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ABSTRACT

Large web-crawled multimodal datasets have powered a slew of new methods
for learning general-purpose visual representations, advancing the state of the
art in computer vision and revolutionizing zero- and few-shot recognition. One
crucial decision facing practitioners is how, if at all, to curate these ever-larger
datasets. For example, the creators of the LAION-5B dataset chose to retain
only image-caption pairs whose CLIP similarity score exceeded a designated
threshold. In this paper, we propose a new state-of-the-art data filtering approach
motivated by our observation that nearly 40% of LAION’s images contain text that
overlaps significantly with the caption. Intuitively, such data could be wasteful as
it incentivizes models to perform optical character recognition rather than learning
visual features. However, naively removing all such data could also be wasteful,
as it throws away images that contain visual features (in addition to overlapping
text). Our simple and scalable approach, T-MARS (Text Masking and Re-Scoring),
filters out only those pairs where the text dominates the remaining visual features—
by first masking out the text and then filtering out those with a low CLIP similarity
score of the masked image with original captions. Experimentally, T-MARS is the
top ranked approach on Imagenet at “medium scale” of DataComp (a data filtering
benchmark), and outperforms CLIP filtering by a margin of 6.5% on ImageNet
and 4.7% on VTAB. Additionally, we show that the accuracy gains enjoyed by
T-MARS linearly increase as data and compute are scaled exponentially.

1 INTRODUCTION

The paradigm of machine learning has shifted from training on carefully crafted labeled datasets to
training on large crawls of the web (Bommasani et al., 2021). Vision-language models like CLIP (Rad-
ford et al., 2021) and BASIC (Pham et al., 2021) trained on web-scale datasets have demonstrated
exceptional zero-shot performance across a wide range of vision tasks, and the representations that
they learn have become the de facto standard across a variety of vision domains. Recently, the Open-
CLIP (Ilharco et al., 2021) effort has aimed to independently reproduce the performance of the original
CLIP model through the curation of a similarly sized LAION-400M (Schuhmann et al., 2021) dataset.
However, they are still unable to match the performance of CLIP, suggesting that data curation could
play an important role even at web-scale. Most recently, the launch of ‘DataComp’ (Gadre et al.,
2023), a data filtering competition at various web-scale, has further streamlined efforts in this field.

Data curation at web scale raises unique challenges compared to the standard classification regime.
In web-scale datasets, we typically make only a single (or few) pass(es) over each training exam-
ple (Hoffmann et al., 2022), as it is often beneficial to see a fresh batch of data from the virtually
unbounded web-scale data. However, prior data pruning approaches that characterize the hardness of
individual data points (Mindermann et al., 2022; Maini et al., 2022) were proposed for, and evaluated
on models trained to convergence in the standard setting. More importantly, any data curation method
has to be adaptable to the multimodal contrastive learning setting, and scalable to billions of samples,
rendering several prior methods simply infeasible (Sorscher et al., 2023).
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Figure 1: (a) Given an un ltered pool of image-caption pairdylARS rst masks the text present in

each image, and calculates the similarity between the masked image and the corresponding caption,
retaining only those with high similarity scores. (b) Scaling curves depicting a linear increase
accuracy as data is increased exponentially when training ViT-B-32 models on Itered data versus
training on the LAION dataset. The training compute is scaled proportionally with the pool size.

In this work, we propose a new state-of-the-art data Itering approach for large-scale image-text
datasets. We start by looking at how the image and text modalities interact in these datasets. We nd
that aroundt0% of examples in the LAION dataset have text in the image—for example book covers
(Figure 1). This text is often the only element correlated with the caption, necessitating that the model
learns to solve an “optical character recognition” (OCR) task in order to minimize the contrastive
loss. This is wasteful if we were only interested in purely visual features which are relevant for
downstream vision tasks. Conversely, however, naively remalirguch images that contain text
(e.g., similar to Radenovic et al. (2023)), discards a substantial portion of images that contain both
visual and well as text features. For example, the “vintage wine” image from Figure 1 provides useful
visual cues about what a bottle of wine looks like, despite containing overlapping text with caption.

