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Abstract

The task of segmenting novel categories in road scenes, often referred to as anomaly
segmentation, has been recently addressed with great success by using mask-based ar-
chitectures, but their efficacy is dependent on fine-tuning large transformer backbones.
In this work, we design a specialized adapter for this task, which makes it possible
to leverage even large backbones without re-training them. The key feature of our
adapter is the separation of the adapted features in two streams, one specialized on the
known categories (in-distribution) and the other that captures the characteristics of out-
of-distribution categories. The out-of-distribution features adaptation is supervised by
using synthetic negative data generated by a normalizing flow process. This dual-stream
architecture allows to better disentangle features for known and unknown categories,
preserving in-distribution performance while enabling direct and more accurate anomaly
segmentation with fewer false positives. Experiments show that dual-stream adapters
outperform previous methods while reducing training parameters by 38%.

1 Introduction
Semantic segmentation plays a critical role in autonomous and assisted driving, enabling the
fine-grained scene understanding necessary for advanced functionalities like path planning
and obstacle avoidance. Models used in this context are typically trained with a predefined,
fixed set of relevant categories (e.g., pedestrian etc.), a closed-set assumption that rarely
holds in real-world driving scenarios. Therefore, it is crucial that these models recognize
instances of unknown categories [1, 3, 15, 19]. Failure to do so results in erroneous classifi-
cations, potentially leading to catastrophic misinterpretations and hazardous decisions.

In this context, a promising line of research has shown that it is advantageous to resort
to mask-based architectures to identify new categories (often referred to as anomalies [4]),
by reasoning on whole masks rather than individual pixels [1, 37, 39, 40]. However, the
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Figure 1: Left: State-of-the-art methods [20, 37, 40] rely on large backbones like Swin-
L [35], requiring huge trainable parameters. We propose Dual-Stream Adapter with a
frozen pre-trained backbone for efficient anomaly segmentation. Right: DSA-Large sur-
passes top methods using 38% fewer trainable parameters. Tuples show average AuPRC and
FPR95; circles indicate trainable parameters (in millions).

improvements achieved by these architectures are largely dependent on the training of large
visual transformer backbones [13, 35] with a significant number of training parameters and
consequently a substantial training cost (cf. Fig. 1). Another effective strategy is to combine
an anomaly scoring function computed on the closed-set segmentation model (e.g. using
MSP [24] or RbA [37]) with an additional explicit prediction of the anomalies, e.g. obtained
by extending the classification head with a negative object class [11] or by adding a separate
dedicated decoder [43].

In this work, we revisit these ideas –mask-based anomaly segmentation and the combi-
nation of implicit and explicit anomaly predictions– with the goal of developing a method
for open-set segmentation of driving scenes that is both more efficient (in terms of training
parameters) and effective than the current state-of-the-art. Our solution is inspired by vision
transformer (ViT) adapters, which have shown to enable the use of large pretrained models
for dense prediction tasks without requiring a full fine-tuning [6]. However, differently from
the vanilla ViT adapter, here we seek to design an adapter that not only adjusts the learned
features to make dense predictions about the in-distribution (ID) categories, but also disen-
tangles ID and out-of-distribution (OOD) concepts. Our solution to this problem, named
Dual-Stream Adapter, learns to extract features for ID and OOD categories, making it pos-
sible to obtain more nuanced and straightforward-to-predict anomalies (implicitly and ex-
plicitly) than using a single set of shared features. To achieve this, the Dual-Stream Adapter
uses a symmetric structure for ID and OOD features, with two key components:

• an anomaly prior module that captures local context using a convolutional stem and
provides an initial set of in-distribution and out-of-distribution features;

• dual-stream feature refinement modules that iteratively refine these initial features and
separately combine them with the general representations of a frozen ViT backbone.

