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Abstract

In panoptic segmentation, individual instances must be sep-
arated within semantic classes. As state-of-the-art meth-
ods rely on a pre-defined set of classes, they struggle with
novel categories and out-of-distribution (OOD) data. This
is particularly problematic in safety-critical applications,
such as autonomous driving, where reliability in unseen
scenarios is essential. We address the gap between out-
standing benchmark performance and reliability by propos-
ing Prior2Former (P2F), the first approach for segmenta-
tion vision transformers rooted in evidential learning. P2F
extends the mask vision transformer architecture by incor-
porating a Beta prior for computing model uncertainty in
pixel-wise binary mask assignments. This design enables
high-quality uncertainty estimation that effectively detects
novel and OOD objects, enabling state-of-the-art anomaly
instance segmentation and open-world panoptic segmenta-
tion. Unlike most segmentation models addressing unknown
classes, P2F operates without access to OOD data sam-
ples or contrastive training on void (i.e., unlabeled) classes,
making it highly applicable in real-world scenarios where
such prior information is unavailable. Additionally, P2F
can be flexibly applied to anomaly instance and panop-
tic segmentation. Through comprehensive experiments on
the Cityscapes, COCO, SegmentMelfYouCan, and OoDIS
datasets, P2F demonstrates state-of-the-art performance
across the board.

1. Introduction

Semantic understanding is essential for any autonomous
agent navigating in the environment or interacting with
it. State-of-the-art methods rely on comprehensive datasets
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Figure 1. The proposed Prior2Former allows a) state-of-the-art
panoptic segmentation performance and b) identifies unknown
instances by uncertainty-based evidential learning without any
knowledge beyond the standard in-domain (InD) training data.

that cover a data distribution of interest [10, 12] but can-
not operate beyond that, limiting their applicability in real-
world settings where unknown scenarios are the norm [20].
In safety-critical applications, such as mobile robotics or
autonomous driving, safe operation in environments outside
the training data distribution is crucial [52]. For example, an
autonomous car must detect objects on the street regardless
of whether their semantic class belongs to the training set
and adapt its trajectory accordingly. Consequently, open-
world segmentation [28] and anomaly segmentation [44] re-
cently emerged to study these OOD settings systematically.

Existing methods often approach this problem through
exposure to OOD data [28] or void categories (i.e., unla-
beled) [63] during training, or with powerful external mod-
els like CLIP [45] familiar with such OOD data [42]. Of-
ten used as black boxes, these external models can be large
foundation models with extensive vocabularies that enable
the wrapping methods to significantly expand the pool of
objects they can handle [42]. However, assuming that their
knowledge covers all possible objects is unrealistic, so they
fail whenever the input lies outside of their vocabulary.

As a dense task, segmentation requires a prediction for
every point or pixel of the input. Some datasets annotate
pixels not containing relevant elements as void [14]. Prior
works utilize this by learning the void areas, to which un-
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known classes are associated during inference [28, 56, 63].
However, they assume that the training data’s void areas are
diverse enough to represent all unknowns, which is often

unrealistic, limiting their ability to handle OOD data [28].

Others model the generative process of unknowns [15].

These works assume knowledge about the distribution of
unknown and OOD objects, incorporating known OOD data
into the training distribution. However, datasets only repre-
sent a fraction of the real-world diversity, significantly re-
stricting their applicability with unseen objects (i.e., OOD)
in the real world [20], despite their exceptional benchmark
performance [43]. In contrast, U3HS [20] segments com-
pletely unseen, unknown objects without relying on ex-
ternal knowledge or assumptions, but it compromises per-
formance for known classes, creating a trade-off between
known and unknown capabilities.

In this paper, we overcome these issues by proposing
P2F (Fig. 1), the first vision transformer for segmentation
rooted in evidential learning. It combines the Mask2Former
(M2F) architecture [ 12] with prior networks [39] to provide
reliable uncertainty estimates that enable the segmentation
of unseen objects without compromising performance.

In particular, we explicitly model pixel-wise prior dis-
tributions for each binary segmentation mask query in the
mask transformer architecture. The concentration parame-
ters of this distribution, the so-called evidence, indicate the
model’s confidence and inversely correlate with its uncer-
tainty. By learning Bayesian updates to these prior distribu-
tions, P2F is highly effective in various open-world applica-
tions. Notably, it does neither require any exposure to OOD
data nor make any other assumptions about the unknown
categories while maintaining strong performance on known
classes. We summarize our main contributions as follows:
* We introduce P2F, the first evidential mask transformer

that does not require OOD data or knowledge and quanti-
fies uncertainty with negligible computational overhead.