Our simple and scalable method, Text-Masking and Re-ScofifldARS Iters out examples where

the text feature dominates the visual features in their contribution to matching the corresponding
caption. Speci cally, we rst mask the text inside the images and then calculate the cosine similarity
score of the masked image embedding with that of the caption. Finally, we Iter outimages with a low
similarity score (see Figure 1a). We establlsMARSas a state-of-the-art data Itering technique,

by extensively evaluating on 6 different subsets of LAION at exponentially increasing scales (2M to
64M), whereT-MARSoutperforms the most competitive baseline by as much &% on ImageNet
zero-shot accuracy. On a recently released data- Itering benchmark DataComp (Gadre et al., 2023),
T-MARS:is currently the top-ranked approach on Imagenet at ‘medium scale' and outperforms CLIP
Itering by more than6:5%. We additionally presergcaling experimentfr our approach: through
experiments on pool sizes ranging from 2M to 64M, we showcase a surprising linear increase in
accuracy gains as the pool size is scaled exponentially (Figure 1). Our scaling trends show that good-
quality data Itering holds even more signi cance at large scales.

To develop a fundamental understanding behind our gains, weitiiot curvesfor various image

types (based on the features present) by modifying the ImageNet-Captions dataset (Fang et al., 2022).
Our experiments show that (a) images with both visual and text features have nearly the same utility
as those with just visual features; and (b) images with only text have the same negative utility as
mislabeled samples (8§ 6), hurting downstream performance. Finally, we also introduce and benchmark
two competitive data Itering baseline§-RHOandC-SSFT, by drawing insights from the long

line of work in the supervised classi cation regime on hard example mining (8 4.2). These baselines
themselves perform better than widely used CLIP score-based lItering and notably caii Hd&RS
performance when we take an intersection of the data retain€eNdxRSand the proposed baselines.

With the ML community focused on scaling up dataset sizes, our experiments most notably show that
pruning off "bad data' can hay& more utility than adding more “good' samples to the dataset.
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2 RELATED WORK

Data Curation for Web-Scale Datasets Following the curation of the LAION-5B (Schuhmann

et al., 2021; 2022) datasets, there has been a growing interest in exploring improved strategies for
selecting subsets of the common crawl that help learn better visual representations. Radenovic et al.
(2023) suggested using a mixture of three metrics, namely, complexity, action, and text-match (Does
the associated caption describe an action that contains a complex object relationship? Does the
text in the image match with a part of the caption?). Retaining examples based on complexity and
action metrics is seen to hurt zero-shot performance, whereas ltering out examples with text-match
helps. This work required text-recognition to match the text with caption, which requires an order of
magnitude more compute than text detection required for our proposed masking approach. Recently
similar to the use of synthetic captions in training image captioning models (Li et al., 2023), Nguyen
et al. (2023) proposed generating new captions for web-crawled images using an off-the-shelf image
captioning model. They Iter data points based on CLIP score of the images and synthetic captions.

Abbas et al. (2023) noted that web-scale datasets have a large number of near and exact duplicates,
and removed such duplicates to speed up training. CiT (Xu et al., 2023) proposed to select relevant
samples based on the match between captions and metadata (ex. class hames) of downstream tasks.
However, this method does not allow learning general-purpose vision representations. Recently,
DataComp (Gadre et al., 2023) was introduced as a benchmark challenge for subset selection from
the common crawl. Filtering data based on CLIP score was the best-performing baseline approach.

Hard Example Mining in Supervised Classi cation In the image classi cation paradigm, multiple
works have focused on nding and prioritizing training on hard examples, which are Itered using
memorization and in uence scores (Feldman & Zhang, 2020; Feldman, 2020; Jiang et al., 2020),
or based on the learning dynamics of different samples (Chatterjee, 2020; Mangalam & Prabhu,
2019; Shah et al., 2020; Kaplun et al., 2022; Carlini et al., 2019). More recent works studying
realistic dataset settings such as those with noisy examples discovered that prioritizing so-called
“hard' examples may be a suboptimal approach because it also incentivizes prioritizing the training
on mislabeled examples. Mindermann et al. (2022) proposed the RHO (robust hold-out) loss and
Maini et al. (2022) proposed the SSFT (second-split forgetting time) towards identifying mislabeled
examples. In Section 4.2, we discuss our adaptations of these ideas in the contrastive loss setting.