The two streams of features are trained using supervision of both ID and OOD concepts,
with a contrastive loss to separate and disentangle them. Although this joint training re-
quires data containing negative concepts, we forego using real negative data and rely just
on synthetic generated negative data and, when present, void/background masks in the inlier
training data (e.g. in Cityscapes). We perform extensive experiments on anomaly segmenta-
tion benchmarks (Fishyscapes [3], Segment Me If You Can [4], Road Anomaly [34]), show-

Citation
Citation
{Grci{¢}, {™}ari{¢}, and {™}egvi{¢}} 2023

Citation
Citation
{Nayal, Yavuz, Henriques, and G{ü}ney} 2023

Citation
Citation
{Rai, Cermelli, Fontanel, Masone, and Caputo} 2023{}

Citation
Citation
{Liu, Lin, Cao, Hu, Wei, Zhang, Lin, and Guo} 2021

Citation
Citation
{Dosovitskiy, Beyer, Kolesnikov, Weissenborn, Zhai, Unterthiner, Dehghani, Minderer, Heigold, Gelly, Uszkoreit, and Houlsby} 2021

Citation
Citation
{Liu, Lin, Cao, Hu, Wei, Zhang, Lin, and Guo} 2021

Citation
Citation
{Hendrycks and Gimpel} 2017

Citation
Citation
{Nayal, Yavuz, Henriques, and G{ü}ney} 2023

Citation
Citation
{Deli{¢}, Grci{¢}, and {™}egvi{¢}} 2024

Citation
Citation
{Sodano, Magistri, Nunes, Behley, and Stachniss} 2024

Citation
Citation
{Chen, Duan, Wang, He, Lu, Dai, and Qiao} 2023

Citation
Citation
{Blum, Sarlin, Nieto, Siegwart, and Cadena} 2021

Citation
Citation
{Chan, Lis, Uhlemeyer, Blum, Honari, Siegwart, Fua, Salzmann, and Rottmann} 2021{}

Citation
Citation
{Lis, Nakka, Fua, and Salzmann} 2019



RAI ET AL.: DUAL-STREAM ADAPTERS FOR OPEN-SET SEGMENTATION 3

ing Dual-Stream Adapter achieves the best results among all anomaly segmentation methods
with 38% lower training parameters, when compared to the best baseline method (cf. Fig. 1).

2 Related Work

Road Obstacle Segmentation is synonymous with open-set segmentation, aiming to de-
tect categories unseen during training. Early solutions adapted methods from unsuper-
vised anomaly segmentation, such as maximum softmax probability prediction [24], deep
ensembles [14], Bayesian deep learning [15, 36, 45], class-logits reasoning [25, 27], and
image re-synthesis discrepancy [34]. However, recent methods specifically developed for
open-set segmentation in driving scenes mostly provide explicit supervision to the model
by training on mixed images that contain instances of novel categories (negative crops)
pasted on them [2, 10, 11, 12, 50]. These negative crops are generally sampled from the
MS-COCO [33] or ADE-20K [51] datasets, which contain objects absent in in-distribution
datasets. Alternatively, when appropriate negative data may be unavailable, synthetic neg-
atives may be used effectively, as demonstrated by [11, 17, 18] which use a normaliz-
ing flow as a generative process. Many state-of-the-art road obstacle segmentation meth-
ods [1, 20, 37, 39, 40, 49] use mask-based architectures [7, 8] that treat segmentation
as set prediction via binary masks with class labels. Methods like RBA [37], EAM [20],
Mask2Anomaly [39, 40], and Maskomaly [1] improve anomaly segmentation by aggregat-
ing scores over predicted masks instead of individual pixels. However, they rely on large
Transformer backbones (e.g. ViT [13], Swin [35]) with high training parameters. Recent
works [11, 43] also introduce explicit anomaly mask prediction by extending closed-set
models. For example, UNO [11] adds a new class, while ContMAV [43] employs a sec-
ond decoder. In comparison to prior works, we propose an adapter tailored for open-set
segmentation in driving scenes, preserving the benefits of mask-based architectures without
retraining the backbone. Moreover, it generates separate ID and OOD feature streams, main-
taining strong performance on known classes while explicitly predicting anomaly masks. In
contrast, [11, 43] has a shared classifier for both known and unknown classes segmentation.

