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Counterfactual Metrics

In the main paper we study the proportion of correct conserved predictions (PCCP) metric with
respect to a reference condition θ̃i as follows:

Cf (θ
i) = Eψi [

∑
θi∈Si 1(f(xθ̃i) = f(xθi))

n(Si)
] (1)

where Si is the set of all θi in which f(xθ̃i) = y, and n(Si) is the cardinality of Si. Although
this metric suffices to study the degradation of correct predictions as the scenario becomes more
challenging, there are other counterfactual metrics that we can consider that help in analysing
characteristics of a prediction system. Specifically, we can compute a proportion of all conserved
predictions (PACP) metric with respect to the reference condition:

Ca
f (θ

i) = Eψi [

∑
θi∈Θi 1(f(xθ̃i) = f(xθi))

n(Θi)
] (2)

where Θi is the set of all θi. This metric includes all incorrect predictions that remain incorrect.

Swin is less affected by proximal context than ConvNext Paradoxically, due to the capture of
context by deep learning systems, adding an object in a scene as a partial occluder for example, can
turn an incorrect prediction into a correct prediction. We plot PACP for all ConvNext and Swin
network size pairs for the occlusion variation in Fig. 1. We observe an even stronger tendency
for Swin to conserve initial predictions under partial occlusion. This leads us to an interesting
finding, that ConvNext is not only slightly worse at handling occlusion, but that any prediction it
makes is much more unstable with respect to occluding objects - even in the positive direction. This
phenomenon suggests that proximal context weighs more into ConvNext’s predictions, since some
incorrect predictions of the object on the table become correct once another object (red die, stone
bookend or green L-shaped cube) become visible in the scene.

Finetuning Experiment We finetune all networks on the simulated object classes in the canonical
pose with bright lighting for 30 epochs at same learning rates (5e-5 for Tiny and Small networks,
2e-5 for Base and Large). We then run the same counterfactual study of 360 degree object rotation as
in Figure 8 of the main paper. We show our experiment in Figure 2. We find very similar conclusions,
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Figure 1: Proportion of all conserved predictions of all sizes of ConvNext and Swin networks for
occlusion of main object using occluder objects.

with ConvNext networks outperforming Swin networks in robustness to different poses. One small
difference is a collapse in performance for some small ConvNext networks for the rare pose of 180
degrees, where the object is fully turned around. This might be due to more aggressive overfitting of
ConvNext to object features in the canonical pose.

Figure 2: Counterfactual study of all sizes of ConvNext and Swin networks for 360 degree object
rotation. Networks were finetuned on the simulated objects in a canonical viewpoint under a single
lighting environment.

NVD Dataset Details

Here we present more details about the proposed NVD dataset. In Fig. 3 we show a single object
under all 27 available lighting environments in the NVD dataset. We can observe that lighting ranges
from very bright, to dim, with many variations in shading, light direction, light intensity and light
color. These variations are reflected in the appearance of the object, adding diversity to our dataset as
well as complexity and another possible variation with which we can measure domain generalization.
We highlight that this type of lighting variation is incredibly hard to achieve in a real world dataset,
since the scene remains constant while only the lighting changes.

Next, in Fig. 4, we present a non-exhaustive showcase of the 92 object models contained in NVD. The
full list of classes, with respective object model quantities is: ’banana’ : 7, ’baseball’ : 3, ’cowboy
hat, ten-gallon hat’ : 1, ’cup’ : 7, ’dumbbell’ : 9, ’frying pan, frypan, skillet’ : 3, ’hammer’ : 8,

’ice cream, icecream’ : 6, ’laptop, laptop computer’ : 4, ’microwave, microwave oven’ : 1, ’mouse,
computer mouse’ : 10, ’orange’ : 4, ’pillow’ : 15, ’plate’ : 3, ’screwdriver’ : 3, ’spatula’ : 3 and

’vase’ : 5.

Patch Drop Experiments

In Fig. 5 provide a visualization of different levels of information loss for the random patch drop
experiment in Section 4.1 of the main paper. We observe an uncanny ability of Swin Transformers
to correctly predict the classes of images with very high (75%) information loss, even when they
become hard to recognize to humans. ConvNext performance collapses much faster, and this is
consistent with our observation that Swin is less affected by proximal context.

Swin Transformer V2 Experiments

The recently released Swin Transformer V2 architecture [5] obtains higher accuracies on ImageNet
than the original Swin. Its main differences with the original Swin architecture are threefold: using
normalization layers after attention layers, instead of before; replacing dot product attention with
a scaled cosine formulation of attention; and changing the linear-spaced coordinates to log-spaced
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