* We introduce a novel loss function for training this archi-
tecture and improve existing training procedures by evi-
dential sampling.

* We show that P2F achieves state-of-the-art performance
among models that do not rely on OOD across the tasks of
anomaly segmentation, open-world semantic and panop-
tic segmentation, and anomaly instance segmentation.

2. Related Work

Closed-World Segmentation: While early semantic seg-
mentation models employ encoder-decoder CNN architec-
tures [8, 9, 47], recently, transformer-based models [11,
12, 62] have leveraged attention to enhance performance.
Panoptic segmentation [31] extends semantic segmentation
by categorizing classes into “stuff” (amorphous regions)
and “things” (countable objects), distinguishing also indi-
vidual instances within semantic “thing” classes. Methods

such as Panoptic-DeepLab [10] provide a proposal-free ap-
proach to identify the different instances, while the masked
approach of Maskformer [11] or M2F [12] directly uses
masks to predict instances. They leverage attention to query
and assign masks to classes, predicting both instances and
semantic stuff classes with the same architecture.

Uncertainty Estimation: Uncertainty estimation [21]
is important in various domains including active learning
[40, 49, 50, 53] or OOD detection [51, 61] and particularly
in safety-critical applications like autonomous driving [19].
Approximate Bayesian [ 18] and ensemble [33] methods of-
fer high-quality estimates but come at a high computational
cost as they require multiple forward passes at inference
time. Instead, sampling-free deterministic approaches es-
timate uncertainty in a single pass: SNGP [36] uses spec-
tral normalized Gaussian processes, while DDU [40] fits
a Gaussian Mixture Model (GMM) based uncertainty es-
timation of DUQ [2]. GMMSeg [34] directly incorporates
a GMM into the training process. Prior networks [39, 54]
rely on evidential learning and learn a conjugate prior to the
predictive distribution from which uncertainty can be esti-
mated. Posterior networks [6, 7, 57] extend this concept
by learning Bayesian updates to this conjugate prior from a
flow-based data density estimator. Our work builds on this
principle by computing a conjugate prior for each pixel in
each of the masks of the M2F architecture.

Open-set and Anomaly Segmentation: Compared to
closed-set standard segmentation, where only a pre-defined
set of object categories is considered, in open-world or
open-set settings, models encounter unknown and novel
object categories that are not part of the training data
[20, 28, 51]. Open-set segmentation [28] aims to clas-
sify known classes pixel-wise while identifying unknown
classes , contrasting anomaly segmentation [44], which
only performs a binary distinction between known objects
and unknowns. Benchmarks for anomaly segmentation in-
clude Lost & Found (L&F) [44], Fishyscapes (FS) [3], and
SegmentMelfYouCan (SMIYC) [5]. Recent works combine
the open-world concept with the individual instance seg-
mentation concept and propose open-set panoptic [28] and
holistic segmentation [20] as well as the binary anomaly
instance segmentation [43]. Recently, [55] proposed open-
world panoptic segmentation with the PANIC benchmark,
requiring distinguishing among unknown categories.

Open-set and anomaly segmentation approaches can be
roughly categorized into three groups: 1) using additional
models, 2) relying on external data and therefore making
assumptions about OOD data, and 3) models without addi-
tional requirements. While in the context of OOD detection
for classification, the use of OOD data is explicitly prohib-
ited [64, 66], in anomaly segmentation, using OOD data or
external models to ensure generalization is rather common.

1) Approaches using external foundation models can
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leverage their knowledge from vast datasets with numer-
ous classes. For example, UGainS [42] uses SAM [32] for
instance-level anomaly segmentation. This paradigm im-
plicitly relies on the foundation model to cover all potential
anomaly types, even though this is unrealistic in practice, as
objects unknown to the larger model would still exist.

