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Abstract

ImageNet was famously created from Flickr image search results. What if we recreated ImageNet
instead by searching the massive LAION dataset based on image captions alone? In this work, we carry
out this counterfactual investigation. We find that the resulting ImageNet recreation, which we call
LAIONet, looks distinctly unlike the original. Specifically, the intra-class similarity of images in the original
ImageNet is dramatically higher than it is for LAIONet. Consequently, models trained on ImageNet perform
significantly worse on LAIONet. We propose a rigorous explanation for the discrepancy in terms of a subtle,
yet important, difference in two plausible causal data-generating processes for the respective datasets,
that we support with systematic experimentation. In a nutshell, searching based on an image caption
alone creates an information bottleneck that mitigates the selection bias otherwise present in image-based
filtering. Our explanation formalizes a long-held intuition in the community that ImageNet images are
stereotypical, unnatural, and overly simple representations of the class category. At the same time, it
provides a simple and actionable takeaway for future dataset creation efforts.

1 Introduction

For nearly a decade, ImageNet [Deng et al., 2009] was the focal benchmark for much of computer vision and
deep learning. Created from image web search results and human filtering, ImageNet contributed curated
images suitable for supervised learning at the time. In recent years, however, the community has seen a
new generation of models trained on massive amounts of noisy image-text data gathered from the web with
minimal curation. Available to the academic public is the massive scale LAION dataset, in two versions,
featuring 400 million [Schuhmann et al., 2021] and 5 billion [Schuhmann et al., 2022] image-text pairs,
crawled from the web, and filtered by the OpenAI CLIP model [Radford et al., 2021] rather than human
annotators.

At the outset, LAION works much like web image search. We can specify a query and retrieve images
with high similarity, according to CLIP, between the query and the text surrounding the image on the web
site that it was crawled from. We can therefore search LAION for each of the 1000 categories in the ImageNet
ILSVRC-2012 dataset1 and retrieve images corresponding to each of the classes. This process is much like
the first step of creating ImageNet from Flickr search results, except that LAION replaces Flickr, but either
way, both are based on web crawls. Where the creators of ImageNet hired human annotators to filter images,
we can use CLIP similarity to ensure that the resulting images have high fidelity to the class category.

We might expect that for a suitably chosen CLIP similarity threshold, the resulting dataset would bear
resemblance to the original ImageNet. However, we demonstrate that this is anything but the case. The
dataset, so created from LAION, very much looks unlike ImageNet. And we explain why. This explanation,
although subtle, reveals a fundamental fact about the difference between ImageNet and LAION that has
consequences for understanding dataset creation at large.
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include the text available at the time of ImageNet creation. Second, for many cases, we were unable to
find great matches for the ImageNet texts in LAION-400M. Scaling our analysis to LAION-5B might
help here.

In conclusion, we argue that the image-to-selection mechanism was significantly at play in the creation of
ImageNet. It is this mechanism that makes ImageNet look unlike LAION. This insight has direct prescriptive
value for dataset creation efforts in general. When creating a new dataset, we should select candidate
instances on the basis of an information bottleneck. A succinct text caption, for example, generally carries
much less information than the entire image. Selecting on the basis of the text caption, therefore, retains
much of the entropy present in the image distribution.

All code is available at: https://github.com/alishiraliGit/eval-on-laion

1.2 Related work

Recreating an ImageNet test set, called ImagenetV2, although with a different motivation, was the subject of
the seminal paper by Recht, Roelofs, Schmidt, and Shankar [2019]. Engstrom et al. [2020] argue that there
is a subtlety in thresholding empirical estimates of the true underlying selection frequency of an image.
Our argument, however, does not rely on any specific threshold of the selection frequency. We only need
to observe what happens as we vary it from small to large. In contrast to ImageNetV2, our goal is not to
recreate ImageNet as closely as possible. Rather it’s the differences between ImageNet and LAION that are
the focus of our investigation.

Many other works have modified ImageNet for a variety of reasons. Geirhos et al. [2019] created a
stylized version of ImageNet to reduce the reliance of the trained model on texture. Xiao et al. [2021]
disentangled the foreground and background of ImageNet images to show the tendency of the models to
rely on the background. Li et al. [2023] proposed ImageNet-W test set by inserting a transparent watermark
into the images of ImageNet validation set, revealing the reliance of the models on watermarks. ImageNet
undergoes ongoing augmentation over time. For example, the ImageNet-Captions [Fang et al., 2022b] project
has restored the captions of about one-third of original ImageNet images from Flickr. ImageNet-X [Idrissi
et al., 2023] provides a set of human annotations pinpointing 16 failure types for ImageNet such as pose,
background, or lighting. The peculiarities of ImageNet have been the subject of multiple studies. For
example, Huh et al. [2016] found the large size and many classes, including very similar classes, do not affect
the successful transfer performance of ImageNet-trained features.

On the side of LAION, researchers are keenly interested in understanding the strong zero-shot accuracy
of contrastive language image models, see, e.g., Vogel et al. [2022]. Fang et al. [2022a] found none of the large
training set size, language supervision, and contrastive loss function determines this robustness and a more
diverse training distribution should be the main cause. Our work demystifies this distributional advantage
by contrasting ImageNet and LAION. Nguyen et al. [2022] compared various large image-text datasets
differing in the creation process and found the robustness induced by each varies widely in different aspects,
suggesting further studies of the role of dataset design. Our work highlights an important mechanism at
play in dataset design that can move the dataset further away from a natural distribution.

2 LAIONet: An ImageNet out of LAION

Our starting point is to create an ImageNet-like dataset from LAION. This dataset is a research artifact
intended to highlight the differences between LAION and ImageNet. Our goal is not to provide a new
benchmark, or a new training set.

To start, recall that every ImageNet class corresponds to a WordNet [Miller, 1998] synset. Every synset
consists of some so-called lemmas. Synsets also come with a short definition known as gloss. We label an
instance from LAION with a WordNet synset if 1) at least one lemma from the synset exists in the text of the
instance, and 2) the text of the instance is sufficiently similar to the name and definition of the synset.
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