Adapters. Learning universal representations that can be specialized to multiple tasks and
domains is quintessential in deep learning. Adapters [41, 42] have emerged as an effective
and parameter-efficient solution to this problem. In computer vision, the emergence of large
pre-trained models [28, 38] is making the utilization of adapters quite compelling. In fact,
fine-tuning these models for possibly many downstream tasks is inefficient not only in terms
of required training resources, but also in terms of deployed resources, as a device that must
perform multiple tasks would require multiple specialized copies of the same model. More-
over, it was also demonstrated that fine-tuning these large vision models could distort the
pre-trained features [29] and lead to poor generalization. This has inspired a few works to
use a vanilla ViT architecture [13] and adapt it to various vision tasks [31, 32]. Most notable
in this sense is the ViT-Adapter [6], which integrates vision-specific inductive biases into the
plain ViT, reaching comparable performance to recent vision-specific transformer variants
on several tasks but training fewer parameters. Unlike the general-purpose ViT-Adapter [6],
our Dual-Stream Adapter is designed for open-set segmentation by explicitly separating in-
distribution and anomalous features.
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3 Preliminaries

3.1 Problem Setting
We consider a training dataset D= {(xi,yi)}D

i=1, where xi ∈X ⊂R3×H×W is an RGB image,
and yi ∈ Y ⊂ N|Z|×H×W is the corresponding pixel-wise semantic label mask over a set
of pre-defined categories Z . Here, H and W denote the height and width, respectively,
of each sample of X and Y . The goal is to train a model that outputs both a semantic
segmentation mask and a binary anomaly mask indicating pixels that do not belong to any
known class. Traditionally, anomaly detection is treated as a per-pixel classification task [19,
44], involving a function fθ : X → R|Z|×H×W and then applying a non-parametric scoring
function s : R|Z|×H×W → [0,1]H×W . Recent methods [1, 20, 37, 39, 40, 49] instead use the
Mask2Former architecture [8], moving from per-pixel to mask-based classification. We next
summarize this reformulation, as it forms the foundation of our solution.

3.2 Mask2Former-based anomaly segmentation
Mask2Former [8] is a universal architecture that approaches segmentation as a direct set pre-
diction problem. It groups pixels into N segments by predicting N binary masks and their
corresponding category labels (where N is a hyper-parameter). The architecture consists of
three main components: (i) an encoder that extracts the features from the input image, (ii) a
pixel-decoder that generates high-resolution per-pixel embeddings from the encoder’s low-
resolution features, and (iii) a transformer-decoder that operates on image features to process
object queries. For brevity, we do not delve into a detailed description of these components.
Interested readers can refer to [8] for a comprehensive explanation of the Mask2Former ar-
chitecture. Additionally, for the sake of compactness and readability, we refer pixel decoder
and transformer decoder collectively as the decoder (see Fig. 2, Fig. 1-left). Given this archi-
tecture, the aim is to learn parameters θ of a function fθ , composed of an encoding function
hθe and a decoding function gθd with θ = [θe,θd ], that maps an image to a set of binary
masks M ∈ RN×(H×W ), and category labels C ∈ RN×|Z| formulated as:

fθ : X → (RN×(H×W ), RN×|Z|), x 7→ gθd ◦hθe(x) = (M,C) (1)

While the masks M and class scores C associate pixels to the known classes from Z ,
it was shown in [40] that a binary anomaly mask can be predicted implicitly from M and
C through a non-parametric scoring function simpl : (RN×(H×W ), RN×|Z|) → RH×W . For
example, using MSP [24], the scoring function becomes

simpl(M,C) = 1−max
Z

(
softmax(C)T ·sigmoid(M)

)
(2)

