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Abstract

Training semantic segmentation models on multiple datasets has sparked a lot of re-
cent interest in the computer vision community. This interest has been motivated by ex-
pensive annotations and a desire to achieve proficiency across multiple visual domains.
However, established datasets have mutually incompatible labels which disrupt princi-
pled inference in the wild. We address this issue by automatic construction of universal
taxonomies through iterative dataset integration. Our method detects subset-superset re-
lationships between dataset-specific labels, and supports learning of sub-class logits by
treating super-classes as partial labels. We present experiments on collections of stan-
dard datasets and demonstrate competitive generalization performance with respect to
previous work.

1 Introduction
Semantic segmentation is an important computer vision task with exciting applications in
intelligent transportation [14], medical diagnostics [25], remote surveillance [4], and au-
tonomous robots [13]. Current state of the art is based on strongly supervised learning
which induces a strong dependence on dense semantic ground truth. Unfortunately, pro-
ducing dense annotations requires a lot of time and money [6, 43]. There are several datasets
of intermediate size [21, 24, 37, 41], but none that is sufficient for delivering robust perfor-
mance in the wild [37]. Thus, training across several datasets and domains appears as an
attractive research direction.

A simple baseline involves per-dataset heads over shared features [9, 15]. Per-dataset
predictions can be recombined into a common taxonomy [42], however this is not easily
adapted to multi-class problems and overlapping taxonomies [20, 23, 39]. Another baseline
concatenates per-dataset taxonomies [9, 22] and feeds them to common softmax. However,
this may entail capacity loss due to competition between related logits. A recent approach
reconciles a set of taxonomies by pragmatic label adaptation [18] that however has to drop
some classes in order to reduce the relabeling effort. Recent work leverages hand-crafted
universal taxonomies that allow superclass labels to promote subclass recognition and vice
versa [2, 20, 23]. However, this requires human judgment which is expensive and error
prone.
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Figure 1: We consider automatic construction of a universal taxonomy from multiple datasets
with incompatible labels (orange box). Our method recovers a set of disjoint universal
classes, and connects each dataset-speci�c class to one or more universal classes. These
1:N mappings enable training and evaluation on original labels (top-right). The universal
model can be exploited for interpretable inference in the wild (bottom-right).

This paper makes a step further by considering automatic extraction of universal tax-
onomies over incompatible datasets as sketched in Figure 1. Our method hypothesizes
cross-dataset relations through co-occurence analysis. We disambiguate these hypotheses
against each other according to mIoU performance on all training datasets. We perform ex-
periments on collections of large semantic segmentation datasets such as Vistas, Ade20k,
COCO and WildDash 2. The recovered automatic taxonomies perform comparably to their
manual counterparts [2] while outperforming all other baselines [18] by a considerable mar-
gin.

2 Related work

We consider semantic segmentation for natural scene understanding (sec. 2.1) by studying
cross-domain models which transcend particular training taxonomies (sec. 2.2). We focus
on automatic construction of universal taxonomies (sec. 2.3).

2.1 Semantic segmentation

Semantic segmentation classi�es each input pixel into one of C known classes [8, 29]. It is
one of the most computationally intensive computer vision tasks due to high output resolu-
tion. The training footprint often constrains the model capacity [27]. Huge computational
complexity leads to very long training times. Consequently, ef�cient models [12, 25, 26]
and knowledge transfer [11] are a good �t for large cross-domain experiments. Besides
faster training, they also improve accessibility and decrease environmental impact [28].

2.2 Cross-domain training

Early cross-domain training approaches do not incorporate relations between individual tax-
onomies. Instead, they either use separate dataset-speci�c prediction heads on top of shared
features [16], or train on a concatenation of particular taxonomies [22]. Naive concatenation
has been improved by encouraging cross-talk between logits [9].

Training dense open-set recognition models on positive and negative data may improve
detection of unknown [3, 5] or novel classes [32]. This can be viewed as asymmetrical cross-
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