2) Most approaches for anomaly segmentation employ
OOD data or void regions that contain various elements that
do not belong to any of the other labeled semantic classes.
Here, OOD data is used by directly training the model to as-
sign these instances to the void class and an additional OOD
class [13, 37, 59]. Maskanomaly [1] and RbA [41] propose
mask rejection after tuning on OOD data. Mask2Anomaly
(M2A) [46] aims to learn an additional background mask
from OOD samples. EAM [22] generates OOD artifacts
through patch cutting during training, while Uno [15] gen-
erates synthetic OOD data with a normalizing flow. The
use of real and synthetic OOD data during training intro-
duces a distributional prior knowledge about the anomalies
that helps the model detect them. ContMav [56] employs
contrastive and objectosphere losses to void regions for
anomaly and open-world segmentation. EOPSN [28] and
DDOSP [63] re-identify unlabeled unknown categories that
are within the training data’s void regions. These methods
relying on OOD data or void regions perform well on exist-
ing benchmarks. However, these benchmarks often satisfy
the distribution assumptions that these works rely on [28].
This makes them particularly weak whenever the OOD data
comes from different distributions. Therefore, in line with
the holistic segmentation setting [20], we consider any use
of (pseudo-) OOD data — including post-training heuris-
tics, external foundation models, or contrastive learning on
void regions — to violate the open-set paradigm, as it leaks
knowledge about OOD categories into the model.

3) Only a few approaches are assumption-free in this re-
gard. SML [29] achieves good unknown segmentation per-
formance using standardized logits, while MSP [26] lever-
ages softmax scores. U3HS [20] employs a Dirichlet Prior
Network based on DeeplabV3+ and clustering of uncertain
embeddings to segment and distinguish unknown instances.

In this work, we develop an uncertainty-aware trans-
former architecture that does not rely on assumptions about
OOD data through evidential learning. While this paradigm
has shown potential in previous segmentation models [11,
12, 20, 62], it remains unexplored for transformer-based
segmentation. Unlike prior works, this enables our models
to segment any type of unknown object while performing
strongly on known categories.

3. Preliminaries

We consider a dataset of RGB images X € R7*Wx3 and
panoptic labels Y € NAXWxC,
Mask-Based Prediction: In contrast to CNN architec-

tures, which predict class logits for each pixel indepen-
dently, mask-based architectures [11, 12] generate binary
pixel-wise masks, which are then each classified into the
C segmentation labels. First, a backbone extracts image
features from which a pixel decoder computes per-pixel
embeddings Fr € REXHXW A transformer then uses
masked attention to compute embeddings I, € REXNum
for all Nj; masks and unnormalized per-mask class as-
signments Py € RNu*C The similarity between each
pixel’s embedding and the mask embeddings determines its
(unnormalized) mask correspondence M = Fy - Fg €
RHXWXNu - The per-mask class assignments are normal-
ized with softmax Py; = USM(PM), while mask correspon-
dences are normalized with a sigmoid M = ¢ (M). Finally,
the per-pixel segmentation logits are obtained by weighting
the per-mask class assignment for each pixel individually
by its correspondence to each respective mask:

N
L(z)[h,w,¢] = Z P(2)[i,d - M(z)[h,w,i]. (1)

The loss is calculated using mask class assignments and per-
pixel correspondences. Labels are represented as [ x binary
masks Y, € {0, 1}HXWXZX , which correspond to class la-
bels for each mask Y € {1,...,C}'X. The masks M (x)
are matched to the best-fitting ground-truth mask in Y3,
using a Hungarian matcher. The pixel-to-mask correspon-
dence is trained using a binary cross-entropy Lpcg and a
Dice loss Lpice [58] between M (x) and Y),. Similarly, the
per-mask class assignments are trained with a cross-entropy
loss Lcg between P(z) and Y. For panoptic segmentation,
the label set Y consists of one binary mask for every stuff
class and one for each instance per image. Following M2F
[12], the loss is computed only for a subset of pixels P.
Masks in M (z) not matching any mask in Y, are ignored
in the mask loss, and the mask classification loss is adjusted
to assign them to an additional no-object class.