Without loss of generality, other scoring functions can also be used, e.g., [20, 37] and
have been crucial in achieving state-of-the-art results, particularly with large pre-trained en-
coders [1, 20, 37, 39, 40, 49]. However, fine-tuning such encoders is computationally expen-
sive and may distort pre-trained features [29], reducing effectiveness for other downstream
tasks. To alleviate this issues while maintaining state-of-the-art performance, we propose
freezing the pre-trained encoder and inserting an adapter module [26, 42] with learnable
parameters θa, such that ∥θa∥<< ∥θe∥ (see Fig. 1-left). Namely, we now seek a map

fθ : X → (RN×(H×W ), RN×|Z|), x 7→ gθd ◦h
θ̄e,θa

(x) = (M,C) (3)
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Figure 2: Dual-Stream Adapter: Our model includes a frozen ViT backbone, a decoder,
and a dual-stream adapter with two components: the anomaly prior module (APM) (Sec. 4.1)
and the dual-stream feature refinement (Sec. 4.2), extracting in-distribution and out-of-
distribution features. The decoder (Mask2Former decoder) and Conv (single convolutional
layer) are fused at inference to produce the anomaly map (Sec. 4.2). The yellow box indi-
cates an anomaly. LID and LOOD are used to train the ID and OOD streams (Sec. 4.3).

where θ̄e denotes the frozen parameters. We model this adapter after the ViT-Adapter [6], as
explained in the next section.

4 Dual Stream Adapter
The Dual-Stream Adapter (DSA) architecture (see Fig. 2) builds on ViT-Adapter [6]. It
incorporates an anomaly prior module for initial ID and OOD feature extraction and a chain
of dual-stream refinement that iteratively enhances these features using the frozen ViT. In
the following subsections, we discuss these technical novelties in detail. For clarity, adapter
dependencies on θa are omitted.

4.1 Anomaly Prior Module
The first part of the DSA is the anomaly prior module (see Figs. 2 and 3). Our module shares
a similar foundation with the ViT-Adapter’s Spatial Prior Module, leveraging a ResNet con-
volutional stem [23] to extract D-dimensional feature maps at different spatial resolutions:
(F8 ∈ RD×H

8 ×W
8 , F16 ∈ RD× H

16×
W
16 and F32 ∈ RD× H

32×
W
32 ). The intuition of this design is

that the convolutional stem complements the vision transformer by capturing local context
and providing translation equivariance [47]. Each of the three feature tensors is further aug-
mented with an additive and learnable level encoding. Formally, for a generic feature scale
Fi, it is given as F̄i =Fi+δi. Where, δi ∈RD×H

i ×
W
i is the corresponding level encoding. All

these features are finally flattened and concatenated together. We diverge from ViT-Adapter
by introducing an explicit specialization mechanism. Features are processed in two sepa-
rate streams with distinct level encodings, enabling them to specialize on either ID or OOD
object characteristics (see Fig. 3). Formally, for a generic feature scale Fi, we have

F̄i,id = Fi +δi,id, F̄i,ood = Fi +δi,ood (4)

where δi,id,δi,ood ∈ RD×H
i ×

W
i are the corresponding level encodings, each of them obtained

as a distinct D-dimensional learnable vector broadcasted along the spatial coordinates. The
level encoding here acts as a channel-wise bias individually learned for in-distribution and
out-of-distribution features, which allows to retain information about their resolution level
within the feature tokens. The feature tensors of the two streams are finally flattened and
concatenated separately, yielding two arrays of D-dimensional feature tokens, i.e.,

F̄8,id,F̄16,id,F̄32,id 7→F1
id ∈ R( HW

82 + HW
162 + HW

322 )×D
, F̄8,ood,F̄16,ood,F̄32,ood 7→F1

ood ∈ R( HW
82 + HW

162 + HW
322 )×D (5)
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Figure 3: Above: Shows the spatial prior module and adapter architecture present in
the existing vision adapters architecture [6]. Below: We present novel components of
our dual-stream adapter. (a)Anomaly Prior Module (Sec. 4.1): learn to extract the initial ID
and OOD features from the input image. (b)Dual-Stream Feature Refinement (Sec. 4.2):
takes in the initial ID and OOD features from the anomaly prior module. The features are
refined by passing through a set of anomaly adapters and augmenting with the ViT features.

