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Foundation models have transformed the machine learning landscape with unprecedented gener-

alization capabilities across a variety of tasks. Central to their success is the data on which they

are trained, which has grown massively in scale through large web crawls and data generation

efforts. Despite growing awareness of the need for data curation, current data practices remain

largely heuristic and coupled with specific model and training configurations, making it difficult to

isolate data-centric contributions. In this thesis, I present my work towards developing systematic,

generalizable, and timely methods to optimize dataset design for foundation models. In the first

work, I provided one of the earliest empirical demonstrations that indiscriminately mixing different

web data sources undermines model generalization, establishing data quality as a foundational

principle for large-scale curation. As the field embraced data quality and proposed increasingly

aggressive filtering pipelines, I found that these methods tend to overfit to existing benchmarks

and systematically exclude valuable data, such as non-English content, which can improve model

performance as a whole. My subsequent work thus argues that diversity in representation should be

a deliberate design decision in the curation process, instead of existing only as a byproduct. Next,

moving beyond filtering as the primary curation tool, I proposed image recaptioning as a way to



transform low-quality image-text pairs into useful training data. Rather than asking what data to

discard, my research instead asked what discarded data can be recovered. In the last work covered

by this thesis, I extended this philosophy to the text domain. I addressed the growing scarcity of

high-quality web texts by offering a sustainable approach to recycle discarded documents, effectively

doubling the yield of useful pretraining tokens. Collectively, my research contributes to establishing

data curation as a scientific discipline—one that is systematic, adaptive, and central to the future

of foundation model development.
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in various, significant ways (a) We show some examples of culturally salient

concepts that would not exist in "top-quality" English data (as determined by CLIP

score), such as "kiji" (the national bird of Japan), "bamboo steamer" and "yalı" (a

traditional architecture style for Turkish waterside houses) (b) Even for a common

everyday object ("stove"), non-English and English images portray very different

visual representations. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 65

3.2 Filtering with translated captions allows substantially more (translated)

non-English samples to be included in the final training set. While English

data only makes up about one-third of the raw web crawl, it dominates the top-quality

subset of the pool, selected based on DFN score between image and raw caption.

With translation, English-translated non-English captions now make up the majority

of the top-quality data and thus are more likely to be selected for training. . . . . . 74

3.3 With the same degree of filtering, training with (image, translated caption)

pairs improves performance on 28 out of 38 tasks compared to training

with (image, raw caption) pairs, including on ImageNet distribution

shifts, retrieval, and tasks with geographically diverse inputs. We compare

performance on each task of the DataComp benchmark between training with raw

captions and training with translated captions. Both datasets have been filtered

with image-text cosine similarities output by the public DFN [52] to select the top

30% examples. We find that using translated captions leads to 1.5 percentage points

improvement on average across 38 tasks. We highlight the performance changes on

ImageNet distribution shifts (red), retrieval (blue) and fairness-related tasks (dark

yellow). . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 75
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3.4 On GeoDE, using filtered translated captions leads to improvements across

all regions compared to using filtered raw captions, with Africa observing

the biggest gain. We break down the GeoDE performance by region and compare

training on top 30% translated captions to training on top 30% raw captions. On

average, classification accuracy improves by 4.2%, and the improvement applies to all

regions in the dataset, especially Africa where the accuracy gain is the biggest at 5.5%. 75

3.5 Visualizations of what an SVM deems typical of images with English

captions and those with non-English captions. We show examples of easy-to-

classify images in our English versus non-English data classification task. Besides the

product logo and text in some images that are suggestive of the language distribution,

the image content mostly depicts common scenes and objects. . . . . . . . . . . . . . 77

4.1 Raw captions crawled from the web contain significant noise; cosine

similarity filtering helps reduce noise but discards many images that are

useful for training. Here we show some images that would be filtered out if only the

top 30% examples from the candidate pool with highest image-text cosine similarities

are used for training. In these pairs, captions generated by BLIP2 tend to be more

faithful to the respective images compared to raw captions obtained from the Internet.

In Appendix C.1, we show 20 other samples drawn completely at random from the

discarded pool. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 83
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4.2 At the 128M scale of DataComp, we obtain improvement on ImageNet

and average accuracies compared to the best filtering method on raw data,

by using a mixture of raw and synthetic captions, selecting only image-text

pairs with cosine similarity above a certain threshold. (Left) We visualize

how various data filtering strategies perform at medium scale, on ImageNet and across

38 tasks. Including BLIP2 captions in the training data significantly outperforms

competitive baselines from DataComp trained on only raw text [56]. (Right) As we

vary the percentage of top examples chosen from the pool (based on CLIP score),

we see consistent benefits from (i) using BLIP2 captions for samples that would be

discarded otherwise, (ii) applying the same filtering threshold to new image-text

pairs containing BLIP2 captions to maintain a high level of image-text alignment.

The exact accuracy numbers can be found in Appendix C.4. . . . . . . . . . . . . . 89

4.3 Individual synthetic captions can contain more information (especially

visual one) than raw captions. We calculate the number of words and the fraction

of those being visual tokens in each caption for different training sets. Individual

BLIP2 captions tend to yield higher numbers on these two metrics compared to

individual web-crawled captions, suggesting that on a caption-per-caption basis,

synthetic data may contain richer information. . . . . . . . . . . . . . . . . . . . . . 92

4.4 Generated captions overall exhibit higher image-text alignment than raw

captions; this indicates that the former is less noisy as a training source. We

randomly sample 1% of the 128M candidate pool and given the same set of images,

compare the cosine similarity distribution between raw caption data and BLIP2

caption data. We find that overall BLIP2 captions have much higher image-text

cosine similarity (mean similarity 0.251 vs 0.208). . . . . . . . . . . . . . . . . . . . . 92
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4.5 Combining raw and synthetic captions subject to a cosine similarity thresh-

old helps reduce noise level while boosting data diversity, both of which

are essential for achieving good performance. In this plot, circle size denotes

the relative size of the resulting training set. While removing noisy image-text pairs,

CLIP score filtering also lowers the diversity of the caption set substantially, as

measured by the number of unique trigrams in the pool. Adding more useful training

data by using BLIP2 captions for filtered out images, while respecting the existing

CLIP score threshold, helps overcome this limitation and improves the training data

quality along both axes. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 93

4.6 Given similar ImageNet accuracy, training with generated captions im-

proves performance on 23 out of 38 tasks compared to training with raw

captions, especially on ImageNet distribution shifts, text recognition and

retrieval tasks. We compare performance on each task of the DataComp benchmark

between training with only BLIP2 captions and training with only raw captions; both

datasets have been filtered with CLIP score to select the top 30% examples. Even

though the two training sets both yield ∼27% ImageNet accuracy, using generated

captions leads to 2.8% improvement on average, including minor gains on ImageNet

distribution shifts and significant gains on MNIST, SVHN, Flickr and MS-COCO

retrieval. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 94

4.7 Synthetic captions display a clear advantage over raw captions on retrieval

tasks. We highlight the superior performance on Flickr and MS-COCO retrieval

obtained from training CLIP on captions generated by BLIP2 (pretrained model or

model that has been fine-tuned on MS-COCO), compared to training on raw captions.

In particular, the first two columns of each task represent two models trained on

the same set of images (i.e., those whose cosine similarity between image and raw

text embeddings are in the top 30%), just with different captions. This suggests that

substantial gains on retrieval tasks can be obtained solely by using better aligned

captions. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 95
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4.8 With access to generated captions, we find that the best data filtering

method for ImageNet classification varies with the scale of the candidate

pool; however, when it comes to retrieval, training on synthetic captions is

beneficial across all scales. We apply select baselines from Section 4.6 to a range of

candidate pool sizes, and find that the best method on Flickr retrieval always involves

synthetic captions (right plot). On ImageNet (left plot), selecting meaningful images

(e.g., those that lie close to the ImageNet train set in the embedding space) becomes

increasingly important at larger scales (see dotted versus striked columns). As the

data pool size increases, using BLIP2 captions seems to yield diminishing returns,

possibly due to the saturation of text diversity obtained from image captioning models. 96

5.1 ReWire offers increasing performance gains as we scale up model size and

training token budget. Our experiments simulate the setting in which high-quality

texts are limited and the large token budget (set to be Chinchilla-optimal in this

figure) necessitates training on the same filtered dataset multiple times. On average

across 22 tasks from DCLM’s CORE [98], mixing in the same amount of synthetic data

as that of high-quality web data ("HQ Raw + HQ Rewrite") consistently outperforms

training on only the latter ("HQ Raw"). . . . . . . . . . . . . . . . . . . . . . . . . . 101

5.2 The REWIRE pipeline. We start with web documents from Common Crawl that

has undergone some filtering (i.e., RefinedWeb heuristics [132]), and thus are at least of

moderate quality. State-of-the-art data curation approach, e.g. DCLM-Baseline [98],

applies further model-based filtering to retain only top-quality documents for pre-

training. Our pipeline takes moderate-quality documents and prompts an LLM to do

guided rewriting to generate improved versions of these documents. Finally, we select

only high-quality synthetic documents and combine them with the DCLM-Baseline

texts to form the final pretraining dataset. . . . . . . . . . . . . . . . . . . . . . . . 102
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5.3 Quality of original web text and quality of the corresponding rewritten text

show almost no monotonic relationship. We randomly sample 10K documents

and plot the distribution of the fasttext scores of the web-scraped version and the

rewritten version; the dotted lines represent the filtering thresholds used for each

data distribution. We find that there is no significant relationship between the two

quality scores (Spearman rank-order correlation=0.179). This suggests that ReWire

can transform low-quality web texts into high-quality synthetic data. . . . . . . . . 110

5.4 Guided rewriting retains the semantic meaning of the web documents

to a large extent, but in some cases the content can change significantly.

To measure how much the semantics is preserved before and after rewriting, we

compute the cosine similarity between the two corresponding text embeddings for

1000 documents, and visualize the similarity distribution. We find that the average

semantic similarity is high, though still lower than the similarity obtained from

Wikipedia-style rephrasing. This suggests that ReWire involves a combination of

paraphrasing and modifying the content of the initial texts. . . . . . . . . . . . . . . 111

5.5 How word diversity scales for high-quality web data and different synthetic

data variants. We fix the number of documents (left) as well as tokens (right)

randomly sampled from each dataset and compute the number of unique bigrams.

In both cases, raw web texts appear to contain the most diversity, followed by our

guided rewriting texts and Wikipedia rephrasing [172]. . . . . . . . . . . . . . . . . . 112

5.6 Visualization of similarities among different data distributions based on

low-dimensional embeddings. We observe that our high-quality rewritten texts,

Nemotron-CC’s Wikipedia rephrasings from Su et al. [172] and filtered DCLM raw

texts are sufficiently distinct from one another. In contrast, Nemotron-CC’s extracted

knowledge data is somewhat similar to both the high-quality raw and rewritten texts. 113

A.1 Distributions of caption lengths for each data source. . . . . . . . . . . . . . 148

A.2 Distributions of image sizes for each data source. . . . . . . . . . . . . . . . 148

A.3 Distributions of image aspect ratios for each data source. . . . . . . . . . . 149

24



A.4 Random training samples from YFCC. . . . . . . . . . . . . . . . . . . . . . . 150

A.5 Random training samples from LAION. . . . . . . . . . . . . . . . . . . . . . 151
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A.8 Random training samples from WIT. . . . . . . . . . . . . . . . . . . . . . . . 154

A.9 Random training samples from ShutterStock. . . . . . . . . . . . . . . . . . . 155

A.10 Distribution shifts at test time. We visualize samples of the class “broom” from

the reference distribution ImageNet [40], and the four distribution shifts derived

from ImageNet: ImageNet-V2 [147], ImageNet-R [75], ImageNet-Sketch [186] and

ObjectNet [14]. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 156

A.11 Data efficiency of the six pretraining data sources on different test sets.

For each source, we randomly sample various subsets of data with sizes ranging from

1M to a maximum of 15M samples, and measure the zero-shot classification error of

a CLIP model trained on the subset, on ImageNet and the four shifted test sets (i.e.,

ImageNet-V2, ImageNet-R, ImageNet-Sketch, ObjectNet). Plotted error values are

log-transformed and averaged over 3 random seeds. We find that the data efficiency

(i.e., how fast the error would decrease with more samples) of the six data sources

varies significantly based on the evaluation setting. . . . . . . . . . . . . . . . . . . 157

A.12 Full plot for Figure 2.3 with all distribution shifts. Combining YFCC and

LAION training data in equal ratios results in a CLIP model with intermediate

robustness. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 158

A.13 Full plot for Figure 2.4 with all distribution shifts. Varying the sample

contributions of YFCC and LAION to the input data mixture produces a smooth

interpolation of the linear trend between the trends of training on YFCC and LAION

separately. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 159
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A.14 Input mixing results for YFCC and RedCaps data sources. Similar to

previous observations (Figure 2.4), combining YFCC and RedCaps data in the

pretraining dataset with different ratios yields different linear trends that all lie

between that of training on YFCC and that of training on RedCaps alone. . . . . . 160

A.15 Input mixing results for all six data sources. We combine data from all six

sources in the testbed with equal ratios (i.e., taking 2.7M samples from each), and find

that the resulting robustness of CLIP trained on this data mixture (black line), is less

than that of training only on the best-performing data source for each distribution

shift setting. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 161

A.16 Mixing inputs from CIFAR-10 and CINIC-10 distributions also produces

models with intermediate robustness. Similar to our findings from the mul-

timodal setting with CLIP pretraining, we also observe that for standard image

classification tasks like CIFAR-10 and CINIC-10, combining data samples from these

two distributions with varying ratios ends up diluting the robustness of the original

sources. The training set size is fixed at 50K samples for all linear trends displayed

in this plot. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 162

A.17 Full plot for Figure 2.5 with all distribution shifts. Ensemble outputs of two

CLIP models trained on YFCC and LAION separately share the same linear trend as

a single model trained on the combined data mixture (with equal sample contribution

from each source). . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 163

A.18 Full plot for Figure 2.6 with all distribution shifts. Given an existing pre-

training dataset that could be a mixture (e.g., YFCC-5M + LAION-5M, green line)

and a new data source (e.g., CC-5M, orange line), we could use the ensemble outputs

(blue markers) of two CLIP models that have been trained separately on these two

data distributions, to estimate the linear trend for models that would be trained on

all the data (purple line). . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 164
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A.19 Output mixing results for two CLIP models trained on YFCC-3M + CC-

3M mixture and ShutterStock-3M respectively. We repeat the experiment

in Figure A.18 for a different set of data sources (YFCC, ShutterStock, Conceptual

Captions), taking 3M samples from each. The same output mixing phenomenon

applies: the ensemble outputs of CLIPs trained on different data sources and dataset

sizes (purple and orange lines), taken from the same epoch, lie on the linear trend

of training a single model on the combined dataset made up of these three sources

(cyan line). The two models’ logit predictions are ensembled with equal weights (blue

markers). . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 165

A.20 Output mixing results for two CLIP models trained on YFCC-3M + CC-

3M mixture and RedCaps-3M respectively. Ensemble outputs of CLIPs trained

on different data sources and dataset sizes (red and orange lines), taken from the

same stage of training (i.e., epoch), lie on the linear trend of training a single model

on the combined dataset made up of these three sources (cyan line), when the two

models’ logit predictions are ensembled with equal weights (blue markers). . . . . . 166

A.21 Ensemble outputs of CLIPs trained separately on each of the data sources

of interest share the same linear trend as a single CLIP model trained

on the 6-source data mixture. Following the input mixing setup in Figure A.15,

when we ensemble the logit predictions of six CLIP models, each trained on 2.7M

samples randomly selected from a single data source, with equal weights, we find

that the ensemble outputs are also predictive of the linear trend of training CLIP

models on a single data mixture made up of 2.7M samples from each source. . . . . 167
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A.22 Ensembling outputs of two models trained separately on CIFAR10 and

CINIC10 lie on the same linear trend as training from scratch on the

combined data mixture (where each source contributed equally). We

combine the logit predictions of CINIC10-trained and CIFAR10-trained models that

have the same architecture (e.g., ResNet-18, ResNet-34 and ResNet-50 in this case)

with varying ensemble weights between 0 and 1 (dashed lines). Similar to our findings

from the multimodal setting with CLIP, we also observe that when the predictions

are combined with equal weights (markers on the dashed lines), the resulting test

accuracies on the two corresponding test sets lie on the linear trend produced by

training ResNets on a CIFAR10 + CINIC10 data mixture with equal number of

samples from each source. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 168

B.1 Top 20 languages that are most common in top 20% raw captions (left) and top 20%

translated multilingual captions (right), both are filtered with the public DFN model. 177

B.2 Languages that see the biggest change (in absolute percentage) in their representation

in the final training set when we filter with translated multilingual captions versus

with raw web-scraped captions. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 178
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B.3 With the same degree of filtering, training with (image, translated caption)

pairs improves performance on 23 out of 38 tasks compared to training with

(image, raw caption) pairs, including ImageNet, the majority of ImageNet

distribution shifts and retrieval tasks, and tasks with geographically diverse

inputs. We compare performance on each task of the DataComp benchmark between

training with raw captions and training with translated captions, when both are

trained for 1.28B steps. Both datasets have also been filtered with cosine similarity

scores output by the public DFN [52] to select the top 30% examples. We find

that when we increase training duration to be 10× longer than DataComp’s setting,

using translated multilingual captions and using raw captions yield similar average

performance across 38 tasks. However, the former still outperforms the latter on

most of the ImageNet distribution shifts (red), retrieval (blue) and fairness-related

tasks (dark yellow). . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 183

B.4 On Dollar Street, using translated multilingual captions leads to perfor-

mance improvement across all income groups. Dollar Street [151] is another

fairness-related task that involves classifying images of everyday items collected from

households around the world with different socioeconomic backgrounds. We break

down the performance on this dataset by income groups and find that training on

top-quality translated captions improves the classification accuracy across all groups,

compared to training on top-quality raw captions. . . . . . . . . . . . . . . . . . . . 184

B.5 40 ImageNet classes that observe the largest changes in classification

performance when we train on top translated multilingual captions com-

pared to top raw captions. We show 40 categories from ImageNet that see the

biggest change in accuracy when more (translated) multilingual data is included in

the training set. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 184
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C.1 Retrieval performance on Flickr (left) and MS-COCO (right) versus ImageNet accu-

racy for select baselines. Similar to the findings in Figure 4.2, we find that using only

BLIP2 captions or mixing them with raw captions in the training data significantly

boosts retrieval performance. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 194

C.2 We find that expanding a training set of filtered raw data by using BLIP2

captions for some of the discarded images improves performance on 30

out of 38 evaluation tasks, in addition to boosting average accuracy by 4%.

We compare performance on each task between training on the top 30% of examples

with raw captions (based on CLIP score) and training on the same set of examples

but with the addition of BLIP2 captions for the remaining 70% images, filtered by

the same CLIP score threshold. In Table C.2, we have shown that adding BLIP2

captions improves ImageNet accuracy by 4.4% and average accuracy by 4%. With

this breakdown, we find that the performance improvement applies to most of the

tasks in the evaluation set, especially retrieval. . . . . . . . . . . . . . . . . . . . . . 197

C.3 We break down per-class performance on ImageNet, between a CLIP model trained on

only raw captions and one trained on only synthetic captions with similar overall ImageNet

accuracy. We find no systematic trends in the performance of either model when it comes to

classifying ‘living’ or ‘non-living’ things. . . . . . . . . . . . . . . . . . . . . . . . . . . . 197

C.4 Our simple analyses of text properties suggest that the text diversity

provided by synthetic captions may not scale as well as that of raw

captions scraped from the Internet. We measure the number of unique nouns

and unique trigrams in random subsets of BLIP2 and raw captions of various sizes.

We observe that on both metrics, the scaling trend for generated captions is worse

than that of raw captions. This increasing gap in data diversity may impact the

performance benefits we can expect to obtain from using synthetic captions, when

dealing with a larger scale of training data. . . . . . . . . . . . . . . . . . . . . . . . 198
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C.5 BLIP2 significantly closes the performance gap between BLIP captions

and raw captions on LAION-COCO; when controlled for noise level, the

performance difference between using BLIP2 and using raw captions is

actually negligible. We use BLIP2 [99] to generate captions for 100M random

samples from the LAION-COCO dataset [161], which already come with corresponding

BLIP [100] captions. We find that advances in the BLIP model family help generated

captions close the gap with raw captions, as measured by the zero-shot performance

of CLIP trained on the captions. After applying a cosine similarity threshold of 0.28

to the BLIP2 training pool, just like how LAION data was originally curated, we find

that using either raw captions or synthetic captions for the resulting set of training

examples makes little difference (hatched columns). . . . . . . . . . . . . . . . . . . 199

D.1 Performance of different baselines at 3B-1x scale on the DCLM benchmark.

We provide a breakdown of per-task performance for three baselines at the 3B model

parameter scale (Table 5.1): (i) Raw text (top 10%) (HQ Raw), (ii) Raw text (top

10%) + Rewritten text (top 10%) (HQ Raw + HQ Rewrite), and (iii) Raw text

(top 10%) but starting from a pool with 2× more tokens (HQ Raw, 2x data). The

dotted areas represent random-chance accuracy levels. . . . . . . . . . . . . . . . . . 213

D.2 Performance of different baselines at 7B-1x scale on the DCLM benchmark.

We provide a breakdown of per-task performance for three baselines at the 7B model

parameter scale (Table 5.1): (i) Raw text (top 10%) (HQ Raw), (ii) Raw text (top

10%) + Rewritten text (top 10%) (HQ Raw + HQ Rewrite), and (iii) Raw text

(top 10%) but starting from a pool with 2× more tokens (HQ Raw, 2x data). The

dotted areas represent random-chance accuracy levels. . . . . . . . . . . . . . . . . . 214
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3.1 On the DataComp benchmark, training on translated captions outperforms

training on raw captions across a range of metrics; using both types of

captions yields even more performance gains. We report the performance

of select baselines on the DataComp benchmark [57]; all baselines are trained for

the same number of steps as specified. Here the filtering threshold (and thus the

resulting dataset size) has been tuned for each baseline and we only show the filtered

subset that yields the highest average accuracy. We find that with the same filtering

method (i.e., using DFN score), training on translated captions ("Filtered translated

captions") is more effective than training on raw captions ("Filtered raw captions") as
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3.2 There exists a substantial gap between the distribution of English captions

and that of non-English captions, even when we apply translation to both,

suggesting that they capture different contents. We use MAUVE score [137] to

measure the difference between English captions and (translated) non-English captions

in the training set. We find that (i) translation indeed introduces some artifacts

and changes what "English" texts may look like, (ii) the English text distribution is

remarkably different from the non-English one, even after they are converted to the

same medium with translation. All scores are averaged over 3 randomly sampled sets
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4.1 CIDEr score does not reliably predict how effective a captioning model is

at generating synthetic captions for multimodal pretraining; fine-tuning

image captioning models leads to lower ImageNet accuracy when training

CLIP on the generated captions. * indicates numbers obtained from previous

work and from contacting the authors. We fix the architecture and compare captions

generated from captioning models with and without fine-tuning on MS-COCO [30]

as sources of text supervision for CLIP. Models that are fine-tuned specifically for

the task of image captioning ends up producing synthetic captions that are worse for

pretraining CLIP to do well on complex tasks like ImageNet. We hypothesize that

this is due to reduced text diversity. On the contrary, retrieval performance is higher

when using captions generated by fine-tuned models. . . . . . . . . . . . . . . . . . 88

4.2 Training on generated captions substantially boosts retrieval capabilities

of the resulting CLIP models. Here we report the average text-to-image and

image-to-text retrieval performance across both MS-COCO and Flickr for different

data filtering baselines. More specific breakdown can be found in Appendix Figure

C.1. Overall, we observe a 2× improvement at the medium scale of DataComp when

synthetic captions are included in the training set. . . . . . . . . . . . . . . . . . . . 90
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5.1 Main results on the DCLM benchmark. We report the performance of training

with different datasets on MMLU and on average across 22 tasks of CORE [98].

Accuracies that are near random-chance performance are in gray. Across all three

model and training budget scales, we observe that training only on high-quality

synthetic data underperforms training on high-quality raw texts. However, combining

these two subsets consistently boosts MMLU and overall performance, matching the

accuracies of training on 2× more high-quality raw data (shaded rows). ReWire

is also more effective than other synthetic data variants [172] at improving average

performance. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 108

A.1 Origin and total number of samples for each of the datasets we used in our experiments.147

B.1 Top 5 and bottom 5 languages where web-scraped captions observe the highest and
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Chapter 1

Introduction

In recent years, foundation models have demonstrated remarkable improvements across a broad

range of capabilities. What was once considered a milestone now routinely serves as a baseline, as

each successive generation of models pushes the frontier of what machines can learn and do. Much

of this progress has been driven by a simple but powerful recipe: training on vast quantities of data

scraped from the internet, and scaling both the data and the models trained on it.

Web-crawled data—collected from billions of web pages, forums, books, and other online sources—

offers an unprecedented breadth of human knowledge across various modalities (e.g., text documents

and image-caption pairs), making it a key ingredient for training general-purpose models. However,

this scale of data also introduces several challenges. The raw data obtained from the internet often

consists of trillions of tokens, encompassing data of highly varying quality, not all of which is equally

useful or safe for model training. This makes data curation—the principled selection, filtering, and

composition of training data—a critical step in the model development pipeline.

Despite its importance, data curation as a scientific discipline is still in its early stages. Most frontier

models do not publicly disclose their training data or the curation pipelines. This opacity makes it

difficult for the broader research community to identify what constitutes effective data curation or

reproduce state-of-the-art results. Consequently, this thesis contributes to advancing the science of

data curation for pretraining, by addressing gaps in both methodology and understanding.
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Chapter 2 primarily discusses the findings from Nguyen et al. [124]. This work is set in the early era

of using web data for pretraining, when models such as GPT-2 [142] and CLIP [141] demonstrated

that training on massive web-crawled corpora could yield remarkable generalization capabilities. At

the time, the field was primarily focused on scaling data quantity, with relatively little attention

paid to its composition. Using a comprehensive testbed of six web-scraped corpora, we were among

the first to systematically study how different pretraining datasets affect model robustness under

distribution shifts, and how interactions between data sources shape generalization. We find that

naively mixing data sources of varying quality dilutes the robustness of the best individual source,

demonstrating that simply aggregating large amounts of web data is not sufficient for building

effective pretraining datasets. These findings establish data quality as a foundational consideration

in dataset design, motivating the subsequent works in this thesis.

The next chapter is motivated by the rapid proliferation of multimodal data filtering methods,

following increasing recognition of the importance of data quality. While these methods helped build

datasets that achieve better downstream performance, they were mostly designed with English-

centric benchmarks in mind. Consequently, popular curation pipelines became increasingly biased

toward selecting English data and discarding potentially valuable non-English data. Chapter 3 covers

work from Nguyen et al. [127], which challenges this practice. By translating and reincorporating

non-English image-text pairs into the final training set, we showed that training on more data

of non-English origins consistently outperforms training on English-only or English-dominated

datasets. This performance gain holds not only on geographically diverse tasks, but also on standard

English vision benchmarks such as ImageNet and its distribution shifts. Furthermore, we provided

quantitative evidence that it is easy to separate English and non-English samples in image and text

embedding spaces (even after translating both distributions to English). These findings advocate

for a more inclusive curation paradigm, one that treats linguistic and cultural diversity as a key

axis of pretraining data quality, rather than a byproduct of the curation pipeline.

Chapter 4 is motivated by a fundamental limitation of data filtering: while effective at removing

noise, filtering often comes at the expense of data diversity. A significant portion of web-scraped

image-text pairs suffer from nondescript or weakly aligned captions, which tend to be discarded by
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state-of-the-art data filters. Consequently, such filters also remove a large amount of potentially

useful diversity in the process. This chapter covers work from Nguyen et al. [123], where we explored

synthetic captioning as a novel curation tool beyond filtering—one that actively generates higher-

quality alternatives from existing imperfect ones. We made a key observation that base models

generate more diverse captions than their fine-tuned counterparts (even those fine-tuned specifically

for captioning capabilities), and that this diversity translates directly into better pretraining data.

We further showed that filtered synthetic captions are most effective when used to complement

rather than replace web captions, with the best mixing strategies outperforming the strongest

filtering baselines by a significant margin on ImageNet and on average across 38 tasks. However,

at large scale, the diversity of synthetic captions becomes a limiting factor; mixing in synthetic

data starts to yield diminishing returns or lag behind using just filtered raw data. Together, these

findings offer a nuanced view of synthetic data as a powerful but scale-dependent tool for multimodal

dataset curation.

Chapter 5 carries this “transforming not discarding” principle forward into the LLM setting, where

it takes on added urgency. This chapter discusses findings from Nguyen et al. [126]. A growing

challenge in language model pretraining is that the supply of high-quality human-generated texts

on the internet is not keeping pace with the demands of model scaling. This problem is further

compounded by aggressive filtering pipelines that discard up to 99% of raw web crawls in pursuit

of state-of-the-art performance. To address this token scarcity issue, we proposed rewriting all

moderate-quality web documents into higher-quality alternatives that can be used for training.

Experiments across 1B, 3B, and 7B parameter scales demonstrated that mixing existing high-quality

web texts with our rewritten texts consistently outperforms training on just the former, and is

more effective than having access to a bigger pool with double the amount of high-quality web data.

Further analysis confirmed that the majority of the high-quality rewritten texts (subject to the

same strict filtering process) originate from documents that would otherwise be discarded entirely.

This suggests that a significant source of untapped training signals lies in the filtered-out portions

of the web. Together, these results position data recycling as a promising and sustainable path

forward for scaling pretraining beyond the limits of naturally occurring web data.

41



Beyond the works covered by this thesis, during my PhD, I also had the opportunity to contribute to

benchmarking efforts that helped standardize the evaluation of data curation methods, providing the

research community with a controlled setting for dataset design experimentation and comparison of

popular filtering approaches [56, 98]. Furthermore, while the core contributions of this thesis focus

on the pretraining regime, I have also studied data curation techniques for different post-training

objectives, including robust fine-tuning [144], instruction tuning [125] and improving reasoning

capabilities [103].