Evidential Learning: Traditional models for semantic
segmentation apply a softmax ogy; over the class logits pre-
dicted for each pixel. Despite the ubiquity of this paradigm,
recent work has found shortcomings in accurately repre-
senting model uncertainty due to a tendency toward over-
confidence [23, 25, 30]. A promising alternative is Ev-
idential Learning [54], which is grounded in the Demp-
ster—Shafer Theory [16]. Rather than directly modeling a
categorical distribution p(y | x) ~ Cat(osm(L(x))) for an
instance with features x, evidential models parametrize its
conjugate prior by predicting the evidence for each possi-
ble class. For a categorical distribution over C' classes, the
conjugate prior is a Dirichlet distribution parametrized by
K concentration parameters K = (K1, K2, ..., Kc):

K K
Dir(pli) = (k=1 ) g o

Ty D(ke) oy
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Figure 2. Overview of the Prior2Former (P2F) architecture. P2F is composed of a beta-prior head (I), evidential sampling (II), sym-
metric Dice loss (III), uncertainty estimation (IV), and uncertainty instance clustering (V). Only standard, In-distribution data is used
to train our P2F (I) using our novel symmetric Dice loss (II) and evidential sampling (III). During inference, our uncertainty estimation
(IV) detects anomalous objects, while our uncertainty instance clustering (V) can distinguish the instances of novel classes.

Here, T" is the gamma function. Intuitively, the (second-
order) Dirichlet is a distribution over the (first-order) cate-
gorical distributions p. Predicting the conjugate prior to the
predictive distribution allows a model to represent differ-
ent types of uncertainty [48]. Low evidence priors indicate
high model uncertainty as the corresponding first-order pre-
dictive distributions are less concentrated. Conversely, high
evidence priors, i.e., concentrated first-order distributions,
correspond to high confidence. This enables the model
to predict high-entropy first-order distributions with high
confidence to represent data-inherent uncertainty. Notably,
first-order distributions alone cannot differentiate between
inherent and model-related uncertainty [48], a distinction
crucial for downstream anomaly-related applications [40].

4. Prior2Former

We propose to leverage the benefits of evidential learning
in the context of mask transformers for segmentation to en-
able them to faithfully represent uncertainty by designing
P2F, the first evidential mask transformer architecture. P2F
is trained to predict a second-order prior to its binary per-
pixel segmentation masks. This induces uncertainty-aware
embeddings that can be used to tackle various closed-world
and open-world tasks, including closed-world and open-
world panoptic segmentation, anomaly segmentation, and
anomaly instance segmentation. Remarkably, all of these
tasks can be addressed with our same architecture and train-
ing framework, without requiring additional data or any
other assumption about potential anomalies.

Depicted in Fig. 2, P2F predicts the parameters of the
conjugate Beta distribution for each segmentation mask
through a beta-prior head (I) to accurately describe model

uncertainty. Additionally, we introduce a novel evidential
uncertainty sampling strategy (II) and propose a symmet-
ric Dice loss (III) to train P2F. Both innovations are explic-
itly tailored toward Beta distributions to increase the qual-
ity of the associated mask prediction. Lastly, we convert
the predicted mask-based evidence scores into accurate un-
certainty estimates (IV). We finally leverage these with an
uncertainty instance clustering (V) to distinguish between
individual unknown instances.

(I) Beta-Prior Head: As described in Sec. 3, the con-
jugate prior in classification problems is a Dirichlet distri-
bution Dir(p|k) over all possible categorical distributions.
In binary classification, the Beta distribution is used as the
conjugate prior to the predictive Bernoulli distribution. It is
parameterized by concentration parameters v, 5 > 0:

TlatP) a1
(1)’
Here, I' is the gamma function. The concentration parame-
ters o and (3 can be interpreted as pseudo-counts for positive
and negative observations of the corresponding Bernoulli
variable. Their magnitude, therefore, serves as evidence and
can be used for uncertainty quantification.

Instead of letting the M2F architecture predict the (un-
normalized) mask assignments F);(z) directly, we extend
it to estimate the corresponding concentration parameters
ay(z),Bu(x) € RVMXE  Similarly to how M2F com-
putes M (z), we use multiplication to obtain per-pixel evi-
dences a(z), B(x) € REXW> N

B(x) = Bu(zx) - Fe(z). 4)

While the M2F architecture computes the soft pixel-
to-mask assignments with an element-wise sigmoid as

Beta(y | o, B) = =3

a(z) =apy(z) - Fgx)
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M(x) = o(M(x)), in P2F, we propose to use the expected
first-order pixel-to-mask assignment instead, as:

M(z) = EpB(a(x).8(x)[P] = Ot(w())li—x)ﬂ(x). ®

For each pixel, the concentration parameters « and 3 in-
dicate the evidence the model assigns to the positive and
negative classes, respectively. Therefore, they induce an
evidence-based uncertainty score:

Uei(2) = —(a(z) + B(x))- (6)

Intuitively, for a given pixel and mask, the P2F model as-
signs high uncertainty only if it does not predict any evi-
dence for either the positive or negative class.

