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Abstract

Data curation is the problem of how to collect and organize samples into a dataset
that supports efficient learning. Despite the centrality of the task, little work has
been devoted towards a large-scale, systematic comparison of various curation
methods. In this work, we take steps towards a formal evaluation of data curation
strategies and introduce SELECT , the first large-scale benchmark of curation
strategies for image classification.
In order to generate baseline methods for the SELECT benchmark, we create a
new dataset, IMAGENET++ , which constitutes the largest superset of ImageNet-
1K to date. Our dataset extends ImageNet with 5 new training-data shifts, each
approximately the size of ImageNet-1K itself, and each assembled using a distinct
curation strategy. We evaluate our data curation baselines in two ways: (i) using
each training-data shift to train identical image classification models from scratch
(ii) using it to inspect a fixed pretrained self-supervised representation.
Our findings show interesting trends, particularly pertaining to recent meth-
ods for data curation such as synthetic data generation and lookup based on
CLIP embeddings. We show that although these strategies are highly com-
petitive for certain tasks, the curation strategy used to assemble the original
ImageNet-1K dataset remains the gold standard. We anticipate that our bench-
mark can illuminate the path for new methods to further reduce the gap. We
release our checkpoints, code, documentation, and a link to our dataset at
https://github.com/jimmyxu123/SELECT.

1 Introduction

Data curation is the process of collecting and organizing a corpus of data into a dataset that supports
efficient learning. Until recently, data curation was an implicit consideration in most of the academic
discourse on machine learning, and the vast majority of research works were oriented towards
introducing novel methods, theories, or architectures.

However, data curation has begun to gain prominence as a research topic in its own right; several recent
works have contended that labeling errors pervade commonly used benchmark datasets, with error
rate estimates varying from 3% to 50% on the most popular ones [32, 5, 22, 28]. Group imbalances
are often inadvertently introduced during the curation process, biasing model predictions [21, 10].
The work of [33] created a standard, now widely adopted, for reporting on the process for creating
new datasets. Unfortunately, despite growing attention of the centrality of the data curation problem
to model performance, many works in the literature do not adhere to best practices, reporting very
little about the data on which they are trained, or how that data was curated [34, 24, 6]. To address
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Figure 1: Overview of SELECT Benchmark. (Left ) The ImageNet++ dataset is composed of
different shifts of the ImageNet train set. The shifts were generated using different curation strategies
and drawn from diverse data sources including OpenImages (natural images), LAION (natural
images), and Stable Diffusion (synthetic images). (Right) We trained identical models on the sets
collected using the different strategies (producing different `shifts'), and evaluated them in two
ways: (i) Utility metrics: quantifying the models ability to predict different in-distribution and
out-of-distribution test sets, and (ii)Analytic metrics: examining various statistics of the distribution
of the samples among the various classes.

this, [14] in NeurIPS 2023 introduced the DataComp competition, where the model architecture and
loss (following CLIP [34]) were �xed and the challenge was to �lter (subsample) a large pool of
images to �nd high-performant sets of image samples for a suite of zero-shot tasks.

Our goal in this paper is to bring the implicitly studied subject of data curation into sharper focus,
broaden the scope of curation beyond data �ltration, and introduce it as a topic of research in its
own right. In Sec. 2, we use rational choice theory to formalize any data curation strategy as a utility
function, where an increment to the marginal cost produces an expected gain in utility. In Sec. 3, we
introduceSELECT , a benchmark that serves as a diverse measure of utility of data curation methods
in the domain of image classi�cation. In Sec. 4, we introduceIMAGENET++ , which we leverage to
produce a large-scale set of baselines for data curation, composed of 5 new training-data shifts of
ImageNet-1K. Finally, in Sec. 5, we compare ourIMAGENET++ baselines on theSELECT benchmark
and derive several useful insights. Speci�cally, our contributions are as follows.

1. We introduceSELECT , a diverse benchmark for data curation methods for computer vision (in
particular, image classi�cation).

2. We introduceIMAGENET++ , the largest, most diverse set of distribution shifts for ImageNet-train
to date [11]. This serves as a rich source of data curation baselines on which we train over 130
models (Fig. 2).