Vision-language pre-training Image-language contrastive pre-training on web-scale datasets has
gathered signi cant interest from the research community, because of the impressive zero-shot
performance on the downstream tasks (Radford et al., 2021; Ilharco et al., 2021; Yao et al., 2021;
Goyal et al., 2022; Mu et al., 2021; Li et al., 2022). CLIP (Radford et al., 2021) released the rst large-
scale vision-language model, obtaining arou&6zero-shot accuracy on ImageNet. BASIC (Pham
etal., 2021) scaled up the model size, compute, and data to further drive up performance gains. In this
work, we aim to improve the zero-shot performanceohly modifying the subset of data we train on.

3 WHAT CONSTITUTES THELAION DATASET? A PILOT STUDY

An analysis of image-caption pairs in web-crawled datasets is crucial to understanding the features
in the image that models may utilize to align image and caption embeddings. To address this, we
perform a small pilot study on 500 image-caption pairs from the LAION dataset (see Appendix D.2
for why 500 samples can be a representative subset). Our analysis yields an interesting observation—
approximately 40% of the images possess “text” features (i.e. text written on the image) that correlate
with the caption. In fact, nearly 20% times such text features constituteotheslemenin the image

that is correlated with the caption (eg. Book Covers). However, at the same time, a substantial
fraction of these images exhibit both text features and general visual cues. For example, an image
of a wine bottle with the word "vintage" written on it, accompanied by the caption "vintage wine".
These observations lead us to classify the data into ve categories based on the correlation between
image features (text or visual) and the caption (See Figure 2):

1. Un-correlated Image and Captidis, ; 3:7%): These pairs are essentially mislabeled, with no
correlation between the image and caption. These typically exist due to missing image links.
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Figure 2: A representation of the variotypesof examples in the LAION dataset. "<>' reads as "is
correlated with'. A signi cant proportion of examples have some form of text overlayed on the image.

2. Correlated Visual Feature and Captids;i; 46.7%): This is the most common category, where
the image accurately corresponds to the caption and contains no text.

3. Correlated Visual Feature and Caption, Random OCR T8xt ; 9:8%): Some images include
unrelated random text, such as website names. The model would typically disregard such text as
it does not contribute to aligning the embedding with the caption.

4. Both Visual Feature and OCR Text correlated with Cap{iBp; 19:1%): These images contain
both text and visual features that are correlated with the caption. For instance, in category 4 of
Figure 2, the image of Superman includes the visual representation of Superman as well as the
text "l can read: Superman," which aligns with the caption. It remains unclear whether the model
would prioritize text or visual features in such cases.

5. Correlated OCR Text and Captidi$;; 20:7%): These images lack visual information and solely
consist of text heavily correlated with the caption. Many book covers constitute this type. These
images would simply incentivize the model to learn the problem of optical character recognition.

The above classi cation is based on our manual judgement of the correlation between the various
features and caption. In the next section, we use these ndings to motivate and propose our data
curation approach[-MARS Note that our experiments on text detection in § 5.3 further con rm that
the estimated proportions based on our pilot study hold even at 64M scale LAION data subsets.

4 METHOD

Our pilot study in the § 3 revealed that a signi cant portion of the dataset consists of images for
which text is the sole feature associated with the caption. Intuitively, these images encourage the
model to solve optical character recognition in order to align the image and caption representations.
Considering our downstream goal of learning better visual representations, it is natural to Iter out
such images. However, simply removing images that contain text matching the caption, is not be
optimal due to the presence of images with both visual and text features as seen in our pilot study.

Task: Consider a pretraining image-caption daté&et f (i;t)g", used to train CLIP (Radford et al.,
2021) style models using contrastive learning. Given a xed computation budget (number of training
iterations), our goal is to nd a subset of the dataSet S , such that models trained &have
higher zero-shot accuracy on downstream tasks (such as image classi cation) than those tr&ned on

CLIP similarity score : Given image-caption pa(ti; t), the CLIP score refers to the cosine similarity
between the embeddings of the image and the captiort, (i§7, g(t)=kf (i)kakg(t)ks.