(II) Evidential Sampling: During training, P2F predicts
the concentration parameters of the Beta prior acpz, 8. We
compute them as the similarity scores between the output
of a mask query MLP and the pixel-wise representations of
the decoder. By first applying a softplus function and then
incrementing all values by 1, we satisfy the positivity con-
straint of the concentration parameters. Consequently, the
resulting Beta prior is always non-degenerate, and its ex-
pected values — the mask probabilities M (x) — are always
in the open interval (0, 1). We adapt the mask sampling pro-
cedure of M2F [12] that is outlined in Sec. 3 and represent
the segmentation masks through [ x binary ground-truth bi-
nary targets Y, € {0, 1}7*WxIx_1In panoptic tasks, we
use an individual mask for each instance within the image
and each stuff class. Each of the Vs masks ¢ predicted by
P2F is then matched to a mask i in Y. We refer to masks
that were matched as predicted masks and index them with
M(z) C {1,..., Np}. For each mask i € M(x), only a
subset of pixels P;(x) is sampled to calculate the loss with
respect to the matched target mask 7.

We utilize the evidential uncertainty of P2F to improve
the training efficiency through an evidence-based sampling
strategy for each mask P;(x). For a given budget of pix-
els for which the training loss is to be computed, we assign
75% of it to pixels with the highest evidential uncertainty
according to Eq. (6) and randomly select the remaining
25%. This matches the sampling of M2F [12] and steers the
training to focus on regions with high evidential uncertainty.
The corresponding loss maximizes the log-likelihood of the
ground-truth masks under the predicted Beta prior:

1
»Cevi(YJer) — |M(l‘)‘
> Lei(Vu(@)] .- il e@)[. .. i, B@)[...,i]) (D)
i€EM(x)

where L.;(Y,a, 8) =

> —logBeta(Y[h,w] | afh,w],Bh,w]). (8)
h,weP;(x)

(III) Symmetric Dice Loss: The task of predicting bi-
nary segmentation masks is highly imbalanced. Therefore,
we introduce a novel symmetric Dice loss to prevent up-
dates that predominantly focus on 3:

Here, Lpjc refers to the standard Dice loss between the pre-
dicted probabilities and the true segmentation. The total
loss to train P2F combines the evidential and the symmetric
Dice losses with the cross-entropy loss Lcg of Sec. 3 as:

€))

EPQF = /\CELCE + )\SDiCC‘CSDiCC + )\eviﬁevr (10)

We compute all losses on the same pixel sets P;. In con-
trast to other approaches, P2F is not explicitly trained to re-
ject anomalous instances by assigning them to an additional
void class. Therefore, similarly to [20], we do not require
any form of OOD data or surrogates that (implicitly) make
assumptions about its distribution to train P2F.

(IV) Uncertainty Estimation: We now outline how the
evidence-based mask uncertainty of Eq. (6) can be com-
bined with the mask classification P(z). First, we disre-
gard all masks My C {1,..., N/} that are classified as
no-object; this step is referred to as mask filtering and re-
jects non-primary masks from the M2F training. For each
of the remaining masks, P2F represents its confidence in
a pixel being assigned to the mask through the concentra-
tion a. The confidence with which P2F assigns a pixel to
any class is therefore represented by the highest evidence
over all masks. For the corresponding mask ¢* (Eq. (11a)),
we obtain the probability of a pixel being assigned to this
mask as the expectation under the predicted Beta prior pj,
(Eq. (11b)). We use this probability to re-weight the confi-
dence p¢, with which the corresponding mask is classified
(Eq. (11c)). Finally, the uncertainty U associated with the
segmentation of a pixel is quantified as inversely correlated
with this weighted classification confidence (Eq. (11d)). Ef-
fectively, our procedure adjusts the uncertainty arising from
mask classification by re-weighting it according to the evi-
dential pixel-wise uncertainty in the predicted mask.