I conclude with a brief discussion of future work in Chapter 6. Overall, underlying my PhD research

is a commitment to a more rigorous and inclusive approach to data curation science. Existing

approaches tend to be exclusionary by design, discarding large portions of potentially valuable data

without due consideration. My work challenges this tendency, treating diversity as a first-order

principle of data curation, one that only grows more critical as models and datasets continue to

scale. I explore how discarded data can be recovered, transformed, and given a second life in the

pretraining set—because in large-scale data curation, what we choose to discard is just as important

as what we choose to keep.
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Chapter 2

The Quantity Fallacy: Quality as a

First Principle in Data Curation

2.1 Overview

Web-crawled datasets have enabled remarkable generalization capabilities in recent image-text models

such as CLIP (Contrastive Language-Image pretraining) or Flamingo, but little is known about

the dataset creation processes. In this work, we introduce a testbed of six publicly available data

sources—YFCC, LAION, Conceptual Captions, WIT, RedCaps, Shutterstock—to investigate how

pretraining distributions induce robustness in CLIP. We find that the performance of the pretraining

data varies substantially across distribution shifts, with no single data source dominating. Moreover,

we systematically study the interactions between these data sources and find that combining

multiple sources does not necessarily yield better models, but rather dilutes the robustness of the

best individual data source. We complement our empirical findings with theoretical insights from a

simple setting, where combining the training data also results in diluted robustness. In addition, our

theoretical model provides a candidate explanation for the success of the CLIP-based data filtering

technique recently employed in the LAION dataset. Overall our results demonstrate that simply

gathering a large amount of data from the web is not the most effective way to build a pretraining
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dataset for robust generalization, necessitating further study into dataset design. Code is available

at https://github.com/mlfoundations/clip_quality_not_quantity.

2.2 Introduction

Large models pretrained on web-scale datasets have become a cornerstone of machine learning. For

instance, the past two years have witnessed the arrival of several new models such as GPT-3 [23],

Chinchilla [80], and PaLM [33] for natural language processing, or CLIP [141], BASIC [136], and

Flamingo [7] for computer vision. These models exhibit unprecedented generalization capabilities

in zero-shot inference, in-context learning, and robustness to distribution shift. A key ingredient

enabling their generalization performance are the large and diverse pretraining corpora that exceed

previous datasets by multiple orders of magnitude. For instance, the training set of BASIC [136]

contains 6.6 billion images, which is more than 1,000 times larger than the widely used ImageNet

[40] training set from the 2012 competition containing 1.2 million images.

Despite the central role datasets play for pretrained models, little is known about them, especially

for image-text models. The aforementioned CLIP [141], BASIC [136], and Flamingo [7] all rely on

datasets internal to the respective organizations, which is also the case for other models such as

DALL-E [146], Florence [205], and ALIGN [85]. In addition, research publications often provide

little details on the data collection processes, e.g., the data sources or data filtering mechanisms.

Beyond clear issues such as reproducibility and the potential presence of harmful content, the

opaque dataset creation practices also make it hard to identify effective methods for assembling

pretraining datasets. As a result, researchers cannot build on each other’s dataset innovations,

which obstructs the incremental research process that has successfully accumulated algorithm and

architecture improvements in machine learning models. A more principled understanding of dataset

creation will likely enable further progress in the generalization capabilities of pretrained models.

A basic approach to dataset creation would be to simply train on all available data of a given

type. While scaling up training sets has indeed been integral to the recent progress in large models,

advances in weak and self-supervision [29, 72, 71, 23, 43] have led to an abundance of potential
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training data. For instance, the large LAION-5B dataset [160] of 5 billion image-text pairs is itself

a subset of about 50 billion images from Common Crawl. This abundance is already exceeding

the amount of data models can currently be trained on within a reasonable time,1 making the

aforementioned baseline of using all available data infeasible. Consequently, deciding what data to

train on is becoming increasingly important.

In this paper, we take a step towards a better understanding of pretraining data and investigate

the impact of dataset design on the generalization capabilities of image-text models. Specifically,

we focus on CLIP, the first large model of this kind that demonstrated remarkable robustness to

multiple challenging distribution shifts. The main questions we ask are: (i) How much do different

web data sources vary in their induced robustness? (ii) Do dataset combinations lead to better

robustness? (iii) Can filtering with an existing image-text model improve data quality? We address

these questions from both an experimental and theoretical perspective.

We begin by assembling a corpus of six different datasets from the web, spanning a variety of

sources including Flickr, Shutterstock, Wikipedia, Common Crawl, and Reddit. We then measure

the robustness of CLIP models trained on each dataset. In particular, we compare the zero-shot

accuracy of these models on ImageNet and a set of canonical ImageNet distribution shifts. We find

that the robustness induced by each pretraining dataset varies widely, and that sources with careful

curation such as Wikipedia do not necessarily outperform those with minimal filtering.

In addition, the datasets cannot be compared along a single dimension: different datasets help

with robustness to different distribution shifts. This in turn motivates studying how combining

datasets affects robustness. We find that a model trained on two datasets does not inherit the

robustness properties of both. Rather, while the model is exposed to both distributions, its robustness

interpolates between that of the individual datasets. This indicates that dataset designers must

carefully combine the pretraining data in order to preserve and enhance the robustness of the

resulting models.

1Recall that the training set for Google’s largest image-text model ALIGN contains “only” 6.6 billion images,
making it about eight times smaller than the source dataset for LAION-5B.
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Building on our empirical results, we introduce a theoretical model to better understand our

experimental findings. Our model is simple enough to allow for mathematical analysis and can still

capture some phenomena of real-world, web-crawled datasets. Specifically, our theoretical model

also shows that combining multiple datasets dilutes the robustness of the better data distribution.

Moreover, our model provides a candidate explanation for another interesting phenomenon in the

curation of pretraining data: the LAION-400M experiment [162] and follow-up CLIP reproductions

[160] demonstrated that filtering a noisy source (Common Crawl) with a CLIP model results in a

dataset on which newly trained CLIP models exhibit higher robustness to some distribution shifts.

In the following sections, we first briefly review related work and the relevant background on

robustness to distribution shift (Section 2.3), before discussing our experimental setup in Section

4.4. Sections 2.5 and 2.6 then measure the robustness of CLIP induced by individual data sources

and their combinations. To support these empirical results, Section 2.7 presents our theoretical

analysis. We conclude with future research directions in Section 2.8.

2.3 Background & Related Work

Vision-language models. Large vision-language models like CLIP and ALIGN have become an

active area of research owing to their success on various computer vision tasks [141, 85]. Existing

work expands their capabilities by either increasing model and dataset size [136], or by using

additional supervision as in DeCLIP [104], SLIP [120], and FILIP [199]. In contrast, we study the

effect of pretraining data composition on task performance with a focus on robustness.

In a recent work, Fang et al. [51] showed that CLIP’s robustness primarily stems from its diverse

pretraining distribution and not training set size, language supervision, or contrastive loss functions.

However, Fang et al. [51] only conducted experiments with two datasets (YFCC-15M and ImageNet-

Captions), one of which contains less than one million images. We take the insights of Fang et al.

[51] as our starting point and expand the range of pretraining datasets to six different sources, each

containing at least five million images. This enables us to study the robustness induced by various

pretraining sources, and how dataset combinations affect robustness.
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Distribution shift. Robustness to distribution shift is a long-standing issue in machine learning

[179, 139] and has recently received renewed attention as researchers scrutinize the generalization

performance of neural networks in greater detail [173, 19, 18, 11, 156, 69, 37, 94]. Similar to CLIP

[141], we focus on robustness to natural distribution shifts, where the corresponding test sets

contain only unmodified images and are not intentionally perturbed by adversarial examples or

synthetic corruptions (such as Gaussian noise or blur patterns) [77]. Specifically, we test robustness

on ImageNetV2 [147], ImageNet-R [75], ImageNet-Sketch [186], and ObjectNet [14] because prior

work has established many baselines for these distribution shifts [175]. Moreover, models robust to

these shifts also show improved robustness on other out-of-distribution benchmarks such as WILDS

[92, 194].
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Figure 2.1: Models pretrained on
LAION exhibit effective robustness [175]
compared to models trained on Ima-
geNet. Effective robustness is defined
as movement towards a classifier that
is robust to distribution shift. A classi-
fier is more robust the closer it is to the
y = x line; any classifier on this line is
not affected by the distribution shift.

The robustness literature usually discusses distribution

shift in terms of “in-distribution” and “out-of-distribution”

data. This terminology is natural when data from the

same distribution as the “in-distribution” test set is used

for training or fine-tuning. However, it is unclear what

counts as “in-distribution” when models are trained on

large-scale, generic pretraining datasets that aim to im-

prove performance on a wide variety of tasks. To address

this issue, we follow the more flexible definition of distribu-

tion shift employed in prior work [175, 118] and measure

robustness as accuracy difference between two related but

distinct test distributions (e.g., ImageNet and ImageNet-

Sketch). The expectation is that the shift between the two test distributions should not affect an

ideal robust model, for instance because the shift does not affect the accuracy of humans label-

ers [165]. Taori et al. [175] defined this notion of robustness as effective robustness. Radford et al.

[141] adopted the effective robustness framework in the evaluations of their CLIP model. Effective

robustness is illustrated in Figure 2.1 and measures movement towards a perfectly robust classifier

which is not affected by the shift between two test distributions.
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Prior work [118] has evaluated several hundred models and demonstrated experimentally that

changes to model architecture, training set size, training algorithm, and other model-related factors

do not change effective robustness in most cases. In contrast, changes to the pretraining distribution

can improve the effective robustness of a model. This makes effective robustness a useful metric

for evaluating the influence of pretraining data sources on robust generalization, since it removes

confounders stemming from model hyperparameters and the number of training samples. The effect

of the pretraining distribution on effective robustness is particularly pronounced when models are

evaluated in a zero-shot setting: while training on a target distribution can improve accuracy on

that distribution [194, 60, 208, 212, 193], this process can deteriorate robustness to distribution

shift [141, 194, 10, 136].

The existence of a universal linear trend for accuracies on a pair of test sets has been analytically

studied in [118]. For a simple binary classification model similar to our Assumption 1 (see Section

2.7), convergence to a linear trend is shown with the deviation from the line scaling as O(1/
√

d).

However, the analysis in [118] is restricted to a specific stochastic distribution shift for the out-of-

distribution test data and a fixed classifier independent of the training data. Hence the dependence

of the slope on the training set size, variations in the training methods, and properties of the training

distribution cannot be described in their model. We provide significantly more fine-grained analyses

(Theorem 1) that captures all such tradeoffs, which allows us to draw novel insights into how data

mixing (Theorem 2) and filtering (Theorem 3) affect model robustness.

2.4 Experiment Setup

Model. We focus on the CLIP model [141] which has demonstrated unprecedented zero-shot

performance on a wide range of downstream tasks, as well as robustness to various distribution

shifts [118]. Given an image-text pair, CLIP is trained to maximize the cosine similarity between

the embedding of the text and that of the image, relative to the similarity of unconnected image-text

pairs. We use the CLIP implementation from the OpenCLIP GitHub repository [83], with ResNet-50

[73] as the image encoder architecture. We vary the pretraining set size and hyperparameters such
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as number of epochs to obtain different accuracies on each data distribution. Due to compute

constraints, the total training set size is at most 15M samples for most of our experiments. Appendix

D.1 contains further training details.

Data. To study the effects of training distributions on robust generalization, we collect several

datasets from publicly available sources. Most of these have been studied in the context of various

vision and language tasks in previous work:

• YFCC: We experiment with the 15M subset of the YFCC100M dataset [178] that the original

CLIP paper [141] used for dataset ablation studies. The images and captions are collected from

Flickr.

• LAION [162]: The images and corresponding alt-texts come from web pages collected by Common

Crawl [1] between 2014 and 2021. We randomly select a subset of 15M samples to experiment

with, and ensure that the accompanying NSFW tags of all chosen images are ‘UNLIKELY’.

• Conceptual Captions [27]: We use CC-12M for our experiments, which consists of images and

HTML alt-text from an unspecified set of web pages.

• RedCaps [42]: This dataset contains 12M examples, obtained from 350 manually curated subreddits

between 2008 and 2020. The subreddits are selected to contain a large number of image posts

that are mostly photographs and not images of people.

• Shutterstock: 15M images and captions were crawled from the Shutterstock website in 2021.

• WIT [171]: Image-text pairs come from Wikipedia pages. We use reference description as the

source of text data and obtain 5M examples in total by selecting for only English language

examples.

Appendix A.1.1 contains an analysis of image and text statistics, as well as randomly selected data

samples from each source.

Evaluation. Similar to Taori et al. [175] and Radford et al. [141], we choose ImageNet as the

reference distribution and evaluate CLIP on four natural distribution shifts derived from ImageNet:
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• ImageNet-V2 [147]: A reproduction of the ImageNet validation set closely following the original

dataset creation process.

• ImageNet-R [75]: Renditions (e.g., sculptures, paintings, etc.) for 200 ImageNet classes.

• ImageNet-Sketch [186]: Sketches of ImageNet class objects.

• ObjectNet [14]: A test set of objects in novel backgrounds, rotations, and viewpoints with 113

classes overlapping with ImageNet

Visualizations of random samples from each distribution shift can be found in Appendix A.1.2.

2.5 Individual Pretraining Data Sources
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Figure 2.2: Performance of the six pretraining data sources under various distribution
shifts. We find that the behavior—both in terms of accuracy and the slope of the linear trend—of
the pretraining data varies substantially across distribution shifts, with no single data source
dominating. Most shifts help highlight the strengths and weaknesses of different data sources, except
for ImageNet-V2, where the linear trends produced by individual sources are highly correlated with
one another.

We first investigate how well a CLIP model trained on each data source would perform under different

distribution shifts of interest. As seen from Figure 2.2, while all sources yield the same linear trend
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on ImageNet-V2, some display clear advantages when evaluated on other test distributions. For

example, Shutterstock offers the best out-of-distribution performance on ImageNet-Sketch, while

RedCaps displays the most effective robustness on ObjectNet. On ImageNet-R, LAION, CC12M

and Shutterstock seem to do much better than the rest. Overall no pretraining data distribution is

consistently the most robust across all evaluation settings.

We also measure the data efficiency of each source, i.e., how much the performance would change

with more samples from the same source, see Appendix A.3. Similar to the previous observation, the

six pretraining sources display vastly different data efficiency depending on the distribution shifts of

interest. Although LAION and CC-12M exhibit similar effective robustness in all evaluation settings

in Figure 2.2, this analysis reveals subtle differences between these two training distributions in the

low-data regimes.

2.6 Combining Data Sources

In the previous section, we demonstrate the variability in behavior of different data sources based

on the distribution shift at test time. A natural question then arises from this observation: does

combining multiple sources help improve robustness across some, if not all, test distributions

of interest? We investigate two common approaches of aggregating information from different

training sets—input mixing and output ensembling. In the subsequent discussion, we focus on

distribution shifts that bring out significant differences in behavior across the pretraining data

sources (e.g., ImageNet-R and ImageNet-Sketch); the full results on all distribution shifts can be

found in Appendices A.4 and A.5.

2.6.1 Input Mixing

In input mixing, we randomly select and combine samples from multiple data sources to build the

pretraining dataset. Our findings indicate that this exposure to more training distributions doesn’t

help CLIP take advantage of the complimentary strengths of each source. Rather, the effective
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Figure 2.3: Combining YFCC and LAION training data in equal ratios produces
models with intermediate robustness. Given a fixed data budget of 15M samples, the linear
trend produced by training CLIP on a YFCC-LAION data mixture, with 7.5M datapoints from
each source (cyan line), lies between that of training CLIP on YFCC (blue line) and LAION (green
line) entirely. Even when we increase the total training set size (30M) and use all data available
from both sources (orange line), the same pattern persists.

robustness of the resulting model is less than that of training on the best individual source for each

distribution shift.

We start with combining data from two largest data sources in the testbed—YFCC and LAION.

To remove dataset size as a confounder, we fix the total amount of training data at 15M samples,

and sample 7.5M image-text pairs from each source. This data mixture yields a linear trend that

lies in between the trends obtained from training on 15M YFCC and 15M LAION datapoints

separately (Figure 2.3). Even when we remove the constraint on the training set size and use all

the data available from these two sources (i.e., 30M samples), the same observation on robustness

holds, and the resulting linear trend is highly correlated with that of training on the YFCC-7.5M +

LAION-7.5M mixture.

The previous set of experiments combines YFCC and LAION data with a 50:50 ratio. In Figure

2.4, we find that when this ratio is varied within a fixed budget of 15M datapoints, the robustness

linear trends of the corresponding mixtures form a smooth interpolation between the linear trends

of training on 15M YFCC and 15M LAION samples separately. Experiments with different

combinations of sources, as well as mixtures of a larger number of sources, can be found in Appendix

A.4. There we also include results for combining data from CIFAR-10 and CINIC-10 distributions
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Figure 2.4: Varying the sample contributions of YFCC and LAION to the input
mixture yields a smooth interpolation of the linear trend between those of training on
YFCC and LAION separately. Keeping the total number of training samples fixed at 15M, as
we vary the contribution of YFCC to the final dataset from 15M (i.e., only training on YFCC) to 0M
(i.e., only training on LAION), the resulting linear trend gradually shifts from that of YFCC-15M
(blue line) to that of LAION-15M (green line).

to train ResNets on image classification tasks, where we observe the same interpolation pattern. We

provide a theoretical justification for this phenomenon in Section 2.7.2.

2.6.2 Output Mixing

Another common approach to take advantage of different training sets is to combine them at model

output level (i.e., ensemble) [45, 96, 66, 53, 16, 22, 54, 129]. Here, we train a CLIP model on each

pretraining distribution of interest and combine the logit predictions of all the resulting models

with equal weights. In experiments with mixing YFCC and LAION (Figure 2.5), the ensembles of 2

single-source-trained CLIP models taken from the same epoch of training, lie on the linear trend of

a single CLIP model trained on the combined data. This holds across different distribution shifts

that we consider. The same observation also applies when we ensemble 6 CLIP models trained

separately on the 6 data sources collected, with the contribution of each model being weighted

equally. Refer to Appendix A.5 for more details.

We next show that this phenomenon extends to more complex mixtures. The fact that output

mixing (i.e., ensembling the predictions of CLIPs trained on individual sources) is predictive of the

linear trend produced by input mixing (i.e., training on all the data from these sources) presents an

53



18 28 38 48 58
ImageNet (class-subsampled) (top-1, %)
3

13

23

33

43
Im

ag
eN

et
-R

 (t
op

-1
, %

)

8 18 28 38
ImageNet (top-1, %)

1

11

21

31

Im
ag

eN
et

 S
ke

tc
h 

(to
p-

1,
 %

) y = x
Linear fit (YFCC7.5m)
Linear fit (LAION7.5m)
Linear fit (YFCC7.5m+LAION7.5m)
YFCC7.5m+LAION7.5m ensemble
YFCC7.5m
LAION7.5m
YFCC7.5m + LAION7.5m
YFCC7.5m+LAION7.5m ensemble (epoch 16)
YFCC7.5m+LAION7.5m ensemble (epoch 8)
YFCC7.5m+LAION7.5m ensemble (epoch 1)

Figure 2.5: Ensemble outputs of CLIP models trained on YFCC and LAION separately
share the same linear trend as a single model trained on the combined data mixture
(where each source contributed equally). We ensemble the logit predictions of YFCC-trained
(blue line) and LAION-trained (green line) models taken from the same epoch, with varying ensemble
weights between 0 and 1 (red dashed line). When the outputs are combined with equal weights (red
markers), the resulting test accuracies closely track the linear trend produced by pretraining CLIP
on a data mixture with equal number of samples from each source (purple line).

opportunity to estimate model robustness given new data sources, without having to train the model

from scratch on the new, potentially much larger, combined dataset. For example, in Figure 2.6,

assuming access to a CLIP model trained on the YFCC-5M + LAION-5M mixture, and another one

trained on CC-5M, the ensembles of these two models across different stages of training share the

same linear trend as a CLIP model trained on the YFCC-5M + LAION-5M + CC-5M mixture. In

Appendix A.5, we show the results of ensembling 6 CLIP models trained with the 6 data sources we

collected, as well as the CINIC-10 + CIFAR-10 ensemble, a uni-modal image classification setting

where output mixing accuracies are also predictive of the linear trend of input mixing.

2.7 Analysis under Simple Binary Classification Models

Empirically we observe, for e.g., in Figure 2.2, that for a pair of test datasets (D1, D2), the

corresponding test accuracies after probit transform achieved by various trained models (including

different architectures and training algorithms) on the same training dataset D all lie on the same

line. Furthermore, this line includes models trained on only a subset of D [118]. In other words,

there is a universal line that is determined only by the training data distribution and the two test

distributions, and is independent of which architecture we use, how we train the model, or how many

samples we use from the training set. To explain this phenomenon, we study the following class
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Figure 2.6: Using ensemble outputs to predict the linear trend of input mixing without
retraining CLIP from scratch. A generalization of the observation made in Figure 2.5 is that
given an existing pretraining dataset that could be a mixture (e.g., YFCC-5M + LAION-5M, green
line) and a new data source (e.g., CC-5M, orange line), we could use the ensemble outputs (blue
markers) of two CLIP models that have been trained separately on these two data distributions, to
estimate where the linear trend for a CLIP model trained on all the data would lie (purple line).
This removes the need to actually train CLIP from scratch on the now bigger 3-source mixture.

of trained models parametrized by (θ ∈ Rd, ρ ∈ R+) representing the training distribution, with n

representing the training data size, and ξ ∈ R+ representing the training algorithm variations.

2.7.1 Universality of Accuracy on the Line for Binary Classification

We analyze a simple but canonical binary classification example where each training data is

parametrized by its ground-truth linear classifier θ ∈ Rd and its Signal-to-Noise Ratio (SNR)

ρ2 ∈ R+. Concretely, a training dataset Dn,θ,ρ = {(xi ∈ Rd, yi ∈ ±1)}n
i=1 is a set of n i.i.d. paired

samples from a joint distribution Pθ,ρ defined as follows.

Assumption 1 (Data distribution). We define a joint distribution (xi, yi) ∼ Pθ,ρ as (i) yi = ±1

uniformly at random, and (ii) xi = yiθ + (∥θ∥/ρ)zi where the noise zi is zero-mean and has

independent entries with variance one. For an observation (xi, yi), we refer to ∥θ∥2 as the signal

power and ∥θ∥2/ρ2 as the corresponding noise power with SNR ρ2.

Assumption 2 (Trained model distribution). We consider a (random) linear model parameter

θ̂n,ξ ∈ Rd that predicts a binary label sign(⟨x, θ̂n,ξ⟩) for a test example x ∈ Rd. We assume that the

random model θ̂n,ξ = θ + (ξ∥θ∥/(ρ
√

n))z ∈ Rd, trained on Dn,θ,ρ is unbiased, E[θ̂n,ξ] = θ, and that

z has independent entries with variance one each. The randomness comes from the training data
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as well as any internal randomness in the training algorithm. The parameter ξ ∈ R+ captures the

variations in the resulting model distribution due to changes the training algorithm.

Concretely, one canonical example of a trained model is θ̂n,ξ = (1/n) ∑n
i=1 yixi. It follows that

θ̂n = θ + (∥θ∥/(ρ
√

n))z with ξ = 1. Hence, ξ measures the randomness of the trained model relative

to this simple training algorithm.

We analyze the resulting accuracy when evaluated on two test distributions Pθ1,ρ1 and Pθ2,ρ2 as

defined above, with Accθ1,ρ1 := Pθ1,ρ1{sign(⟨X, θ̂n,ξ⟩) = Y }, and Accθ2,ρ2 defined similarly. In

particular, we are interested in how the accuracy pair (Φ−1(Accθ1,ρ1), Φ−1(Accθ2,ρ2)) behaves as we

vary the sample size n and as we vary the training algorithm represented by ξ. Here, Φ−1 : [0, 1] → R

is the inverse of the CDF of a standard Gaussian distribution, defined as Φ(t) = P(z ≤ t) where

z ∼ N (0, 1). Φ−1 is also called the probit function. This choice of mapping the accuracy with the

probit function is critical in getting the linear relation, which we will explain in Remark 1.

Theorem 1 (Universality of accuracy on the line). Under Assumptions 1 and 2, asymptotically as

the dimension d grows linearly in the sample size n such that limd→∞ n/d = α2, we have

lim
d→∞

Accθ1,ρ1 = Φ
(

cos(θ1, θ)ρ1ρα

ξ

)
, and lim

d→∞
Accθ2,ρ2 = Φ

(
cos(θ2, θ)ρ2ρα

ξ

)
. (2.1)

Further, under Assumption 5 in the Appendix, for some universal constant c > 0,

Φ−1(Accθ2,ρ2) = cos(θ2, θ)ρ2
cos(θ1, θ)ρ1

Φ−1(Accθ1,ρ1) + O
(e

cn
d

√
n

)
. (2.2)

We provide a proof in Appendix A.6.1. This analysis implies that for any training sample size n and

any (variation due to the) training algorithm ξ, the resulting accuracy pair after probit transform lies

on a universal line determined by Eq. (2.2), and the slope only depends on the two test distributions

(Pθ1,ρ1 , Pθ2,ρ2) and the training distribution Pθ,ρ. The similarity between the training data and each

test dataset is captured by the angles: cos(θ1, θ) and cos(θ2, θ). More similar training data yields

a higher test accuracy. The hardness of the test distribution is captured by the SNR of each test

dataset: ρ1 and ρ2. We note that this line is universal in the sense that the slope does not depend
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on the sample size n and training algorithm parameter ξ. We are interested in the regime where n

scales linearly in d and both are large such that the second term in the above equation is negligible.

Remark 1. Why do we get the accuracy-on-the-line phenomenon? The prediction of the trained

(random) linear model on a random test data point X involves the inner product, which performs a

natural spatial averaging over the d coordinates. Since the noise across the coordinates is independent

and has bounded variance, the central limit theorem applies. The resulting error has a Gaussian tail.

Hence, the probit mapping, Φ−1(Accθ1ρ1), is critical in translating accuracy into the relevant mean

to standard deviation ratio: cos(θ1, θ)ρ1ρ
√

n/(ξ
√

d). This is consequently important for getting

the universal linear relation, because irrelevant parameters, n and ξ, cancel out in the slope of

Φ−1(Accθ2ρ2)/Φ−1(Accθ1ρ1). Refer to the proof of Theorem 1 (Appendix A.6.1) for more details.

Remark 2. Intersection at the random guess: Previous work [118] that considered models with a

wide range of accuracies has found that all lines intersect at a point corresponding to “random

guess", which in this binary example is (Φ−1(1/2), Φ−1(1/2)) = (0, 0). Our theoretical analysis is

consistent with this empirical observation: all universal lines intersect at (0, 0) up to a small additive

error scaling as O(1/
√

n).

2.7.2 Input Mixing Yields an Intermediate Slope

Figures 2.3 and 2.4 show that when a model is trained on samples combined from two datasets,

the resulting robustness trend lies in between the trends achieved by individual datasets. We show

that this finding is universally true under our current setup in Theorem 2. Note that for the linear

models we consider, input mixing (combining training sets) and output mixing (combining model

outputs) are equivalent.

Assumption 3. Consider two training datasets Dn1,θ̃1,ρ̃1
and Dn2,θ̃2,ρ̃2

of sizes n1 and n2 from

distributions Pθ̃1,ρ̃1
and Pθ̃2,ρ̃2

as defined in Assumption 1. Separately training on individual datasets

gives two models θ̂n1,ξ1(Dn1,θ̃1,ρ̃1
) and θ̂n2,ξ2(Dn2,θ̃2,ρ̃2

) as defined in Assumption 2. A model trained

on a combined (and possibly subsampled) training dataset Dn′
1,θ̃1,ρ̃1

∪ Dn′
2,θ̃2,ρ̃2

is represented by

θ̂n′
1+n′

2,ξ(Dn′
1,θ̃2,ρ̃2

∪ Dn′
2θ̃2,ρ̃2

) = θ̄ + (ξ∥θ̄∥/(ρ̄
√

n′
1 + n′

2))z where θ̄ = (n′
1θ̃1 + n′

2θ̃2)/(n′
1 + n′

2), ρ̄ =
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∥θ̄∥/
√

(n′
1∥θ̃1∥2/ρ2

1) + (n′
2∥θ̃2∥2/ρ2

2), and z ∈ Rd is a zero-mean random vector with independent

entries each with variance one.

Again, a canonical example of a trained model is θ̂n′
1+n′

2,ξ = (1/(n′
1 + n′

2))
( ∑

(xi,yi)∈Dn′
1,θ̃1,ρ̃1

yixi +∑
(xi,yi)∈Dn′

2,θ̃2,ρ̃2
yixi

)
. We then have θ̂n′

1+n′
2,ξ = θ̄ + (∥θ̄∥/(ρ̄

√
n′

1 + n′
2))z with ξ = 1.

It follows from applying Theorem 1 to the model trained on the combined data (Assumption 3)

that the resulting linear trend achieves

Slope(θ̂n′
1+n′

2,ξ(Dn′
1,θ̃1,ρ̃1

∪ Dn′
2,θ̃2,ρ̃2

)) := cos(θ2, θ̄)ρ2

cos(θ1, θ̄)ρ1
, (2.3)

We show that the slope obtained from training on the combined dataset lies between those obtained

from training on the two datasets separately. The proof could be found in Appendix A.6.2. Let

Slope1 := Slope(θ̂n1(Dn1,θ̃1,ρ̃1
)) and Slope2 be defined similarly.

Theorem 2. Under Assumption 3, Slope1 ≤ Slope
(

θ̂n′
1+n′

2
(Dn′

1,θ̃1,ρ̃1
∪ Dn′

2,θ̃2,ρ̃2
)

)
≤ Slope2.

2.7.3 Filtering Data to Improve Robustness

The input mixing analysis in Section 2.7.2 suggests a filtering strategy to improve robustness.

Assumption 4 (Gaussian distributions for filtering). Consider a training dataset Dn,θtrain,ρ of

size n draw i.i.d. from (X, Y ) ∼ Pθtrain,ρ where Y = ±1 uniformly at random and X|Y ∼

N (Y θtrain, (∥θtrain∥/ρ)2I). A model trained on an unfiltered Dn,θtrain,ρ is denoted by θ̂unfiltered =

(1/n) ∑
(xi,yi)∈Dn,θtrain,ρ

xiyi. Note that θ̂unfiltered ∼ N (θtrain, (∥θtrain∥/(ρ
√

n))2I).