4.1 T-MARS: TEXT-MASKING AND RE-SCORING

Based on the above hypothesis, we propose a simple and scalable apprd&&RS, which focuses
on evaluating the similarity adnly the visual featureis an image with its corresponding caption.
T-MARS rst masks out the text in the image and then calculates the similarity score between the



Published as a conference paper at ICLR 2024

masked image and the caption using a pre-trained CLIP model. By ltering out images with low
masked similarity scores, we retain only those samples where visual features correlate with text.

1. Text DetectionWe apply a text detection algorithm (FAST (Chen et al., 2021)) that identi es
the bounding boxes of text regions in the image (Figure 1). Notably, text detection focuses on
localizing text positions in the image rather than recognizing or reading the text itself. This key
distinction allows our approach to be an order of magnitude more scalable compared to text
recognition-based ltering methods (Radenovic et al., 2023).

2. Text MaskingMask the text regions by replacing it with average color of the surrounding pixels.

3. Re-Scoring and FilteringUsing a pre-trained CLIP model, we calculate the cosine similarity
between the masked image and the original caption. Finally, we simply Iter out 50 percent of
the datapoints that have the lowest similarity scores between the masked image and the caption.
One can also choose to lter the datapoints based on a threshold score on the cosine similarity
between the masked image and original caption.

We lter out 50%o0f the pool and use a simpléagorithm 1 T-MARS
inpainting technique of neigbouring pixel col- _ T :
ors to simplify design choices and they indeed INPut: DataseS = fi;tg", score function
serve us well. Note that we use the correspond- » IMage masking functiom
ing original images for training on the Iltered Output: Filtered PoolS
subset, and not the masked images themselved. Step 1: Text-Masking
Algorithm Box 1 detailsST-MARS. forrk =0:::n 1do
= m(i
We rst highlight the empirical effectiveness of encli< for (i)
T-MARSiIn Section 5.3. Later, in Section 6, we // Step 2: Re-Scoring
(1) show thalT-MARSindeed works asintended, for k=0:::n 1do
ltering out the images with only text features, g, = “(fi;ty)
while retaining those with both visual and text end for
features, and (2) verify that all inputs with visual = \Median(f s, o)
features have high positive utility and must be returng = f(ik'tk)_j Sk 9
retained. On the other hand, images with only ’
text features hurt as much as mislabeled ones.

4.2 CONTRIBUTED BASELINES

Here we brie y describe two baseline ltering approaches, which we propose by drawing insights
from hard example mining literature in the supervised training setup (a more detailed description can
be found in Appendix A). As we show later in 8 5.3, our proposed baselines themselves outperform
the exisiting data curation approaches for training visual language models.

C-SSFT Maini et al. (2022) proposed the SSFT (Second-Split Forgetting Time) to identify mislabeled
examples in a dataset by ne-tuning a converged model on validation data, and observing which
examples change their predicted label the earliest. Given the absence of a converged model in
webscale learning, we use a pre-trained model from OpenCLIP (llharco et al., 2021) and netune for
n =5 epochs on the Conceptual-Captions dataset with a learning rage ®f We then calculate the
average cosine similarity for all examples during the ne-tuning (forgetting) phase and rank examples
based on the average similarity score, retaining only the highest-scoring ones.

C-RHO Mindermann et al. (2022) proposed RHO loss to prioritize the training on examples that
are worth learning, but not yet learned. In classi cation, at every epoch, the method calculates the
difference between the model's training loss on a given data point and a validation model's loss on it.
Examples with low validation loss, but high training loss are prioritized. We profeRélOadapted

for web-scale. (1) Rather than using the training loss, we utilize the model's image-caption similarity
score; (2) We train our model for one epoch on the entire dataset to calculate the training loss and use a
model trained on CC3M dataset as the validation model. Then, we calculate the difference in training
and validation similarity scores to rank examples and only keep the top 50% of examples for training.
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Table 1: Zero-shot accuracies for models trained on Itered subsets of the original LAION dataset
when evaluated on a suite of 23 benchmark datasets (§ 5.2). Rows in “orange' depict previous
baselines (§ 4.3), those in “white' depict our contributed baselines (§ 4.2), and those in “green’ depict
our state-of-the-art methddMARS(8 4).\ denotes the intersection between two ltering strategies.