3. We analyze our baseline models and derive several novel insights:

(a) On certain metrics inSELECT (pretraining and �ne-tuning), reduced-cost curation methods
perform as well as expert-labeled data.

(b) However, on most metrics, expert labeling continues to outperform the alternatives.
(c) Image-to-image curation methods generally outperform those which rely on text.
(d) Both label noise and label imbalance remain important limiting factors on the utility of

cost-ef�cient data-curation.

In order to enable future research and reproducibility, we release our code, our dataset, and a complete
enumeration of our results for all models in the study (see supplemental attachments).
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2 Background

2.1 Related Work

Benchmarking data �ltration strategies. The work most closely related to our own is [14], a
machine learning benchmark where the models are �xed and the challenge is to �lter the best possible
subset for pretraining. [14] compared a range of data curation strategies using standardized CLIP
training code followed by a zero-shot evaluation on 38 downstream datasets. Unlike their work, ours
focuses on image-only models, which are smaller and easier to train to high accuracy [13]. Our
benchmark also allows for comparing a greater variety of data curation strategies and reports a more
diverse range of metrics, including utility metrics on downstream tasks and analytic metrics that do
not rely on model training.

Representation learning.The problem of data curation has long been an implicit consideration in the
�eld of representation learning. In representation learning, images from an existing computer vision
dataset are often paired with noisy labels, or replaced with some weaker form of supervision such as
text captions [34, 2]. In Self-supervised learning, the labels are removed entirely and the model learns
only from the images [7, 8]. Although these models require fewer labels, or in some cases no labels
at all for learning a representation, they nevertheless rely on the existence of a well-de�ned label set
for downstream tasks and bene�t from a previously �ltered and curated collection of images. Our
work extends these efforts by illuminating the extent to which methods such as DINO are dependent
on the quality of data curation at test time [7].

ImageNet-train distribution shifts. [40] generated a synthetic shift of ImageNet-train composed of
LAION data – unlike their work, ours searches all of LAION-5B, does not rely on text similarity, and
applies NSFW �ltering. [40] argue that intra-class similarity of images in the original ImageNet is
dramatically higher than it is for LAIONet, because searching based on an image caption alone creates
an information bottleneck that mitigates the selection bias otherwise present in image-based �ltering,
formalizing a long-held intuition in the community that ImageNet images are stereotypical, unnatural,
and overly simple representations of the class category. In a paper investigating the relationship
between pretraining data diversity and �ne-tuning robustness, [35] produce a 150K-sample ImageNet-
like dataset using 80 diverse prompts per ImageNet class to generate the samples. Unlike their
work, our dataset is publicly available, covers the entirety of ImageNet, and generates images using
CLIP's image encoder only. [25] generated and released to HuggingFace 1.3 Mn images using Stable
Diffusion 1.5. [1] �ne-tuned a Stable Diffusion checkpoint and released the resulting dataset. [38]
used Stable Diffusion 1.4 but did not release their data. Unlike previous work, our synthetic dataset
was NSFW-�ltered and uses CLIP's image encoder only, without any subsequent �ne-tuning.

Imbalance and quality. The problem of label imbalance has been extensively studied in the literature,
with many interventions proposed [41]. We incorporate one such intervention into our benchmark
and introduce new metrics for measuring imbalance. There is also a large existing literature on
detecting and correcting noisy labels; as of this writing, however, no method has been shown to work
reliably across a wide range of datasets and modalities, and so we do not attempt to incorporate
any label correction into our training [16]. Closely related to the concept of label �delity is the
concept ofimage �delity or diversity. Our experiments lead us to postulate that label �delity is
necessary, but not suf�cient, to achieve data diversity; as a simple counterexample, conventional
data augmentation strategies such as image transformation can be designed to maintain label and
image �delity, but models trained on synthetically augmented data are only marginally more robust
to natural distribution shifts [29, 42]. [36] conduct an experiment similar to our Base Accuracy
experiments, but use them only to evaluate the quality of synthetic image generative models.

2.2 Data Curation Strategies

In this section, we formalize the problem of data curation and offer an overview of data curation
strategies, as well as exemplary datasets for each curation strategy, in Tab. 1.

