 52.0 43.1 47.4 151
DynamiCS (Ours) 1.28B@112 + 128M@224 28.9 56.1 73.2 49.2 56.4 47.9 52.0 163

DynamiCS (Ours) 2.56B@112 + 128M@224 30.9 53.5 76.3 51.7 59.2 50.7 53.7 299

DataComp [10] DataComp-Large
(1.28B) 1.28B@224 25.5 49.6 71.8 49.8 55.1 53.1 50.8 ≈ 1070

DFN [9]

DataComp-DFN
(130M)

1.28B@224 – – – – – – 54.0 ≈ 1070
HQ-CLIP [43] 3.20B@224 39.1 43.0 80.1 57.3 63.1 60.6 57.2 ≈ 2675
DFN* [9] 1.28B@112 + 128M@224 31.4 59.7 74.5 53.9 60.9 55.5 56.0 151

Random 0.64B@112 + 128M@224 23.0 59.5 70.3 49.3 56.4 51.4 51.7 90
DynamiCS (Ours) 0.64B@112 + 128M@224 30.4 62.3 73.2 53.2 60.7 54.6 55.7 95

DynamiCS (Ours) 1.28B@112 + 128M@224 35.7 58.4 76.6 55.9 64.0 58.4 58.2 163
DynamiCS (Ours) 2.56B@112 + 128M@224 37.2 57.6 79.0 57.4 64.1 59.3 59.1 299

Table 8: Zero-shot image-text retrieval evaluation of DynamiCS and other
methods on the COCO [22] and Flickr30k [47]. Report the average recall@1 of the
image-to-text and text-to-image retrieval results.

Models Dataset
(Data Size) Samples Seen@Resolution COCO Flickr30k GPU hours

OpenAI-WIT [32] —
(400M)

12.8B@224 42.8 72.2 10700
MetaCLIP-400M [45] 12.8B@224 48.2 76.7 ≈ 10700

OpenCLIP [11] LAION-400M
(400M)

12.8B@224 46.9 74.6 10736
FLIP [19] 2.56B@224 + 128M@224 – – —

RECLIP* [15] LAION-400M
(298M)

2.56B@112 + 128M@224 44.4 72.4 280
CLIPA* [18] 2.56B@112 + 128M@224 44.4 71.7 269

Random 1.28B@112 + 128M@224 42.7 69.4 151
DynamiCS (Ours) 1.28B@112 + 128M@224 45.1 72.7 163

DynamiCS (Ours) 2.56B@112 + 128M@224 46.5 73.9 299

DataComp [10] DataComp-Large
(1.28B) 1.28B@224 39.8 63.6 ≈ 1070

HQ-CLIP [43]

DataComp-DFN
(130M)

3.20B@224 52.2 77.9 ≈ 2675
DFN* [9] 1.28B@112 + 128M@224 44.3 68.1 151

Random 0.64B@112 + 128M@224 39.6 62.3 90
DynamiCS (Ours) 0.64B@112 + 128M@224 42.5 66.6 95

DynamiCS (Ours) 1.28B@112 + 128M@224 44.2 69.3 163
DynamiCS (Ours) 2.56B@112 + 128M@224 46.2 71.3 299

DynamiCS-1.28B and DynamiCS-2.56B also outperform fully trained OpenAI-
WIT, MetaCLIP, and OpenCLIP. In particular, DynamiCS-2.56B exceeds full
training on OpenAI-WIT by 3.2%, MetaCLIP by 1.6%, and OpenCLIP by 5.0%,
while using only 3% of the GPU hours. Overall, DynamiCS achieves comparable
robustness results while using substantially fewer GPU hours, demonstrating
strong robustness and improved data efficiency.
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Table 9: Zero-shot top-1 classification accuracy across 22 benchmark clas-
sification datasets.
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OpenAI-WIT [32] —
(400M)