ResNet-50 ViT-B-32
I Dataset ImageNet . ImageNet .
Scale Filtering size ImageNet dist. shifts VTAB Retrieval | ImageNet dist. shifts VTAB Retrieval
LAION 100% 16.63 15.04 2420 16.79 09.39 08.46 19.83 12,58
CLIP Score (@ 50%) 50.0% 15.58 14.28 23.67 16.28 09.02 08.42 20.13 12.60
Text-Match 86.4% 17.83 15.83 2463 17.11 10.16 08.89 20.63 12.84
C-SSFT 90.0% 17.49 15.61 2490 17.31 10.10 08.94 19.67 13.26
16M C-RHO 50.0% 19.46 17.39 26.45 18.60 10.87 09.34 2122 13.93
T-MARS 50.0% 20.25 17.71 26.50 18.45 12.09 10.35 22.64 14.15
T-MARS\ C-SSFT  45.2% 20.81 18.28 26.49  18.96 12.56 10.60 21.96 14.36
T-MARS\ C-RHO  27.5% 21.63 18.62 26.70 19.53 12.61 10.94 23.48 14.58
LAION 100% 21.90 18.90 27.30 20.18 14.98 12.38 2321  16.03
CLIP Score (@ 50%) 50.0% 20.84 18.79 25.71 19.54 14.69 12.86 22.81 15.32
Text-Match 86.4% 23.80 20.70 28.74 2141 15.96 13.26 24.45  16.44
C-SSFT 90.0% 22.87 19.85 26.10 21.00 15.55 13.34 2295 16.40
3oM C-RHO 50.0% 25.44 21.81 27.65 22.61 16.76 13.98 25.60 17.48
T-MARS 50.0% 26.73 22.79 29.88 22.62 18.75 15.30 26.71 16.82
T-MARS\ C-SSFT  45.2% 26.89 22.83 28.81 22.99 19.18 15.86 27.13  17.82
T-MARS\ C-RHO  27.5% 27.20 23.30 30.30 22.77 19.15 15.86 26.93 18.04
LAION 100% 26.34 23.24 29.09 23.91 20.37 17.97 27.85 18.83
CLIP Score (@ 50%) 50.0% 25.66 22.83 29.05 23.36 20.07 17.27 27.55 18.33
Text-Match 86.4% 29.11 24.94 30.35 25.75 23.11 19.04 28.82  19.37
C-SSFT 90.0% 28.15 24.13 29.73  25.58 21.80 18.20 27.69 19.54
64M C-RHO 50.0% 28.66 24.83 30.13  19.79 23.27 19.23 2794 21.10
T-MARS 50.0% 32.47 27.52 33.05 24.99 25.78 21.05 31.69 20.52
T-MARS\ C-SSFT  45.2% 32.77 27.68 33.13 26.35 25.63 21.01 30.02 21.27
T-MARS\ C-RHO  27.5% 32.63 27.23 32.77 2557 25.62 20.73 31.57 20.63

4.3 EXISTING BASELINES

LAION lItering The initial curation of the LAION-400M (Schuhmann et al., 2021) was based
on Itering common-crawl samples with a CLIP similarity lower than 0.281 (using OpenAl's CLIP
ViT-B/32). Samples with non-English captions are also Itered out.

CLIP Score We also investigate the use of stronger CLIP score thresholding by retaining image-
caption pairs with high similarity to further reduce the size of the training pool by 50%. This would
mean training multiple epochs on high CLIP-scored data, as opposed to a single epoch on all the data.