With the anomaly prior module, the architecture can learn strong prior knowledge about the
ID and OOD features, as demonstrated by Tab. 4 (a).

4.2 Dual Stream Feature Refinement
The original ViT-Adapter [6] uses an interaction module consisting of cross-attentions to
combine the spatial information from the prior module and the features from the frozen ViT.
For our problem, we want to combine the frozen ViT features with the spatial in-distribution
(ID) and out-of-distribution (OOD) information, while at the same time disentangling them.
Therefore, we design a module based on cross-attention with a symmetric structure to handle
the dual streams information. Each dual-stream feature refinement module consists of two
symmetric streams: one for the ID features and the other for the OOD features. Without
loss of generality, let us consider the ID stream for the i-th dual-stream feature refinement
module. To combine the spatial ID prior with the ViT features, we use a cross-attention layer,
where the keys and values are given from features produced by the (i+1)-th ViT block, i.e.,
F i+1

Vit . The spatial features F i
id are used as queries to imbue relevant multi-scale features from

F i+1
Vit into the tokens of F i+1

id . The same sequence of operations is implemented for the OOD
stream. The whole process is summarized as:

i.d. extractor F i+1
id = F̂ i+1

id +FFN(F̂ i+1
id ), F̂ i+1

id =F i
id +Attention(F i

id︸︷︷︸
Q

,F i+1
ViT︸ ︷︷ ︸
K

,F i+1
ViT︸ ︷︷ ︸
V

)
(6)

o.o.d. extractor F i+1
ood = F̂ i+1

ood +FFN(F̂ i+1
ood ), F̂ i+1

ood =F i
ood +Attention(F i

ood︸︷︷︸
Q

,F i+1
ViT︸ ︷︷ ︸
K

,F i+1
ViT︸ ︷︷ ︸
V

)
(7)

where Attention denotes the cross-attention block and FFN is a feed-forward net-
work as in the original ViT-Adapter [6]. Besides its dual structure, our module differs from
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ViT-Adapter’s interaction module for its lack of an injector cross-attention (see Fig. 3) mod-
ule. This design choice is empirically motivated, as we found that the anomaly segmentation
results are similar with and without the injector (cf. supplementary). However, removing
the injector cross-attention results in a more streamlined module, with fewer training pa-
rameters. In summary, this structure helps to refine and specialize the features obtained
from anomaly prior to improve anomaly segmentation while retaining a good performance
on the in-distribution samples.

4.3 Training and inference

Decoding ID and OOD features. ID features from the Dual Stream Adapter are decoded
by Mask2Former into binary masks M and class scores C (eq. (3)), producing the final
segmentation mask over known classes Z (Fig. 2). OOD features pass through a point-
wise convolution, followed by sigmoid normalization and resizing to the input dimensions,
yielding the explicit anomaly score map sexpl (Fig. 2). This explicit map is obtained by
supervising the model with synthetic negative data, as detailed next.

Streams supervision and loss function. The adapter generates two feature streams: one
for ID and another for OOD categories. While ID features can be directly supervised, OOD
supervision is challenging due to the lack of negative data. A simple solution to this problem
is to use void/background pixels as OOD samples. However, since void/background pixels
are not always available in the training data, a more widely applicable alternative is to use
synthetic negative patches pasted onto the training data. This technique has been widely used
in this setting [11, 17, 18, 21]. Following [17, 21], we use a pre-trained normalizing flow
model N f (pre-trained on Pascal-COCO) to generate synthetic negatives. Given Gaussian
noise zg, N f produces a patch xz, which is pasted onto a training image x to obtain the
augmented image xa. Formally, this can be expressed as:

xa = (1−bm) · x+bm ·pad(xz), xz = N f (zg) (8)

where bm is a binary mask with 1 at xz’s pixel locations, and pad applies zero-padding to
match x’s size. During training, xa is labeled differently per stream: xz pixels are treated as
anomalies for the OOD stream (convolutional output in Fig. 2) and as background for the ID
stream (decoder output in Fig. 2). We apply normalizing flow patches with probability pn f
and treat void/background pixels as anomalies with probability pbg. Using data from eq. (8),
we train the ID stream with Mask2Former’s losses: LID = λceLce +λdiceLdice, and the OOD
stream with the mask contrastive loss LOOD [40]. The total loss is LDSA = LID +LOOD.