12.8B@224 88.7 90.8 67.0 — 64.8 58.2 24.2 78.3 45.0 88.9 89.0 — 51.4 98.3 55.9 60.7 43.4 26.4 22.8 50.7 21.2 50.7 10700
MetaCLIP-400M [45] 12.8B@224 87.3 90.1 66.6 — 66.8 74.2 28.4 72.2 55.9 90.4 93.4 72.3 47.9 97.2 55.7 66.2 43.8 24.2 22.6 62.0 30.1 62.0 ≈ 10700

OpenCLIP [4]
LAION-400M

(298M)

12.8B@224 86.1 91.7 71.2 — 69.6 — 17.7 76.8 51.3 89.2 91.3 — 66.2 — 50.2 58.5 43.5 18.1 18.1 59.6 28.7 54.4 10736
RECLIP* [15] 2.56B@112 + 128M@224 81.3 92.1 71.8 55.1 66.0 80.7 13.0 75.3 49.4 85.3 82.1 64.6 65.7 96.3 45.5 55.5 33.5 21.7 14.4 48.9 17.7 49.8 280
CLIPA* [18] 2.56B@112 + 128M@224 81.5 91.8 70.3 57.2 65.8 81.1 14.3 76.6 46.8 85.9 82.8 61.7 41.8 96.3 55.9 55.5 38.7 21.2 14.5 50.7 18.8 53.0 269

DynamiCS (Ours) 2.56B@112 + 128M@224 84.0 92.9 75.0 68.9 67.5 75.7 16.8 76.8 52.9 87.7 83.7 70.4 53.1 96.3 42.9 59.1 44.1 15.6 16.2 48.2 14.0 52.9 299

DataComp [10] DataComp
(1.28B) 1.28B@224 83.1 93.8 75.4 47.0 64.3 77.2 10.0 80.9 46.9 83.5 89.7 64.0 54.0 95.8 50.1 52.7 43.4 40.1 14.3 49.7 23.1 52.9 ≈ 1070

HQ-CLIP [43]

DataComp-DFN
(130M)

3.20B@224 87.8 96.2 81.0 — 69.7 85.3 11.3 78.8 51.5 89.5 93.1 69.0 77.7 98.1 47.6 60.6 54.4 43.0 15.9 47.5 27.5 51.7 ≈ 2675
DFN* [9] 1.28B@112 + 128M@224 85.8 95.1 79.4 58.1 66.1 86.6 14.2 76.7 46.3 89.9 84.8 73.2 64.2 96.8 46.2 48.6 42.2 35.7 12.3 52.6 17.7 49.5 151

Random 0.64B@112 + 128M@224 82.7 93.7 77.3 50.7 62.9 83.7 10.1 76.9 40.9 86.7 84.0 70.6 53.3 95.7 47.3 42.7 22.4 30.8 10.8 57.7 14.9 50.4 90
DynamiCS (Ours) 0.64B@112 + 128M@224 84.6 94.0 79.5 65.2 65.4 74.7 14.2 76.4 42.0 88.4 84.5 75.9 41.2 96.0 45.8 44.8 25.5 21.1 12.1 61.6 14.7 46.6 95

DynamiCS (Ours) 1.28B@112 + 128M@224 86.9 95.2 81.3 70.8 66.7 78.3 16.5 76.5 45.4 89.9 84.3 83.5 53.2 96.7 48.9 55.5 31.1 11.7 13.5 42.1 22.2 50.1 163
DynamiCS (Ours) 2.56B@112 + 128M@224 86.7 96.2 81.8 71.3 68.1 80.8 19.2 74.6 49.2 90.7 84.4 79.0 66.8 97.3 44.2 56.7 41.5 31.5 14.4 56.5 27.2 48.9 299