Text Match Radenovic et al. (2023) proposed removing all the images that contain text overlapping
with the caption (5 continuous characters) to ensure that the model only focuses on visual features in
the dataset. We skip the caption complexity and caption action ltering part, since it is shown to have
a negative impact on accuracy in the original paper. Importantly, note that Text Mdt@h ismore

costly than just text masking, and the quality of text recognition in web images is so low that state-of-
art recognition algorithms are unable to identify all text in the image correctly. On the other hand,
text masking used in our work only requires detection, which is fast and accurate (Appendix D).

5 EXPERIMENTS

We evaluate various baselines (including those laid by this work) as well as our proposed approach
T-MARSacross 7 different data pools ranging from 2 million to 128 million. Our results showcase a
linear scaling trend in the zero-shot accuracy gains over no data curation, highlighting the importance
of incorporating data curation in practice as the data and compute are scaled.

5.1 DATA PoOLS AND TRAINING CONFIGURATION

We rst experiment on six different data pools ranging from 2M to 64M samples chosen from the
LAION-400M dataset. Note that the compute budget (total training samples seen i.e. epochs
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Table 2: Zero-shot accuracies for various ltering strategies orsthall andmedium pools of
the DataComp benchmark. denotes the intersection between two Itering strategieddARS
outperforms the state-of-art on DataComp by a margin of 5% on the medium scale (ImageNet).

small (12.8M) medium (128M)
Filtering D‘;tj:et ImageNet dilg':.asg:i'f\‘tst VTAB Retrieval Avg. D;‘?get ImageNet d:g_agﬁi:set VTAB Retrieval Avg.
No ltering 12.8M 02.5 03.3 145 11.4 13.2 | 128M 17.6 15.2 259 25.8 25.8
Basic Filtering 3.0M 03.0 04.0 14.9 11.8 14.2 | 30M 22.6 19.3 28.4 28.5 28.5
LAION ltering 1.3M 03.1 04.0 13.6 09.2 13.3| 13M 23.0 19.8 30.7 29.2 29.2
CLIP score (L/14 30%) 3.8M 05.1 05.5 19.0 11.9 16.4| 38M 27.3 23.0 33.8 32.8 32.8
Text-Match 3.5M 05.7 06.2 18.9 12.0 17.3| 34M 29.4 247 34.4 26.0 343
T-MARS 2.5M 06.4 06.7 20.1 134 17.9| 25M 33.0 27.0 36.3 29.4 36.1
T-MARS\ C-RHO 1.5M 05.6 05.9 17.8 11.5 17.7| 15M 30.3 249 34.9 25.3 35.7
T-MARS\ C-SSFT 2.3M 06.5 06.7 194 131 18.0| 23M 33.8 274 37.1 285 36.2

number of batches batch size) is kept the same as the pool size. For example, for a 32M pool
size, the total samples which can be seen during training is kept at 32M (i.e. 1 epoch over the whole
dataset). In cases where Itering methods retain a smaller subset (say 16M samples) of the data pool,
they get the advantage of running more iterations (2 epochs over 16M subset i.e. total 32M samples
seen) over the chosen subset. Finally, we also experiment on the 12.8M (small scale) and 128M
(medium scale) data pool of the recently released DataComp. We use the implementation of the
Datacomp library to standardize the training process. We train both ResNet 50 and ViT-B-32 models
with a batch size of 1024, using cosine learning rate with 200 steps of warnfigp ‘at We use
AdamW as the optimizer for training. All the experiments were performed on NVIDIA A6000 GPUs.

5.2 EVALUATION DATASETS

We extensively evaluate zero-shot accuracies on a suite of benchmarks considered in prior work (Rad-
ford et al., 2021; Wortsman et al., 2021): (a) ImageNet: a 1000-class image classi cation chal-
lenge (Russakovsky et al., 2015); (b) ImageNet-OOD: Six associated imagenet distribution shifts—
ImageNetV2 (Recht et al., 2019), ImageNet-R (Hendrycks et al., 2020), ImageNet-A (Hendrycks
et al., 2019), ImageNet-Sketch (Wang et al., 2019), ImageNet-O (Hendrycks et al., 2019), and Object-
Net (Barbu et al., 2019); (c) VTAB: 12 datasets from the Visual Task Adaptation Benchmark (Zhai
et al., 2020), including Caltech101, CIFAR100, DTD, Flowers102, Pets, SVHN, Resisc45, EuroSAT,
Patch Camelyon, Clevr Counts, Clevr Distance, KITTl and Sun397; and (d) Retrieval: 3 retrieval tasks
of MSCOCO (Chen et al., 2015), Flickr (Young et al., 2014) and WinoGAVIL (Bitton et al., 2022).