Inference with ID and OOD features. At inference, we use the implicit score simpl from
eq. (2) and the explicit anomaly map sexpl from the OOD stream (Fig. 2). The final anomaly
map is computed as a weighted sum: s = simpl +λs · sexpl , with λs = 0.01 for DSA-Large and
0.1 for DSA-Tiny.

5 Experiments

Implementation details:. We evaluate two configurations of our model, using Dual Stream
Adapters: Tiny (DSA-Tiny) and Large (DSA-Large), which utilize ViT-Tiny and a ViT-Large
backbone, respectively. We evaluate all models on Road Anomaly [34], Fishyscapes (FS) [3]
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Road Anomaly SMIYC RA-21 SMIYC RO-21 FS L&F FS Static Average

Methods AuPRC ↑ FPR95 ↓ AuPRC ↑ FPR95 ↓ AuPRC ↑ FPR95 ↓ AuPRC ↑ FPR95 ↓ AuPRC ↑ FPR95 ↓ AuPRC ↑ FPR95 ↓

Fine-Tuned 28.4 | 39.1 85.4 | 76.4 57.4 | 67.2 82.2 | 50.8 63.6 | 10.7 2.6 | 29.8 44.1 | 66.2 33.1 | 28.3 29.5 | 89.1 88.6 | 12.3 44.6 | 54.4 58.3 | 39.5

Side Adapters [48] 23.1 | 44.8 85.2 | 62.1 60.3 | 61.1 77.3 | 45.9 29.3 | 53.8 12.1 | 41.6 45.1 | 47.2 23.6 | 40.9 25.2 | 88.9 88.3 | 15.9 36.6 | 59.1 57.3 | 41.2

ViT Adapters [6] 26.0 | 37.5 88.3 | 78.5 57.1 | 60.7 90.7 | 24.9 60.9 | 79.5 7.5 | 16.0 42.5 | 44.9 27.0 | 42.6 31.5 | 80.6 33.1 | 27.3 43.4 | 60.6 49.3 | 37.3

DSA-Tiny (Ours) 30.9 | 48.9 83.1 | 57.1 60.3 | 68.8 24.2 | 21.1 89.9 | 85.4 1.2 | 3.4 50.3 | 54.3 65.7 | 37.7 30.9 | 87.5 25.0 | 10.3 52.7 | 68.9 39.8 | 25.9

Table 1: Quantitative comparison of adapters: We present the performance comparison
between baseline vision adapters (Side Adapters [48], ViT Adapters [6]) and our proposed
DSA-Tiny adapters. Each paired entry in the table represents performance: without outlier
supervision | with outlier supervision. The best results are in bold.

       Input Image               Mask2Anomaly                     RbA                     DSA-Large (Ours)             Ground Truth

Figure 4: Qualitative Results: DSA-Large provide better and crisper anomaly masks w.r.t.
other baselined methods. Anomalies are represented in white. The samples are shown for
SMIYC RA-21 and SMIYC RO-21. Please refer to the supplementary for more results.

and Segment Me If You Can (SMIYC) benchmark [4]. We employ AuPRC and FPR95 as
evaluation metrics. Please refer to the supplementary for further details.