The model is evaluated on two test datasets: in-distribution (ID) and out-of-distribution (OOD), each

with an isotropic Gaussian noise: (X, Y ) ∼ PθID,ρID , where Y = ±1 uniformly at random and X|Y ∼

N (Y θID, (∥θID∥/ρID)2I), and PθOOD,ρOOD is defined similarly. Let Slope(θ) := cos(θOOD,θ)ρOOD
cos(θID,θ)ρID

and

assume that all models achieve better ID accuracy than OOD accuracy, i.e., Slope(θ) < 1. A model

is more robust if the slope is closer to one.

Suppose we have access to a pretrained model θ̂pretrained that achieves better robustness than the

model θ̂unfiltered trained on the unfiltered data, i.e., Slope(θ̂unfiltered) < Slope(θ̂pretrained) ≤ 1. We

want to use the pretrained model to filter the data Dn,θtrain,ρ and achieve better robustness. We
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consider a generic family of filtering strategies that subsamples each data point (xi, yi) ∈ Dn,θtrain,ρ

with probability that is monotonically non-decreasing with its correlation to the pretrained model,

i.e., P((xi, yi) passes the filter) ∝ h(⟨xiyi, θ̂pretrained⟩) for some monotonic scalar function h : R →

R+. We analyze the model θ̂filtered = (1/m) ∑
(xi,yi)∈filtered dataset xiyi. The next theorem shows that

any such filtering strategy improves robustness, and the full proof can be found in Appendix A.6.3.

Theorem 3. Under Assumption 4, if Slope(θ̂unfiltered) < Slope(θ̂pretrained) ≤ 1 then any model

θ̂filtered that is trained on the above family of filtered datasets achieves better robustness than the

model trained on unfiltered data: Slope(θ̂unfiltered) < Slope(E[θ̂filtered]) ≤ Slope(θ̂pretrained), where

Slope(E[θ̂filtered]) denotes the slope of the linear trend of a model trained on the filtered data.

Remark 3. Relevance to empirical practice: The data filtering approach currently employed for

the LAION dataset [162] motivates our theoretical setup. Schuhmann et al. [162] first retrieved a

large number of image-text pairs from Common Crawl [1] and then computed the cosine similarity

between the image and text embeddings using one of the original CLIP models introduced by

Radford et al. [141]. Next, the authors removed all pairs with similarity less than 0.3 from the pool.

While it was initially unclear if filtering the noisy Common Crawl source with an existing CLIP

model would lead to a dataset with good generalization properties, experiments with pretraining

medium-scale models on LAION so far demonstrate that the resulting models are comparable to

the original CLIP models [160].

Our theorem 3 does not provide a full justification for the filtering process described above, but

it offers theoretical evidence that filtering a noisy data source with an existing robust model can

indeed improve the effective robustness of the resulting dataset. It remains to be shown empirically

that the slope of the linear trend exhibited by the CLIP model from [141] is larger than that of

a model trained on the Common Crawl data pool without filtering. If this assumption holds, we

can expect that training on data with better text-image alignment according to the original CLIP

model, will improve robustness compared to training on unfiltered data from Common Crawl.
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2.8 Discussion

Motivated by CLIP’s robustness to distribution shift, we introduced a testbed of six image-text

datasets to study the influence of pretraining data on the robustness of multimodal models such as

CLIP. We analyzed the interactions of these datasets through both experiments and theoretical

analyses, finding that simply combining multiple datasets dilutes the robustness of the best-

performing one. Moreover, we offered an explanation for the potential benefits of the data filtering

process currently used for LAION. Our findings suggest that training on a carefully selected subset

of data may provide more robustness than training on simply more data, for example, obtained by

combining multiple data sources.

To summarize, our results lead to the following recommendations for dataset design:

• On the evaluation front: building a pretraining dataset requires multiple robustness test sets, as

we have shown that different pretraining datasets exhibit substantially different behaviors across

distribution shifts.

• On the dataset design front: each candidate data source for the overall pretraining dataset should

be evaluated separately for its generalization and robustness properties. The final pretraining

dataset should then contain more samples from the higher-quality pretraining sources. Creating

a more “diverse” pretraining dataset by randomly sampling from all candidate sources does not

result in a better dataset.

• Assuming access to models separately trained on each source of interest, output ensemble is a

good predictor of the effective robustness obtained from input mixing, and hence can significantly

reduce the time to search for the right mixing strategy.

• Filtering a noisy data source with an existing robust model can improve the generalization

properties of the resulting dataset.

The broad societal implications of image-text models and web-crawled multimodal datasets have

been extensively discussed by Radford et al. [141] and Birhane et al. [20] respectively. As these

models continue to grow in size, full-scale experiments are becoming prohibitively expensive. This

necessitates small, systematic experiments that allow reliable extrapolation to larger scales. Since
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effective robustness is independent of model size and quantity of training data, we hope that our

testbed and results can serve as a first step towards building multimodal pretraining datasets in a

principled manner.

Limitations The pretraining datasets we experiment with range from 5M to 15M samples. While

this lags behind current state-of-the-art settings that large image-text models are often trained on,

we believe our findings also hold for models with higher accuracy for the following reasons:

• The original CLIP paper [141] offers evidence showing that CLIP’s performance exhibits reliable

linear trends across compute scales (Figure 9 of [141], which includes the ResNet50-encoder that

our paper works with) and performance on natural distribution shifts (Figure 14 of [141]). In

particular, the linear trends in this Figure 14 are analogous to those in our scatter plots.

• In the OpenCLIP GitHub repository [83] that seeks to match the performance of the original

CLIP paper, the authors there also note that their models that were trained on 15M samples

or fewer share the same effective robustness trend as OpenAI’s CLIP models (trained on 400M

samples). Refer to their Why are low-accuracy CLIP models interesting? remark for more details.

• Previous work [118] has experimented with training on randomly sampled subsets of the training

dataset to produce models covering a wide range of accuracies, and found that these models lie

on the same effective robustness trend. This includes models trained on only 1% of the original

data, which matches the scale of our experiments (5M-15M samples) relative to the scale of the

original CLIP paper (400M samples).

The focus of our work is to study the behavior of a diverse set of data sources, and performing

full-scale experiments on 6 datasets (and their combinations) would be prohibitively expensive. To

provide some perspectives on the amount of resources involved in full-scale experiments: (i) One of

the larger datasets that are publicly available, LAION-5B, is a substantial effort that involves 14

people actively working on it [160], (ii) Training a ResNet50-encoder CLIP on the full dataset of

400M samples took 18 days on 592 V100 GPUs, according to the original paper [141]. This prompts

us to leverage publicly available web-crawled datasets, and study the behavior of our trained models

through the effective robustness framework, which has been shown to be scale-invariant.
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Chapter 3

The Exclusion Problem: Rethinking

What Popular Data Filters Leave

Behind

3.1 Overview

Massive web-crawled image-text datasets lay the foundation for recent progress in multimodal

learning. These datasets are designed with the goal of training a model to do well on standard

computer vision benchmarks, many of which, however, have been shown to be English-centric (e.g.,

ImageNet). Consequently, existing data curation techniques gravitate towards using predominantly

English image-text pairs and discard many potentially useful non-English samples. Our work

questions this practice. Multilingual data is inherently enriching not only because it provides a

gateway to learn about culturally salient concepts, but also because it depicts common concepts

differently from monolingual data. We thus conduct a systematic study to explore the performance

benefits of using more samples of non-English origins with respect to English vision tasks. By

translating all multilingual image-text pairs from a raw web crawl to English and re-filtering them, we

increase the prevalence of (translated) multilingual data in the resulting training set. Pretraining on
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this dataset outperforms using English-only or English-dominated datasets on ImageNet, ImageNet

distribution shifts, image-English-text retrieval and on average across 38 tasks from the DataComp

benchmark. On a geographically diverse task like GeoDE, we also observe improvements across all

regions, with the biggest gain coming from Africa. In addition, we quantitatively show that English

and non-English data are significantly different in both image and (translated) text space. We

hope that our findings motivate future work to be more intentional about including multicultural

and multilingual data, not just when non-English or geographically diverse tasks are involved,

but to enhance model capabilities at large. All translated captions and metadata are available at

https://huggingface.co/datasets/thaottn/datacomp-medium-pool-translated.

3.2 Introduction

Today, the predominant pretraining paradigm for vision-language models relies on large quantities of

image-text pairs scraped from the web [141, 99]. As raw web data contains a significant amount of

noise, automatic data filtering approaches are designed to curate a high-quality subset and maximize

the performance of a model trained on this subset on standard computer vision benchmarks (e.g.,

ImageNet). However, these benchmarks typically only evaluate in English, and many of them

have been shown to be geographically biased: for instance, ImageNet images are mostly sourced

from North America and Western Europe [164]. Consequently, it is possible that we are designing

data curation algorithms that propagate a monolingual bias, i.e., filtered datasets are increasingly

dominated by English image-text pairs. In fact, a lot of highly cited work—including CLIP [141],

ALIGN [85] and BASIC [135]—relies exclusively on English data. Using more multilingual data for

training is often only a deliberate design decision when non-English tasks are involved [184, 63, 109].

Multilingual data enriches any monolingual data distribution; multilingual data brings attention to

culturally salient concepts and introduces new perspectives and annotations for the same visual

category [200]. As illustrated in Figure 4.1, there are certain native concepts, e.g. ‘kiji’ (the national

bird of Japan), that are more likely to be conveyed in Japanese (non-English) captions compared to

English ones. Even in the case of a common everyday object like ‘stove’, the non-English and English
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Figure 3.1: Multilingual image-text data adds diversity to the English data distribution
in various, significant ways (a) We show some examples of culturally salient concepts that would
not exist in "top-quality" English data (as determined by CLIP score), such as "kiji" (the national
bird of Japan), "bamboo steamer" and "yalı" (a traditional architecture style for Turkish waterside
houses) (b) Even for a common everyday object ("stove"), non-English and English images portray
very different visual representations.

images look very different. Despite the diversity present in multilingual data, it is disproportionately

excluded from existing large-scale pretraining corpora.

In this paper, we investigate the counterfactual: can we improve on English vision tasks by

diversifying the cultural and linguistic backgrounds of the training data? Our investigation is

motivated by a dichotomy: English image-text pairs constitute a minority of any random web crawl

(in our estimate, one-third); yet, they form a majority in popular pretraining datasets such as

LAION-5B [160], DataComp [57], and DFN [52]. It is common for web-scraped corpora to remove

"low-quality" data by using a high-performing model (e.g., OpenAI CLIP) to compute image-text

alignment and rank the raw data samples. However, this process often disproportionately favors

English data if the filtering model also has an English bias [57, 81]. In addition to discarding many
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potentially useful non-English image-text pairs, this can also negatively impact the geographical

and cultural representation of the resulting dataset, and consequently, the model’s performance on

certain underrepresented populations [149, 145, 39].

Our key observation is that the diversity present in multilingual data can be confounded by the

language the data is in, making it difficult to observe the empirical benefits of using such data

in model training. To offer a more systematic study of the effectiveness of multilingual data—in

contrast to English-only or English-dominated datasets—we fix the language medium, translate all

captions from DataComp’s 128M-sample web crawl [57] to English with an advanced translation

model. We then re-filter the data pool and train a CLIP model on this translated multilingual data.

We focus on two types of evaluations: (i) on standard English vision tasks including ImageNet,

MSCOCO and Flickr retrieval, and (ii) on geographically diverse images, e.g. from GeoDE [145],

which contains images of common objects across different geographical locations. We acknowledge

that translation can sometimes be too literal, subject to losing the intent and richness of the original

phrasing. Nevertheless, we hope findings from our work provide a starting point for studying how

to leverage the diversity of multilingual data more effectively.

Our contributions are as follows:

• We demonstrate that with translation, non-English data does benefit English vision tasks. In

particular, training on more samples of non-English origins leads to better performance on

ImageNet, ImageNet distribution shifts and image-English-text retrieval. On the DataComp

benchmark with a fixed compute budget, our best-performing approach that leverages translated

multilingual captions outperforms training on just filtered raw captions by 2.0% on ImageNet and

1.1 percentage points on average across 38 tasks. When training for longer (which mimics the

number of epochs large-scale multimodal models are often trained for), these performance gaps

increase to 4.2% and 2.1 percentage points respectively.

• On a geographically diverse task such as GeoDE, training on translated multilingual data leads to

4.2% boost in accuracy on average compared to training on filtered raw data, with performance

improvement observed for all regions, especially for Africa where the increase is 5.5%.

66



• We analyze in detail the differences between English and (translated) non-English image-text

pairs. We quantitatively show that they capture distinct distributions, both in text and image

space, even after they are converted to the same language medium. Consequently, it is beneficial

to combine high-quality data from both sources as much as possible, since they are inherently

complementary.

In summary, despite the abundance of “sufficiently useful” English data, existing data curation

techniques can always do better in the data diversity axis by being more deliberate about including

data from other language and cultural backgrounds. This way of enhancing diversity in turn leads

to a better vision-language model in general, offering performance benefits beyond non-English

vision tasks or tasks involving geographically diverse images. We will release the raw captions and

the corresponding English translations for the 128M image-text pairs used in our experiments.

3.3 Related Work

Existing data collection and filtering approaches induce Western bias in downstream datasets

and models; benchmarks that seek to capture this bias still receive relatively little attention.

Consequently, despite evidence showing cultural and geographical limitations in popular vision

datasets, the use of multilingual data is mostly intended for pretraining and fine-tuning multimodal

models to do well on non-English tasks. Our work seeks to include more image-text pairs of

non-English origins in the pretraining dataset, and shows that this process can improve performance,

even on English-centric vision tasks.

Western bias of existing models and datasets Several papers have studied biases in popular

datasets, especially biases that correlate with culture and geographic locations. Notably, Shankar

et al. [164] find that ImageNet and OpenImages exhibit substantial US-centric and eurocentric

representation bias. In the text domain, Santy et al. [159] demonstrate that existing datasets align

predominantly with Western and White populations. It is not only the data collection process that

leads to a Western bias, but also the data preprocessing pipeline. For instance, automated data

filtering with scores output by a model, e.g., OpenAI CLIP, has been commonly adopted as a way
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to discard low-quality web-crawled samples. Little is known about the potential biases induced by

this approach. Hong et al. [81] recently show that CLIP score filter is more likely to include data

related to Western countries compared to that of non-Western countries. In [57] (Figure 24), the

authors offer evidence that CLIP filtering implicitly performs some English filtering, as the top

CLIP score examples are increasingly dominated by English image-text pairs. Consequently, all

these dataset biases translate to performance disparity, as demonstrated by existing work showing

that the accuracy of vision systems drops significantly on non-Western inputs [39, 201, 149, 145], or

low-resource languages [64].

Improving the availability of non-English data in multimodal datasets Translation

has been a popular technique to address the limited availability of large-scale and high-quality

non-English data in training and evaluation [184, 197, 28, 134, 48, 15, 64]. In addition to translating

English captions into the language of interest, previous work also uses a curated list of common

words in the native language to scrape image-text pairs from the web [109, 68]. COCO-CN [101]

extends the MSCOCO dataset [30] with manually written Chinese captions.

Most closely related to our setup is the LAION-Translated dataset [122], which translates 3B

samples of LAION-5B from many languages into English using the M2M100 model [49]. Compared

to this dataset construction, we (i) use a more advanced translation model, NLLB [36], that covers

twice as many languages, (ii) work with mostly raw data while LAION was heavily filtered and thus

may already contain a biased representation of multilingual data. To the best of our knowledge, no

existing work has experimented with the LAION-Translated dataset.

Adapting CLIP post-training for multilingual tasks Geigle et al. [63] translate high-quality

English data into 95 languages, and use these translated samples to re-align an image encoder

previously trained on English data to a multilingual language model. Similarly, Chen et al. [31]

propose re-training OpenAI CLIP on a mix of Chinese and English data to enhance its multilingual

representation. In [26], the authors explore adaptation without any image data, solely fine-tuning

the text encoder with English captions from MSCOCO, Google Conceptual Captions, and VizWiz

translated to other languages. Visheratin [184] replace the text encoder of OpenAI CLIP with the
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text encoder from the NLLB model, and fine-tune the new model on multilingual image-text pairs

obtained from translating LAION-COCO’s English captions [161] into 200 languages. In contrast to

these papers that employ multilingual data for the purpose of adapting to non-English tasks, we

focus on using multilingual data to do better on common vision tasks that are in English.

Using multilingual data significantly enhances data diversity Our study is partly inspired

by findings from Ye et al. [200], who show that multilingual synthetic captions obtained from

existing image captioning systems provide higher semantic coverage than monolingual ones, over

3.6K images. Our experiments instead use raw web-crawled data and explore the performance

benefits of embracing cultural and linguistic diversity in (mostly) human-generated captions at scale.

3.4 Experimental Setup

Given a starting pool of raw image-text pairs scraped from the web, many of which contain non-

English captions, we experiment with ways to preprocess and filter this pool into a high-quality

dataset. The quality of the dataset is measured by the zero-shot performance of a CLIP model

trained on it from scratch.

Data We experiment with the medium pool of the DataComp benchmark [57], which consists

of 128M image-text pairs randomly sampled from Common Crawl dumps between 2014 and 2022,

and deduplicated. Unlike other heavily filtered corpora such as LAION [160], DataComp applies

minimal data preprocessing, involving only NSFW filtering, deduplication of evaluation sets, and

face blurring. This allows the candidate pool to stay close to the natural distribution of raw web

data as much as possible, in addition to enabling maximum flexibility in dataset design.

Translation model To detect language and translate the raw captions from DataComp into

English, we use the No Language Left Behind (NLLB) translation model [36], which is considered

state-of-the-art. NLLB is the first to translate across 200 languages, including low-resource ones

that are not currently supported by common translation tools. We use the 600M-parameter model

publicly available on HuggingFace to allow for fast inference on our large data corpus. All 128M
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captions from DataComp are translated to English; examples could be found in Appendix B.1. We

provide some quantitative analysis of the translation quality in Appendix B.3.

Training After translating the captions of all samples in the raw data pool, we filter them based

on cosine similarity between image and text embeddings. We experiment with using OpenAI CLIP-

ViT-L/14 [141] and the public Data Filtering Network (DFN) from [52] to obtain the embeddings,

and subsequently, the cosine similarities. The DFN, specifically designed to filter data for subsequent

model training, was trained on three public datasets deemed as high-quality—Conceptual Caption

12M [27], Conceptual Captions 3M [166], and Shutterstock 15M [124]. We find that indeed the

public DFN is better at data filtering compared to OpenAI CLIP, as measured by the performance

of CLIP trained on the corresponding filtered datasets (see Appendices B.5 and B.7).

We train a CLIP model [141] from scratch on each filtered subset with ViT-B/32 as the image

encoder, and follow DataComp’s hyperparameters; details are in Appendix B.2. Unless specified

otherwise, all models are trained for 128M steps, as determined by DataComp. For some select

baselines, we also experiment with training for 10× longer. The fixed architecture, compute and

hyperparameter setup allow us to isolate data quality as the main factor influencing performance.

Evaluation We perform zero-shot evaluation of trained CLIP models using the 38 tasks from

DataComp. These tasks involve recognition and classification of a wide range of domains (e.g., texture,

scene, metastatic tissue, etc.) in addition to image-text retrieval and commonsense association.

Among them, we highlight commonly cited metrics such as ImageNet accuracy, ImageNet distribution

shift accuracy—a proxy for natural robustness, and retrieval performance. ImageNet shifts include

ImageNet-V2 [147], ImageNet Sketch [186], ImageNet-A [78], ImageNet-O [78], ImageNet-R [75]

and ObjectNet [14]. Retrieval score is the average of the performance on Flickr30K [202], MSCOCO

[30] and WinoGAViL [21]. Throughout this work we also report GeoDE worst-region performance

[145]—a task that involves geographically diverse images—to demonstrate the added benefits of

geographical inclusivity that obtained from using more (translated) multilingual captions.
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Baseline name Dataset
size

ImageNet ImageNet
shifts

Retrieval GeoDE Average
over 38
tasks

Training with DataComp setup (128M steps)

Filtered raw captions 25.6M 0.316 0.260 0.282 0.688 0.350
Filtered raw captions, replaced
with translated captions

25.6M 0.304 0.252 0.268 0.668 0.331

Filtered translated captions 25.6M 0.329 0.275 0.296 0.709 0.359
Filtered English-only captions 16.0M 0.283 0.236 0.278 0.666 0.327
Filtered raw captions ∪ Filtered
translated captions

34.2M 0.329 0.271 0.298 0.720 0.364

Filtered raw captions & Filtered
translated captions

51.2M 0.336 0.280 0.301 0.725 0.361

Training for 10× longer (1.28B steps)

Filtered raw captions 38.4M 0.414 0.340 0.344 0.742 0.414
Filtered translated captions 38.4M 0.427 0.347 0.352 0.771 0.414
Filtered raw captions ∪ Filtered
translated captions

34.2M 0.441 0.359 0.353 0.775 0.427

Filtered raw captions & Filtered
translated captions

51.2M 0.456 0.369 0.371 0.776 0.435

Table 3.1: On the DataComp benchmark, training on translated captions outperforms
training on raw captions across a range of metrics; using both types of captions yields
even more performance gains. We report the performance of select baselines on the DataComp
benchmark [57]; all baselines are trained for the same number of steps as specified. Here the filtering
threshold (and thus the resulting dataset size) has been tuned for each baseline and we only show the
filtered subset that yields the highest average accuracy. We find that with the same filtering method
(i.e., using DFN score), training on translated captions ("Filtered translated captions") is more
effective than training on raw captions ("Filtered raw captions") as seen from higher performance on
ImageNet, ImageNet distribution shifts, retrieval, GeoDE (worst-region accuracy) and on average
across 38 tasks. Combining both sources of captions leads to the best performance. Appendix B.7
contains the full results.

3.5 Impacts of Using (Translated) Multilingual Captions on Stan-

dard Vision Tasks

We explore training on each caption distribution separately, as well as combining them. Below we

describe the baselines from Table 5.1 in more detail:

• Filtered raw captions: As mentioned in Section 5.3, we use the public DFN from [52] by default to

filter the starting pool (128M samples). Given the images and the corresponding web-crawled

captions, we experiment with varying the filtering threshold to keep top x% of the pool based
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on DFN score. In Table 5.1, we only report the best average performance obtainable after the

filtering threshold has been tuned, and the resulting dataset size. Refer to Appendix B.7 for the

full results.

• Filtered translated captions: Similar to the approach above, we tune the filtering threshold, but

using DFN score between an image and the English translation of the original web-crawled caption.

• Filtered English-only captions: Similar to "Filtered raw captions" baseline, here we also tune the

filtering threshold to keep only a subset of the pool with the highest DFN scores, but with an

additional constraint of only filtering from samples with web-crawled captions already in English.

• Filtered raw captions, replaced with translated captions: Given samples from "Filtered raw captions"

(i.e. again, based on the cosine similarity score between image and original web text), we keep the

images selected and replace the raw captions with the corresponding English translations.

• Filtered raw captions ∪ Filtered translated captions: We combine "Filtered raw captions" and

"Filtered translated captions" subsets uncovered above. However, these subsets have about two-

thirds of their images in common (see Appendix B.4). For such images, we only include one copy

in the final training set and use English-translated caption by default. For the rest of the images

in "Filtered raw captions" that do not appear in "Filtered translated captions", we include them in

the training set with the corresponding original captions (which could be non-English).

• Filtered raw captions & Filtered translated captions: We combine image-text pairs from "Filtered

raw captions" and "Filtered translated captions"; the overlapping images between these two subsets

would appear twice in the final training set - one copy with the original web caption and one copy

with the English-translated caption.

3.5.1 Overall Performance Trends

Combining high-quality raw and (translated) multilingual captions offers the best

performance We find that using both sources of captions, and image data—since top (image, raw

text) and top (image, translated text) pairs only have two-thirds of the images in common—leads

to the best performance (bolded entries of Table 5.1). This approach surpasses training on only

high-quality raw data by 2% on ImageNet, ImageNet shifts and retrieval, and improves GeoDE
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worst-region performance by 3.7%. We note that this is not simply due to having more unique

image-text samples, as filtered subsets of similar sizes but using a single source of captions (e.g., top

40% raw captions totalling 51.2M samples) yields significantly lower performance (Appendix B.7).

Using only translated multilingual captions is still better than using only raw captions

Zooming in on "Filtered translated captions" and "Filtered raw captions" baselines, we find that the

former outperforms the latter on many standard metrics (ImageNet, ImageNet distribution shifts,

image-text retrieval). This is unexpected in light of prior work showing that ImageNet exhibits

strong amerocentric and eurocentric bias [164], with images from America and Great Britain taking

up 53% of the dataset.

3.5.2 Ablations

We perform more ablation studies to disentangle the reasons for the performance gains from using

high-quality translated captions, as well as to verify that the gains are robust.

The performance gain from using translated captions is not simply due to converting

all text data to a common language medium Given image-text pairs from the "Filtered raw

captions" subset, we replace the web-crawled captions with the corresponding English translations

("Filtered raw captions, replaced with translated captions"). This intervention on only the captions

leads to performance drop across the board. We hypothesize that this is due to noise in the

translation process, as (i) many web captions are formed by stringing together short, potentially

ungrammatical phrases and thus are "out-of-distribution" for the NLLB translation model, (ii) web

captions may contain multiple languages in the same sentence, thereby leading to noisy language

detection and translation.

Re-filtering data after translation is also necessary due to significant changes in the

data ranking Besides noisy artifacts introduced by translation, the process also changes the

image-text cosine similarity score and thus the quality ranking of the data samples in the pool. More

specifically, we find that while "Filtered raw captions" is dominated by English samples, (translated)

non-English samples make up the majority of "Filtered translated captions" (Figure 3.2). These two
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Figure 3.2: Filtering with translated
captions allows substantially more
(translated) non-English samples to be
included in the final training set. While
English data only makes up about one-third
of the raw web crawl, it dominates the top-
quality subset of the pool, selected based
on DFN score between image and raw cap-
tion. With translation, English-translated
non-English captions now make up the ma-
jority of the top-quality data and thus are
more likely to be selected for training.

filtered subsets only share about two-thirds of the images in common, see Appendix B.4 for more

details. Therefore, by changing the caption distribution, we are also inducing changes to the image

distribution that the best-performing model would see.

The benefits of training with translated multilingual captions are consistent across

data filtering networks As alluded to in Section 5.3, we also explore using cosine similarities

output by OpenAI CLIP-ViT-L/14 [141] for data filtering. The full results for this ablation can be

found in Appendix B.5. Similar to the previous observations, we find that using filtered translated

captions yields better performance than using filtered raw captions.

The performance benefits of using translated data persist with much longer training

duration We also experiment with training for 10× more steps (i.e., 1.28B samples seen) as this

is more in line with the number of epochs typical vision-language models are often trained on (e.g.,

OpenAI CLIP models were trained on 400M datapoints for 32 epochs [141]). When using either

the raw caption or the translated caption distribution, setting the filtering threshold to top 30% of

the pool works best. Even though the two filtered datasets now yield the same average accuracy,

training on high-quality translated captions still offers significant advantages when it comes to

ImageNet, ImageNet shifts, retrieval and GeoDE. Combining high-quality data from both sources of

captions continues to be the best performing approach, giving 4.2% improvement on ImageNet and

2.1 percentage points improvement on average, compared to just training on filtered raw captions.

Results for more baselines can be found in Appendix B.8.
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Figure 3.3: With the same degree of filtering, training with (image, translated caption)
pairs improves performance on 28 out of 38 tasks compared to training with (image,
raw caption) pairs, including on ImageNet distribution shifts, retrieval, and tasks
with geographically diverse inputs. We compare performance on each task of the DataComp
benchmark between training with raw captions and training with translated captions. Both datasets
have been filtered with image-text cosine similarities output by the public DFN [52] to select the top
30% examples. We find that using translated captions leads to 1.5 percentage points improvement
on average across 38 tasks. We highlight the performance changes on ImageNet distribution shifts
(red), retrieval (blue) and fairness-related tasks (dark yellow).

3.5.3 Individual Task Analysis
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Figure 3.4: On GeoDE, using fil-
tered translated captions leads to
improvements across all regions
compared to using filtered raw
captions, with Africa observing
the biggest gain. We break down
the GeoDE performance by region and
compare training on top 30% translated
captions to training on top 30% raw
captions. On average, classification ac-
curacy improves by 4.2%, and the im-
provement applies to all regions in the
dataset, especially Africa where the ac-
curacy gain is the biggest at 5.5%.

After observing improvement across different metrics from using more (translated) multilingual

captions, in this section we break down the performance changes for each of the 38 tasks in the
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DataComp benchmark. The base model for comparison is CLIP trained on top 30% image-text

pairs filtered from the raw data pool, and the new improved model is the one trained on top 30%

image-text pairs after the same pool has been all translated to English. Both models are trained

for 128M steps. Averaged across 38 evaluation tasks, the latter yields a 1.5 percentage points

improvement. The biggest gains come from Flickr retrieval, fairness (GeoDE, Dollar Street) and

remote sensing (EuroSAT, RESISC45) tasks (Figure 3.3).

In particular, on GeoDE [145], which consists of images of common objects crowd-sourced from

six different regions across the world, we find that using translated multilingual captions makes

CLIP perform better on all regions, with the biggest gain coming from Africa images (5.5%) and

the second biggest gain coming from the Europe region. This is unexpected given that African

languages only make up a small fraction of the training set, and after translation, more European

(compared to African) language samples make it to the resulting filtered subset (Appendix B.4).

Besides, it is worth noting that on GeoDE, our best baseline from Table 5.1 ("Filtered raw captions

& Filtered translated captions") outperforms the current best baseline on DataComp’s medium

scale ("HypeSampler" [90]) by 1.5%, measured in terms of worst-region accuracy (Africa).

3.6 Understanding the Differences Between English and (Trans-

lated) Non-English Data

Given that using more image-text pairs of non-English origins in the training set offers significant

benefits on most vision tasks, including tasks that are shown to be English-centric, we seek to

further understand the various ways that non-English data complements and improves the diversity

of English data, in both image and text space.

3.6.1 Image Distribution

As a proxy for capturing image distribution differences, we train simple classifiers—a Support Vector

Machine (SVM) on CLIP embeddings and a ResNet-50—to distinguish images with English captions

from those with non-English captions. We randomly sample 100K images from each distribution for
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English data Non-English data

Figure 3.5: Visualizations of what an SVM deems typical of images with English
captions and those with non-English captions. We show examples of easy-to-classify images
in our English versus non-English data classification task. Besides the product logo and text in
some images that are suggestive of the language distribution, the image content mostly depicts
common scenes and objects.

training and 10K for testing. We only use images from the top 20% of the candidate pool (based

on DFN cosine similarity score), to ensure that (i) these are the samples that the best-performing

CLIP models are eventually trained on, (ii) images are of sufficient quality, to the extent that they

have fitting captions accompanying them.