6.7 Image-Text Retrieval

Table 8 reports zero-shot retrieval results on COCO [22] and Flickr30k [47].
Overall, DynamiCS consistently outperforms RECLIP, CLIPA, and the Random
baseline on both LAION-400M and DataComp. On LAION-400M, DynamiCS-
2.56B exceeds fully trained OpenAI-WIT, but remains below OpenCLIP and
MetaCLIP. In contrast to the zero-shot classification results, pre-training on
DataComp does not provide a clear advantage over LAION-400M for image–text
retrieval. HQ-CLIP outperforms DynamiCS, likely because its generated cap-
tions are longer and more detailed, which better match the needs of retrieval
tasks. DynamiCS can also be applied to HQ-CLIP’s synthetic data to further
improve retrieval performance, since HQ-CLIP does not explicitly balance the
data.

6.8 Zero-shot Classification on Other Datasets

DynamiCS consistently outperforms random pruning and achieves performance
comparable to RECLIP and DFN, as shown in Table 9. Interestingly, compared
with these baselines, DynamiCS shows a clear advantage on fine-grained recogni-
tion tasks such as CUB-200-2011 [41], which contains 200 bird species primarily
from North America. On LAION-400M, DynamiCS-2.56B outperforms RECLIP
by 13.8% and CLIPA by 11.7%. On DataComp, DynamiCS-0.64B exceeds the
random baseline by 14.5%, and DynamiCS-1.28B surpasses DFN* by 12.7%.

On the other fine-grained Flowers102 dataset [26] with 102 flower categories.
On LAION-400M, DynamiCS again improves effectiveness substantially, out-
performing RECLIP by 5.8% and CLIPA by 8.7%. On DataComp, DynamiCS-
0.64B outperforms random by 5.3% and DynamiCS-1.28B outperforms DFN* by
10.3%. DynamiCS-1.28B also improves substantially over the results of models
filtered and pre-trained on the DataComp dataset, by 19.5%. We leave further
exploration to future work.
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Table 10: Zero-shot top-1 classification accuracy with ViT-L/16 encoder on
ImageNet-1K. We pre-train the model at an image resolution of 112 × 112 with 16
text tokens (using syntax masking) for 1.28B samples seen, and then fine-tune it in
small steps, reducing the total samples seen to 50% of that of CLIPA.

Models Dataset
(Data Size)

Samples Seen
@Resolution

ViT-L/16 GPU hours
ImageNet-1K Let It Wag!

CLIPA [18] LAION-400M
(400M) 2.56B@112 + 128M@224 68.8 – > 625

CLIPA
+ DynamiCS (Ours)

LAION-400M
(298M) 1.28B@112 + 128M@224 70.3 44.5 300

6.9 Larger Vision Transformer

To demonstrate scalability, we scale the model from ViT-B/16 to ViT-L/16,
which has about 2.9× more parameters. As shown in Table 10, DynamiCS main-
tains strong performance and outperforms CLIPA by 1.5% on ImageNet, while
using only 50% of the samples seen by CLIPA.

7 Conclusion and Outlook

This paper has proposed a dual-purpose data sampling approach to reduce the
training costs of VLMs, important for practical applications, while at the same
time balancing the availability of semantic data that is key to performance.
Extensive experiments demonstrate that DynamiCS achieves better full-scale
effectiveness at much lower cost while outperforming other low-cost pre-training
alternatives. Its effectiveness on both LAION-400M and DataComp-DFN sug-
gests it can extend to other imbalanced datasets to reduce training cost.

DynamiCS is based on two established insights. First, we establish that data
sampling should involve both down- and upsampling, to maintain VLMs’ per-
formance on the long tail. The cost savings achieved with dynamic sampling
give us the freedom to integrate upsampling into our approach. The novelty of
DynamiCS is that it breaks with the “aim for even” philosophy, which cuts off
the fat head in an attempt to flatten the distribution, and instead pursues an
“aim for utility” philosophy. Second, dynamic sampling makes an important con-
tribution to efficient VLM pre-training: it is very effective at reducing the cost
of VLMs, and we expect it to be an element in future methods as well.
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