i*(h,w) =  argmax

1€{1,...,Nar P\ My

a(x)[h,w,i (11a)

p%(h,’w) = (()l(l??i%) [h’w’i*(h7w)] (llb)
p&(h, w) = max osm(Par(x)[i* (h, w), c]) (11c)
U(hvw) = —pé(hvw) 'p*M(hW) (11d)

(V) Uncertainty Instance Clustering: To distinguish
between different uncertain instances, we utilize the embed-
dings from the pixel decoder F'r and our uncertainty U from
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Figure 3. Qualitative comparison of uncertainty for binary anomaly segmentation on FS [3] (top) and SMIYC Road Anomaly [5] (bottom).
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Figure 4. Anomaly Segmentation Benchmarks using the official SMIYC benchmark code [5] on the validation sets for SMIYC Road
Anomaly, FS Static, and the FS L&F obstacle track. P2F shows the best trade-off between AP and FPR for all three benchmarks.

Eq. (11). By thresholding the uncertainty scores Eq. (11),
we obtain candidates for anomaly segmentation. The corre-
sponding pixel embeddings from the pixel decoder F'r; are
then clustered using DBSCAN [17]. This supports the in-
stance assignment as the masks instance pairing can be un-
reliable for OOD data. Details on the threshold are given
in Appendix A. The outlier pixels that are not assigned to
any cluster are reassigned to the original semantic class and
instance, respectively. In contrast to U3HS [20], which also
employs clustering-based anomaly instance segmentation,
P2F avoids contrastive losses, simplifying the training.

5. Experiments

We comprehensively evaluate P2F across various tasks
and settings, primarily focusing on four tasks: anomaly
segmentation and anomaly instance segmentation (i.c.,
known classes are ignored), open-set semantic and
open-set panoptic segmentation (i.e., segmenting known
classes, too) as in holistic segmentation [20]. To highlight
that P2F addresses all tasks with the same architecture and
training procedure, we adopt the same panoptic training
strategy outlined in Sec. 3 for all experiments. Details on
the experimental settings are provided in Appendix A.
Anomaly Segmentation: First, we study the anomaly
segmentation capabilities of P2F by comparing ours with
state-of-the-art anomaly segmentation approaches. In this
binary segmentation task, anomalous objects must be iden-
tified. We evaluate on the benchmarks L&F [44], FS [3],

and SMIYC [5]. To compare fairly, we train all models with
the same ResNet-50 [24] backbone and use the same panop-
tic training procedure without OOD data. We use the offi-
cial SMIYC benchmark code to compute the Average Pre-
cision (AP) and False Positive Rate (FPR) for each model.
As the driving motivation for our work is avoiding assump-
tions about OOD data, we focus on baselines that do not
rely on OOD data. Specifically, we employ as baselines
RbA [41], EAM [22] and M2A [46] based on M2F and
consider the general baselines SMIL [29] and MM as mask
variants of MSP [27] on M2F. While RbA explicitly reports
results for an OOD-free version, we use the OOD-free ver-
sions of EAM and M2A presented in their corresponding
ablation studies. Further, we use the prior assumptions-free
U3HS [20], which is based on DeeplabV3+ [9]. Finally, al-
though ContMAV [56] shows promising results in anomaly
segmentation, it relies on contrastive supervision on void
classes during training (which we exclude), so it is omitted
here. Implementation details are provided in Appendix A.1.

In Fig. 3, we compare the pixel-wise uncertainty scores
predicted by different methods. While EAM, RbA, and
M?2A assign high uncertainties to parts of the animal only
in the bottom sample, P2F successfully identifies the OOD
animals in both inputs. In Fig. 4, we display the results for
SMIYC Road Anomaly, FS Static, and L&F obstacle track
of FS, highlighting the trade-off between AP and FPR. P2F
consistently balances the two metrics favorably while out-
performing in both metrics for FS. For L&F, EAM performs
slightly better than P2F in terms of AP, but significantly
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Figure 5. P2F model prediction on L&F [44], part of the OoDIS [43]. Red boxes mark unseen instances. P2F effectively distinguished
unknown anomalies, even the ones outside the L&F region of interest (i.e., road), such as the trash cans at the end of the street.