We note that this classification task is non-trivial for a number of reasons:

• Many images are duplicated across the web, i.e., after DataComp performs image deduplication it

is possible for these images to appear with either English captions or non-English captions in our

data pool.

• The language detection model is not perfect and web-crawled captions may contain more than one

language in the same sentence.

• Images with non-English captions contain many sub-distributions of images, some of which may

overlap with the distribution of images with English captions (e.g., eurocentric data).

Despite these challenges, our simple classifiers achieve 67% accuracy on the binary classification

task, significantly better than random chance performance. In Figure 3.5, we show some examples
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of what the SVM deems easy to classify. Overall this experiment suggests that the distribution of

images with non-English captions is sufficiently distinct from that of images with English captions.

Therefore, not training on more of the former means we are missing out on a considerable amount

of visual information that can only be found in a separate part of the web.

3.6.2 Text Distribution

In the text space, we leverage MAUVE score [137] to quantify the differences between English

captions and non-English captions that have been translated to English. MAUVE was originally

designed to measure the gap between machine- and human-generated texts. The metric computes

KL divergences in a quantized, low-dimensional space after embedding text samples from each

distribution with a language model (by default, GPT-2). The output score ranges between 0 and 1

and the higher it is, the more similar the text distributions are. Similar to our analysis in the image

space, we only use caption samples from the top 20% of the candidate pool (based on DFN score).

In Table 3.2, as a sanity check, we randomly sample two disjoint sets of 10K captions from the

same text distribution (e.g., non-English captions having been translated to English with the NLLB

translation model, or English captions having been passed through the same model). We find that

the two sets indeed exhibit high MAUVE scores (above 0.95). When comparing raw English captions

to English captions that have been passed through the NLLB model (i.e., "translated English"),

we find that the MAUVE score decreases slightly (0.890), indicating that the translation process

introduces some artifacts making English-translated English text look somewhat different from raw

English text.

When comparing raw English texts and non-English texts, both having been passed through the

translation model and thus undergone the same "preprocessing" (i.e., English translation), the

resulting MAUVE score is relatively low (0.616). This signals that independent of differences in

language, what is discussed in English captions and non-English captions differs in many ways. We

should therefore leverage both sources of text information as much as possible for training.

3.7 Discussion
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Text distributions MAUVE

score

Translated non-English vs.

Translated non-English

0.964 ± 0.005

Translated English vs.

Translated English

0.957 ± 0.005

English vs.

Translated English

0.890 ± 0.004

Translated English vs.

Translated non-English

0.616 ± 0.010

English vs.

Translated non-English

0.449 ± 0.008

Table 3.2: There exists a substantial gap
between the distribution of English cap-
tions and that of non-English captions,
even when we apply translation to both,
suggesting that they capture different con-
tents. We use MAUVE score [137] to mea-
sure the difference between English captions and
(translated) non-English captions in the training
set. We find that (i) translation indeed intro-
duces some artifacts and changes what "English"
texts may look like, (ii) the English text dis-
tribution is remarkably different from the non-
English one, even after they are converted to the
same medium with translation. All scores are
averaged over 3 randomly sampled sets of 10K
captions.

In this work, we bring all web-crawled image-text

pairs into a common language medium via English

translation, and systematically study the empiri-

cal benefits of using non-English data with respect

to standard computer vision tasks (that are in En-

glish). By including significantly more (translated)

multilingual data in the filtered training set, the

improved cultural and linguistic diversity in turn

leads to substantial gains across all major metrics—

ImageNet, distribution shift robustness, retrieval

capabilities and average performance across 38

tasks—even if some of these metrics have been

shown to overfit to English. We also find that

despite being translated to the same language, En-

glish and non-English data distributions are still

distinct from each other.

Limitations We fix the data filtering method

to be based on image-text cosine similarity out-

put by a trained model, and study the impact of

selecting training data based on different caption

distributions. We show that the advantages of

using translated multilingual data are robust to

the choice of the filtering network. However, our best-performing baseline is currently not state-of-

the-art on the DataComp benchmark [57]. It remains an open question whether the performance

benefits of our method persist with other score metrics, e.g. hyperbolic entailment [90] - currently

the best method for DataComp’s medium scale, or other filtering methods that are used jointly

with CLIP score, e.g. T-MARS [114] which also removes text-spotting images with limited visual

information.
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Besides, we acknowledge that translation can introduce artifacts and reduce the richness of expressions

in the original languages. Prior work has shown that translated sentences are less effective compared

to manually-written sentences as sources of training data for vision tasks, e.g. image captioning

[119, 97]. Our work mainly leverages translation as a way to convert all image-text pairs to the

same medium, and remove confounding impacts of language in data selection and model training.

Broader impact While most studies have looked into non-English data with the goal of increasing

societal representation and subsequently improving performance on under-served populations or

tasks, we observe that non-English data can actually help enhance model capabilities as a whole,

including on standard English benchmarks. This suggests that diverse representation in training

data, e.g. as measured by cultural and linguistic backgrounds, should be a deliberate design decision

in the data curation process, instead of existing only as a byproduct of the preprocessing pipeline or

out of societal considerations.

Future work This work motivates future studies into data curation techniques that directly

improves the diversity of data origins. Another interesting direction of exploration is adapting

trained CLIP models from this paper for multilingual benchmarks, such as by re-training the text

encoder (that has only been trained on English and English-translated captions) with the technique

proposed by Carlsson et al. [26]. We hypothesize that text adaptation alone is sufficient for our

models to perform competitively on non-English tasks, owing to the presence of significantly more

multilingual and multicultural images in our pretraining dataset.
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Chapter 4

Beyond Filtering: Synthetic Captions

as a Data Quality Fix

4.1 Overview

Massive web datasets play a key role in the success of large vision-language models like CLIP and

Flamingo. However, the raw web data is noisy, and existing filtering methods to reduce noise often

come at the expense of data diversity. Our work focuses on caption quality as one major source of

noise, and studies how generated captions can increase the utility of web-scraped datapoints with

nondescript text. Through exploring different mixing strategies for raw and generated captions, we

outperform the best filtering method proposed by the DataComp benchmark by 2% on ImageNet and

4% on average across 38 tasks, given a candidate pool of 128M image-text pairs. Our best approach

is also 2× better at Flickr and MS-COCO retrieval. We then analyze what makes synthetic captions

an effective source of text supervision. In experimenting with different image captioning models, we

also demonstrate that the performance of a model on standard image captioning benchmarks (e.g.,

NoCaps CIDEr) is not a reliable indicator of the utility of the captions it generates for multimodal

training. Finally, our experiments with using generated captions at DataComp’s large scale (1.28B

image-text pairs) offer insights into the limitations of synthetic text, as well as the importance
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of image curation with increasing training data quantity. The generated captions used in our

experiments are now available on HuggingFace6.

4.2 Introduction

Pretraining large multimodal models on image-text pairs sourced from the web has become a

standard approach to obtaining high performance on vision tasks [7, 136, 85, 141]. However, raw

web data can be noisy or uninformative (Figure 4.1). Many existing data preprocessing efforts revolve

around human-defined heuristics based on image and text content separately—e.g., caption length,

presence of nouns, sentence complexity, image aspect ratio, minimum image size [24, 160, 27, 166]—

or the reliability of the data source [42]. More complex filtering approaches target poorly aligned

image-text pairs, by using trained CLIP models [141] to rank the cosine similarity score between

image and text embeddings [160], or ensuring mentions of image objects in the captions [166]. These

approaches discard between 60% to 90% of the initial data collected, regardless of whether the

images themselves are suitable for training.

In this work, we seek to restore the utility of such discarded examples with the help of synthetic

captions. To do so, we leverage the DataComp benchmark [56], where initial data processing is kept

to a minimum, i.e. only filtering out NSFW examples and train-test overlap. This allows us to

perform controlled experiments on the raw Common Crawl data and bypass subjective human-design

choices that may be employed in the creation of other datasets (e.g., LAION-5B [160]). We study

several image captioning models and find that recent releases (e.g., BLIP2 [99] and OpenCLIP-CoCa

[138]) can generate captions that improve CLIP training and lead to a significant boost in zero-shot

performance over existing data curation methods. In particular, at the medium scale (128M samples

seen), training on the entire candidate pool with synthetic captions is sufficient to outperform

common filtering baselines that are applied to raw data (e.g., selecting top 30% examples with

highest image-text cosine similarity based on OpenAI’s CLIP-ViT/L14). Section 4.6 describes our

experiments with a variety of mixing strategies to combine signals from both raw and synthetic text.

6https://huggingface.co/datasets/thaottn/DataComp_medium_pool_BLIP2_captions,
https://huggingface.co/datasets/thaottn/DataComp_large_pool_BLIP2_captions
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Figure 4.1: Raw captions crawled from the web contain significant noise; cosine
similarity filtering helps reduce noise but discards many images that are useful for
training. Here we show some images that would be filtered out if only the top 30% examples from
the candidate pool with highest image-text cosine similarities are used for training. In these pairs,
captions generated by BLIP2 tend to be more faithful to the respective images compared to raw
captions obtained from the Internet. In Appendix C.1, we show 20 other samples drawn completely
at random from the discarded pool.

To explain the performance benefits of synthetic captions, we measure caption noise and diversity in

various training sets, and demonstrate the importance of both factors in achieving good performance.

While existing data filtering methods are effective at reducing noise, they also hurt the diversity of

the original training data in the process (e.g., by reducing concept coverage). Synthetic captions

help alleviate this drop in diversity by increasing the number of useful captions available for training.

In Section 4.7, we analyze various properties of caption data, as well as specific advantages of

training with synthetic captions (e.g., improved retrieval capabilities).

Remarkably, our empirical investigation in Section 4.5 shows that choosing a captioning model to

yield competitive downstream performance is non-trivial, as better performance on image captioning

benchmarks does not necessarily mean better generated captions for CLIP training. We also note

that while this work focuses on the quality of captions used in multimodal training, image quality is

another equally important topic of study. As the size of the data pool we experiment with grows, we

start to observe changes in the relative importance of text quality versus image quality in building

a good pretraining dataset. We comment on this in Section 4.8.
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To summarize, our findings serve as a first step towards improving the quality of web-scale datasets

via the use of synthetic captions. In the process, we offer insights on several research directions:

• What are the considerations for choosing a captioning model? We find that specializing a pretrained

network towards image captioning via fine-tuning, and optimizing for high CIDEr score on standard

benchmarks in general, end up producing captions that are less effective for multimodal training.

Reference-free captioning metrics (e.g., CLIP-S [79]) more reliably reflect the training quality of

the generated captions.

• How to combine signals from multiple sources of captions? We investigate different strategies for

filtering and mixing raw and synthetic captions. This leads to performance gains on DataComp

benchmark at small (12.8M pool size), medium (128M pool size) and large (1.28B pool size)

scales, compared to existing approaches that utilize only raw data. On ImageNet, the performance

benefits diminish with scale. On retrieval tasks, however, the gains are significant across all scales.

• What makes synthetic captions effective? Our analysis of text properties shows that on an individual

level, synthetic captions are less noisy and contain more visual information. However, at the

population level, synthetic captions are less diverse than raw captions. Consequently, using both

sources of captions helps improve the overall caption quality, measured in terms of text diversity

as well as image-text alignment.

• How do benefits of synthetic captions scale? Unlike what was found in the original DataComp

experiments, given access to generated captions, the best filtering approach differs across scales.

Experimenting with data quantities ranging from 12.8M to 1.28B also allows us to observe some

limitations of synthetic captions. We posit that image-based filtering, as well as the diversity gap

between model-generated and web-scraped captions, play an increasingly important role in large

data regimes.

More broadly, our results have important implications for future work as additional progress

(captured by the right metric) in image captioning can further enhance the quality of text used

for vision-language pretraining. Moreover, the effectiveness of synthetic captions unlocks another

massive source of training data: uncaptioned web images from Common Crawl. This can ultimately
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empower more large-scale multimodal training by improving the availability of properly aligned and

sufficiently diverse image-text data.

4.3 Related Work

Synthetic data. Previous work has explored using synthetic data to create new datasets or

augment existing ones [46, 150, 133, 86, 211, 58, 117, inter alia]. Closer to our work, He et al.

[74], Azizi et al. [12], Bansal and Grover [13] use image generation models to create synthetic images

for classification tasks. In the context of CLIP, Santurkar et al. [158] show that a model trained on

synthetic captions can outperform a model trained on human-provided captions. The captions were

generated procedurally for the 120K images in the MS-COCO training set [30] using multi-object

image labels verified by Mechanical Turk workers, which would be difficult to obtain for web-scale

datasets like LAION-5B [160] or CommonPool [56] that are about four orders of magnitude larger.

Most similar to our work is the LAION-COCO dataset [161], containing 600M image-text pairs

from LAION-5B [160] with synthetic captions generated using BLIP [100] and ranked using CLIP

models [141, 84]. While [161] heavily filters the raw data pool before generating captions, we work

with uncurated web datasets. In addition, the generated captions provided by LAION-COCO still

significantly lag behind the corresponding web-crawled captions when it comes to yielding good

CLIP performance—we provide empirical evidence and address this gap in Appendix C.7.

Image captioning. Building models able to generate captions from images has been a long-

standing subject of research [91, 89, 102, 41, 189, 188, inter alia]. More recently, models like BLIP2

[100, 99], Flamingo [7], and CoCa [203, 138] have made significant progress on this task. It is

worth noting that the training data for BLIP [100] and BLIP2 [99] contains synthetic captions, as

the authors find that this helps boost the captioning ability of the resulting model compared to

training on just noisy web data. Zhu et al. [213] couple large language models with image captioning

models to generate more enriched image descriptions. We expect that as these image captioning

systems become more capable, the impact of using synthetic data will bring larger improvements

over existing noisy image-text datasets.
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Improving image-text datasets. Given the importance of the pretraining data for multimodal

networks [124, 51, 56], several authors have proposed techniques for improving the quality of

image-text datasets. Radenovic et al. [140] propose a filtering technique called Complexity, Action,

and Text-spotting (CAT), designed to select only informative image-text pairs. Cao et al. [25] filter

out samples that contain text regions in the image and advocate for the benefits of increasing the

number of samples given a fixed compute budget. Instead of discarding all text-spotting examples,

Maini et al. [114] proposes masking out the text part in the image and only removing image-text

pairs in which the masked image contains no useful visual features. Abbas et al. [2] identify and

remove samples that are semantically similar to each other. Many image-text datasets also have

their own preprocessing techniques, often not fully disclosed [141, 85, 136, 27, 42, 160]. All of these

filtering approaches are complementary to the use of synthetic captions proposed by this work.

Concurrent to our work, Fan et al. [50] present a form of data augmentation for training CLIP models

where the captions are rewritten by a large language model. However, the rewriting process assumes

access to some raw text and is not conditioned on the images, which may limit its effectiveness when

the original captions are not descriptive (e.g., see Figure 4.1). In contrast, our work uses image

captioning models, which are able to generate relevant captions for images regardless of the original

text associated with them. We also work with raw Common Crawl data instead of preprocessed

datasets to study the trade-offs between raw and generated captions in a systematic manner. Finally,

Gadre et al. [56] introduces DataComp, a benchmark for designing better pretraining datasets for

CLIP, which we use in experiments throughout the paper.

4.4 Experiment Setup

Data. Most of our experiments involve the CommonPool provided by the DataComp benchmark

[56]. CommonPool contains image-text pairs sourced from Common Crawl dumps between 2014 and

2022, deduplicated and randomly shuffled. The small, medium, and large scales of the benchmark

contain 12.8M, 128M and 1.28B candidate pairs respectively. Data preprocessing is kept to a

minimum, involving only NSFW filtering, evaluation set deduplication, and face blurring, to allow
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maximum flexibility for dataset design. We also experiment with LAION-COCO [161] and discuss

in Appendix C.7 why it is not ideal for studying the benefits of synthetic captions.

Captioning models. We experiment with BLIP [100] and BLIP2 [99] using HuggingFace’s

Transformers framework. Both models were pretrained on 129M image-text pairs from the web

including MS-COCO [30] and LAION-400M [160], in addition to the bootstrapped version of the

web data with synthetic captions generated by BLIP’s captioner. We also look at OpenCLIP-CoCa

[138, 84], which was trained on LAION-2B [160]. For each architecture, we experiment with both

the pretrained model and the one that has been fine-tuned on MS-COCO. Caption generation uses

top-K sampling with K = 50, minimum caption length 5, and maximum caption length 40.

Training. Given CommonPool data of a particular scale, we generate synthetic captions for the

images in the pool using the captioning models described above. Then we train a CLIP model on

the resulting image-text datasets, using ViT-B/32 as the image encoder for the small and medium

scales, and ViT-B/16 for the large scale. Following DataComp’s setup [56], the compute budget,

architecture and hyperparameters for each scale are fixed in order to isolate data quality as the main

factor influencing performance. Given a candidate pool of N image-text pairs, the CLIP model is

then trained with N samples seen in total. Refer to Appendix D.1 for more details.

Evaluation. We adopt DataComp’s zero-shot evaluation suite and report both ImageNet accuracy

and the average accuracy over 38 classification and retrieval tasks proposed by the benchmark [56].

We also pay particular attention to retrieval performance on Flickr30K [202] and MS-COCO [30].

The retrieval score reported is the average of text-to-image Recall@1 and image-to-text Recall@1.

Unless specified otherwise, in the subsequent sections, “CLIP score filtering” or “top x%” refers

to selecting top x% examples from the initial training set, based on the cosine similarity between

image and text embeddings output by OpenAI’s CLIP ViT-L/14 model [141], and “BLIP2” refers

to captions generated by BLIP2, using top-K sampling with softmax temperature 0.75, which we

have found to yield the best downstream performance compared to other sampling temperatures

(see Appendix C.3).
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Captioning model NoCaps
CIDEr

CLIP-S Cosine
similarity

No. of
unique tri-
grams

ImageNet
accuracy

Flickr
retrieval

BLIP, ViT-L/16
(finetuned)

113.2* 0.698 0.231 2.82 × 106 0.207 0.498

BLIP2, ViT-g 80.6 0.737 0.251 2.72 × 106 0.281 0.507
BLIP2, ViT-g
(finetuned)

119.7* 0.711 0.235 1.97 × 106 0.227 0.549

OpenCLIP-CoCa, ViT-
L/14

0.354* 0.752 0.260 4.45 × 106 0.321 0.395

OpenCLIP-CoCa, ViT-
L/14 (finetuned)

106.5* 0.702 0.232 1.81 × 106 0.252 0.542

Table 4.1: CIDEr score does not reliably predict how effective a captioning model is at
generating synthetic captions for multimodal pretraining; fine-tuning image captioning
models leads to lower ImageNet accuracy when training CLIP on the generated captions.
* indicates numbers obtained from previous work and from contacting the authors. We fix the
architecture and compare captions generated from captioning models with and without fine-tuning
on MS-COCO [30] as sources of text supervision for CLIP. Models that are fine-tuned specifically
for the task of image captioning ends up producing synthetic captions that are worse for pretraining
CLIP to do well on complex tasks like ImageNet. We hypothesize that this is due to reduced
text diversity. On the contrary, retrieval performance is higher when using captions generated by
fine-tuned models.

4.5 Impact of Model Specialization on Captions Generated for

Multimodal Training

Given the abundance of image captioning models to choose from, a natural question to ask is: does

performance on standard image captioning benchmarks correlate with how useful the generated

captions are as text supervision for CLIP training?

In particular, CIDEr [181], together with other reference-based metrics like SPICE [9] and BLEU-4

[130], has been widely adopted as a yardstick for determining state-of-the-art on image captioning

benchmarks [203, 7, 100, 99, 82]. Consequently, previous work [203, 100, 99] also experiments with

fine-tuning captioning models on MS-COCO and obtains competitive CIDEr scores on popular

evaluation sets like NoCaps [4].
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Figure 4.2: At the 128M scale of DataComp, we obtain improvement on ImageNet
and average accuracies compared to the best filtering method on raw data, by using
a mixture of raw and synthetic captions, selecting only image-text pairs with cosine
similarity above a certain threshold. (Left) We visualize how various data filtering strategies
perform at medium scale, on ImageNet and across 38 tasks. Including BLIP2 captions in the training
data significantly outperforms competitive baselines from DataComp trained on only raw text
[56]. (Right) As we vary the percentage of top examples chosen from the pool (based on CLIP
score), we see consistent benefits from (i) using BLIP2 captions for samples that would be discarded
otherwise, (ii) applying the same filtering threshold to new image-text pairs containing BLIP2
captions to maintain a high level of image-text alignment. The exact accuracy numbers can be
found in Appendix C.4.

We compare the utility of synthetic captions produced by BLIP2 and OpenCLIP-CoCa with and

without fine-tuning on MS-COCO, by training CLIP on the generated captions and evaluating the

trained model on ImageNet classification and Flickr retrieval (Table 4.1). Fine-tuned captioning

models produce captions that boost the retrieval capabilities of CLIP, but hurts its ImageNet

performance. We hypothesize that fine-tuning on MS-COCO reduces the diversity of the generated

text, as evidenced by the lower number of unique trigrams across 1M random caption samples (Table

4.1). Notably, captioning models that are not fine-tuned have very poor CIDEr scores; going with

this metric would have suggested that these models are not suitable for caption generation at all.

While many image captioning metrics like CIDEr, SPICE and BLEU-4 emphasize similarity between

generated captions and reference captions provided by humans, prior work has also proposed

reference-free metrics—for example, CLIP-S [79], which uses a trained CLIP model to assess the

compatibility between an image and the generated caption. We compute CLIP-S for the medium
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candidate pool with different synthetic captions and find that this metric is more reflective of the

ImageNet performance trend. Fine-tuned captioning models produce captions that have lower

CLIP-S and image-text cosine similarity in general.

Since BLIP2 (no fine-tuning) produces sufficiently good text supervision for CLIP to do well on

both ImageNet classification and Flickr retrieval, we use it as the captioning model of choice in

subsequent experiments that look at how to combine raw and synthetic captions.

4.6 Filtering Raw and Synthetic Captions

Raw (no filtering) 13.2

Raw (top 30% intersect IN1k) 18.2

Raw (top 30%) 19.7

Raw (top 30%) + BLIP2 (70%,

filtered)

38.0

BLIP2 (top 75% intersect IN1k) 38.9

BLIP2 (top 50%) 40.1

Raw (top 30%) + BLIP2 (70%) 40.5

BLIP2 (no filtering) 41.7

Table 4.2: Training on generated cap-
tions substantially boosts retrieval
capabilities of the resulting CLIP
models. Here we report the average
text-to-image and image-to-text retrieval
performance across both MS-COCO and
Flickr for different data filtering baselines.
More specific breakdown can be found in
Appendix Figure C.1. Overall, we observe
a 2× improvement at the medium scale of
DataComp when synthetic captions are
included in the training set.

Here we explore in more detail different ways of filtering

and combining raw and generated captions at the medium

scale of DataComp [56]:

• No filtering: we train on the entire, unmodified pool

(i.e., 128M samples).

• CLIP score filtering: we select the top x% of examples

with highest image-text cosine similarity.

• CLIP score intersect with ImageNet1k clustering:

Gadre et al. [56] propose clustering image embeddings

and only selecting images whose cluster center is a

nearest neighbor to an image from ImageNet1k. The

authors then find the intersection between this set

of examples and those that are in the top x% based

on CLIP score. This is the best baseline using raw

captions on DataComp.

• Combining raw and synthetic captions: we use raw

captions for the top x% of examples based on CLIP

score. For the remaining images (that would otherwise be filtered out), we generate corresponding

BLIP2 captions and add them back to the training pool. We also experiment with filtering these
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additional image-text pairs with the same cosine similarity threshold set in the first step (i.e.,

BLIP2 (x%, filtered) in Figure 4.2).

In Appendix C.4, we examine other baselines and report how well each approach does with varying

cosine similarity thresholds. Figure 4.2 (left) shows the relative performance of select baselines (the

degree of CLIP score filtering has been tuned and only the best accuracy is plotted). We find that

the best performance at medium scale, measured by either ImageNet or average accuracy, is achieved

by mixing raw and synthetic captions, subject to a cosine similarity threshold. Besides, including

BLIP2 captions in the training set also improves retrieval performance by more than 2× (Table 4.2).

In the right plot of Figure 4.2, we compare ImageNet performance at various filtering thresholds

for methods that involve only one source of captions and those that involve both. We observe

that given image-raw-text pairs filtered with certain cosine similarity threshold (blue line), adding

BLIP2 captions for some (red line) or all of the remaining images (green line) always helps. It is

worth noting that as we lower the threshold and include more raw captions in the training mix, the

performance starts to become lower than using just synthetic captions (orange line). Overall we

find that filtering is still a necessary step even when using synthetic captions that are supposedly

more relevant to the training images.

4.7 What Makes Synthetic Captions Effective?

4.7.1 Defining Caption Quality

As seen from sample images in Figure 4.1, web-scraped text may not contain specific visual

information (e.g., “Italien - Ligurien”) or may not reflect the content of the image (e.g., “Image Not

Found”). We seek to understand how generated captions can help overcome these issues.

To approximate the richness of information conveyed in the text data, we take a 1M random subset

from each training set and measure the number of words, as well as the grounding ratio [174] (i.e.,

the fraction of tokens that describe visual concepts, with the vocabulary defined by MS-COCO),

in the corresponding captions. In Figure 4.3, we observe that synthetic captions and raw captions

follow different distributions, with the former generally containing more words (left pane) and more

91



100 101 102

Number of words

0.000

0.025

0.050

0.075

0.100

0.125

0.150

0.175

0.200

Fr
eq

ue
nc

y

10 1 100

Grounding ratio
0.00

0.05

0.10

0.15

0.20

0.25

0.30

Fr
eq

ue
nc

y BLIP2
BLIP2 (top 30%)
Raw
Raw (top 30%)
Raw (top 30%) +
BLIP2 (70%, filtered)

Figure 4.3: Individual synthetic captions can contain more information (especially
visual one) than raw captions. We calculate the number of words and the fraction of those
being visual tokens in each caption for different training sets. Individual BLIP2 captions tend to
yield higher numbers on these two metrics compared to individual web-crawled captions, suggesting
that on a caption-per-caption basis, synthetic data may contain richer information.
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Figure 4.4: Generated captions overall ex-
hibit higher image-text alignment than raw
captions; this indicates that the former is
less noisy as a training source. We randomly
sample 1% of the 128M candidate pool and given
the same set of images, compare the cosine simi-
larity distribution between raw caption data and
BLIP2 caption data. We find that overall BLIP2
captions have much higher image-text cosine simi-
larity (mean similarity 0.251 vs 0.208).

visual tokens (right pane) per sample. Performing CLIP score filtering on raw captions leads to

improvements on both of these properties; so does mixing raw and synthetic captions. Regarding the

issue of poor image-text alignment, we approximate the alignment using cosine similarity between

image and text embeddings from CLIP, and find that web-crawled captions indeed have lower

similarities overall compared to model-generated ones (Figure 4.4).

The analyses above measure properties of individual captions. We next aim to capture a single

diversity metric over all text in the training set. We again select a random subset, the size of which

scales with the training set size, and calculate the number of unique trigrams across all captions in

the subset. With this diversity metric, we find that BLIP2 captions actually lag behind raw captions

(Figure 4.5). Using only the top 30% raw captions (based on CLIP score) is even more detrimental.
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We summarize these different aspects of caption quality in a noise versus diversity framework (Figure

4.5), which also offers some intuition for our best baseline uncovered in Section 4.6. CLIP score

filtering that has been commonly adopted in prior work [160, 56] is effective at improving performance

on raw data by by removing noisy examples (i.e., those with poor image-text alignment). However,

this procedure also lowers diversity (note: Figure 4.5 only provides a measure of text diversity, but

image diversity is affected as well). By generating synthetic captions for the images that would be

discarded otherwise, and subsequently only using pairs where the image-text similarities still meet

the threshold, we manage to keep the overall noise level similarly low, while adding more diversity

to the training pool. Progress along both axes enables further performance improvement compared

to just filtering raw data.
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Figure 4.5: Combining raw and syn-
thetic captions subject to a cosine sim-
ilarity threshold helps reduce noise
level while boosting data diversity,
both of which are essential for achiev-
ing good performance. In this plot, circle
size denotes the relative size of the resulting
training set. While removing noisy image-
text pairs, CLIP score filtering also lowers
the diversity of the caption set substantially,
as measured by the number of unique tri-
grams in the pool. Adding more useful train-
ing data by using BLIP2 captions for filtered
out images, while respecting the existing
CLIP score threshold, helps overcome this
limitation and improves the training data
quality along both axes.

4.7.2 Performance Analysis

After diving deeper into properties of synthetic captions, we next analyze the training implications of

these captions in more detail. We examine two models, one trained using only raw captions and the

other using only BLIP2 captions, with both training sets having been filtered with CLIP score for

top 30% pairs, and achieving similar performance on ImageNet (27.3% vs 27.5%). Averaged across

38 evaluation tasks, training on generated captions offers a 2.8% improvement. We break down

performance difference between the two models on individual tasks (Figure 4.6), and observe that
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Figure 4.6: Given similar ImageNet accuracy, training with generated captions improves
performance on 23 out of 38 tasks compared to training with raw captions, especially
on ImageNet distribution shifts, text recognition and retrieval tasks. We compare
performance on each task of the DataComp benchmark between training with only BLIP2 captions
and training with only raw captions; both datasets have been filtered with CLIP score to select
the top 30% examples. Even though the two training sets both yield ∼27% ImageNet accuracy,
using generated captions leads to 2.8% improvement on average, including minor gains on ImageNet
distribution shifts and significant gains on MNIST, SVHN, Flickr and MS-COCO retrieval.

BLIP2 captions also perform better on ImageNet-derived distribution shifts and text recognition

(e.g., MNIST, SVHN). Notably, among the tasks with the biggest performance gains are Flickr and

MS-COCO retrieval. We provide a similar analysis in Appendix Figure C.2, where expanding a

filtered raw dataset with additional images and their BLIP2 captions improves CLIP performance

on 30 out of 38 tasks.