We model any data curation strategy as a rational series of choices made by humans with the aim of
maximizing the utility of a dataset of a given size (also referred to as a shift). Through this lens, we
can formalize data curation as follows.

Let I be the set of plausible images (or wherever pertinent, image-text pairs). LetD be a distribution
overI . A curation strategyf takes in a scalar cost inputC, and draws a set of samplesS from D. An
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increase in the costC will give a larger setS. Typically, for a largerS, the curators expect increased
marginal utility on downstream tasks. For an extended discussion of cost, please refer to Sec. J.

3 SELECT : a benchmark of data curation for image recognition

We now introduceSELECT , the �rst large-scale benchmark of data curation strategies for image
recognition.SELECT assumes the existence of a baseline dataset and strategy against which we wish
to measure the performance of a new curation strategy. We refer to a dataset curated using a particular
strategy as ashift. In SELECT we �x the model architecture, training strategy, and the label set, but
the quantity and quality of data varies depending on the curation method. For our experiments, we
�x L as the 1000 labels of the ImageNet validation set, and ImageNet-train's expert curation as our
baseline strategy.

We center the benchmark around ImageNet because it is arguably the most well-studied task in the
vision literature for which there exist a large and growing space of OOD-robustness distribution shifts.
Given how in�uential ImageNet has been in the development of machine learning research, we can
expect the original ImageNet-1K to be a challenging baseline strategy against which to compare
shifts. Nevertheless, newly curated images can outperform the labeled images in ImageNet-train,
even with respect to ImageNet-val accuracy [13]. Another advantage is that ImageNet training has
been heavily optimized, making the choice of a hyperparameter search space less controversial [45].

Metrics. The metrics inSELECT can be divided into two main categories.Utility metricsare designed
to measure the usefulness of the curated shift for a variety of downstream tasks. Utility metrics are
reliable, but more expensive to compute, since most of them require model training.Analytic metrics
are useful for planning the data curation and rapidly evaluating different options. Therefore, such
metrics are inexpensive to compute and do not require model training on the shift. They can be used
to indicate the expected utility of a shift or to help explain observed differences in performance. Our
analytic metrics are computed over a 1 million size sample from each shift's data, sampling uniformly
and with replacement.

3.1 Utility metrics in SELECT

Base Accuracy. The �rst metric we report is accuracy on holdout data drawn from the same
distribution as the data of the baseline strategy (in this case, ImageNet validation accuracy).

OOD Robustness.We report several out-of-distribution robustness metrics, both synthetic and
natural. Synthetic OOD-robustness shifts are generated using algorithms which transform existing
real images in the validation set (e.g., synthetic image corruptions). Natural OOD-robustness shifts
contain novel real images collected according to some heuristic, such as sketches of the class [43] or
only collecting class examples with unusual context [3]. For natural distribution shifts, we include
ImageNet-Sketch[43], ObjectNet[3], ImageNet-V2- a replication of the original ImageNet test set,
ImageNet-R [19] - a 200-class subset of ImageNet-2012, highlighting renditions of everyday objects,
andImageNet-A[19] a 200-class subset of ImageNet-2012 selected by misleading previous methods.
For synthetic distribution shifts, we reportImageNet-CandStylized-ImageNet[18, 15]. In Tab. 2,
we report the average over all natural distribution shifts as Avg. Nat. Rob., and the average over all
synthetic distribution shifts as Avg. Syn. Rob..

Pretraining and �ne-tuning. In order to holistically assess the quality of a data curation strategy
it is important to include utility metrics that do not strictly track base accuracy. One such metric is
treating the model trained on the shift as a pre-trained checkpoint, and evaluating it via a diverse
regime of �ne-tuning tasks. Inspired by the VTAB-1k benchmark introduced in [46], we assemble
11 such tasks. The details of the tasks and our implementation details for �ne-tuning models can be
found in Appendix Sec. K. We report the results of such a regime in Tab. 2 as Avg. VTAB.