Baselines and fairness:. We compare our method against a wide array of baselines, includ-
ing both mask-based and per-pixel approaches. For all mask-transformer methods [1, 20,
37, 40], we use Swin-L [35]. Further experimental details are in the supplementary. Ta-
ble 2 lists all methods. To ensure fairness, all models, including ours, are trained on only
Cityscapes [9]. As outlier exposure step, we adopt the same fine-tuning protocol as [40].
Additional information on outlier supervision is given in the supplementary.

5.1 Main Results

Comparison to other adapters.
Setting: We evaluate the dual-stream adapter with other ViT adapters by using the same ViT-
Tiny backbone and mask decoder. During outlier supervision, all models are trained with
mask-contrastive loss [40]. Aside from the adapters themselves, all other implementation
details are the same used by DSA-Tiny.
Discussion: Table 1 presents the performance of existing vision adapters compared to our
DSA-Tiny, with and without outlier exposure. On average, DSA-Tiny shows significant
performance improvement over existing vision transformer adapters by achieving higher
AuPRC values and lower FPR95 scores, highlighting the effectiveness of the anomaly prior
and the dual stream feature refinement block. The qualitative comparison shown in supple-
mentary material supports these numerical results, showing that the dual stream adapters not
only is more capable to segment the anomaly, but it also produces fewer false positives. No-
tably, fine-tuning the entire architecture yields lower performance compared to our approach.
This is in line with the findings of [29] that fine-tuning leads to distorting the pre-trained fea-
tures, consequently reducing anomaly detection performance.
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Real SMIYC RA-21 SMIYC RO-21 FS L&F FS Static Road Anomaly Average
Methods Negatives AuPRC ↑ FPR95 ↓ AuPRC ↑ FPR95 ↓ AuPRC ↑ FPR95 ↓ AuPRC ↑ FPR95 ↓ AuPRC ↑ FPR95 ↓ AuPRC ↑ FPR95 ↓

Max Softmax [24] ✗ 27.9 72.0 15.7 16.6 4.5 40.5 19.0 23.9 15.7 71.3 16.6 44.9
Mahanalobis [30] ✗ 20.0 86.9 20.9 13.0 56.3 11.2 27.3 11.7 14.3 81.0 27.8 40.8

Image Resynthesis [34] ✗ 52.2 25.9 37.7 4.7 5.7 47.7 8.0 62.7 - - 25.9 35.3
MC Dropout [36] ✗ 28.8 69.4 4.8 50.3 12.2 32.8 42.1 13.2 - - 22.0 41.4

Learning Embedding [3] ✗ 37.5 70.7 0.8 46.3 4.1 22.3 43.5 16.8 - - 53.1 42.6
SML [27] ✗ 46.8 39.5 3.4 36.8 36.5 14.5 48.6 16.7 17.5 70.7 22.0 41.4
ATTA [16] ✗ 67.0 31.5 76.4 2.8 65.5 4.4 93.6 1.1 59.0 33.4 72.3 14.6

FlowEneDet [22] ✗ 36.7 77.8 73.7 0.9 56.1 3.8 66.6 8.9 - - 58.3 22.9
Maximized Entropy [5] ✗ 85.4 15.0 85.0 0.7 40.8 37.2 72.4 12.9 48.8 31.7 66.5 19.5

SynBoost [12] ✓ 56.4 61.8 81.7 4.6 40.9 34.4 48.4 47.7 38.2 64.7 21.5 39.0
JSRNet [46] ✓ 33.6 43.8 28.0 18.5 0.2 69.3 1.4 60.4 94.4 9.2 31.5 40.2

Dense Hybrid [19] ✓ 77.9 9.8 87.0 0.2 63.8 6.1 60.0 4.9 31.3 63.9 64.0 17.0
PEBEL [44] ✓ 49.1 40.8 4.9 12.6 59.8 6.4 82.7 6.8 45.1 44.5 48.3 22.2
EAM [20] ✓ 76.3 93.9 66.9 17.9 52.0 20.5 87.3 2.1 29.8 54.9 62.5 37.9

