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Abstract

We collect a large real-world test set, ObjectNet, for object recognition with controls
where object backgrounds, rotations, and imaging viewpoints are random. Most
scientific experiments have controls, confounds which are removed from the data,
to ensure that subjects cannot perform a task by exploiting trivial correlations in
the data. Historically, large machine learning and computer vision datasets have
lacked such controls. This has resulted in models that must be fine-tuned for new
datasets and perform better on datasets than in real-world applications. When
tested on ObjectNet, object detectors show a 40-45% drop in performance, with
respect to their performance on other benchmarks, due to the controls for biases.
Controls make ObjectNet robust to fine-tuning showing only small performance
increases. We develop a highly automated platform that enables gathering datasets
with controls by crowdsourcing image capturing and annotation. ObjectNet is
the same size as the ImageNet test set (50,000 images), and by design does not
come paired with a training set in order to encourage generalization. The dataset
is both easier than ImageNet — objects are largely centered and unoccluded — and
harder, due to the controls. Although we focus on object recognition here, data
with controls can be gathered at scale using automated tools throughout machine
learning to generate datasets that exercise models in new ways thus providing
valuable feedback to researchers. This work opens up new avenues for research
in generalizable, robust, and more human-like computer vision and in creating
datasets where results are predictive of real-world performance.

1 Introduction

Datasets are of central importance to computer vision and more broadly machine learning. Particularly
with the advent of techniques that are less well understood from a theoretical point of view, raw
performance on datasets is now the major driver of new developments and the major feedback about
the state of the field. Yet, as a community, we collect datasets in a way that is unusual compared to
other scientific fields. We rely almost exclusively on dataset size to minimize confounds (artificial
correlations between the correct labels and features in the input), to attest unusual phenomena, and
encourage generalization. Unfortunately, scale is not enough because of rare events and biases —
Sun et al. [1] provide evidence that we should expect to see logarithmic performance increases as a
function of dataset size alone. The sources of data that datasets draw on today are highly biased, e.g.,
object class is correlated with backgrounds [2], and omit many phenomena, e.g., objects appear in
stereotypical rotations with little occlusion. The resulting datasets themselves are similarly biased [3].
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Figure 1: Performance on ObjectNet for high-performing detectors trained on ImageNet in recent
years: AlexNet [4], VGG-19 [5], ResNet-152 [6], Inception-v4 [7], NASNET-A [8], and PNASNet-5
Large [9]. Solid lines show top-1 performance, dashed lines show top-5 performance. ImageNet
performance on all 1000 classes is shown in green. ImageNet performance on classes that overlap
with ObjectNet is shown in blue; the two overlap in 113 classes out of 313 ObjectNet classes, which
are only slightly more difficult than the average ImageNet class. Performance on ObjectNet for
those overlapping classes. We see a 40-45% drop in performance. Object detectors have improved
substantially. Performance on ObjectNet tracks performance on ImageNet but the gap between the
two remains large.

In other areas of science, such issues are controlled for with careful data creation and curation that
intentionally covers phenomena and controls for biases — important ideas that do not easily scale to
large datasets. For example, models for natural language inference, NLI, that perform well on large
datasets fail when systematically varying aspects of the input [10], but these are not collected at scale.
In computer vision, datasets like CLEVR [11] do the same through simulation, but simulated data is
much easier for modern detectors than real-world data. We show that with significant automation and
crowdsourcing, you can have scale and controls in real-world data and that this provides feedback
about the phenomena that must be understood to achieve human-level accuracy.

ObjectNet is a new large crowdsourced test set for object recognition that includes controls for object
rotations, viewpoints, and backgrounds. Objects are posed by workers in their own homes in natural
settings according to specific instructions detailing what object class they should use, how and where
they should pose the object, and where to image the scene from. Every image is annotated with these
properties, allowing us to test how well object detectors work across these conditions. Each of these
properties is randomly sampled leading to a much more varied dataset.

In effect, we are removing some of the brittle priors that object detectors can exploit to perform well
on existing datasets. Overall, current object detectors experience a large performance loss, 40-45%,
when such priors are removed; see fig. 1 for performance comparisons. Each of the controls removes
a prior and degrades the performance of detectors; see fig. 2 for sample images from the dataset.
Practically, this means that an important feedback for the community about the limitations of models
is missing, and that performance on datasets is limited as a predictor of the performance users can
expect on their own unrelated tasks.
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Figure 2: ImageNet (left column) often shows objects on typical backgrounds, with few rotations, and
few viewpoints. Typical ObjectNet objects are imaged in many rotations, on different backgrounds,
from multiple viewpoints. The first three columns show chairs varying by the three properties that are
being controlled for: rotation, background, and viewpoint. One can see the large variety introduced
to the dataset because of these manipulations. ObjectNet images are lightly cropped for this figure
due to inconsistent aspect ratios. Most detectors fail on most of the images included in ObjectNet.

To encourage generalization, we make three other unusual choices when constructing ObjectNet.
First, ObjectNet is only a test set, and does not come paired with a training set. Separating training
and test set collection may be an important tool to avoid correlations between the two which are
easily accessible to large models but not detectable by humans. Since humans easily generalize
to new datasets, adopting this separation can encourage new machine learning techniques that do
the same. Second, while ObjectNet will be freely available, it comes with an important stipulation:
one cannot update the parameters of any model for any reason on the images present in ObjectNet.
While fine-tuning for transfer learning is common, it encourages overfitting to particular datasets
— we disallow fine-tuning but report such experiments in section 4.3 to demonstrate the robustness
of the dataset. Third, we mark every image by a one pixel red border that must be removed on the
fly before testing. As large-scale web datasets are gathered, there is a danger that data will leak
between the training and test sets of different datasets. This has already happened, as Caltech-UCSD
Birds-200-2011, a popular dataset, and ImageNet were discovered to have overlap putting into
question some results [12]. With test set images marked by a red border and available online, one can
perform reverse image search and determine if an image is included in any training set anywhere. We
encourage all computer vision datasets — not just ones for object detection — to adopt this standard.



