The two models compared above share similar ImageNet accuracy but may not be trained on the

same images. In Figure 4.7, we fix the set of training samples to be the top 30% with highest cosine

similarity between image and raw text. Replacing the raw captions with BLIP2 captions increases

retrieval performance on Flickr and MS-COCO by more than 1.5× (first two columns of each task).

We also report retrieval performance of training on all BLIP2 captions (no filtering), generated using

either the pretrained or the fine-tuned captioning model, as well as that of training on a mixture of

raw and BLIP2 captions, to demonstrate the consistent gains that synthetic captions offer.
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Figure 4.7: Synthetic captions display a
clear advantage over raw captions on re-
trieval tasks. We highlight the superior per-
formance on Flickr and MS-COCO retrieval ob-
tained from training CLIP on captions generated
by BLIP2 (pretrained model or model that has
been fine-tuned on MS-COCO), compared to
training on raw captions. In particular, the first
two columns of each task represent two models
trained on the same set of images (i.e., those
whose cosine similarity between image and raw
text embeddings are in the top 30%), just with
different captions. This suggests that substantial
gains on retrieval tasks can be obtained solely
by using better aligned captions.

4.8 Performance at Scale

We next apply select baselines described in Section 4.6 to a wider range of candidate pool sizes,

ranging from 12.8M to 1.28B samples. In particular, we examine training on the entire pool with

only raw captions or only BLIP2 captions, CLIP score filtering, using the intersection of top CLIP

score examples and examples that lie in clusters close to ImageNet train set, as well as mixing raw

and synthetic captions—our best baseline from the medium scale. The filtering percentage for each

method is tuned on the medium scale candidate pool and then applied to experiments at other scales.

Given a starting pool of N samples, we limit the training budget to N steps. The 400M and 1.28B

scales use the large training settings from DataComp (see [56]).

We focus on ImageNet classification and Flickr retrieval performance (note: MS-COCO training

set was included in BLIP2’s pretraining data so we have excluded MS-COCO retrieval from this

comparison). At larger data quantity regimes, using synthetic captions continues to substantially

outperform existing raw-text filtering baselines at retrieval (Figure 4.8, right plot). On ImageNet,

however, adding BLIP2 captions to the training mix sees diminishing returns: Raw (top 30%

intersect IN1k) + BLIP2 (remaining 70%, filtered, intersect IN1k) outperforms Data-

Comp’s best baseline trained on raw data, Raw (top 30% intersect IN1k), by 2.5% at 400M

scale and 1.2% at 1.28B scale (Figure 4.8, left plot).
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Figure 4.8: With access to generated captions, we find that the best data filtering
method for ImageNet classification varies with the scale of the candidate pool; however,
when it comes to retrieval, training on synthetic captions is beneficial across all scales.
We apply select baselines from Section 4.6 to a range of candidate pool sizes, and find that the best
method on Flickr retrieval always involves synthetic captions (right plot). On ImageNet (left plot),
selecting meaningful images (e.g., those that lie close to the ImageNet train set in the embedding
space) becomes increasingly important at larger scales (see dotted versus striked columns). As the
data pool size increases, using BLIP2 captions seems to yield diminishing returns, possibly due to
the saturation of text diversity obtained from image captioning models.

To give some intuition for this result, we offer two candidate hypotheses:

• As noted in Section 4.7, both caption noise and diversity are important considerations for

performance. Noise level, measured by average image-text cosine similarity, stays about the same

across all scales for each training distribution. In contrast, the diversity gap between model-

generated text and web-scraped text may become more significant with increasing data quantities.

We repeat the caption quality analyses from Section 4.7 with varying random subset size, and find

that when using the number of unique nouns and unique trigrams as proxies for text diversity,

generated captions exhibit a worse scaling trend than raw captions (Appendix Figure C.4).

• Image quality becomes increasingly important at larger scales:

(i) from 12.8M to 128M scale, training on the entire candidate pool with BLIP2 captions outperforms

competitive filtering baselines done on raw data (e.g., Raw (top 30%)). This is not the case for

larger scales.

(ii) starting from 128M scale, baselines that also curate image content (i.e., intersection of top
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CLIP score examples and those that lie in clusters close to the ImageNet1k train set) consistently

outperform baselines that involve only CLIP score filtering, using either raw or BLIP2 captions.

Exact performance numbers can be found in Appendix C.4, Table C.2. Overall, we find that given

a fixed training budget, making more datapoints useful by carefully replacing noisy raw captions

with synthetic captions—e.g., Raw (top 30%) + BLIP2 (70%, filtered) versus Raw (top

30%)—still offers classification and retrieval gains across all scales. However, for synthetic captions

to continue to perform competitively on ImageNet at larger data regimes, we need to start paying

attention to image content, as well as enhancing the diversity of the generated text.

4.9 Discussion

In this work, we demonstrate the effectiveness of synthetic captions in improving caption quality for

multimodal training, as well as enhancing certain capabilities of the resulting model (e.g., retrieval).

Notably, we find that fine-tuning general-purpose models towards the task of image captioning

actually makes them less effective at producing good captions for CLIP training. Our experiments

with various data pool sizes, ranging from 12.8M to 1.28B image-text pairs, show that including

generated captions in the training data can be highly effective at small and medium scales. However,

with larger data quantities, the diversity gap between model-generated and web-scraped text begin

to hinder performance gains, and it also becomes increasingly harder to obtain state-of-the-art

ImageNet accuracy by just improving text supervision alone.

Limitations. Our experiments do not involve an exhaustive list of image captioning systems

currently available. Given a captioning model of sufficient capability—i.e., it can generate captions

for training CLIP to reach a good performance—a major theme of our work is understanding how

to combine signals from both raw and synthetic captions, as well as the differences between these

two sources of text. We note that even with improved caption quality, multimodal web datasets

may still contain harmful stereotypes, some of which have been extensively discussed in prior work

[20]. In Appendix C.8, we conduct some preliminary investigation on the change in race and gender

bias between training on only raw web-crawled text and training on synthetic captions. Besides,
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generated captions also inherit biases from the captioning models, and using these captions to train

the next generation of models can amplify the biases. The risks from using model outputs to replace

human annotations have been studied in simplified settings in [176, 169].

Future work. Our findings motivate a number of interesting future directions. One concrete

question is improving the diversity of generated captions at large scale, such as by varying the

softmax temperature (we only experiment with T = 0.75 at this scale, chosen based on our ablation

study at the medium scale), or by combining synthetic caption data from multiple image captioning

systems. Another direction is proposing new algorithms to combine information from raw and

generated captions, beyond what we already investigated in Section 4.6 and Appendix C.4. Future

work could also explore using text-to-image generation [152, 128, 157] to create synthetic training

images for concepts that are underrepresented in existing captions, in order to boost data diversity

and close knowledge gaps in the resulting model.
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Chapter 5

Beyond Web Scraping: Recycling

Discarded Data for Sustainable

Pretraining

5.1 Overview

Scaling laws predict that the performance of large language models improves with increasing model

size and data size. In practice, pretraining has been relying on massive web crawls, using almost all

data sources publicly available on the internet so far. However, this pool of natural data does not

grow at the same rate as the compute supply. Furthermore, the availability of high-quality texts

is even more limited: data filtering pipelines often remove up to 99% of the initial web scrapes to

achieve state-of-the-art. To address the “data wall" of pretraining scaling, our work explores ways to

transform and recycle data discarded in existing filtering processes. We propose ReWire, REcycling

the Web with guIded REwrite, a method to enrich low-quality documents so that they could become

useful for training. This in turn allows us to increase the representation of synthetic data in the final

pretraining set. Experiments at 1B, 3B and 7B scales of the DCLM benchmark show that mixing

high-quality raw texts and our rewritten texts lead to 1.0, 1.3 and 2.5 percentage points improvement
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respectively across 22 diverse tasks, compared to training on only filtered web data. Training on the

raw-synthetic data mix is also more effective than having access to 2× web data. Through further

analysis, we demonstrate that about 82% of the mixed in texts come from transforming lower-quality

documents that would otherwise be discarded. ReWire also outperforms related approaches of

generating synthetic data, including Wikipedia-style paraphrasing, question-answer synthesizing and

knowledge extraction. These results suggest that recycling web texts holds the potential for being a

simple and effective approach for scaling pretraining data. We make our high-quality synthetic data

publicly available at https://huggingface.co/datasets/facebook/recycling_the_web.

5.2 Introduction

Over the past few years, large language models (LLMs) have rapidly improved on various benchmarks.

This progress was driven largely by scaling up model size, training FLOPs, and in particular, dataset

size [80]. For instance, Llama-3 was pretrained on 15T tokens sourced from publicly available

data [67], while the previous generation of Llama models was only trained on 2T tokens [180]. The

vast quantity of training tokens so far is obtained primarily from internet crawls containing billions

of web pages [132, 190, 170], made publicly available by Common Crawl.

While compute resources can scale in accordance with scaling laws and improved hardware efficiency,

the growth of public human-generated texts has been less sustainable [110]. Villalobos et al. [183]

posit that the current rate of LLM development will exhaust the available stock of internet data

between 2026 and 2032. Despite growing concern that LLM pretraining is hitting such a “data

wall", existing work on data curation still finds it necessary to discard the majority–sometimes up to

99%–of the data collected to ensure quality and state-of-the-art downstream performance [98, 131].

As we approach the “data wall” while throwing away 99% of web-crawled data, a fundamental

question arises: can we recycle documents that have been discarded by quality filters to make them

useful for pretraining?

Existing work has started exploring different directions to address the impending data bottleneck.

For example, we can go beyond the public internet data and obtain licensed, hard-to-access sources
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(e.g., Reddit and news sites). However, while on average web crawls are of lower quality than these

curated sources, previous research has shown that after enforcing quality control, the former can

still dominate the latter in terms of token quantity and contribution to downstream performance

[195]. Another line of work proposes relaxing or changing the curation strategies to recover raw

documents that have been removed by previous quality filters [172, 121]. In addition, generating

synthetic data for certain skills or formats has also been studied to increase the token availability

[70, 105, 116].
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Figure 5.1: ReWire offers increasing
performance gains as we scale up model
size and training token budget. Our
experiments simulate the setting in which
high-quality texts are limited and the large
token budget (set to be Chinchilla-optimal in
this figure) necessitates training on the same
filtered dataset multiple times. On average
across 22 tasks from DCLM’s CORE [98],
mixing in the same amount of synthetic data
as that of high-quality web data ("HQ Raw +
HQ Rewrite") consistently outperforms train-
ing on only the latter ("HQ Raw").

Our work combines the two aforementioned strategies:

synthetic data generation and recycling discarded

documents. We propose REcycling the Web with

guIded REwrite (ReWire), which involves taking

all documents that are of moderate quality (i.e., hav-

ing passed some rule-based filters), using an LLM to

identify the purpose of the text content, and then ask-

ing the LLM to come up with an improved document

conditioned on chain-of-thought reasoning. Unlike

most existing work on synthetic data, our approach

specifically targets the vast quantity of low-quality

documents that are somewhat informative but still

not considered high-quality by existing filters. We

use LLM’s knowledge and reasoning capabilities to

recycle these documents and add them back to the

training pool. The overall data generation pipeline

is described in Figure 5.2.

Through extensive experiments at both 1B, 3B and 7B model parameter scales, we show that

pretraining models on a combination of high-quality web-crawled data and high-quality rewritten

data outperforms using the former alone (Section 5.4). Averaged across 22 tasks of the DataComp-

LM benchmark [98], the raw-synthetic data mixture improves performance by 1.0, 1.3 and 2.5
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Model-based FilteringRule-based Filtering

Figure 5.2: The REWIRE pipeline. We start with web documents from Common Crawl
that has undergone some filtering (i.e., RefinedWeb heuristics [132]), and thus are at least of
moderate quality. State-of-the-art data curation approach, e.g. DCLM-Baseline [98], applies further
model-based filtering to retain only top-quality documents for pretraining. Our pipeline takes
moderate-quality documents and prompts an LLM to do guided rewriting to generate improved
versions of these documents. Finally, we select only high-quality synthetic documents and combine
them with the DCLM-Baseline texts to form the final pretraining dataset.

percentage points, at 1B, 3B and 7B scales respectively. The performance benefits of adding

rewritten texts also hold across different ways of selecting high-quality raw documents. Furthermore,

we demonstrate that the accuracy level achieved by combining raw and synthetic data matches

that of using 2× more raw data (Table 5.1). We verify that our best baseline indeed contains a

significant amount of synthetic data “recycled” from low-quality documents (Section 5.5.1).

Finally, we compare our rewritten data to three other variations of synthetic data from recent

work [116, 172]: extracted knowledge and diverse question-answer pairs synthesized from high-quality

documents, Wikipedia-style rephrasing from low-quality ones. We show that ReWire generates

more diverse synthetic data (Section 5.5.3), which in turn contributes to higher performance on the

DCLM benchmark (Table 5.1).

5.3 Experiment Setup

5.3.1 Data Pool

We seek to simulate long token horizon training [172], a setting in which high-quality data is limited

and the large token compute budget necessitates seeing the same samples multiple times during
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training. As Muennighoff et al. [121] find that there are diminishing returns after four epochs

compared to training on more unique tokens, we limit the number of sample repeats to be at most 4

in our main experiments. Appendix D.4 contains additional experiments with larger training token

budget, thus also making the data repetition rate higher (at most 8 - 10 times).

We fix the starting pool to be DCLM-RefinedWeb [98], Common Crawl data that has passed the

initial rule-based quality filters from RefinedWeb [132] (e.g., repetition filter, page length filter, URL

filter, etc.) and global deduplication, but has not gone through model-based filtering. With this

pool of moderate-quality data, DataComp-LM [98] futher selects only the top 10% based on scores

from a fastText classifier [87]. This results in DCLM-Baseline.

Following the token budget set by DCLM at model sizes of 1B, 3B and 7B parameters, we fix the

starting pool size to be 72B, 140B and 345B tokens respectively. This is to ensure that even after

aggressive pruning, the high-quality data is repeated only at most 4 times. For instance, if the

training budget is 28.8B tokens seen at 1B scale, choosing the top 10% based on fastText scores from

a starting pool of 72B tokens would leave us with 7.2B tokens. We also experiment with relaxing

the filtering threshold (e.g., by selecting the top 20% instead of top 10%) so that there are more

unique tokens left after filtering.

5.3.2 Guided Rewriting

The central hypothesis of our ReWire framework is that web documents contain diverse content

and knowledge, but the writing structure can make them not coherent or elaborate enough to serve

as informative pretraining examples. Inspired by recent work on leveraging the meta-cognitive

capabilities of state-of-the-art LLMs [44], we prompt Llama-3.3-70B-Instruct [67] to perform chain-

of-thought reasoning on the original web document, such as identifying the task or purpose of the

text, reasoning about the steps needed to achieve the purpose, etc. before generating an improved

version of the original document. The full prompt we use can be found in Section D.2. We apply

the same rewriting process to all documents in the starting pool (DCLM-RefinedWeb).
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To control the quality of the generations, we further apply model-based filtering to the synthetic

data (Figure 5.2). Following DCLM [98], we train a fastText classifier [87] on 400K documents split

evenly between positive and negative classes. The positive data is the same as used in DCLM,

which includes synthetic instruction data from OpenHermes 2.5 [177] (OH-2.5) and high-scoring

posts from the r/ExplainLikeImFive (ELI5) subreddit. The negative data are random samples

selected from our rewriting generations. Similar to what was done to obtain DCLM-Baseline, we

also aggressively filter all the rewritten outputs and only use the top 10% based on the scores of our

customized fastText classifier.

5.3.3 Training & Evaluation

Following the same protocol as DCLM, we fix the training hyperparameters and total budget (i.e.,

number of samples seen) to match what was reported in previous work [98]. We train all models

using the Lingua framework [182]. We mainly experiment with 1B-1x, 3B-1x and 7B-1x model

scales (1x refers to the Chinchilla multiplier), using Llama-2 architecture and tokenizer as the

backbone [180]. We set the model parameters (e.g., number of layers, number of heads) to be the

same as DCLM’s. More training details can be found in Appendix D.1.

For evaluation, we report the same metrics as DCLM, i.e. MMLU 5-shot accuracy [76] as well

as CORE centered accuracy averaged over 22 tasks (e.g., HellaSwag [206] and ARC-easy, ARC-

challenge [34]). To compute centered accuracy, each task’s performance is linearly rescaled so that 0

corresponds to random guessing and 1 corresponds to perfect accuracy. Li et al. [98] have shown

that CORE metric offers a low-variance signal even at small scales. More descriptions of the 22

tasks can be found in the DCLM paper.

5.4 Results

We provide our main result in Table 5.1, which demonstrates that ReWire achieves the best average

performance across 22 tasks of CORE.
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5.4.1 Baselines

As described in Section 5.3.1, we start with a fixed pool of data randomly sampled from DCLM-

RefinedWeb [98] and filter with DCLM’s fastText classifier to select the highest-quality documents.

For comparison with another variation of high-quality web texts, we also experiment with the

data released by PreSelect [167], which is curated from the same pool, DCLM-RefinedWeb, but

with a different fastText classifier trained to classify a document’s predictive strengths of model

downstream capabilities. For comparison with other variations of synthetic data, we experiment

with the data released by Nemotron-CC [172]1, which contains multiple augmented versions of the

same web-crawled data pool, generated using different prompts depending on how high-quality the

original web document is.

Below we describe in details the baselines from Table 5.1:

• Raw text (top 10%): We rank examples from the starting pool by the scores from DCLM’s

fastText classifier [98] and select the top 10% highest-scoring texts. This results in the same data

distribution as the final DCLM-Baseline pool published by DCLM.

• Raw text (top 20%): Here the fastText filtering threshold is relaxed, allowing for relatively more

unique tokens to be included which could benefit multi-epoch training. This is reflected in the

final dataset size being double that of Raw text (top 10%).

• Rewritten text (top 10%): We rank all the synthetic data resulting from guided rewriting by

the scores from our fastText classifier trained in a similar fashion to DCLM’s (Section 5.3.2). We

then select top 10% of the rewritten texts.

• Raw text (top 10%) + Rewritten text (top 10%): We combine the highest-quality texts from

the original starting pool as well as the same pool after being transformed with guided rewriting.

This means that some of the selected documents will have both the web-scraped and the rewritten

versions included, while some will only have either version. We analyze the overlap between the

two distributions later in Section 5.5.1.

1https://data.commoncrawl.org/contrib/Nemotron/Nemotron-CC/index.html

105

https://data.commoncrawl.org/contrib/Nemotron/Nemotron-CC/index.html


• PreSelect/ PreSelect + Rewritten text (top 10%): Since the data released by Shum et al.

[167] is already filtered to be the top 10% of the DCLM-RefinedWeb pool based on their quality

metric, we experiment with training on the open-source curated data directly, as well as mixing it

with our highest-quality rewritten data.

• Nemotron-CC High-quality (HQ) diverse QAs: Su et al. [172] prompt an LLM to ask questions

in various forms (e.g., yes/no, open-ended, multi-choice) about factual information in a document

and provide the correct answers. They apply this prompt only to high-quality web texts from

DCLM. Since the open-source data for Diverse QAs split already contains the raw documents

followed by QAs, we randomly sample data from the split until the token count from the raw texts

(excluding QAs) matches the token budget. We note that despite starting from the same pool

(DCLM), due to differences in filtering criteria, Nemotron-CC HQ web documents could differ

significantly from the documents selected for the Raw text (top 10%) baseline.

• Raw text (top 10%) + Nemotron-CC HQ extracted knowledge: For this synthetic data varia-

tion, Su et al. [172] prompt LLMs to convert existing knowledge in the raw text to some standard

technical formats (i.e., textbooks and Wikipedia) and discard uninformative content (i.e.,“only

restate what is already in the text”). The open-source data for this split does not contain the

corresponding original documents, so we combine Raw text (top 10%) with the extracted knowl-

edge synthetic data. As previous work only applies this prompt to high-quality documents, which

are assumed to be limited in quantity, the number of tokens generated from extracted knowledge

therefore is also limited. To simulate this setting, we fix the number of extracted knowledge

samples to be the same as the number of documents in Raw text (top 10%).

• Raw text (top 10%) + Nemotron-CC Medium-quality (MQ) Wikipedia rephrasing: For rel-

atively lower quality documents from DCLM, Su et al. [172] follow the method proposed by Maini

et al. [116] and use the LLM to solely change the writing style to be Wikipedia-like, instead of

using LLM “as a knowledge bank”. This is similar to our approach in the sense that the synthetic

data comes from a disjoint set of documents that are not selected for pretraining. We randomly
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sample Wikipedia-rephrased segments until we reach the same token quantity as our Rewritten

text (top 10%) baseline.

Our setup assumes a raw data bottleneck, i.e., the size of the starting pool is fixed. Given a limited

number of moderate-quality (potentially usable) documents from this pool, we compare ways to

filter and enrich the existing data. However, we also experiment with the setting where the starting

pool size is doubled (e.g., moving from 72B to 144B tokens in total at the 1B scale, see the shaded

rows in Table 5.1). If the stock of web data grew by twice as much (144B), what performance

could we expect from aggressively filtering raw data alone, and could synthetic data help close the

performance gap at the current data scale (72B)?

5.4.2 Performance on DCLM Benchmark

In Table 5.1, we find that while training on synthetic data alone still lags behind training on

highest-quality raw texts, using mixed data distributions (i.e., Raw text (top 10%) + Rewritten

text (top 10%) or PreSelect + Rewritten text (top 10%)) outperforms using only the corre-

sponding filtered web data. It is worth noting that our synthetic data significantly boosts MMLU

performance without being rewritten specifically for this task (i.e., by converting into QAs or by

selecting topics). At the 3B scale, mixing raw and synthetic data still improves MMLU, but tuning

the mixing ratio becomes more important for improving average performance across a range of tasks.

We note that the gain in average performance (relative to using only high-quality raw data from the

same pool) increases with model and training scale: +1.0 percentage points (pp) at 1B-1x, +1.3pp

at 3B-1x and +2.5pp at 7B-1x.

We also experiment with settings that simulate the large data regime beyond Chinchilla-optimal

as are often adopted in practice [180, 67]. There, we train on the smallest-sized dataset for more

than 4 epochs. Table D.3 in section D.4 reports results for the 1B-5x: 144B tokens seen, ∼3-10

epochs setting, as well as the 7B-2x: 276B tokens seen, ∼4-8 epochs setting. The same findings hold:

mixing rewritten data with high-quality web data brings significant improvement on both MMLU

and CORE, e.g. +7.3% on MMLU and +2.3pp on average (at 7B scale) compared to training on

DCLM-Baseline data alone.
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Baseline name Pool
size Data size MMLU↑ CORE↑

1B-1x Setting: 28.8B tokens seen

Raw text (top 10%), DCLM-Baseline [98] 72B 7.2B 0.266 0.289
Raw text (top 20%) 72B 14.4B 0.249 0.282
Rewritten text (top 10%) 72B 7.2B 0.266 0.270
Raw text (top 10%) + Rewritten text (top 10%) 72B 7.2B + 7.2B 0.268 0.299
Raw text (top 10%), 2× 144B 14.4B 0.252 0.294
Raw text (top 20%), 2× 144B 28.8B 0.243 0.291
PreSelect [167] 72B 7.2B 0.250 0.277
PreSelect + Rewritten text (top 10%) 72B 7.2B + 7.2B 0.239 0.284
PreSelect, 2× 144B 14.4B 0.258 0.284
Nemotron-CC HQ diverse QAs [172] 72B 7.2B 0.299 0.284
Raw text (top 10%) + Nemotron-CC HQ extracted knowledge 72B 7.2B + 2.7B 0.250 0.295
Raw text (top 10%) + Nemotron-CC MQ Wikipedia rephrasing 72B 7.2B + 7.2B 0.248 0.285

3B-1x Setting: 55.9B tokens seen

Raw text (top 10%), DCLM-Baseline [98] 140B 14B 0.251 0.362
Raw text (top 20%) 140B 28B 0.240 0.363
Rewritten text (top 10%) 140B 14B 0.286 0.317
Raw text (top 10%) + Rewritten text (top 10%) 140B 14B + 14B 0.285 0.364
Raw text (top 10%) x 0.6 + Rewritten text (top 10%) x 0.4 140B 14B + 14B 0.274 0.375
Raw text (top 10%), 2× 280B 28B 0.256 0.369
Raw text (top 20%), 2× 280B 55.9B 0.254 0.360
PreSelect [167] 140B 14B 0.255 0.353
PreSelect + Rewritten text (top 10%) 140B 14B + 14B 0.310 0.367
PreSelect, 2× 280B 28B 0.253 0.360
Nemotron-CC HQ diverse QAs [172] 140B 14B 0.380 0.363
Raw text (top 10%) + Nemotron-CC HQ extracted knowledge 140B 14B + 5.3B 0.247 0.364
Raw text (top 10%) x 0.6 + Nemotron-CC HQ extracted knowledge x 0.4 140B 14B + 5.3B 0.261 0.364
Raw text (top 10%) + Nemotron-CC MQ Wikipedia rephrasing 140B 14B + 14B 0.258 0.360
Raw text (top 10%) x 0.6 + Nemotron-CC MQ Wikipedia rephrasing x 0.4 140B 14B + 14B 0.268 0.368

7B-1x Setting: 138B tokens seen

Raw text (top 10%), DCLM-Baseline [98] 345B 34.5B 0.326 0.420
Raw text (top 10%) + Rewritten text (top 10%) 345B 34.5B + 34.5B 0.447 0.445
Raw text (top 10%), 2× 690B 69B 0.356 0.425

Table 5.1: Main results on the DCLM benchmark. We report the performance of training
with different datasets on MMLU and on average across 22 tasks of CORE [98]. Accuracies that are
near random-chance performance are in gray. Across all three model and training budget scales, we
observe that training only on high-quality synthetic data underperforms training on high-quality raw
texts. However, combining these two subsets consistently boosts MMLU and overall performance,
matching the accuracies of training on 2× more high-quality raw data (shaded rows). ReWire is
also more effective than other synthetic data variants [172] at improving average performance.
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Furthermore, we compare our rewritten data to three versions of Nemotron-CC [172], which are

representative, related approaches of synthetic data generation. We find that ReWire consistently

yields the best performance on average when mixing with highest-quality raw texts. Out of the three

variations from Su et al. [172], the extracted knowledge format is the most helpful for increasing

CORE performance. Even though Nemotron-CC’s extracted knowledge and Wikipedia rephrasing

do not help with MMLU, their diverse QAs are especially effective. This is potentially due to the

alignment of the data format, as MMLU is made up of multiple-choice questions [76]. Overall these

results suggest that ReWire is more effective at complementing curated natural texts.

Finally, at all model parameter scales that we experiment with, combining carefully filtered raw

and rewritten texts can match, if not outperform, the performance level of training on 2× more

high-quality web documents, i.e. as if we had access to a starting pool with 2× more raw data. For

instance, at the 1B model scale, using the Raw text (top 10%) + Rewritten text (top 10%)

baseline from a starting pool of 72B tokens yields 26.8% accuracy on MMLU, and 29.9pp on

average, while using only Raw text (top 10%) but filtered from a pool of 144B tokens scores near

random-chance accuracy on MMLU and 29.4pp on average (Table 5.1). The same finding holds

when we swap out high-quality raw data from DCLM-Baseline with PreSelect [167]. This suggests

that synthetic data from ReWire could double the token yield for multi-epoch training.

5.5 Rewriting Quality Analysis

5.5.1 Influence of Raw Text Quality on the Recycled Text Quality

Given that our rewriting is conditioned on the content of some web-scraped document, a natural

question arises: Does the quality of the initial draft (i.e., raw text) affect the quality of the rewritten

outputs? We find that there is little to no correlation between the two. In Figure 5.3, for 10K

documents randomly selected from the starting pool, we plot the quality scores of the raw texts

output by DCLM’s fastText classifier [98], as well as the quality scores of the corresponding rewritten

versions output by our own fastText classifier (described previously in Section 5.3.2). We observe

no obvious trend between the two values. Computing the Spearman rank-order correlation gives a
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coefficient of 0.179 with a p-value of 6.52e−73, suggesting that the quality of the two text versions

shares only a slightly monotonic relationship.

Consequently, we analyze the overlap between Rewritten text (top 10%) and Raw text (top

10%) datasets (see Section 5.4.1) and find that they only have ∼ 18.3% documents in common. In

other words, for the best baselines in Table 5.1 that combine these two high-quality data distributions,

18.3% of the selected documents have both the web-scraped and the corresponding rewritten versions

included in the training data, while the remaining 81.7% of the new documents mixed in are recycled

from low-quality web texts that normally would be excluded from training.

5.5.2 How Is ReWire Different from Rephrasing?

0.00 0.01 0.02 0.03 0.04 0.05
Fasttext scores (raw)

0.00

0.01

0.02

0.03

0.04

0.05

Fa
st

te
xt

 sc
or

es
 (r

ew
rit

e)
Rewrite (top 10%)
Other

Figure 5.3: Quality of original web
text and quality of the corresponding
rewritten text show almost no mono-
tonic relationship. We randomly sample
10K documents and plot the distribution of
the fasttext scores of the web-scraped ver-
sion and the rewritten version; the dotted
lines represent the filtering thresholds used
for each data distribution. We find that there
is no significant relationship between the two
quality scores (Spearman rank-order corre-
lation=0.179). This suggests that ReWire
can transform low-quality web texts into high-
quality synthetic data.

Here we clarify how the generations from our method

differ from existing approaches of data augmenta-

tion, such as generating diverse question-answer pairs

(QAs) from a document [172] or paraphrasing the

text in a certain style [116]. Such approaches of-

ten do not go beyond the content provided by the

raw documents, only transforming the format of the

available facts. In contrast, our pipeline treats the

web-scraped texts as initial drafts and allows LLMs

to fill in the gaps or expand on the existing points to

derive an improved version. Consequently, while the

rewritten version would stay on topic, it is possible

that new knowledge is added to the text, changing

its semantics to a large extent.