5.3 RESULTS

T-MARSgives impressive gains in accuracy over 23 downstream tasks of various types. Table 1
compares zeroshot accuracies of various data curation strategies under pool sizes of 16M, 32M and
64M. First, note thal-MARS consistently outperforms the baselines across the data pools. For
example, on the 64M subsa@t;MARSobserve$:4% gains on ImageNet zeroshot accuracy over no
Itering and 3:7% gains over text matching. Similarly-MARSoutperforms text-matching 8:7%

in average accuracy over 6 ImageNet dist. shift datasets aBi¥8%in accuracy over 13 vision

tasks of the VTAB benchmark (Table 1). Results on 2M, 4M and 8M pool sizes are in Appendix E.

Complementary data subsetsA very important observation from our work is that the data subsets
Itered out by the three approaches proposed in our work have large fractions of exclusive subsets
(see column data size). This observation translates into the fact that taking the intersection of data
retained by different algorithm§ {MARS, C-SSFT, C-RHQ has additive bene ts.

Scaling Trends An important consideration when proposing and evaluating any data lItering
approach is whether or not the gains observed will continue to stay as the scale of data or compute
grows. We present scaling trends for various techniques in Figure 3a, 1b which show that the gains in
the zero-shot accuracy has a near linear slope as the data and compute are scaled exponentially (on
the x-axis). This is extremely promising as it suggests that rather than gains saturating, gains offered
by our method will grow logarithmically with the scale of the total data pool and compute.

Higher accuracy using half the compute and half the dataWe observe that selecting a better
subset of data can be of higher utility compared to adding new un ltered samples. For example,
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Figure 3: (a) Scaling curves depicting the increase in accuracy by training ResNet-50 models on
Itered data versus training on the LAION dataset at different pool sizes. (b,c) We inspect the change
in zero-shot accuracy on the Imagenette dataset when augmenting the training pool with new samples
of various types. Images that contain visual features have similar utility, independent of the presence
of text features; whereas those with only text features hurt as much as adding mislabeled examples.

T-MARS\ C-RHO lItered subset from the 32M pool gives an Imagenet accurac®7dt0%at a
compute of 32M, which is arount?o more than that of the LAION 64M data pool even at double
the compute of 64M. This highlights the importance of incorporating data curation in practice, rather
than expending additional compute on new un Itered samples. In Section 6, we show a similar
observation—there is higher utility in Itering out bad samples in comparison to adding new samples.

State of Art on DataComp We also evaluatd-MARS on the recently released data Itering
benchmark DataComp (Table 2). For DataComp, we Iter out the samples with a similarity score
(between the masked image and original caption) below 0.281. Since the rst reléBddARS

, there have been 10+ new methods on the Datacomp benchmark on the “‘medium scale'. Notably,
T-MARSandT-MARS\ C-SSFT are 2 of the top 3 entries on the leaderboard. Other top-performing
entries require a mixture of multiple rules to achieve comparable or worse resulfB-aMRS. On

the ‘'medium’ scale, our proposed approach outperforms CLIP Itering by a large margiBo6f

and text- Itering by 4:4%. Datacomp leaderboard has another track “bring your own dataset'. In
this category, Nguyen et al. (2023) use the synthetic captions from BLIP (Li et al., 2023) to replace
noisy web captions. Despite the expensive process of creating new data, rather than ltering existing
subsetsT-MARSperforms comparably on average, and even outperforms it by over 2% on Imagenet.
This highlights the importance of Itering out the images without visual features. Based on the
aforementioned scaling trends, our results portray an optimistic picture for practitioners with more
compute budgets to implemeftMARSat the largest scale.