No No L&F Anomaly Obstacles Mean
Method Extra Models OOD Data | AP1T AP501 | AP1 AP501 | AP1 AP501 | AP1T AP501
UGainS [42] X X 27.14 4582 | 1142 19.15 | 27.22 4654 | 25.19 4281
M2A [46] 4 X 11.73  23.64 | 4.78 9.03 17.23 2844 | 13.73 243
U3HS [20] 4 v 0.19 0.73 0 0 0.22 0.62 0.19 0.58
P2F [ours] v v 5.60 1455 | 0.59 1.25 2.25 6.88 3.21 8.85

Table 1. Comparison of anomaly instance segmentation methods on the official OoDIS[43] benchmark, including the three subsets L&F,
Road Anomaly and Road Obstacles. Best scores without additional requirements are in bold.

worse in FPR. For SMIYC Road Anomaly, M2A realizes
a good AP at the cost of a very high FPR. These results
underline the effectiveness of our uncertainty estimation in
the context of anomaly segmentation. Since P2F detects in-
stances, in the following, we focus on the newer and more
challenging anomaly instance segmentation task.

Anomaly Instance Segmentation: We further evaluate
P2F on anomaly instance segmentation by submitting to the
recent OoDIS benchmark [43]. OoDIS extends the previ-
ously used L&F [44], SMIYC [5] Road Anomaly, and Road
Obstacles track by adding instance annotations, allowing a
more complex evaluation. Because of its small and diverse
objects, we consider this task as the most challenging.

In Tab. 1, we report the results of the official OoDIS
benchmark evaluation compared to other works listed on
the benchmark’s official website. While M2A and UGainS
show strong performances, they rely on knowledge about
OOD data and additional external models to specifically tar-
get the anomalies that the benchmark evaluates. Together
with P2F, U3HS [20] is the only one that does not rely on
any sort of OOD data. P2F outperforms it by a great margin.
In Fig. 5, we show a prediction of P2F on a L&F sample of
OoDIS. Besides excellent closed-world performance, P2F
detects multiple anomalous obstacles, including the trash
bins that are not part of the Cityscapes semantic classes
on which the model was trained. Additionally, panoptic
L&F results are shown in Appendix C. In Appendix B.4,
we supply the results of the OoDIS benchmark on the pub-
licly available validation set comprising 100 L&F samples
of the FS [3] split. In this setting, we again focus on U3HS
[20] as it does not require assumptions about the OOD data
distribution. Still, P2F demonstrates large margins.

Open-Set Segmentation: Lastly, we evaluate open-set
panoptic segmentation. We provide an evaluation of open-

set semantic segmentation in Appendices B.1 and B.2. In
the panoptic setting, on top of the standard, closed-set
panoptic segmentation [31], unknown areas must be seg-
mented as such, and each unknown instance must be dis-
tinguished by individual IDs. Here, the number of avail-
able baselines is limited, especially when requiring models
that do not rely on prior assumptions about OOD data, e.g.,
by explicitly training on the void class. EOSPN [28] and
DDOPS[63] target this panoptic setting but require the void
class supervision on the unknown classes. U3HS [20] gen-
eralizes to all evaluated tasks and is again the only other
method without any OOD assumptions.

In Tab. 2, we evaluate P2F on COCO using as unseen,
unknown the commonly 16 left-out classes [20, 28, 63]
(see Appendix A.3). As evaluation metrics in open-world
panoptic segmentation, we consider Panoptic Quality (PQ),
Segmentation Quality (SQ), and Recognition Quality (RQ)
scores for known and unseen classes, which do not include

Image U3HS P2F [ours]
Figure 6. Comparison of anomaly instance segmentation on un-
seen instances on COCO [35].
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% Closed-World Unseen Classes

-
Method | 2| PQT SQT RQf | PQT SQ7T RQT
EOPSN X 136.50 76.32 45.06| 0.01 74.55 0.01
DDOPS X 137.93 77.28 46.80| 8.39 81.52 10.29
U3HS [20] | v |22.03 69.03 27.92| 9.62 72.84 13.20
P2F [ours] | v/ |41.34 78.60 50.79 | 10.71 79.96 13.39

Table 2. Panoptic comparison on the COCO val. set [35] in closed-
world settings and on the unseen, unknown class at full resolution.

Closed-World Open-World
Method PQt SQT RQT [PQT SQT RQ?