Following previous work [116], to measure how much

the semantic meaning of the raw text is preserved, we

compute cosine similarity of the sentence embeddings

from different versions of the same document using a

110



0.2 0.0 0.2 0.4 0.6 0.8 1.0
Similarity

0

1

2

3

4

5

6

7

8
De

ns
ity

Raw1-Raw2
Raw1-Rewrite1
Raw1-DiverseQA1
Raw1-WikiRephrase1

Figure 5.4: Guided rewriting retains the
semantic meaning of the web documents
to a large extent, but in some cases the
content can change significantly. To measure
how much the semantics is preserved before and
after rewriting, we compute the cosine similarity
between the two corresponding text embeddings
for 1000 documents, and visualize the similarity
distribution. We find that the average semantic
similarity is high, though still lower than the sim-
ilarity obtained from Wikipedia-style rephrasing.
This suggests that ReWire involves a combina-
tion of paraphrasing and modifying the content of
the initial texts.

pretrained BERT model trained with SimCSE objective [61]. The distribution of cosine similarities

based on 1000 random samples is then visualized using a gaussian Kernel Density Estimator

(Figure 5.4). The baseline similarity level is captured in Raw1-Raw2, computed based on pairs of

randomly selected web documents from our pool. Similar to [116], we also find that Wikipedia-style

rephrases convey similar meaning to their real counterparts without adding information (Raw1-

WikiRephrase1). The cosine similarities between original web texts and ReWire texts are generally

higher than the random baseline, but lower than rephrasing. Based on inspection of pairs with low

similarities (e.g., < 0.4), we find that the original text often is short and contains little information,

or contains a lot of information that are not closely related (e.g., product listings). In this case, the

LLM is likely to perform more content generation and modification. Conversely, for pairs with high

similarities (e.g., > 0.8), the model mostly does paraphrasing. Appendix D.3 provides examples of

these two scenarios.

5.5.3 Assessing Text Diversity

N-gram based metric We randomly sample documents from the high-quality raw text subset,

as well as from different synthetic data distributions (Section 5.4.1), and compute the total number

of unique bigrams (Figure 5.5). Since the data generation methods are all applied to individual

documents, we fix the number of documents sampled (left panel), and observe how the word diversity

scales with the document quantity. We find that while synthetic data still lags behind raw data in

general, our rewritten texts are similarly diverse compared to Wikipedia rephrasing, and are more
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Figure 5.5: How word
diversity scales for high-
quality web data and dif-
ferent synthetic data vari-
ants. We fix the number of
documents (left) as well as to-
kens (right) randomly sampled
from each dataset and com-
pute the number of unique bi-
grams. In both cases, raw
web texts appear to contain
the most diversity, followed by
our guided rewriting texts and
Wikipedia rephrasing [172].

diverse than extracted knowledge and diverse QAs. As the generation length can be a confounder

to how many bigrams there are (Appendix Table D.4), we also fix the total number of tokens and

randomly sample texts from each data distribution until the token quota is reached (right panel). In

this case, web-crawled documents still exhibit the best scaling trend, but our rewritten data comes

in a close second, being slightly more diverse than the other three synthetic data types.

Embedding visualization In Figure 5.6, we show the t-SNE plot of 1000 document embeddings

from each data distribution, randomly chosen and embedded with HuggingFace’s SentenceTransform-

ers. While Wikipedia-rephrased documents mostly form a separate cluster, extracted knowledge

samples share some similarity with both our rewritten data and the high-quality raw texts. Aside

from that, our rewritten texts appear sufficiently distinct from the filtered DCLM texts, suggesting

that combining the two distributions can increase the overall data coverage.

5.6 Related Work

Data curation for LLM pretraining Previous work has shown that the base model’s downstream

performance is highly dependent on the preprocessing and filtering of the initial data pool. However,

the specific choice of filters as well as the deduplication method differ across pretraining corpora [132,

170, 190, 35]. For instance, C4 [143] removes non-English pages, applies several rule-based filters (e.g.,

discarding pages that contain “bad words”) and deduplicates over three-line windows. Over time,
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model-based filtering gains popularity as the “quality” metric becomes harder to define [155, 191, 204].

For example, RedPajama [190] utilizes a classifier trained to distinguish Wikipedia-level content

from random web texts. Penedo et al. [131] use an LLM to annotate some seed data, and train

a linear regression model on the annotated scores to rank all documents in a pool based on their

educational values.

Wikipedia rephrase
Extracted knowledge
HQ Rewrite
HQ Raw

Figure 5.6: Visualization of similarities
among different data distributions based
on low-dimensional embeddings. We ob-
serve that our high-quality rewritten texts,
Nemotron-CC’s Wikipedia rephrasings from Su
et al. [172] and filtered DCLM raw texts are suf-
ficiently distinct from one another. In contrast,
Nemotron-CC’s extracted knowledge data is
somewhat similar to both the high-quality raw
and rewritten texts.

DataComp-LM [98] unifies some of these ap-

proaches and offers a testbed for controlled dataset

experiments, in order to ablate the filtering deci-

sions made in previous work. Our work makes

use of DCLM-Baseline, the corpus open-sourced by

DCLM that has been cleaned with heuristic-based

filters but without any model-based filtering.

Synthetic text data Prior work has studied

ways to augment raw documents and convert the

information contained in web-scraped data to dif-

ferent formats. Maini et al. [116] propose para-

phrasing web documents in specific styles such as

“like Wikipedia” or in “question-answer format”,

and then training on both real and corresponding

stylized data. Su et al. [172] follow up on this work

and pick different augmentation prompts for low- and high-quality data, using Wikipedia-style

paraphrasing only for lower-quality texts.

Separately, another line of work does not reference any raw document in particular, but optimizes

directly for diversity in their selection of topics to distill from LLMs. The topics can be captured via

personas [62], or story features and vocabulary [47]. The Phi model series [70, 105, 3] was among

the first to demonstrate the effectiveness of training on a small amount of high-quality, textbook-like

data. The authors seed the data generation with thousands of carefully chosen topics to generate

113



high-knowledge and high-reasoning content. Similarly, Cosmopedia [8] also source the seed topics

from both curated sources (e.g., Khan Academy) as well as web data. Since we do not target any

technical skill or topic, we view this line of work as complementary and not comparable baselines to

our method.

It is also possible to create synthetic tokens by inferring new knowledge from existing raw data.

Yang et al. [198] prompt LLMs to build a knowledge graph from a small set of books and articles,

and create training data based on the node connections in the graph. Ruan et al. [154] use an LLM

to augment pretraining math data with the corresponding latent “thoughts”. The authors find that

this improves learning efficiency as well as performance on math benchmarks. Both of these prior

works perform synthetic data generation at much smaller scales (455M - 1.1B tokens) compared

to ours, focusing only on the continual pretraining setting and targeted capabilities (e.g., reading

comprehension and math).

Most recently, [55] propose rewriting math and coding data at large scale (2.3B - 16.1B) for

pretraining. The LLM-driven rewriting pipeline is designed for these specifc data types, e.g. by

asking the LLM to enhance code readability following a published style guide.

Our method lies at the intersection of data augmentation and knowledge expansion. We specifically

target discarded low-quality documents and prompt an LLM to generate an improved version for

each of them. To the best of our knowledge, our work is the first to produce general-purpose

synthetic data at a large scale for pretraining, such that we can mix synthetic tokens and web tokens

with 1:1 ratio while still improving performance overall.

5.7 Discussion

In this work, we propose “recycling the web" with guided writing (ReWire), a method to transform

low-quality web documents into useful training data. Experiments on the DCLM benchmark

across three different scales show that our synthetic data is effective at boosting the quality of the

pretraining web dataset, in turn yielding higher performance on MMLU and on average across 22

diverse tasks. Similar to prior work that highlights the risk of model collapse when training on
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only synthetic data [65, 168], we design ReWire with the goal of complementing naturally existing

internet data, not replacing it. As our method neither assumes knowledge of downstream tasks,

nor is domain- or topic-specific, we consider it complementary to existing work that targets highly

technical and educational synthetic data [8, 105, 5]. Overall, ReWire shows promise as a simple

and effective solution to address the “data wall" of scaling pretraining.

Limitations Since our rewriting pipeline relies on the LLM’s knowledge and reasoning capabilities,

as opposed to just using it to rephrase poorly written documents, we resort to a moderate-sized LLM

(i.e., Llama-3.3-70B-Instruct). Consequently, the cost of data generation is higher than other related

approaches [116, 172]. We report our compute costs in Appendix D.2. However, we argue that this

high cost of creating synthetic data can be amortized by using the resulting data for training multiple

models and for more epochs. Furthermore, as with most synthetic data approaches, there is always

a risk of increasing hallucination in the final training set, especially since our method allows the

LLM to change the content presented in the raw documents. Future work could include additional

filters to verify the truthfulness of the information in generated texts. Through evaluations targeting

factuality (Table D.2 in Appendix D.4), we find that adding ReWire generations to the pretraining

set does not harm, but rather improves truthfulness and knowledge capabilities of the resulting

model.

Future work We do not experiment with multiple filtering strategies for the rewritten data, but

rather follow the setup from Li et al. [98] and use a fastText classifier. Future work could study

how to better select high-quality data from all synthetic generations, e.g. by directly optimizing for

data diversity via cluster sampling [207] or domain balancing [192]. Another interesting direction

would be to go beyond point-wise data filtering and select synthetic data that is complemetary

to the existing training set. For instance, Yu et al. [204] propose a subset selection technique

that optimizes for group-level influence prediction. Last but not least, future work could extend

ReWire with fine-grained controls: prompting LLMs to combine different text dimensions (e.g.,

styles, formats, skills, etc.) while still conditioning on the original web-scraped content, so as to

promote further diversity in data generation.
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Chapter 6

Conclusion

6.1 Summary of Contributions

While data curation is critical to every stage of the training pipeline, this thesis focuses primarily

on the pretraining stage where curation decisions often have far-reaching downstream impacts. The

works presented in this thesis contribute to the science of data curation, offering principled and

novel methods that address the growing complexity of training large-scale foundation models.

The key findings from my research are as follows:

• In the early era of using web-scale training corpora, pioneered by GPT-2 [142] and CLIP [141],

our work was among the first to show that indiscriminately mixing data of varying quality tiers

dilutes the training set and leads to worse generalization (Chapter 2). This helps raise broader

awareness of data quality as a foundational consideration, at a time when the field was primarily

focused on scaling the quantity of pretraining data.

• As attention to data quality grew, the field witnessed a rapid proliferation of data filtering and

selection methods. I then helped build benchmarks that systematically evaluate data filters in

a controlled environment [56, 98]. I also challenged the design decisions of popular data filters

by showing that they overfit to narrow data distributions and inadvertently exclude important,

diverse parts of the web, such as non-English content (Chapter 3). Such excluded data, when
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thoughtfully incorporated, can improve model performance as a whole, including on standard

vision benchmarks that often define state-of-the-art.

• Building on the growing capabilities of web-pretrained models, I proposed image recaptioning as a

novel approach to improving data quality (Chapter 4), shifting the multimodal curation paradigm

from filtering existing data to actively generating higher-quality alternatives. Shortly after the

release of this work, synthetic captions were widely adopted in training image generation models

[163, 17].

• While aggressive data filtering has proven effective for achieving state-of-the-art performance

[98], it exacerbates an emerging challenge: the supply of high-quality human-written texts on

the internet is not growing fast enough relative to the demands of model scaling. To address

the impending token scarcity, I proposed a novel approach to generate high-quality synthetic

data at scale, by rewriting web-scraped documents that are not selected by existing data filters

(Chapter 5). I showed that this approach helps double the effective token yield and offers a more

sustainable path forward for pretraining. I publicly released 44B synthetic data tokens to support

future research in this direction.

Across many of my PhD works, a broader theme underlies my research: diversity is itself a first-order

principle of large-scale data curation—it is deeply intertwined with and critical to achieving data

quality. Existing filtering methods are often exclusionary by design, discarding vast portions of

potentially valuable web data without sufficient rigor. My work advocates for a more inclusive

curation paradigm, studying which of the discarded data can be recovered, transformed, and

reincorporated into the pretraining set.

6.2 Future Work

When we first established quality as a foundational principle for large-scale data curation (Chapter

2), many open questions remained about how to construct optimal pretraining datasets at scale—

refer to [124] for an extended discussion. In the years since, the data-centric research community
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has matured considerably, with several of the challenges we identified having been substantially

addressed, especially along the axes of data filtering and synthetic data generation.

However, a number of important frontiers remain as pretraining datasets become more heterogeneous

in data types and distributions, and as training pipelines grow more complex. More specifically, I

am excited to explore the following directions in the near future:

• Data mixing: while early work determined optimal mixtures for pretraining a target model

by training many smaller proxy models [108, 196], more recent research has shown that such

mixtures do not necessarily generalize across model sizes [113]. This highlights the need for

more robust and efficient approaches to mixture design that can generalize across model scales.

Furthermore, while data mixing has received considerable attention in the language model setting,

it remains relatively underexplored for multimodal models, where the presence of fundamentally

different data types (e.g., interleaved documents, image-caption pairs, text-only data) poses

unique challenges for mixture optimization [153, 209].

• Inclusion of skill-based data in pretraining: there has been a steady trend of moving data

types traditionally reserved for post-training into earlier stages [32, 187, 6, 106], as such data

becomes available at scale. Studying how to effectively incorporate current and next-generation

skill-based data into the existing pretraining distribution could enable models to acquire procedural

knowledge more deeply, rather than treating skills as surface-level behaviors to be patched in

later training stages.

• Interactions between pretraining and post-training data curation: relatedly, previous

work has shown that the composition and quality of pretraining data fundamentally shapes the

model’s capacity to benefit from post-training, with decisons made early in the pipeline often

proving difficult to correct later [115, 210]. This calls for further investigation into the interplay

between pretraining and post-training data curation, and how both processes can be jointly

optimized rather than treated as independent stages.
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Chapter A

Appendix: Quality as a First Principle

in Data Curation

A.1 Dataset Details

A.1.1 Pretraining Datasets

Dataset Source Total Size
YFCC Flickr 14,826,000
LAION Common Crawl 15,504,742
CC-12M Unspecified web pages 9,594,338
RedCaps Reddit 11,882,403
WIT Wikipedia 5,038,295
ShutterStock ShutterStock 15,540,452

Table A.1: Origin and total number of samples for each of the datasets we used in our experiments.

To get a better understanding of the diversity of different data sources, we analyze the distributions

of caption lengths, image sizes and image aspect ratios for a set of 10,000 samples randomly selected

from each source:

147



0 100 200 300 400 500
Caption length

0.000

0.005

0.010

0.015

0.020

De
ns

ity
YFCC15M

0 100 200 300 400 500
Caption length

0.000

0.005

0.010

0.015

0.020

De
ns

ity

LAION15M

0 100 200 300 400 500
Caption length

0.000

0.005

0.010

0.015

0.020

De
ns

ity

CC12M

0 100 200 300 400 500
Caption length

0.000

0.005

0.010

0.015

0.020

De
ns

ity

RedCaps

0 100 200 300 400 500
Caption length

0.000

0.005

0.010

0.015

0.020
De

ns
ity

Shutterstock

0 100 200 300 400 500
Caption length

0.000

0.005

0.010

0.015

0.020

De
ns

ity

WIT

Figure A.1: Distributions of caption lengths for each data source.
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Figure A.2: Distributions of image sizes for each data source.
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Figure A.3: Distributions of image aspect ratios for each data source.
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Below we also show some examples of image-caption pairs randomly selected from each data source:

Cody This picture is #5 in my 100 strangers
project. Find out more about the project
and see pictures taken by other
photographers at www.100Strangers.com.

Dan with the Man-Purse Dan Budiac,
metrosexual

Cuffless To link or not to link, that is
the question...

Dixie Union Chapel, 1836 Replaced a wooden
structure that was built in 1816

ATWS Slide presentation from Sandra Carvao
WTO_0288 Slide presentation from Sandra
Carvao Deputy Chief Market Intelligence and
Promotion Department, World Tourism...

Web 2.0 Expo 2010 - San Francisco Please
feel free to use this picture in your blog,
website or presentation, in accordance with
the stated Creative Commons and c...

Look out, King Vidor Jesse behind the lens.
Jodhpurs and bullhorn not included.

Liverpool, England, United Kingdom Albert
Dock - Liverpool, England, United Kingdom

Mariposa Butterfly THATCamp Computational Archaeology August
2012, University of Virginia

Harry Potter and the Half Blood Prince
Release Party / September 16 They had to
release this thing on my anniversary?
Follow the flag to get your book.  Auntie's
...

Nicholas Yeager Co. C, 1st Arkansas
Infantry

John Paul the Great St Patrick's Cathedral
Charlotte NC May 20, 2007. We were there
for the 33rd Annual Rosary Rally.

100 words for snow and ice A plethora of
hues and textures

GNP: St. Mary Prom We had an employee prom
in August. Great times in St. Mary :)

Ice at One Mile Low of 22 degrees on
Tuesday, December 8th, 2009.

Figure A.4: Random training samples from YFCC.
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Leather Pencil Case - Common Room PH
wiccous.com Plus Size Bottoms White / L
Plus size cotton linen nine-point wide-leg
pants

Arcade Belts Norrland Roark Collab Web Belt Moneta Zecchino high frypan 34 cm

social media icon set for instagram in
different vector image Liderazgo Educativo

manchester-bathroom-fitters-65 14 Tips for a Walt Disney World Trip with
Tweens and Teens

Andrea Pirlo insists Juventus will not be
resting on their 3-0 lead over Celtic 2 PC Full Bore Ball Valve

Leaves Of Fall Galaxy S5 Case The Rise and Fall of the Trigan Empire
Volume II

2Checkout Inline for Hikashop - enable 2nd
address Crooked Cover Web

Aixe Basket Club "36"" Round Solid Hardwood Dining Table Top
(Finish Options) - UnfinishedFurnitureExpo"

Figure A.5: Random training samples from LAION.
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Wholesale toy candy machine for sale -
Group buy The same Mini grabbing music clip
candy machine small egg twisting machine
grabbing childrens intellectual toys

Tug Boat Model available on Turbo Squid,
the world's leading provider of digital
models for visualization, films,
television, and games. Tug Boats, Motor
Boats, B...

Real wedding RAC Epsom on the English
Wedding Blog with Murray Clarke Photography
(62)

Cat smoking relax it's just the bud not
corona virus vintage s Hoodie

The North Hill <PERSON> is a made in France
t-shirt Cake on a white plate, presentation.

The swimming pool at or near Maca Villas
and Spa

Weighing bananas in the supermarket. Man
weighing bananas on the scales in the
supermarket, close-up view with no face
stock images

The Legend of Zelda Breath of The Wild Link
Costume The Green Elite Wolf Hoodie

Farmer with basket vegetables, isolated in
a round frame, contour drawing, icon, logo,
coloring, black and white vector.
Illustration, outline cartoon drawing
sto...

Students in waders stand in ocean water
with a large floating net.

The Girls Rooms logo design type logo
layout branding design

Each page explains an aspect of the
product, with easy navigation and animation
to help drive the point across.

The Maze Samsung Galaxy Snap Case Every Day Is Another Chance Sun Women's
Cotton Modal Jersey Tank Dress

Figure A.6: Random training samples from Conceptual Captions (CC-12M).
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california dogface butterfly! decent knife at a truck stop? maybe if it's
from buccee's!

thought i lost my columbian spotted pleco
days ago. that is till i saw this. here is my small collection as of today

carbon snoozy, sunny, snuggly saucissons.

these naturally forming feathers of ice. chiquita biting more than she can chew

the living room of an industrial loft,
located in an old building from 1928, in
budapest, hungary. designed by golovach
tatiana and andrey kot.

tapas - empanadas, potato croquettes,
patatas bravas, breadsticks & melon wrapped
in serrano ham, ciabatta bread with garlic
butter with two types of spanish saus...

what is this mold in my basil. appeared
overnight

much smaller than the rest of your
creations but i decorated this cake
earlier.

a newspaper i found on thanksgiving
vacation. can you spot the error to?

sunrise in eastern north carolina. those
aren't mountains, they are clouds

i rolled my truck last night, and found
this penny while cleaning it out this
morning.

the stage in the auditorium of an old high
school. detroit, mi.

Figure A.7: Random training samples from RedCaps.
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Agathosma apiculata Eight pence note (1778), engraved and
printed by Paul Revere

Anachronous[a] map of the Dutch colonial
Empire  Light green: territories
administered by or originating from
territories administered by the Dutch East
India Com...

An experiment from William Harvey's de Motu
Cordis, 1628

British Army's counter-insurgency campaign
in the British controlled territories of
South Arabia, 1967

Deepa Shree Niraula in the left

Aerial view of Iguaçu falls. Teodor Jeske-Choi ski

Seymour at Wolfgang's nightclub, San
Francisco, April 1987

Koch at the commissioning of USS Lake
Champlain in New York City, August 12, 1988

An 1862 greenback five-dollar bill
While a member of the Cleveland Indians in
1920, Elmer Smith became the first player
to hit a grand slam in the World Series. He
later moved down to play two seas...

HLA-A29
One of the violins in the Stradivarius
collection of the Palacio Real, Madrid,
Spain

Monte Cimone Nominees   Harrison and Tyler

Figure A.8: Random training samples from WIT.
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Modern art. Colorful contemporary artwork.
Color strokes of paint. Brushstrokes on
abstract background. Brush painting.

Vector hand-drawn eucalyptus plant isolated
on a white background

Abstract kaleidoscope background. Beautiful
multicolor kaleidoscope texture. Unique
kaleidoscope design.

New Year red background with Christmas
balls. Vector illustration.

Greece Santorini island in Cyclades,
traditional detail sights of colorful and
white washed traditional houses and caldera
sea in background

Happy birthday golden text on the
background of red and silver gifts on a
bokeh background

Friends taking a selfie at a party Payment Failure Icon In Trendy Style
Isolated Background

Summer Orchid Care Reflections on a car parked in the street

Austrian Museum of Applied Arts in Vienna,
the MAK

Set of round colorful vector shapes.
Abstract vector banners. Design elements.
Vector illustration.

A panoramic view with village houses and
cows grazing on a river bank Abstract color background, illustration

paint colors pallette with brush
Jerusalem,Israel-May 11,2018:The palmers on
Holy Sepulchre Church.Anointing Unction
Stone Where Jesus Body Was Wrapped Church
of the Holy Sepulcher Jerusalem Isra...

Figure A.9: Random training samples from ShutterStock.
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A.1.2 Test Distributions

Figure A.10 illustrates the four distribution shifts that we use for evaluating the quality of CLIP

features after pretraining on different data sources.

ImageNet (Deng et al.) ImageNetV2 (Recht et al.) ImageNet-R (Hendrycks et al.)

ImageNet Sketch (Wang et al.) ObjectNet (Barbu et al.)

Figure A.10: Distribution shifts at test time. We visualize samples of the class “broom” from
the reference distribution ImageNet [40], and the four distribution shifts derived from ImageNet:
ImageNet-V2 [147], ImageNet-R [75], ImageNet-Sketch [186] and ObjectNet [14].

A.2 Training Details

Our implementation closely follows the training code from OpenCLIP GitHub repository [83]. When

training CLIP from scratch on each of the pretraining datasets, unless otherwise mentioned, we

use AdamW optimizer [112] with default PyTorch parameters β1 = 0.9, β2 = 0.999, ϵ = 10−8, (per

GPU) batch size 128 and weight decay of 0.1. For learning rate, we start with a learning rate of

10−3 and apply a cosine-annealing learning rate schedule [111] with 5,000 steps. We use the same

data augmentations as in [141]. Models then undergo distributed training on 8 A40 or A100 GPUs

for 16 epochs.

156



A.3 Behavior of Individual Data Sources
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Figure A.11: Data efficiency of the six pretraining data sources on different test sets. For
each source, we randomly sample various subsets of data with sizes ranging from 1M to a maximum
of 15M samples, and measure the zero-shot classification error of a CLIP model trained on the
subset, on ImageNet and the four shifted test sets (i.e., ImageNet-V2, ImageNet-R, ImageNet-Sketch,
ObjectNet). Plotted error values are log-transformed and averaged over 3 random seeds. We find
that the data efficiency (i.e., how fast the error would decrease with more samples) of the six data
sources varies significantly based on the evaluation setting.
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A.4 Input Mixing

A.4.1 More Experiments with CLIP pretraining Data Sources
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Figure A.12: Full plot for Figure 2.3 with all distribution shifts. Combining YFCC and
LAION training data in equal ratios results in a CLIP model with intermediate robustness.
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Figure A.13: Full plot for Figure 2.4 with all distribution shifts. Varying the sample
contributions of YFCC and LAION to the input data mixture produces a smooth interpolation of
the linear trend between the trends of training on YFCC and LAION separately.
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Figure A.14: Input mixing results for YFCC and RedCaps data sources. Similar to
previous observations (Figure 2.4), combining YFCC and RedCaps data in the pretraining dataset
with different ratios yields different linear trends that all lie between that of training on YFCC and
that of training on RedCaps alone.
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Figure A.15: Input mixing results for all six data sources. We combine data from all six
sources in the testbed with equal ratios (i.e., taking 2.7M samples from each), and find that the
resulting robustness of CLIP trained on this data mixture (black line), is less than that of training
only on the best-performing data source for each distribution shift setting.
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A.4.2 Experiments on CIFAR-10 & CINIC-10

We also investigate the phenomenon that mixing data sources resulting in diluted robustness (Section

2.6.1) in smaller-scale, uni-modal classification settings. Here, we experiment with mixing CIFAR-10

[93] and CINIC-10 [38] sources, each having 50K samples in total. CINIC-10 is itself a mixture of

CIFAR-10 images and images selected and downsampled from the ImageNet database (for the same

10 classes). We use three architectures—ResNet-18, ResNet-34 and ResNet-50 [73]—and vary the

number of epochs of training to obtain models of different accuracies. Models are evaluated on both

CIFAR-10 and CINIC-10 standard test sets, and their performances are plotted along the axes of

a scatter plot. Similar to previous input mixing results for CLIP, we observe in Figure A.16 that

ResNets trained on a 50K-sample dataset made up of both CIFAR-10 and CINIC-10 data, produce

a linear trend that lies in between the trends of training models separately on just 50K CIFAR-10

images and just 50K CINIC-10 images.
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Figure A.16: Mixing inputs from CIFAR-10 and CINIC-10 distributions also produces
models with intermediate robustness. Similar to our findings from the multimodal setting
with CLIP pretraining, we also observe that for standard image classification tasks like CIFAR-10
and CINIC-10, combining data samples from these two distributions with varying ratios ends up
diluting the robustness of the original sources. The training set size is fixed at 50K samples for all
linear trends displayed in this plot.
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A.5 Output Mixing

A.5.1 More Experiments with CLIP pretraining Data Sources
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Figure A.17: Full plot for Figure 2.5 with all distribution shifts. Ensemble outputs of
two CLIP models trained on YFCC and LAION separately share the same linear trend as a single
model trained on the combined data mixture (with equal sample contribution from each source).

163



5 15 25 35
ImageNet (top-1, %)

5

15

25

35

Im
ag

eN
et

V2
 (t

op
-1

, %
)

40 50 60
ImageNet (class-subsampled) (top-1, %)

18

28

38

Im
ag

eN
et

-R
 (t

op
-1

, %
)

18 28 38
ImageNet (top-1, %)

7

17

Im
ag

eN
et

 S
ke

tc
h 

(to
p-

1,
 %

)

15 25 35 45 55
ImageNet (class-subsampled) (top-1, %)
5

15

25

Ob
je

ct
Ne

t (
to

p-
1,

 %
)

y = x
Linear fit (YFCC5m+LAION5m))
Linear fit (CC5m))
Linear fit (YFCC5m+LAION5m+CC5m)
YFCC5m,LAION5m + CC5m ensemble
YFCC5m+LAION5m

CC5m
YFCC5m+LAION5m+CC5m
YFCC5m,LAION5m + CC5m ensemble (epoch 16)
YFCC5m,LAION5m + CC5m ensemble (epoch 8)
YFCC5m,LAION5m + CC5m ensemble (epoch 4)

Figure A.18: Full plot for Figure 2.6 with all distribution shifts. Given an existing
pretraining dataset that could be a mixture (e.g., YFCC-5M + LAION-5M, green line) and a new
data source (e.g., CC-5M, orange line), we could use the ensemble outputs (blue markers) of two
CLIP models that have been trained separately on these two data distributions, to estimate the
linear trend for models that would be trained on all the data (purple line).
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Figure A.19: Output mixing results for two CLIP models trained on YFCC-3M +
CC-3M mixture and ShutterStock-3M respectively. We repeat the experiment in Figure
A.18 for a different set of data sources (YFCC, ShutterStock, Conceptual Captions), taking 3M
samples from each. The same output mixing phenomenon applies: the ensemble outputs of CLIPs
trained on different data sources and dataset sizes (purple and orange lines), taken from the same
epoch, lie on the linear trend of training a single model on the combined dataset made up of these
three sources (cyan line). The two models’ logit predictions are ensembled with equal weights (blue
markers).
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Figure A.20: Output mixing results for two CLIP models trained on YFCC-3M +
CC-3M mixture and RedCaps-3M respectively. Ensemble outputs of CLIPs trained on
different data sources and dataset sizes (red and orange lines), taken from the same stage of training
(i.e., epoch), lie on the linear trend of training a single model on the combined dataset made up of
these three sources (cyan line), when the two models’ logit predictions are ensembled with equal
weights (blue markers).
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Figure A.21: Ensemble outputs of CLIPs trained separately on each of the data sources
of interest share the same linear trend as a single CLIP model trained on the 6-source
data mixture. Following the input mixing setup in Figure A.15, when we ensemble the logit
predictions of six CLIP models, each trained on 2.7M samples randomly selected from a single data
source, with equal weights, we find that the ensemble outputs are also predictive of the linear trend
of training CLIP models on a single data mixture made up of 2.7M samples from each source.
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A.5.2 Experiments on CIFAR-10 & CINIC-10
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Figure A.22: Ensembling outputs of two models trained separately on CIFAR10 and
CINIC10 lie on the same linear trend as training from scratch on the combined data
mixture (where each source contributed equally). We combine the logit predictions of
CINIC10-trained and CIFAR10-trained models that have the same architecture (e.g., ResNet-18,
ResNet-34 and ResNet-50 in this case) with varying ensemble weights between 0 and 1 (dashed
lines). Similar to our findings from the multimodal setting with CLIP, we also observe that when
the predictions are combined with equal weights (markers on the dashed lines), the resulting test
accuracies on the two corresponding test sets lie on the linear trend produced by training ResNets
on a CIFAR10 + CINIC10 data mixture with equal number of samples from each source.
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A.6 Proofs of the Analyses

We provide proofs of main theoretical claims in Section 2.7.

