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Abstract

Deep Neural Networks(DNN) often fail in surprising
ways, and predicting how well a trained DNN will gener-
alize in a new, external operating domain is essential for
deploying DNNs in safety critical applications, e.g., per-
ception for self-driving vehicles or medical image analy-
sis. Recently, the task of Network Generalization Predic-
tion (NGP) has been proposed to predict how a DNN will
generalize in an external operating domain. Previous NGP
approaches have leveraged multiple labeled test sets or la-
beled metadata. In this study, we propose an embedding
map, the first NGP approach that predicts DNN perfor-
mance based on how unlabeled images from an external
operating domain map in the DNN embedding space. We
evaluate our proposed Embedding Map and other recently
proposed NGP approaches for pedestrian, melanoma, and
animal classification tasks. We find that our embedding map
has the best average NGP performance, and that our em-
bedding map is effective at modeling complex, non-linear
embedding space structures.

1. Introduction

It is well known that Deep Neural Networks (DNNs) are
black box systems that achieve state of the art performance
in essentially every perception task proposed in the last
decade. DNNs are composed of tens to hundreds of layers
with millions of learnable weights, and they excel at tasks
such as image classification, object detection, and semantic
segmentation. It is also well documented that DNN perfor-
mance often degrades when DNNs are deployed in operat-
ing domains that are different from their training and testing

domains [13]. For instance, in perception for self-driving
vehicles, differences in camera characteristics, lighting and
weather conditions, and foreground and background objects
can impact DNN performance. In medical image analy-
sis, the input data distribution can be impacted by choice of
scanner vendors, pre- and post-processing algorithms, dose
levels, image compression, and patient and disease distri-
butions. Because of this performance degradation, even as
DNN performance continues to improve and approach hu-
man performance in many benchmark datasets, it is chal-
lenging to deploy DNNs in commercial products that per-
form safety critical tasks in unconstrained environments. In
order for DNNs to reach their full potential for commercial
use, we need techniques that can predict how a DNN will
perform in an external operating domain before it causes
automated, harmful failures [28].

While DNNs are different from traditional software in
that the learned weights cannot be read and interpreted,
there is still structure in the mappings that DNNs learn.
Feed-forward DNNs perform a high-dimensional, non-
linear projection of input data into an embedding space, and
the final prediction is a linear projection of the embedding.
We are interested in identifying structure in the DNN em-
bedding space as it relates to the DNN performance.

Our primary contribution is a new NGP approach that
can accurately predict DNN performance in a novel operat-
ing domain based on how unlabeled images from the novel
operating domain map in the DNN embedding space. We
evaluate our NGP method on pedestrian, melanoma, and
animal classification tasks and demonstrate accurate NGP
across different DNN architectures, external datasets, and
classification tasks. Additionally, we visualize the DNN
embedding space for a pedestrian classification experiment
and propose that DNN architecture impacts what NGP ap-






