Maskomaly [1] ✓ 93.4 6.9 - - - - 69.5 14.4 16.3 73.1 59.7 31.5
Mask2Anomaly [40] ✓ 90.5 9.8 72.6 8.0 66.8 4.6 91.2 6.0 75.4 9.8 79.3 7.7

RBA [37] ✓ 92.3 7.2 92.4 0.3 50.4 10.8 69.5 6.0 83.5 18.7 77.6 8.6
UNO [11] ✓ 91.3 8.8 89.4 1.3 35.0 42.8 82.3 12.2 54.1 17.0 70.5 16.4

DSA-Large (Ours) ✓ 92.0 4.3 85.5 5.3 73.9 11.4 89.9 2.0 80.1 11.4 84.2 6.8

Table 2: Quantitative Results: We observe that on average our DSA-Large model obtains
the best results among the baseline anomaly segmentation methods. The first, second and
third best results are reported in green, orange and red, respectively.

Mask2Former [8] ViT-Adapter [6] RbA [37] EAM [20] DSA-Large (Ours)
without Outlier supervision 83.37 83.30 82.85 83.27 84.93

with Outlier supervision - - 82.25 82.16 84.62

Table 3: In-distribution performance: Results on the Cityscapes validation set, for the
vanilla Mask2Former and recent anomaly segmentation SOTA based on it. DSA-Large re-
tains the best in-distribution performance among these models. Best results are in bold.

Comparison to other anomaly segmentation methods.
Anomaly Segmentation Performance: Table 2 presents the performance of per-pixel and
masked-based anomaly segmentation methods. We observe that in average DSA-Large ob-
tains the best results among the recent SOTA mask-based architectures such as Mask2Anomaly
[40] and RbA [37], although it appears that the results of the various methods vary depending
on the datasets. The visual comparison in Fig. 4 shows that DSA-Large is more effective at
segmenting the anomalies, with minimal false positives.
Semantic Segmentation Performance: We show segmentation performance on in-distribution
data, as improving OOD detection can sometimes degrade ID performance, posing as a trade-
off requiring separate models. Table 3 shows results on the Cityscapes validation set for
Mask2Former and related anomaly segmentation methods. DSA-Large achieves the best
ID accuracy, with or without outlier supervision, highlighting the effectiveness of our dual-
stream adapter. Qualitative results are in the supplementary material.

5.2 Ablation Study

We conducted all ablation experiments with the DSA-Tiny architecture on the SMIYC RO-
21 dataset, unless specified. Additional ablation are in the supplementary material.

Component-wise ablation. Table 4(a) shows ablations of dual-stream adapter on SMIYC
RO-21. We find that removing anomaly prior or dual-stream feature refinement leads to a
significant drop in anomaly segmentation performance.

Number of dual-stream feature refinement blocks. Table 4(b) shows the impact of the
number of dual-stream feature refinement . While 4 and 6 blocks yield the best AuPRC and
FPR95, we choose 4 to minimize trainable parameters.
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Anomaly Prior Module Dual-Stream Feature Refinement AuPRC↑ FPR95↓
✗ ✓ 24.9 27.7
✓ ✗ 68.3 13.1
✓ ✓ 89.9 1.2

Number of Dual-Stream Adapter AuPRC↑ FPR95↓
1 72.1 5.8
2 87.8 0.6
4 89.9 1.2
6 81.3 4.7

(a) (b)
Table 4: (a) Component wise ablation: We test the importance of each component by
removing one at a time. We observe that presence of all components gives the best perfor-
mance. (b) Number of dual-stream adapter: Number of dual-stream adapter as 4 and 6
gives the best AuPRC and FPR95, respectively. All the results in bold are best.

6 Conclusion

In this work, we propose a novel adapter for open-set segmentation that disentangles in-
distribution and out-of-distribution features via a dual-stream. It consists of an anomaly
prior module for initial feature separation and a refinement module leveraging a frozen ViT
encoder. Our architecture achieves state-of-the-art results on road obstacle benchmarks while
maintaining the best ID performance with fewer trainable parameters than best methods.
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