U3HS [20] | 46.53 78.87 58.99 |41.21 79.77 51.67
P2F [ours] | 59.40 80.78 72.34 | 45.25 80.69 54.68

Table 3. Closed- and open-world evaluation on Cityscapes [14].

the set of unknown classes used for void supervision of
EOPSN and DDOPS.

While EOPSN and DDOPS leverage additional train-
ing void classes to predict the left-out classes as void, the
uncertainty-based approaches P2F and U3HS can eclipse
both of them in PQ and RQ, but not on SQ. Neverthe-
less, our P2F outperforms U3HS in all three metrics, further
showecasing its performance.

In Fig. 6, we show predictions on COCO [35] for un-
seen classes of P2F and U3HS. For the top image, U3HS
correctly identifies the hydrants as unknown, but fails to
separate them into instances. In contrast, P2F distinguishes
well single objects despite their similarity and overlap. In
the lower image, U3HS provides a single instance for the
whole tray (unknown, too), while P2F manages to segment
the individual unknown hotdog instances within the tray. In
general, the P2F manages to extract more fine-grained struc-
tures compared to U3HS. Further results and visual exam-
ples are presented in Appendices B.2 and C.

In Tab. 3, we report results on the Cityscapes open- and
closed-world setting from [20], where we investigate how
much the uncertainty thresholding influences the predic-
tion in the absence of any anomalies. In Tab. 4, we fur-
ther evaluate on L&F in the setting introduced by [20]. For

Method | PQT SQT RQT

U3HS [20] 794  64.11 1237
RbA [41] + P2F post-proc. 7.30  71.85 10.17
EAM [22] + P2F post-proc. | 8.79  72.09 12.20
M2A [46] + P2F post-proc. 991 7345 1349
P2F [ours] 11.22 7447 15.06

Table 4. Panoptic on the unseen L&F classes in the setting of [20]
after training on Cityscapes [14]. Semantic works need P2F.

w2 E, 22
[Z =] > > &
S5 » é’ 0 % Road Anomaly | FS L&F Obstacle
=k E~ % |APT FPRO5S| |APT FPRY5 |

40.5 46.4 66.4 16.8
31.7 62.3 18.5 28.4
53.1 72.7 45.3 95.9
47.2 589 23.1 22.2
58.6 46.3 66.6 16.8

ANENENE SR
ANENESE SN
R NANEN

Table 5. Ablation study of the main components of P2F.

Cityscapes, P2F outperforms U3HS in all categories, but
with a smaller gap in open-world settings. Especially for
L&F, P2F significantly improves in PQ and RQ score. Fur-
ther experiments, including the recent PANIC benchmark
[55], can be found in Appendices B.3 to B.5, and visual
results of our mask prediction are shown in Appendix C.4.
Ablation Study: In Tab. 5, we study the influence of
no-object mask filtering, the evidential sampling (II), and
the symmetric Dice loss (III). While including all masks in
Eq. (11a) (i.e., My = 0) has only a minor influence on
the FPR, the AP for Road Anomaly is negatively impacted
by this ablation. Similarly, the symmetric Dice loss mainly
boosts the FPR, and evidential sampling increases the AP.
We report more detailed ablations in Appendix B.6.
Limitations: While our P2F brings remarkable im-
provements to various assumption-free segmentation set-
tings of unknown objects, the gap to methods relying on
OOD data and external models remains large (see Tab. 1).
Furthermore, the performance degradation between closed-
and open-world settings (Tab. 3) highlights the difficul-
ties in calibrating the uncertainty estimates and the known-
unknown thresholding solely on known classes. These
points can be improved with better uncertainty estimates.

6. Conclusion

We introduced Prior2Former (P2F), the first evidential ap-
proach for mask-based vision transformers. P2F quantifies
uncertainty by predicting the evidence of a Beta prior to the
binary segmentation masks. This informs its embeddings
to enable high-quality clustering of anomalous instances.
P2F addresses many open-set segmentation tasks (anomaly
segmentation, semantic and panoptic open-world segmen-
tation, and anomaly instance segmentation) with the same
architecture and training procedure. In contrast to most
prior work, P2F does not rely on assumptions about OOD
data. This makes it highly applicable to real-world use cases
where these assumptions are often unrealistic. Still, com-
pared to existing assumption-free works, P2F delivers far
superior performance, as demonstrated in our extensive ex-
periments, effectively narrowing the gap between reliable
uncertainty estimates and strong closed-set predictions.
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