Guiding self-supervised models.All of the utility metrics we describe so far require �rst pretraining
a model on the shift dataset. However, for rapid evaluation, it is also useful to consider metrics that
estimate the utility of a curated datasetwithout training a model. For this, we turn to the �eld of
self-supervised learning, in particular the DINO method introduced in [7]. We evaluate a DINO
model pretrained on ImageNet-train; note that the DINO pretraining method makes no use of the
labels in the dataset, relying entirely on the images. We then evaluate the pretrained DINO model
on the ImageNet-val test set using the method ofkNN classi�cation described in [7]. We evaluate
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the model multiple times, each time allowing a different quantity of samples-per-class (SPC). For
the details of our implementation and the speci�c SPC values we consider, please refer to Appendix
Sec. I. We report the average over all SPC values in Tab. 2 as Avg. SSL.

3.2 Analytic metrics in SELECT

Summary statistics.Summary statistics are extremely high-level features that are easy to compute
and interpret. We report Dataset Size (the number of unique samples in the dataset) and class coverage
(classes), which indicates the number of classes in the label set (in this case, ImageNet-1k) covered
by the shift.

Imbalance metrics. Zip�an's distribution suggests that the frequency of an event is inversely
proportional to its rank in a frequency distribution. This type of distribution is observed in natural
language, where a few words (like “the” and “and”) appear very frequently, while the majority are
used much less often. Inspired by this law, we utilize two metrics for imbalance; one which estimates
the effect of overrepresented classes, a phenomenon we termleft-skewedness; and another estimating
the impact of long-tail classes, which we refer to aslong-tailedness. For formal de�nitions of these
terms, please refer to Sec. G. For a visualization, please refer to Fig. 3.

Quality metrics. Quality metrics assess the usability of labels and images in the shift. One such score
is CLIPScore, introduced in [20], uses a CLIP model (in our case, the OpenAI ViT-B-16 checkpoint)
to score the similarity of image and text; this metric assesses the quality of both images and labels.
Another such score is CLIP-IQA, introduced in [44], uses generic semantic opposite pairs such as
good / bad and bright / dark and a CLIP model to score the quality of an image alone. We also include
the extremely popular Inception Score, which measures both the diversity and recognizability of
generated images by using a pre-trained Inception v3 model, with higher scores indicating better
image quality and variety [37]. Finally, we include the recent CMMD score, based on richer CLIP
embeddings and the maximum mean discrepancy distance with the Gaussian RBF kernel [23]. We
�nd that Inception Score is not a reliable predictor of quality as measured by IN1000-Val accuracy, as
it favors synthetic SD1000 (txt2img) images over real OI1000 and IN1000 images, which contradicts
the commonsense conception of image quality as a measure of realism. CMMD score shows more
promise than any other method we have considered, and has the potential to be useful; however, its
low score for the OI1000 split is incongruous with other, more reliable measures of label and image
quality.

Correlational metrics. We also provide a range of correlations which we observe to have good
predictive power. All correlations are Pearson's R; precision, recall and accuracy are reported for the
shift model unless otherwise speci�ed. R:P,CC is the correlation between precision and class count.
R:A,CS is the correlation between accuracy and confusion skewness (how concentrated the model
error is on a few classes). R:INA,A is the correlation between accuracy of the ImageNet-1k model
and the shift model. R:P,R is the correlation between precision and recall, and R: INAV, AV is the
correlation between class availability in ImageNet-1k and the shift.

4 IMAGE NET++ : A new set of baseline strategies for data curation

Overview. Having de�ned our data curation strategies in Tab. 1 and constructed a benchmark for
them, we turn to producing datasets using each of our strategies and comparing them with our baseline
strategy of expert curation for ImageNet-train. Few distribution shifts of ImageNet train exist, and
those that exist rarely document their curation process. To �ll this need, we introduceIMAGENET++ ,
the largest and most diverse set of shifts of ImageNet-train to date.IMAGENET++ consists of
ImageNet-train and 5 distinct training shifts, each one constructed using a strategy from Tab. 1. The
constituent shifts of IMAGENET++ are:

1. OI1000: A subset of the OpenImages dataset [26] utilizing the Crowdsourced strategy. OI1000
samples are human-labeled using crowdsourced annotators, and images are scraped without addi-
tional �ltration. We assemble this dataset by creating a mapping from OpenImages to ImageNet
classes and repackaging the relevant samples. The curation process required approximately 96
compute hours on CPU-only nodes.