5.4 T-MARSEFFECTIVELY FILTERS TARGETED IMAGES

Recall the pilot study in Section I-MARS ltered out a total of 250 images (out of 500 datapoints)

and indeed works as expected by Itering out 95 of the 103 "text dominated" images, while also
successfully retaining 46 out of 96 images that exhibit both visual and text features (in contrast, text
match-based Itering retained only 21). CLIP score can be a noisy metric that is not well-calibrated
across various images. Consequently, we also observe that in addition to removing text-dominated
images,T-MARSalso ltered out 76 of the 234 images with visual features only, because of their
low alignment with the caption. That said, we do note that simply Itering based on CLIP score
without masking (CLIP Score row, Table 1) performs even worse than no Itering, highlighting the
signi cance of incorporating masking in-MARS. We discuss further details in Appendix D.

6 WHAT TYPE OF DATA CONFERS GOOD VISUAL REPRESENTATIOR

In this section, we utilize the characterization of data types in the LAION dataset from § 3 to simulate
a similar data composition in a controlled experiment and evaluate the utility of each data type for
improving visual features.
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Figure 4: A representation of the various pools of data created for the synthetic experiments that
evaluate example utilitya) Positive Pool Samples in categorg; are original image-caption pairs

from the Imagenet-Captions dataset. Sample%;in are created by overlaying a random caption
from the LAION dataset over the original image. SampleS;inare created by overlaying the original
caption onto the original imagé€b) Negative Pool To create a new sample for the categ8ry we

replace the image with a random image from the PACS dataset. Finally, samfSlearicreated by
overlaying the original caption onto a random image from the PACS dataset.

Experiment Protocol We rst create a synthetic dataset of image-caption pairs similar to the
characterization of the LAION dataset in § 3. We detail the same in Figure 4 and Appendix C. Starting
with a xed base pool of 180k samples from the imagenet-captions dataset, we add new samples
belonging to a particular data type and evaluate the accuracy of the trained model on the same. The
number of training steps is the same across all training runs, and all results are averaged across 3
seeds. Evaluation is performed on the Imagenette dataset (a 10-class subset of Imagenet) (Howard).

Results In the local neighborhood of a xed compute and data budget, we observe that different data
types exhibit a linear relationship between the model's zero-shot accuracy and the number of samples
from that type that are added. We de ne the utility of a data type at a given base con guration as
Uype = & samples(in milions) Our main observations from Figure 3b and Figure 3c are:

1. Samples with only OCR featurty(= 0:89) are as harmful as mislabeled oneks € 0:8).

2. If an image has useful visual features, then independent of the presence of Ugefut( :27),
random Uy = +0 :24), or no OCR featuredf = +0 :23), they have similar utility.

3. Removing bad examples h8s more utility than adding new good examples. This directly
follows from the utility analysis of the OCR-only images, and those with visual features.

Overall, the above inferences further support the choices made in order to pfopbSBS The

utility of different data types con rms that we should retain samples that have both visual and
text features in them, and naively removing all samples with text in them (such as in recent work
by Radenovic et al. (2023)) is a sub-optimal strategy. Secondly, our results suggest that while
scaling up data sizes has been a useful recipe for improving the quality of visual representation, the
community should also focus on pruning off so-called "bad examples' from the datasets, because
pruning bad examples is signi cantly more useful than adding more examples.

7 LIMITATIONS AND CONCLUSION

We present a state-of-the-art data Itering approach, Text-Masking and Re-Scto+MARS), for
web-scale dataset3-MARS lters out examples where text dominates visual features in images,
improving visual representation learning. Extensive evaluations on LAION and DataComp benchmark
demonstrate that-MARSoutperforms competitive baselines by accuracy gains as higt8&sand

6:5% respectively. Data Itering can potentially introduce bias in the Itered subset. However, our
text ltering approach is generic and does not incorporate any sort of group bias. Developing further
nuanced metrics to rank the masked images beyond the CLIP score is an interesting direction for
future work. While in this work, we createsdatic subset of the original corpus and perform multiple
epoch training over the same, future work may bene t by assessing the utility of different data points
in a dynamic fashion and refreshing the data pool with samples worth learning.
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