A.6.1 Proof of Theorem 1

Assumption 5. Under the hypotheses of Theorem 1, suppose there exists a positive constant c such

that the third moments are bounded by E(X,Y )∼Pθ1,ρ1
[(XiY −θ1,i)3] ≤ cE(X,Y )∼Pθ1,ρ1

[(XiY −θ1,i)2]3/2,

E(X,Y )∼Pθ2,ρ2
[(XiY −θ1,i)3] ≤ cE(X,Y )∼Pθ2,ρ2

[(XiY −θ1,i)2]3/2, and E[(θ̂n,i −θi)3] ≤ cE[(θ̂n,i −θi)2]3/2

for all i ∈ [d].

Under this assumption, we show that

Φ−1(Accθ1,ρ1) = cos(θ1, θ)ρ1
ρ

ξ

√
n

d
+ O

( exp(ρ2
1ρ2n
2ξ2d

)
√

n

)
, and (A.1)

Φ−1(Accθ2,ρ2) = cos(θ2, θ)ρ2
ρ

ξ

√
n

d
+ O

( exp(ρ2
2ρ2n
2ξ2d

)
√

n

)
, (A.2)

as it will make the first and second claims straightforward. For (X1, Y1) ∼ Pθ1,ρ1 , the first error

event is {sign(⟨X1, θ̂n,ξ⟩) ̸= Y1} = {⟨X1, θ̂n,ξ⟩Y1 ≤ 0} = {⟨θ + (ξ∥θ∥/ρ
√

n)z, θ1 + (∥θ1∥/ρ1)z1⟩ ≤ 0},

where we used the fact that θ̂n,ξ = θ + (ξ∥θ∥/ρ
√

n)z and XY
d= θ1 + (∥θ1∥/ρ1)z1. Since

the third moments are bounded, applying Berry-Esseen theorem, we get that the probability

of error is bounded by Φ(−(⟨θ, θ1⟩ρ1ρ
√

n/(ξ∥θ1∥∥θ∥
√

d))) + O(1/
√

d). This gives Accθ1,ρ1 =

Φ(⟨θ, θ1⟩ρ1ρ
√

n/(ξ∥θ1∥∥θ∥
√

d)) + O(1/
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d), and consequently

Φ−1(Accθ1,ρ1) = cos(θ1, θ) ρ1
ρ
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+ O

( e
cos(θ1,θ)2ρ2

1ρ2n
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. (A.3)

This proves the desired claim.

A.6.2 Proof of Theorem 2

Recall that Slope(θ̂n(Dn,θ,ρ)) = c⟨θ2, θ⟩/⟨θ1, θ⟩ for a positive constant c > 0 that does not depend

on the training data. Although the slope only depends on the training data and algorithm through
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θ, we write all the parameters including the sample size n and the training SNR ρ to make it

explicit that the results hold for all variations of the sample size and the training algorithm

within the class that we assume. It is sufficient to show that this is a monotonic function over

θ when we linearly traverse from θ̃1 to θ̃2, i.e. θ(α) = αθ̃1 + (1 − α)θ̃2 for α ∈ [0, 1]. Note that

f(α) = c⟨θ2, θ(α)⟩/⟨θ1, θ(α)⟩ = c1 + c2/⟨θ1, θ(α)⟩ for some c1 and c2 that do not depend on α. The

monotonicity follows from the fact that the derivative is

∂f(α)
∂α

= −c2
⟨θ1, θ̃1 − θ̃2⟩
⟨θ1, θ(α)⟩2 ,

whose sign does not change for any α.

A.6.3 Proof of Theorem 3

The train data distribution satisfies xiyi ∼ N (θtrain, (∥θtrain∥/ρ)2I). Note that filtering does not

change the distribution in d − 1 dimensional subspace orthogonal to θ̂pretrained, due to rotation

invariance of a spherical Gaussian distribution. This implies that E[P⊥(θ̂filtered)] = P⊥(θtrain), where

P⊥ denotes the projection operator to the d − 1 dimensional subspace orthogonal to θ̂pretrained. On

the other hand, on the direction of θ̂pretrained, the filtering increases the correlation in expectation:

|E[P∥(θ̂filtered)] − P∥(θ̂pretrained)| ≤ |P∥(θtrain) − P∥(θ̂pretrained)|, where P∥ denotes the projection

operator to the one dimensional subspace spanned by θ̂pretrained. This implies that E[θ̂filtered] =

θtrain + cθ̂pretrained for some positive c. It follows that E[θ̂filtered] is a convex interpolation between

two vectors, each in the direction of θtrian and θ̂pretrained, respectively. We can apply Theorem 2

which gives that

Slope(θ̂unfiltered) < Slope(E[θ̂filtered]) ≤ Slope(θ̂pretrained) ,

when Slope(θ̂unfiltered) < Slope(θ̂pretrained).
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Chapter B

Appendix: Rethinking What Popular

Curation Filters Leave Behind

B.1 Examples of Translated Data (No Cherry Picking)

Raw caption: Lovely 2nd Floor Plans Part - 4: 2nd Floor
Plan
Language detected: eng_Latn
Translation: Lovely 2nd Floor Plans Part - 4: 2nd Floor
Plan

Raw caption: ピンク色「インテリアの鮮やかなピンクの
カラフルなラウンジ」:スマホ壁紙(19)
Language detected: jpn_Jpan
Translation: Pink: The bright pink lounge of the interior:
cell phone wallpaper.
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Raw caption: CW&#8217;s The Originals Joseph Morgan
Jacket
Language detected: eng_Latn
Translation: CW The Originals Joseph Morgan Jacket

Raw caption: PURPLE AZALEAS UP CLOSE
Language detected: yue_Hant
Translation: Purple Azleas up close.

Raw caption: Paso a paso: Cómo sacar el permiso para
circular con el auto en vacaciones de verano | Garantia Plus
Language detected: spa_Latn
Translation: Step by step: How to get a driving permit on
summer vacation

Raw caption: Een hangende decoratie van Vivi Gade pa-
pieren diamantvormen
Language detected: nld_Latn
Translation: A pending decoration of Vivi Gade paper dia-
mond shapes

Raw caption: Neymar n’a plus joué en compétition depuis
le 28 novembre 2021, à Saint-Etienne. Icon Sport
Language detected: fra_Latn
Translation: Neymar has not played in a competitive match
since 28 November 2021, at Saint-Etienne.
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Raw caption: Ring Alarm 5-piece kit (2nd Gen) – home
security system with optional 24/7 professional monitoring
– Works with Alexa
Language detected: eng_Latn
Translation: Ring Alarm 5-piece kit (2nd Gen) home security
system with optional 24/7 professional monitoring Works
with Alexa

Raw caption: Alcatras Hapisanesi
Language detected: tur_Latn
Translation: The Alcatras Prison

Raw caption: Coque iPhone XS Max Olaf Reine des neiges
bonhomme de neige
Language detected: fra_Latn
Translation: Iphone XS Max Olaf Snow Queen Snowman

Raw caption: Multiracial Thumbs Up Against Blue Sky
Language detected: eng_Latn
Translation: Multiracial Thumbs Up Against Blue Sky
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Raw caption: Pat dormitor Bastide L140K, matrimonial,
alb + stejar, 140 x 190 cm, 2C
Language detected: cat_Latn
Translation: Bedroom floor Bastide L140K, married, white
+ stejar, 140 x 190 cm, 2C

Raw caption: Tissu Coton imprimé LittleBird Voyage spatial
sur fond Blanc
Language detected: fra_Latn
Translation: Printed cotton fabric LittleBird Space travel
on a white background

Raw caption: Large size Print Oil Painting Wall painting
pitbull warrior dog Home Decorative Wall Art Picture Living
Room paintng No Frame
Language detected: eng_Latn
Translation: Large size Print Oil Painting Wall painting
pitbull warrior dog Home Decorative Wall Art Picture Living
room painting No Frame

Raw caption: 去年学校野去了waiheke island 景色超美 海
水十分清澈
Language detected: deu_Latn
Translation: Last year school camp went to Waiheke island
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B.2 More Training Details

We follow the training and evaluation protocols of the DataComp benchmark [57], refer to Appendices

M and N of this previous work for more details. To summarize, we use ViT-B/32 as the image

encoder for CLIP, and fix the hyperparameters used for training: learning rate 5e-4, 500 warmup

steps, batch size 4096, AdamW optimizer β2 = 0.98. The training infrastructure is based on the

code open-sourced by the DataComp team.

Since the compute budget is fixed, for the DataComp setting (128M training steps), each of our

baseline takes about 8 hours with 8 A40 GPUs and 40 CPUs. With the same amount of resources,

for experiments involving training for longer (1.28B steps), each baseline takes about 80 hours. We

report all baselines that we ran in Appendices B.5, B.7 and B.8.

B.3 Translation Quality

Language Text cosine similarity after backtranslation (↑)

English 0.886
Norwegian Nynorsk 0.883
Bengali 0.883
Russian 0.860
Norwegian Bokmål 0.839
Marathi 0.271
Irish 0.240
Standard Latvian 0.233
Chechen 0.0595
Karachay-Balkar 0.00280

Table B.1: Top 5 and bottom 5 languages where web-scraped captions observe the highest and
lowest translation quality by the No Language Left Behind model [36], out of all the languages
detected in our raw data pool. Translation quality is measured by how much the semantic meaning
is preserved after the caption is translated into English and subsequently backtranslated into the
original language.

Here we provide a quantitative assessment of the quality of caption translation offered by the

NLLB model [36]. We sample 100K captions from the raw data pool and backtranslate the English-
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translated caption into the original (detected) language (e.g., Chinese text → English translation

→ Chinese translation of the English-translated text). To evaluate the translation quality, we

compute the cosine similarity between the initial web-scraped text and the backtranslated text

using embeddings from the multilingual Sentence-BERT model [148]. We find that on average the

cosine similarity (and thus, translation quality) remains relatively high (0.63). In the table below,

we report the top 5 and bottom 5 languages that observe the highest and lowest translation quality

as captured by our metric, computed over at least 30 text samples per language.

B.4 Changes in Data Composition Due to Translation

B.4.1 Differences in Data Between "Filtered Raw Captions" and "Filtered

Translated Captions"

In this section, we provide some statistics of the differences in image-text pairs selected for "Filtered

raw captions" and "Filtered translated captions", when both caption distributions are filtered to

a similar extent with the public DFN from [52]. We find that at either 20% or 30% selectivity

threshold, both filtered subsets have about two-thirds of their images in common. In addition,

filtering the initial pool using (image, translated caption) cosine similarity score always leads to

translated multilingual captions taking up the majority of the resulting filtered subset. This is not

the case when filtering with (image, raw caption) cosine similarity score.

Data subset Total size
(M)

Number of English
captions (M)

Number of non-
English captions (M)

Top 20% Raw captions 25.6 14.9 10.7
Top 20% Translated captions 25.6 11.0 14.6
Top 20% Raw captions ∩ Top 20%
Translated captions

17.1 10.7 6.4

Top 30% Raw captions 38.4 20.4 18.0
Top 30% Translated captions 38.4 15.4 23.0
Top 30% Raw captions ∩ Top 30%
Translated captions

25.7 15.0 10.7

Table B.2: Analysis of the number of samples of English and non-English origins in "Filtered raw
captions", "Filtered translated captions" and their intersection.
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B.4.2 Language Composition of the Filtered Subsets

Below we show the most common languages in top 20% raw captions and top 20% translated

captions.
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Figure B.1: Top 20 languages that are most common in top 20% raw captions (left) and top 20%
translated multilingual captions (right), both are filtered with the public DFN model.
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B.4.3 Changes in Language Composition

Comparing image-text pairs selected in top 20% translated captions to those selected in top 20%

raw captions, we show below the languages that observe the biggest change in their representation

in the resulting training set:

15.0 12.5 10.0 7.5 5.0 2.5 0.0 2.5 5.0
Composition change (%)

rus_Cyrl

jpn_Jpan

spa_Latn
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ukr_Cyrl
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tur_Latn
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eng_Latn

kor_Hang

yue_Hant

dan_Latn

Figure B.2: Languages that see the biggest change (in absolute percentage) in their representation
in the final training set when we filter with translated multilingual captions versus with raw web-
scraped captions.
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B.5 Experiments with OpenAI CLIP Score Filtering

Table B.3 shows results of our experiments with data filtering using OpenAI CLIP-ViT-L/14 [141].

Besides the baselines described in Section 3.5, the table also contains "Top 30% raw captions ∪ top

30% translated captions, using translated caption for all", where we take all the images uncovered

from "Top 30% raw captions" and "Top 30% translated captions", deduplicate them, and use the

corresponding English-translated captions for all these images.

We find that with OpenAI CLIP as the filtering network, some of our observations from Section 3.5

continue to hold true: (i) using translated multilingual captions is better than using raw captions,

and (ii) the performance gain from training with translated captions requires re-filtering the entire

data pool after translation (as seen from comparing the first two baselines of the table).

Baseline name Dataset
size

ImageNet ImageNet
shifts

Retrieval GeoDE Average
over 38
tasks

Top 30% raw captions 38.4M 0.273 0.230 0.251 0.683 0.328

Top 30% raw captions, replaced with
translated captions

38.4M 0.260 0.224 0.248 0.660 0.322

Top 30% translated captions 38.4M 0.292 0.250 0.267 0.695 0.342

Top 50% raw captions 64.1M 0.254 0.218 0.262 0.670 0.315

Top 50% translated captions 64.1M 0.265 0.230 0.276 0.704 0.320

Top 30% raw captions ∪ top 30%
translated captions, using translated
caption for all

47.7M 0.275 0.234 0.261 0.683 0.326

Top 30% raw captions ∪ top 30%
translated captions

47.7M 0.284 0.247 0.260 0.696 0.340

Top 30% raw captions & top 30%
translated captions

76.8M 0.289 0.250 0.262 0.696 0.335

Table B.3: The benefits of using translated multilingual captions still hold when using
cosine similarity score from OpenAI CLIP for filtering. This table shows performance of all
baselines we experiment with for filtering with OpenAI CLIP-ViT-L/14. Again, the compute budget
is fixed and all baselines are trained for 128M steps. We find that training on filtered translated
captions also outperforms training on filtered raw captions in this case.
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B.6 Comparison to Training with Synthetic Captions

As observed in Section 3.5.1, training on filtered translated captions outperforms training on filtered

raw captions across all major metrics. This could be attributed to changes in the concepts discussed

in captions, as well as changes in image data (since "Filtered raw captions" and "Filtered translated

captions" only share some of the images in common, see Appendix B.4). Here we attempt to

disentangle the contribution to performance gain from these two changes.

Baseline name Dataset
size

ImageNet ImageNet
shifts

Retrieval GeoDE Average
over 38
tasks

Top 20% translated captions 25.6M 0.329 0.275 0.296 0.709 0.359

Top 20% translated captions, replaced
with synthetic captions

25.6M 0.283 0.255 0.350 0.696 0.336

Top 30% translated captions 38.4M 0.311 0.265 0.305 0.718 0.351

Top 30% translated captions, replaced
with synthetic captions

38.4M 0.282 0.253 0.371 0.703 0.341

Table B.4: When fixing the training images and replacing translated English captions
with synthetic captions generated by BLIP2, we find that performance decreases in
general. Since filtering from translated captions exposes CLIP to both new images and new
text distributions, we seek to disentangle the impact of these two factors on model performance.
Our results suggest that having access to more diverse images alone (without the corresponding
translated multilingual captions) may be insufficient for achieving performance gains.

Given the images selected by filtering based on (image, translation caption) cosine similarity (i.e.,

"Top 20% translated captions", "Top 30% translated captions"), we generate synthetic captions

for each image using BLIP2 model [99] and the generation hyperparameters from [123]. With the

image component unchanged, training on the new (image, synthetic caption) pairs leads to lower

performance overall compared to training on the original (image, translated caption) pairs (Table

B.4). This suggests that having access to more diverse (non-English) images in the training set is

not sufficient to boost accuracy; the diversity coming from translated multilingual captions is also

necessary for observing performance improvement.

We acknowledge that since BLIP2 was pretrained on relatively few multilingual samples, it is

possible that the captioning model finds it difficult to caption non-English images. This ablation
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study experiment is thus mostly exploratory, and more experiments are needed to assess the

performance benefits coming from seeing more diverse (non-English) images, versus seeing more

diverse (translated) non-English captions.

B.7 All DFN Filtering Baselines

Baseline name Dataset
size

ImageNet ImageNet
shifts

Retrieval GeoDE Average
over 38
tasks

Top 20% raw captions 25.6M 0.316 0.260 0.282 0.688 0.350

Top 20% raw captions, replaced with
translated captions

25.6M 0.304 0.252 0.268 0.668 0.331

Top 30% raw captions 38.4M 0.297 0.246 0.280 0.663 0.337

Top 40% raw captions 51.2M 0.267 0.222 0.274 0.669 0.320

Top 20% translated captions 25.6M 0.329 0.275 0.296 0.709 0.359

Top 30% translated captions 38.4M 0.311 0.265 0.305 0.718 0.352

Top 40% translated captions 51.2M 0.289 0.248 0.288 0.709 0.332

Top 20% raw English-only captions 8.0M 0.260 0.218 0.234 0.603 0.303

Top 30% raw English-only captions 12.0M 0.280 0.238 0.259 0.630 0.326

Top 40% raw English-only captions 16.0M 0.283 0.236 0.278 0.666 0.327

Top 50% raw English-only captions 20.0M 0.277 0.236 0.280 0.668 0.321

Top 20% raw captions ∪ top 20%
translated captions, using translated
caption for all

34.2M 0.316 0.265 0.289 0.716 0.353

Top 20% raw captions ∪ top 20%
translated captions

34.2M 0.329 0.271 0.298 0.720 0.364

Top 20% raw captions & top 20%
translated captions

51.2M 0.336 0.280 0.301 0.725 0.361

Top 30% raw captions & top 30%
translated captions

76.8M 0.295 0.248 0.282 0.673 0.340

Table B.5: Here we report all the baselines we experiment with using the public DFN from [52]
for filtering; all models are trained for 128M steps as set by the DataComp benchmark. For each
caption distribution (i.e., raw/ translated/ English-only), only the filtering threshold that yields the
best average performance across 38 tasks is shown in Table 5.1.
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B.8 Training for Longer

Here we show the results of all the baselines that we train for 1.28B steps (i.e., 10× the number of

steps set by DataComp). In Table B.6, we find that when using either raw web-crawled captions or

English-translated captions, filtering for top 30% of the pool does best, and translated multilingual

captions continue to yield better performance on standard metrics compared to raw captions. We

also note that the performance gaps between our best baseline (that leverages translated multilingual

caption) and just using filtered raw captions widen with training duration (see Table 5.1 for a

comparison).

Baseline name Dataset
size

ImageNet ImageNet
shifts

Retrieval GeoDE Average
over 38
tasks

Top 20% raw captions 25.6M 0.423 0.345 0.331 0.751 0.407

Top 30% raw captions 38.4M 0.414 0.340 0.344 0.742 0.414

Top 40% raw captions 51.2M 0.417 0.344 0.358 0.746 0.410

Top 20% translated captions 25.6M 0.421 0.348 0.346 0.754 0.412

Top 30% translated captions 38.4M 0.427 0.347 0.352 0.771 0.414

Top 40% translated captions 51.2M 0.421 0.348 0.346 0.754 0.412

Top 20% raw captions ∪ top 20%
translated captions

34.2M 0.441 0.359 0.353 0.775 0.427

Top 20% raw captions & top 20%
translated captions

51.2M 0.456 0.369 0.371 0.776 0.435

Top 30% raw captions & top 30%
translated captions

76.8M 0.419 0.347 0.345 0.771 0.429

Table B.6: When the training duration is increased by 10× compared to the DataComp
setting, training on translated multilingual captions continues to outperform training
on raw captions across a range of metrics; using both sources of captions continues to
yield the best performance. We show performance of all the baselines that are trained for 1.28B
steps. Even though using filtered raw captions and using filtered translated captions yield similar
average performance (0.414 percentage points), the latter still surpasses the former on ImageNet,
ImageNet distribution shifts, retrieval and GeoDE (worst-region accuracy).
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We provide a breakdown of performance differences between "Filtered raw captions" and "Filtered

translated captions" across 38 tasks from DataComp, with the new increased training duration, in

Figure B.3.
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Figure B.3: With the same degree of filtering, training with (image, translated caption)
pairs improves performance on 23 out of 38 tasks compared to training with (image,
raw caption) pairs, including ImageNet, the majority of ImageNet distribution shifts
and retrieval tasks, and tasks with geographically diverse inputs. We compare performance
on each task of the DataComp benchmark between training with raw captions and training with
translated captions, when both are trained for 1.28B steps. Both datasets have also been filtered
with cosine similarity scores output by the public DFN [52] to select the top 30% examples. We
find that when we increase training duration to be 10× longer than DataComp’s setting, using
translated multilingual captions and using raw captions yield similar average performance across 38
tasks. However, the former still outperforms the latter on most of the ImageNet distribution shifts
(red), retrieval (blue) and fairness-related tasks (dark yellow).
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B.9 More Performance Analysis

In addition to the analysis in 3.5.3, we provide further breakdown of performance changes at the

income group and class levels, on Dollar Street (Figure B.4) and ImageNet (Figure B.5) respectively,

when we swap the training distribution from filtered raw captions to filtered translated captions.
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Figure B.4: On Dollar Street, using
translated multilingual captions leads
to performance improvement across
all income groups. Dollar Street [151] is
another fairness-related task that involves
classifying images of everyday items col-
lected from households around the world
with different socioeconomic backgrounds.
We break down the performance on this
dataset by income groups and find that
training on top-quality translated captions
improves the classification accuracy across
all groups, compared to training on top-
quality raw captions.
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Figure B.5: 40 ImageNet classes that observe the largest changes in classification
performance when we train on top translated multilingual captions compared to top
raw captions. We show 40 categories from ImageNet that see the biggest change in accuracy when
more (translated) multilingual data is included in the training set.
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Chapter C

Appendix: Synthetic Captions as a

Data Quality Fix

C.1 More Examples of Image-Text Pairs (No Cherry Picking)

Raw: 2003 Mercedes-Benz C240 sedan, Leather, MUST BE

SEEN - $6199

BLIP (finetuned): a couple of cars parked in a parking lot with

trees and cars

BLIP2: 2002 mercedes-benz c-class for sale

BLIP2 (finetuned): a blue mercedes benz car parked in a park-

ing lot next to yellow cars

OpenCLIP-CoCa: find used 2 0 0 1 mercedes benz c 2 4 0 base sedan 4 door 2 5 l for 2 0 0 1

mercedes benz c 2

OpenCLIP-CoCa (finetuned): a blue mercedes parked on the side of a road .

Raw: Gaziburma Ünal is one of Gespeicherte Orte von Can.

BLIP (finetuned): dozens of trays of different types of treats

at a food stand
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BLIP2: some trays of pastries and a knife

BLIP2 (finetuned): there are many trays filled with food items from the store

OpenCLIP-CoCa: baklava , sweets , pastries

OpenCLIP-CoCa (finetuned): there are trays full of different types of food .

Raw: Open Virgin of Kazan, Wooden Egg with Stand, Blue

BLIP (finetuned): a gray and white logo with the words more

info in a rectangular shape

BLIP2: a white button with the word more info

BLIP2 (finetuned): more information is shown on a white button with an orange background

OpenCLIP-CoCa: home - page - button . png

OpenCLIP-CoCa (finetuned): a picture of a close up of a text message

Raw: hair oil

BLIP (finetuned): smiling blonde woman blow drying hair in

a salon while getting a mani

BLIP2: hair stylist using hair spray in beauty salon

BLIP2 (finetuned): a person is using a hairdryer to blow dry

a long blonde hair

OpenCLIP-CoCa: female hairdresser styling a long blond hair

with hairspray in a beauty salon . concept : hair care , hair

straightening , hair color correction .

OpenCLIP-CoCa (finetuned): a person is spraying a hair dryer on a long blonde hair .

Raw: Italien - Ligurien

BLIP (finetuned): beige colored building with tan accents and

palm trees on both sides of walkway

BLIP2: house in villa marina, a villa with many rooms and
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palm trees

BLIP2 (finetuned): a park with lots of trees and benches in front of a large building

OpenCLIP-CoCa: residence - villa - maria - di - san - giovanni - near - the - sea - in - taormina

OpenCLIP-CoCa (finetuned): a picture of a large building with a bunch of palm trees .

Raw: 3 formas de pedir la mano de tu novia - wikiHow

BLIP (finetuned): crates stacked up in a pile on top of each

other

BLIP2: the building contains five floors of wooden planks

BLIP2 (finetuned): a big pile of wooden planks stacked together

OpenCLIP-CoCa: the cost of wood pallets

OpenCLIP-CoCa (finetuned): a large pile of wooden pallets mounted to a wall .

Raw: lutz

BLIP (finetuned): blond haired man in black suit looking at

camera

BLIP2: a man sitting on a chair with a blank background

BLIP2 (finetuned): a man sitting in a chair with a lapel button

in front

OpenCLIP-CoCa: actor tilda swinton is pictured during a press conference for the film ’ a dangerous

method ’ at the 2 0 1 1 toronto film festival

OpenCLIP-CoCa (finetuned): a person sitting on a chair wearing a suit and tie .

Raw: 10840 SW 126th St photo067

BLIP (finetuned): overview of a large backyard with a swim-

ming pool and patio

BLIP2: 3344 sw 7th st, palm beach

BLIP2 (finetuned): a house with a pool from above, with a yard
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OpenCLIP-CoCa: home for sale in country club shores west palm beach florida

OpenCLIP-CoCa (finetuned): aerial image of a pool that has a little bit of shade by the side .

Raw: image8.JPG

BLIP (finetuned): members of a school play soccer in a gym-

nasium with a crowd

BLIP2: a large crowd of kids perform during a dance show

BLIP2 (finetuned): a group of young children standing on the

basketball court

OpenCLIP-CoCa: kid dressed in white standing in a gym area

.

OpenCLIP-CoCa (finetuned): a group of kids on the gym floor

with fans on the floor .

Raw: Automne hiver enfants manteau et pantalon ensemble

capuche veste de Ski et pantalon garçon fille coupe-vent imper-

méable en plein air camping randonnée

BLIP (finetuned): a man wearing a red and blue jacket and a

pair of pants and a pair of sneakers

BLIP2: the arctic light hooded jacket and pants set

BLIP2 (finetuned): the colors of the jacket match the pant color of the jacket

OpenCLIP-CoCa: the arctic light 2 0 1 7 children ’s clothing sets winter kids ski suits sets windproof

waterproof warm jackets coats pants boys set

OpenCLIP-CoCa (finetuned): a child standing in their ski wear and a jacket and pants
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Raw: Women Personality Creative Christmas Hat Face Expres-

sion Gold Earring Funny Cartoon Ear Stud Jewelry Accessories

Gift Hot

BLIP (finetuned): red and gold tone emojt earring

BLIP2: kawaii santa emoticuos en la cabeza

BLIP2 (finetuned): a pair of emoji earrings with faces and hats

OpenCLIP-CoCa: best christmas gift for her new arrivals emoji earrings christmas emoji earrings

OpenCLIP-CoCa (finetuned): a pair of gold earrings with a smiley face and a christmas hat .

Raw: Nautica NAPTYR005

BLIP (finetuned): navitta mens stainless steel bracelet watch

with blue dial

BLIP2: nautica men’s chronograph watch

BLIP2 (finetuned): nautica men’s men’s chronograph black dial

stainless steel bracelet watch

OpenCLIP-CoCa: nautica newport chronograph n 2 2 0 0 3

g

OpenCLIP-CoCa (finetuned): a mans black watch is shown with red and blue accents

Raw: Greenberg Weathered Marble Plush Ivory Area Rug

BLIP (finetuned): grey rug with a text home on it by a table

BLIP2: a grey area rug on a wooden floor

BLIP2 (finetuned): a white coffee table with a sign saying home

on it. it is sitting on a cream colored rug

OpenCLIP-CoCa: rugs and carpets in hyderabad : buy online

at best price in ...

OpenCLIP-CoCa (finetuned): a rug is shown in a living room with a chair .
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Raw: productivity, productivity, productivity

BLIP (finetuned): drivers guide to the truck industry

BLIP2: buy and sell truck parts

BLIP2 (finetuned): a white truck with a cover on it drives

along a highway

OpenCLIP-CoCa: how the trucking industry is changing

OpenCLIP-CoCa (finetuned): there are some trucks on the road .

Raw: Amigas

BLIP (finetuned): crowd of people outside a wedding ceremony

near several trees

BLIP2: a wedding ceremony in the middle of the street

BLIP2 (finetuned): a black and white photograph of a number

of women in prom dresses

OpenCLIP-CoCa: 2 0 1 3 0 8 0 5 _ wedding _ carlenan _ 0 0 3

OpenCLIP-CoCa (finetuned): a group of people hugging and talking in a group

Raw: Der Lieferumfang

BLIP (finetuned): there are several electronics laid out on the

table ready to be used

BLIP2: samsung galaxy s10e review | a quick tour of the sam-

sung galaxy s10e

BLIP2 (finetuned): wireless charging case and remote control,

both packaged in the box

OpenCLIP-CoCa: best - wireless - chargers - for - samsung - galaxy - note - 8 - s 8 - and - iphone -

8

OpenCLIP-CoCa (finetuned): a set of various electronic items sitting on a table .
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Raw: Autozone

BLIP (finetuned): racing track with a line of seats and a sky

background

BLIP2: a photo of a grand prix race track, under a blue sky

BLIP2 (finetuned): the circuit track is empty, but the sun beams

into the sky

OpenCLIP-CoCa: circuit of the americas

OpenCLIP-CoCa (finetuned): a red and white pole next to a racing track

Raw: 2016.07.01 Nametags with Pronouns - Avery 5392_non-

branded

BLIP (finetuned): there are no pictures here to provide a cap-

tion for

BLIP2: hello, my name is name, my pronouns are pronouns

BLIP2 (finetuned): a blue and white label with a blue and white

text

OpenCLIP-CoCa: 1 5 + hello my name is names pronunciations and meanings

OpenCLIP-CoCa (finetuned): hello my name is , my pronouns are .