2. LA1000 (img2img): A subset of the LAION dataset [39], utilizing theEmb img2imgstrategy -
embedding-based search retrieving new images conditioned on each ImageNet image embedding.
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Table 1:Data curation strategies.We enumerate the strategies we consider for curating datasets.
Image quality is low for synthetic image generating methods and high otherwise, as synthetic methods
can introduce noise in the image. We estimate class imbalance using our LT@500 (long-tailedness)
and LS@5pct (left-skewedness) metrics, described in depth in Sec. G. We report high cost when
humans were paid to label images and low otherwise. Our ImageNet label error estimates are drawn
from [32], and in the absence of other information, estimates for OpenImages are assumed to be
similar. Syn img2img label error estimates are identical to ImageNet, as labels are inherited.The
emb-txt2img and emb-img2img label error estimates were derived from experiments in [12], who
computed a 10% rate of disagreement between ImageNet original labels and those generated by a text-
based embedding search (the lower bound assumes that all human errors were corrected by txt2img
labeling, the upper bound assumes the union of errors). For extended de�nitions of the abbrevations
used in this table, please refer to Sec. 2. FS:= Fully Supervised; WS:= Weakly Supervised. We
enumerate the strategies employed for curating datasets.

Strategy Shift Name I (image
source)

T (text
source)

La-
bels

g (labeling
function) Filtration Image

Quality
Label
Error

Imbal-
ance

C
(cost)

Expert IN1000 Natural None FS Expert Expert High 0.06 Low High
Crowdsourced OI1000 Natural None FS Expert None High 0.06 High High
Syn img2img SD1000(img2img) Model None WS Algo existing S(X,y) Low 0.06 Low Low
Syn txt2img SD1000(txt2img) Model Natural WS Algo Text Low 0.00 Low Low

Emb img2img LA1000(img2img) Natural None WS Model CLIP sim,
existing S(X,y) High 0.04 - 0.16 Low Low

Emb txt2img LA1000(txt2img) Natural Natural WS Model CLIP sim, Text High 0.04 - 0.10 Low Low

FS:= Fully Supervised; WS:= Weakly Supervised

The curation process required approximately 336 compute hours on a 1x-NVIDIA-RTX8000
node.

3. LA1000 (txt2img): A subset of the LAION dataset [39], utilizing the Emb txt2imgstrategy -
embedding-based search conditioned on the CLIP similarity with the text of each ImageNet class
name. This shift is an expanded version of LaionNet, originally introduced in [40].

4. SD1000 (img2img):A shift generated from the ImageNet-train images using aSyn img2img
strategy; we utilize the Lambda Diffusers library from [27] to synthesize one image conditioned
on each image in ImageNet-train. The curation process required approximately 672 compute
hours on a 1x-NVIDIA-RTX8000 node.

5. SD1000 (txt2img):A shift generated from the ImageNet-train classnames using aSyn txt2img
strategy; this is the standard process used to generate images with diffusers. The dataset was
originally created by [25].

For extended descriptions of our shifts, including estimated costs of curation for each method, we
refer the reader to Appendix Sec. D.

Dataset coverage.In this work, we generate shifts of ImageNet-train only. We do not produce new
shifts for ImageNet-val, although prior works have explored this possibility, most recently [47]. We
avoid this because of the high likelihood of introducing an unspeci�ed degree of label and image
noise into our validation sets. Our aim is to evaluate the training data, keeping the evaluation data as
accurate as possible.

5 Results and Analysis

In this section, we evaluate our baseline strategy as well as our 5 shifts, training over 130 different
models evaluating the utility of the shifts for different tasks. For further implementation details,
please refer to Appendix Sec. L. In Tab. 2, we report our utility metrics for each strategy. Our key
�ndings are as follows:

• No reduced-cost curation strategy improves on ImageNet.We explore this surprising result
further in Sec. 5.1.

• Embedding-based search strategies are the best reduced-cost curation methods.They con-
sistently and dramatically outperform diffusion-guided curation on most benchmarks, despite the
dif�culty in obtaining class-balanced data. This reinforces observations in [14] that the �ltration
step is particularly important when the search space is large, and in [30] that synthetic image
distributions tend to saturate classi�ers rapidly.
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