Raw: Women long sleeve t shirt 2015 Fashion shirts woman

Full Comfortable leisure fashion womens long sleeve tops

BLIP (finetuned): the qaoo loading logo is shown above the

qaoo loading logo

BLIP2: qoo10 loading logo on white

BLIP2 (finetuned): a picture of an image of a phone screen

showing a loading sign

OpenCLIP-CoCa: loading _ 1 1 1 1 2 0 _ 0 1 . png

OpenCLIP-CoCa (finetuned): a light grey font and a dark grey font with a large white background
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Raw: 1173x1500 Awesome Adult Coloring Pages Printable Zen-

tangle Design

BLIP (finetuned): chinese dragon coloring pages dragon color-

ing pages for adults to print coloring pages

BLIP2: dragon coloring pages with large and large dragon

BLIP2 (finetuned): a circle with a dragon on it in the center

OpenCLIP-CoCa: the 2 5 best chinese dragon drawing ideas

on pinterest chinese

OpenCLIP-CoCa (finetuned): a chinese dragon looks like a

dragon from the movie the karate kid

C.2 Experiment Details

Refer to Appendices M and N of the DataComp benchmark [56] for training and evaluation details.

To summarize, both small and medium scales use ViT-B/32 as the image encoder for CLIP, in

addition to fixing the hyperparameters used for training: learning rate 5e-4, 500 warmup steps,

batch size 4096, AdamW optimizer β2 = 0.98. Large scale training uses the same hyperparameters,

but with batch size 8192 and ViT-B/16 as the image encoder.

Using DataComp infrastructure and the AWS EC2 cloud, a small model takes 4 A100 hours to

train, while medium requires 40 A100 hours and large utilizes 960 A100 hours. We additionally

report CLIP ViT-L/14 and BLIP2 (OPT 2.7B backbone) inference costs. Recall that we run both

of these models on the DataComp’s large pool to curate the datasets used in this paper. For the

CLIP model, we measure throughput at 490 samples per second on a single A100. For BLIP2, we

get 75 samples per second on the same hardware. Hence, for the large pool of 1.28B samples, we

spend 725 A100 hours computing CLIP features and 4,740 A100 hours generating BLIP2 captions.

While the annotation cost (i.e., BLIP2 caption and CLIP score generation) is 6× larger than a single

training run proposed by the DataComp benchmark (which is equivalent to doing one pass through
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the entire candidate pool), this additional cost can be easily amortized with more training epochs

over the final training set, as well as with training different downstream models on the improved

dataset. For reference, OpenAI trained various CLIP models on the same set of 400M curated

image-text pairs; the best performing model was trained on 256 GPUs for 2 weeks, totalling about

86,000 GPU hours 1. This scale of training is common among existing large vision models. Future

work could explore the option of adaptively allocating compute to CLIP training and synthetic

caption annotation given a fixed compute budget.

C.3 Temperature Ablations

Captioning
model

Metric T=0.5 T=0.75 T=1.0 T=1.5

BLIP (finetuned)
ImageNet accuracy - 0.207 0.212 -
Average accuracy - 0.303 0.312 -

BLIP2
ImageNet accuracy 0.212 0.281 0.280 0.251
Average accuracy 0.300 0.357 0.353 0.332

BLIP2 (finetuned)
ImageNet accuracy - 0.227 0.234 0.221
Average accuracy - 0.325 0.326 0.311

OpenCLIP-CoCa ImageNet accuracy 0.306 0.321 0.314 -
Average accuracy 0.366 0.371 0.370 -

OpenCLIP-CoCa ImageNet accuracy - 0.252 0.264 0.262
(finetuned) Average accuracy - 0.364 0.374 0.364

Table C.1: Performance on ImageNet and averaged across 38 tasks when training on the captions
generated by captioning models in Table 4.1, with different softmax temperatures. We find that T
= 0.75 and T = 1.0 generally lead to good performance for CLIP training.

1https://openai.com/research/clip
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C.4 More Filtering Baselines
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Figure C.1: Retrieval performance on Flickr (left) and MS-COCO (right) versus ImageNet accuracy
for select baselines. Similar to the findings in Figure 4.2, we find that using only BLIP2 captions or
mixing them with raw captions in the training data significantly boosts retrieval performance.
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Baseline Training
set size

ImageNet
accuracy

Average
accuracy

small scale (12.8M candidate pool, 12.8M training steps)
Raw captions (no filtering) 12.8M* 0.025* 0.132*
BLIP2 captions (no filtering) 12.8M 0.076 0.200
Raw captions (top 30%) 3.8M* 0.051* 0.173*
BLIP2 captions (top 50%) 6.4M 0.080 0.203
Raw captions (top 30% intersect IN1k) 1.4M* 0.039* 0.144*
BLIP2 captions (top 75% intersect IN1k) 2.4M 0.073 0.192
Raw captions (top 30%) + BLIP2 captions (70%, filtered), intersect
IN1k

2.2M 0.045 0.153

Raw captions (top 30%) + BLIP2 captions (70%, filtered) 8.4M 0.076 0.197
medium scale (128M candidate pool, 128M training steps)

Raw captions (no filtering) 128M* 0.176* 0.258*
BLIP2 captions (no filtering) 128M 0.281 0.357
Top BLIP2 captions across all temperatures (no filtering) 128M 0.293 0.368
Raw captions (top 30%) 38M* 0.273* 0.328*
BLIP2 captions (top 50%) 64.1M 0.302 0.370
Raw captions (top 30% intersect IN1k) 14.0M* 0.297* 0.328*
BLIP2 captions (top 75% intersect IN1k) 23.6M 0.306 0.360
Raw captions (top 30%) + BLIP2 captions (70%, filtered), intersect
IN1k

22.2M 0.281 0.314

Raw captions (top 30%) + BLIP2 captions (70%, filtered) 83.6M 0.317 0.368
BLIP2 captions (top 50%) + Raw captions (50%, filtered) 75.3M 0.310 0.376

large scale (1.28B candidate pool, 1.28B training steps)
Raw captions (no filtering) 1.28B* 0.459* 0.437*
BLIP2 captions (no filtering) 1.28B 0.487 0.505
Raw captions (top 30%) 384M* 0.578* 0.529*
BLIP2 captions (top 50%) 641M 0.526 0.522
Raw captions (top 30% intersect IN1k) 140M* 0.631* 0.537*
BLIP2 captions (top 75% intersect IN1k) 237M 0.533 0.527
Raw captions (top 30%) + BLIP2 captions (70%, filtered), intersect
IN1k

222M 0.643 0.549

Raw captions (top 30%) + BLIP2 captions (70%, filtered) 834M 0.598 0.551

Table C.2: Performance for select baselines at small, medium, and large scales of DataComp. *
indicates numbers obtained from the original paper [56]. Underlined numbers are best-performing
baselines from the DataComp benchmark, trained on only raw web-crawled captions. Bolded numbers
are the updated best-performing methods after comparing with baselines involving synthetic captions.
In general, given a fixed training budget, it is helpful to include more samples in the training pool
by carefully replacing noisy raw captions with synthetic captions (i.e., Raw (top 30%) + BLIP2
(70%, filtered) versus Raw (top 30%)). We experiment with many more filtering and mixing
methods at the medium scale and report how the performance varies with CLIP score filtering
threshold, see Table C.3.
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CLIP score filtering 10% 20% 30% 50% 75% 90%
Cosine similarity threshold

Raw captions 0.295 0.266 0.243 0.203 0.160 0.129
BLIP2 captions 0.315 0.292 0.277 0.251 0.217 0.187

Only raw captions
Training set size 12.8M* 25.7M* 38.4M* 64.1M* 96.1M* 115M*
ImageNet accuracy 0.198* 0.260* 0.273* 0.254* 0.212* 0.188*
Average accuracy 0.277* 0.322* 0.328* 0.315* 0.285* 0.266*

Only BLIP2 captions
Training set size 12.8M 25.6M 38.5M 64.1M 96.0M 115M
ImageNet accuracy 0.146 0.249 0.275 0.302 0.300 0.293
Average accuracy 0.254 0.333 0.356 0.370 0.365 0.366

Only BLIP2 captions, for top % based on cosine similarity of image and raw text
Training set size 12.8M 25.7M 38.4M 64.1M 96.1M 115M
ImageNet accuracy 0.192 0.245 0.261 0.266 0.267 0.276
Average accuracy 0.280 0.330 0.346 0.342 0.349 0.356

Raw captions for top % + BLIP2 captions for the remaining examples
Training set size 128M 128M 128M 128M 128M 128M
ImageNet accuracy 0.286 0.296 0.297 0.286 0.250 0.215
Average accuracy 0.360 0.357 0.365 0.349 0.323 0.293

Raw captions for top % + BLIP2 captions for the remaining examples,
subject to the same cosine similarity threshold

Training set size 30.5M 59.5M 83.6M 114M 127M 128M
ImageNet accuracy 0.267 0.310 0.317 0.296 0.251 0.212
Average accuracy 0.343 0.372 0.368 0.352 0.313 0.285

BLIP2 captions for top % + raw captions for the remaining examples,
subject to the same cosine similarity threshold

Training set size 17.1M 32.8M 47.7M 75.3M 105M 121M
ImageNet accuracy 0.212 0.272 0.298 0.310 0.298 0.285
Average accuracy 0.305 0.353 0.367 0.376 0.375 0.355

Concatenate raw & BLIP2 captions for top % + BLIP2 captions for the remaining examples,
subject to the same cosine similarity threshold

Training set size 30.5M 59.5M 83.6M 114M 127M 128M
ImageNet accuracy 0.250 0.287 0.299 0.286 0.269 0.262
Average accuracy 0.336 0.368 0.367 0.359 0.340 0.337

Top % raw captions + top % BLIP2 captions
Training set size 25.6M 51.3M 76.9M 128M - -
ImageNet accuracy 0.238 0.285 0.297 0.300 - -
Average accuracy 0.318 0.358 0.366 0.356 - -

BLIP2 captions - top % intersect with examples from IN1k clustering
Training set size - - 10.0M 16.4M 23.6M 27.1M
ImageNet accuracy - - 0.243 0.289 0.306 0.301
Average accuracy - - 0.310 0.343 0.360 0.344

Table C.3: Summary of how various filtering and mixing strategies perform on ImageNet and on average
across 38 evaluation tasks in DataComp, given a 128M candidate pool (medium scale). * indicates numbers
obtained from [56]. Note that all resulting training sets are trained for a fixed number of steps (128M
samples seen) and other training variables (e.g., architecture, hyperparameters) are kept constant. Synthetic
captions are generated using pretrained BLIP2 model with top-K sampling (K = 50) and softmax temperature
0.75. We find that at this scale, approaches that yield the best ImageNet and average accuracies leverage a
combination of raw and synthetic captions.

196



C.5 Synthetic Caption Analysis
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Figure C.2: We find that expanding a training set of filtered raw data by using
BLIP2 captions for some of the discarded images improves performance on 30 out
of 38 evaluation tasks, in addition to boosting average accuracy by 4%. We compare
performance on each task between training on the top 30% of examples with raw captions (based
on CLIP score) and training on the same set of examples but with the addition of BLIP2 captions
for the remaining 70% images, filtered by the same CLIP score threshold. In Table C.2, we have
shown that adding BLIP2 captions improves ImageNet accuracy by 4.4% and average accuracy by
4%. With this breakdown, we find that the performance improvement applies to most of the tasks
in the evaluation set, especially retrieval.
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Figure C.3: We break down per-class performance on
ImageNet, between a CLIP model trained on only raw
captions and one trained on only synthetic captions with
similar overall ImageNet accuracy. We find no systematic
trends in the performance of either model when it comes
to classifying ‘living’ or ‘non-living’ things.

We also investigate whether there are system-

atic differences in training with raw versus

generated text when it comes to recognizing

certain object categories. To do so, we exam-

ine two CLIP models that perform similarly on

ImageNet (i.e., ±0.2%): one trained on only

raw captions and one trained on only gener-

ated captions, both training sets have been

filtered with CLIP score ranking to select the

top 30% image-text pairs. In Figure C.3, we

analyze performance on each ImageNet class,

categorized as either ‘living’ or ‘non-living’
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thing based on where the classname synset is located in the WordNet hierarchy. We observe that

class-wise classification performances are scattered evenly around the y = x line, indicating that

compared to web-crawled captions, synthetic captions do not exhibit a particular disadvantage on

either ‘living’ or ‘non-living’ concepts.

C.6 Performance at Scale
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Figure C.4: Our simple analyses of text properties suggest that the text diversity
provided by synthetic captions may not scale as well as that of raw captions scraped
from the Internet. We measure the number of unique nouns and unique trigrams in random
subsets of BLIP2 and raw captions of various sizes. We observe that on both metrics, the scaling
trend for generated captions is worse than that of raw captions. This increasing gap in data diversity
may impact the performance benefits we can expect to obtain from using synthetic captions, when
dealing with a larger scale of training data.

C.7 Experiments with LAION-COCO

Our experiments with synthetic captions are partly inspired by the release of LAION-COCO dataset

[161], which used BLIP [100] with various hyperparameter settings to caption LAION-5B data [160],

and then selected the top synthetic caption for each image based on the cosine similarity output

by OpenAI’s CLIPs [141]. We pick a random set of 100M samples from LAION-COCO and train

on this set using DataComp’s medium scale configuration (i.e., 128M steps), with either only the

raw captions or only the top BLIP captions that come with the dataset. We find that training on
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BLIP 20.5 29.0 104M
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26.8 32.4 41M

Raw (CLIP
score ≥ 0.28)

27.5 32.2 41M

Figure C.5: BLIP2 significantly closes the performance gap between BLIP captions
and raw captions on LAION-COCO; when controlled for noise level, the performance
difference between using BLIP2 and using raw captions is actually negligible. We use
BLIP2 [99] to generate captions for 100M random samples from the LAION-COCO dataset [161],
which already come with corresponding BLIP [100] captions. We find that advances in the BLIP
model family help generated captions close the gap with raw captions, as measured by the zero-shot
performance of CLIP trained on the captions. After applying a cosine similarity threshold of 0.28 to
the BLIP2 training pool, just like how LAION data was originally curated, we find that using either
raw captions or synthetic captions for the resulting set of training examples makes little difference
(hatched columns).

BLIP captions significantly lags behind training on raw captions, measured by both ImageNet and

average accuracies (Figure C.5). Consequently, a natural question to ask is how much of this gap

can be overcome with progress in image captioning models, e.g. the release of BLIP2.

We proceed to generating BLIP2 captions for the same set of 100M images, using only one

configuration from the original hyperparameter grid in [161] due to compute constraints. Despite

the lack of hyperparameter tuning, the new BLIP2 captions manage to close the previous ImageNet

performance gap by 75% and come close to the average accuracy obtained from training on raw

captions (see table in Figure C.5). Since raw data in LAION was already filtered with a CLIP

score threshold of 0.28 during the dataset construction, we next experiment with applying the same

filtering to BLIP2 captions, in order to control for noise quality in the caption data. On the resulting

41M images, using BLIP2 captions is about as effective as using raw captions (-0.7% ImageNet

accuracy and +0.2% average accuracy).
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We note that LAION is considered a curated web dataset, with heavy cosine similarity filtering

being one of the preprocessing steps. This in turn leads to approximately 90% of the raw data

from Common Crawl to be discarded, according to Schuhmann et al. [160]. Since LAION only

retains about 10% of the original candidate pool, similar experiments in DataComp [56] have shown

that further CLIP score filtering on these top examples will only hurt performance. In addition,

given that the selected raw captions are already relatively clean (measured via image-text cosine

similarity), and there is no record of datapoints that were filtered out for further experimentation,

we find LAION-COCO to be an unsuitable benchmark for studying the utility of synthetic captions.

Our experiments here mainly seek to demonstrate that progress in image captioning models (e.g.,

the BLIP model family) can translate to better text supervision for CLIP training that rivals the

effectiveness of using raw captions.

C.8 Fairness Implications of Using Synthetic Captions

We examine zero-shot classification accuracy of predicting race and gender from face images in the

Fairface dataset [88], for a model trained on only filtered raw captions, one trained on only filtered

synthetic captions, and one trained on both. We acknowledge that there are limitations to these

evaluations as race and gender should not be considered fixed categories.

With Fairface, we find that using synthetic captions improves the classification performance on the

disadvantaged group (e.g. female) significantly, and reduces the performance gap between male

and female groups while still boosting the overall performance on all race categories (Table C.4).

We leave more extensive study of the fairness implications of using synthetic data (including and

beyond gender biases) to future work.
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Gender Model Race
Black White Indian Latino/

Hispanic
Middle
Eastern

South East
Asian

East
Asian

Male
Raw (top 30%) 93.0 88.8 91.2 90.8 92.3 85.3 81.3
BLIP2 (top 30%) 87.2 73.7 77.2 74.9 78.6 72.0 64.0
Raw (top 30%) + BLIP2
(70%, filtered)

90.5 75.0 79.7 79.4 81.1 72.4 65.3

Female
Raw (top 30%) 20.3 47.1 35.1 42.0 40.9 44.9 56.8
BLIP2 (top 30%) 36.9 70.8 57.9 67.5 67.4 64.1 78.4
Raw (top 30%) + BLIP2
(70%, filtered)

32.9 74.8 56.5 66.3 67.9 67.8 81.9

Overall
Raw (top 30%) 56.7 68.0 63.2 66.4 66.6 65.1 69.1
BLIP2 (top 30%) 62.1 72.3 67.6 71.2 73.0 68.1 71.2
Raw (top 30%) + BLIP2
(70%, filtered)

61.7 74.9 68.1 72.9 74.5 70.1 73.6

Table C.4: Using synthetic captions improves classification performance on Fairface for the minority
group (i.e., female) across all race categories.
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Chapter D

Appendix: Recycling Discarded Data

for Sustainable Pretraining

D.1 Training Details

We use the hyperparameters reported by DCLM, but train our models using the Lingua frame-

work [182] and Llama-2 architecture and tokenizer as the backbone. Below we copy the hyperpa-

rameter values from Li et al. [98] for reference. More details can be found in Appendix F of the

DCLM paper.

Scale nlayers nheads dmodel dheads Warmup Learning
rate

Weight
decay

Batch
size

1B-1x 24 16 2048 128 5000 3e-3 0.033 256
3B-1x 32 32 2560 128 5000 3e-3 0.033 256
7B-1x, 7B-2x 32 32 4096 128 5000 2e-3 0.05 2048

Table D.1: Main model and training hyperparameters used in our experiments, taken
from DCLM [98]. For each scale, we list the number of layers nlayers, number of attention heads
nheads, model width dmodel, and width per attention head dhead. Batch sizes are global and in units
of sequences. Sequence length is 2048 tokens.
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D.2 Data Generation Details

We prompt Llama-3.3-70B-Instruct to obtain an improved text version conditioned on the task and

purpose of an initial web-crawled document. All generations are obtained through Matrix [185] and

vLLM frameworks [95] with Sampling Parameters. We use temperature 1, max_tokens of 8192 (to

account for the intermediate reasoning) and top_p 0.9. Generating 100B tokens would take about

88K H100 GPU hours. For our experiments, we generate about 400B tokens in total.

Below we show the full prompt used in ReWire:

<|start\_header\_id|>user<|end\_header\_id|>

Below is a draft from an AI Assistant when trying to accomplish task or solving a

problem. Analyze and understand the task and problem(s) to be solved. Then

pretend to be the expert who is most skillful to acomplish this task, write down

the detailed thinking process and internal monologue that went into identifying a

strategy and lay out a plan about how to solve this problem. Experts usually

apply meta-reasoning and planning to reason about how to best accomplish the task

before jumping to solution.

Deliberate meta-reasoning also involves reflection which can help identify issues

and take a step back to explore other paths. Below are some generic examples of

starting questions experts could ask themselves during meta-reasoning process.

The expert will come up with the most relevant questions that can help with their

thinking process, which are also very specific to the task.

Let's first try to understand the task and exactly what problem(s) to be solved.

What is the core issue or problem that needs to be addressed? What are the key

assumptions underlying this problem?
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How can I break down this problem into smaller, more manageable parts? How can I

simplify the problem so that it is easier to solve?

What kinds of solution typically are produced for this kind of problem

specification? Given the problem specification and the current best solution,

have a guess about other possible solutions. Let's imagine the current best

solution is totally wrong, what other ways are there to think about the problem

specific

What is the best way to modify this current best solution, given what you know

about these kinds of problem specification?

Am I on the right track? Let's check our progress so far.

Let's make a step by step plan and implement it with good notion and explanation.

Finally, write an improved response after thinking about how to accomplish the

task. Take information and details from the original draft whenever they are

useful. Therefore, the improved response should not be shorter than the original

response. The improved response should have better formatting and readability,

with more coherent and in-depth reasoning, while removing any noise or

digression. Note that the best experts chosen to answer each prompt may be

different, so please make sure the you do not sound like the same expert for all

tasks.
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IMPORTANT: Start your analysis and thinking right away. DO NOT add any filler

text, explanations or notes about your response. Put the thinking and planning

between <thinking\_starts> and <thinking\_ends>, and the improved response

between <improved\_response\_starts> and <improved\_response\_ends>.

Original Draft: [ORIGINAL DOCUMENT]
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D.3 Generation Samples

In the samples below, we use different colors to distinguish the web-crawled version from the

rewritten version.

D.3.1 High Semantic Similarity Between Raw Text and Rewritten Text

Raising Cost of Blood Transfusions Makes Need for Bloodless Surgical procedures

Bloodless surgical treatment provides a cost-effective different for both of those patients and
healthcare methods. By limiting the quantity of blood missing in the first place, the necessity to get
a blood transplant is lowered, Otherwise absolutely eliminated. As blood management applications
and bloodless surgical treatment approaches go on to progress, bloodless drugs will be an option
for additional people and more procedures.

Obviously, not all techniques might be done employing bloodless operation procedures. Unplanned
surgical procedures, which include crisis trauma and kardioloski pregled various ER strategies, are
tricky to perform using blood administration concepts. For these treatments, blood transfusions
should still holter ekg cena beograd be needed.

Get hold of your neighborhood healthcare method for more holter ekg cena beograd information
about bloodless surgery, including the advantages of blood management and an index of treatments
that could be carried out with no transfusion.

Leave a Reply
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The escalating cost of blood transfusions has brought to the forefront the need for alternative,
cost-effective approaches to surgical procedures. One such approach is bloodless surgical treatment,
which offers a promising solution by minimizing blood loss and thereby reducing or eliminating
the necessity for blood transfusions. By employing advanced blood management strategies and
surgical techniques, bloodless surgery can significantly lower the financial burden on both patients
and healthcare systems.

Bloodless surgical procedures are grounded in the principle of limiting blood loss during surgery,
thereby reducing the need for transfusions. This approach not only helps in avoiding the costs
associated with blood transfusions but also decreases the risk of transfusion-related complications.
As technology and medical practices continue to evolve, the scope of bloodless surgery is expected
to expand, making it a viable option for an increasing number of patients and procedures.

However, it is crucial to acknowledge that not all surgical procedures can be performed using
bloodless techniques. Emergency surgeries, such as those resulting from trauma or other acute
conditions, often require immediate blood transfusions and may not be suitable for bloodless surgical
approaches. In these situations, traditional blood transfusion methods remain indispensable.

Despite these limitations, the potential of bloodless surgery to transform patient care and reduce
healthcare costs is substantial. For individuals interested in learning more about bloodless surgical
options, including the benefits of blood management and the types of procedures that can be
performed without transfusion, contacting their local healthcare system is a recommended first
step. This can provide valuable insights into the availability and suitability of bloodless surgery for
specific needs.

In conclusion, the rising cost of blood transfusions underscores the importance of exploring alternative
surgical methods, with bloodless surgery emerging as a particularly promising avenue. Through its
potential to reduce blood loss and transfusion needs, bloodless surgery not only offers a cost-effective
solution but also contributes to enhancing patient safety and outcomes. As medical science continues
to advance, the role of bloodless surgery in modern healthcare is likely to become increasingly
significant.

D.3.2 Low Semantic Similarity Between Raw Text and Rewritten Text
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Inserting Excel into OneNote is a useful feature that allows users to embed spreadsheets directly
into their notes. There are several ways to do this, including copying and pasting, using the "Insert"
tab, or using the "Attach File" feature.

**Method 1: Copying and Pasting**

To insert an Excel spreadsheet into OneNote using the copy and paste method, follow these steps:

1. Open your Excel spreadsheet and select the cells you want to insert into OneNote.
2. Right-click on the selected cells and choose "Copy" (or use the keyboard shortcut Ctrl+C).
3. Open OneNote and navigate to the page where you want to insert the Excel spreadsheet.
4. Right-click on the page and choose "Paste" (or use the keyboard shortcut Ctrl+V).
5. The Excel spreadsheet will be inserted into OneNote as a static image.

**Method 2: Using the "Insert" Tab**

To insert an Excel spreadsheet into OneNote using the "Insert" tab, follow these steps:

1. Open OneNote and navigate to the page where you want to insert the Excel spreadsheet.
2. Click on the "Insert" tab in the ribbon.
3. Click on "Spreadsheet" in the "Tables" group.
4. Select "Excel Spreadsheet" from the dropdown menu.
5. Choose the Excel file you want to insert and click "Insert".
6. The Excel spreadsheet will be inserted into OneNote as a live spreadsheet that can be edited.

**Method 3: Using the "Attach File" Feature**

To insert an Excel spreadsheet into OneNote using the "Attach File" feature, follow these steps:

1. Open OneNote and navigate to the page where you want to insert the Excel spreadsheet.
2. Click on the "Insert" tab in the ribbon.
3. Click on "File" in the "Files" group.
4. Select "Attach File" from the dropdown menu.
5. Choose the Excel file you want to insert and click "Insert".
6. The Excel spreadsheet will be attached to the OneNote page as a file that can be opened and
edited.

In addition to inserting Excel into OneNote, users may also want to insert images into PDFs or
insert hyperlinks into Excel spreadsheets. To insert an image into a PDF, you can use a tool like
Adobe Acrobat or a free online PDF editor. To insert a hyperlink into an Excel spreadsheet, you
can use the "Hyperlink" feature in the "Insert" tab.
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D.4 More Results

D.4.1 Impact of Training with Synthetic Data on Factuality

Baseline name TruthfulQA
MC1 zero-
shot accu-
racy

TruthfulQA
MC2 zero-
shot accu-
racy

DCLM World
Knowledge
few-shot accu-
racy

3B/ Raw text (top 10%) 0.185 0.324 0.440
3B/ Raw text (top 10%) + Rewrite text (top 10%) 0.213 0.355 0.457
7B/ Raw text (top 10%) 0.234 0.361 0.513
7B/ Raw text (top 10%) + Rewrite text (top 10%) 0.266 0.406 0.543

Table D.2: Mixing in ReWire generations improves truthfulness and knowledge ca-
pabilities of the resulting model. As a proxy to measure the impact of including rewritten
content on factuality, we compare the performance of training with and without synthetic texts, on
TruthfulQA [107] and on the World Knowledge subset of DCLM Extended tasks (Jeopardy, MMLU,
BigBench QA Wikidata, BigBench Misconceptions, ARC Easy, ARC Challenge, TriviaQA) [98].
TruthfulQA evaluations are done using EleutherAI’s Evaluation Harness framework [59]. We observe
that adding high-quality rewritten texts to the pretraining set improves performance on these
benchmarks. This suggests that while there is a risk of hallucination with any kind of LLM outputs,
overall ReWire generations still benefit the model’s truthfulness and knowledge coverage.
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D.4.2 Experiments with Higher Data Repetition Rates

Baseline name Pool
size

Dataset size MMLU↑ CORE↑

1B-5x Setting: 144B tokens seen

Raw text (top 10%) 140B 14B 0.258 0.345
Raw text (top 20%) 140B 28B 0.244 0.351
Raw text (top 10%) + Rewritten text (top 10%) 140B 14B + 14B 0.292 0.369
Raw text (top 10%), 2× 280B 28B 0.268 0.356
Raw text (top 20%), 2× 280B 56B 0.244 0.344

7B-2x Setting: 276B tokens seen

Raw text (top 10%), DCLM-Baseline [98] 345B 34.5B 0.426 0.456
Raw text (top 10%) + Rewritten text (top 10%) 345B 34.5B + 34.5B 0.499 0.479
Raw text (top 10%), 2× 690B 69B 0.472 0.474

Table D.3: Results on the DCLM benchmark, with higher data repetition rates. Here
we increase the training token budget and simulate the setting where filtered datasets are trained for
more than 4 epochs. For instance, at the 1B-5x scale, each sample in Raw text (top 10%) would
be seen 10 times during training. If we relax the filtering threshold and select the top 20% of the
initial data pool, each sample would be seen 5 times. Similar to the findings in Section 5.4, when
training for more epochs at both 1B and 7B model parameter scales, adding ReWire generations
to the high-quality web data helps boost performance on MMLU and on average across 22 tasks.
The resulting accuracy level exceeds that of training on 2× more high-quality raw data (see the
shaded rows).

D.5 Other Analyses

D.5.1 Length of Generations

Text type Min
length
(tokens)

Max
length
(tokens)

Average length
(tokens)

Median length
(tokens)

Raw text (top 10%) 30 178K 1451 764
Rewritten text (top 10%) 21 6688 719 695
Extracted knowledge 53 1729 471 463
Diverse QAs 15 342 67 54
Wikipedia rephrasing 56 102K 595 306

Table D.4: Length statistics based on 100K samples. We find that the high-quality web-
scraped documents are still generally much longer than their synthetic counterparts. Among
the different methods of synthetic data generation, our ReWire pipeline produces the longest
generations on average.
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D.5.2 Individual Task Performance

Figure D.1: Performance of different baselines at 3B-1x scale on the DCLM benchmark.
We provide a breakdown of per-task performance for three baselines at the 3B model parameter
scale (Table 5.1): (i) Raw text (top 10%) (HQ Raw), (ii) Raw text (top 10%) + Rewritten
text (top 10%) (HQ Raw + HQ Rewrite), and (iii) Raw text (top 10%) but starting from a
pool with 2× more tokens (HQ Raw, 2x data). The dotted areas represent random-chance accuracy
levels.
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Figure D.2: Performance of different baselines at 7B-1x scale on the DCLM benchmark.
We provide a breakdown of per-task performance for three baselines at the 7B model parameter
scale (Table 5.1): (i) Raw text (top 10%) (HQ Raw), (ii) Raw text (top 10%) + Rewritten
text (top 10%) (HQ Raw + HQ Rewrite), and (iii) Raw text (top 10%) but starting from a
pool with 2× more tokens (HQ Raw, 2x data). The dotted areas represent random-chance accuracy
levels.
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