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Figure 1: Open world segmentation using UDOS (a) Mask R-CNN [20], trained on VOC-categories from COCO, fails to detect many unseen categories
due to seen-class bias; (b) MCG [46] provides diverse proposals for an open world, but predicts many false-positives which are over-segmentations with
noisy boundaries; (c) combining the advantages of (a) and (b) into a joint framework, UDOS efficiently detects many unseen classes in open world when
trained only using VOC-categories from COCO, while adding negligible inference time overhead.

Abstract

Many top-down architectures for instance segmen-
tation achieve significant success when trained and
tested on pre-defined closed-world taxonomy. How-
ever, when deployed in the open world, they exhibit
notable bias towards seen classes and suffer from sig-
nificant performance drop. In this work, we propose
a novel approach for open world instance segmen-
tation called bottom-Up and top-Down Open-world
Segmentation (UDOS) that combines classical bottom-
up segmentation algorithms within a top-down learning
framework. UDOS first predicts parts of objects using a
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top-down network trained with weak supervision from
bottom-up segmentations. The bottom-up segmenta-
tions are class-agnostic and do not overfit to specific
taxonomies. The part-masks are then fed into affinity-
based grouping and refinement modules to predict ro-
bust instance-level segmentations. UDOS enjoys both
the speed and efficiency from the top-down architec-
tures and the generalization ability to unseen categories
from bottom-up supervision. We validate the strengths
of UDOS on multiple cross-category as well as cross-
dataset transfer tasks from 5 challenging datasets in-
cluding MS-COCO, LVIS, ADE20k, UVO and Open-
Images, achieving significant improvements over state-
of-the-art across the board. Our code and models are
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available on our project page.

1. Introduction
Open world instance segmentation [55] is the problem of

predicting class-agnostic instance masks for all objects in
an image. The major challenge here is to segment novel in-
stances: instances whose categories were out of the training
taxonomy. This is an important step towards achieving ro-
bust and reliable real world deployment of instance segmen-
tation models in various applications such as robotics [56],
autonomous driving [11, 42], and embodied AI [49] where
the model might regularly encounter novel objects. While
scaling the size of the taxonomies during annotation is a
possible counterpoint, on one hand, it requires significant
human efforts to provide sufficient annotations for each cat-
egory, and on the other hand, it is not possible to gather
a comprehensive taxonomy of all categories; therefore, the
ability to generalize to novel objects is preferable.

Unfortunately, instance segmentation frameworks such
as Mask R-CNN [20] often couple recognition and segmen-
tation [55] too closely to the extent that they are unable to
segment out objects not labeled in the training data. This
problem is exacerbated when these frameworks are trained
with non-exhaustive annotations (e.g. MS-COCO [35]),
where out-of-taxonomy objects are perceived as negatives
(background). A prediction made on these objects are pun-
ished by the top-down supervision. We illustrate this in
Fig. 1(a), where we show that a standard Mask R-CNN
trained on the 20 VOC classes from COCO dataset effec-
tively detects people, chair, table and car within the training
taxonomy, but fails to detect out-of-taxonomy objects like
hat, paper and plates.

On the other hand, classical bottom-up segmentation ap-
proaches [17, 46, 52] are by-design class-agnostic and un-
supervised, making them suitable to the open world. They
completely rely on low-level cues such as shape, size, color,
texture and brightness between pixels to generate candidate
object masks. However, these methods often produce over-
segmentation of objects due to the lack of semantic notion
of objectness as shown in Fig. 1(b), where MCG [46] gen-
erates over-segmentation of objects with noisy boundaries.

A natural question arises: how do we benefit from both
these paradigms? We address this question in this work by
designing a novel approach for open world instance seg-
mentation called UDOS (bottom-Up and top-Down Open-
world Segmentation), that combines the advantages of
aforementioned top-down and bottom-up methods into a
single, jointly trainable framework. UDOS (Fig. 1c) reli-
ably segments seen categories (person, table, chair) while
generalizing well to unseen categories (party hats, paper,
glass, plates) as well.

UDOS mainly stems from two key intuitions: Weak-
supervision provided by class-agnostic segmentation from

unsupervised bottom-up methods [17,46,52] should supple-
ment the non-exhaustive human annotations. These class-
agnostic segmentation complements the un-annotated area
of an image which potentially contains out-of-taxonomy
objects. This strategy forces the model to segment an
image holistically, without leaving out a region as nega-
tive. However, only learning to predict part-masks from
bottom-up grouping is insufficient, since they over-segment
an object instance. To this end, our second insight lies in
leveraging the seen-class supervision to bootstrap object-
ness, where we propose an affinity-based grouping mod-
ule to merge parts into whole objects, and a refinement
module to improve boundary qualities of the final predic-
tions. To our best knowledge, UDOS is the first approach
to effectively combine previously distinct top-down archi-
tecture and bottom-up supervision into a joint framework
towards open-world instance segmentation. Through exten-
sive set of empirical experiments, we demonstrate SOTA
performance of UDOS in open world instance segmenta-
tion. In summary, our contribution towards open-world in-
stance segmentation are three-folds:
1. We propose UDOS for open-world instance segmenta-

tion that effectively combines bottom-up unsupervised
grouping with top-down learning in a single, jointly
trainable framework (Sec. 3).

2. We propose an affinity based grouping strategy
(Sec. 3.2) followed by a refinement module (Sec. 3.3)
to convert noisy part-segmentations into coherent object
segmentations. We show that such grouping generalizes
well to unseen objects.

3. UDOS achieves significant improvements over com-
petitive baselines as well as recent open-world in-
stance segmentation methods OLN [29], LDET [48]
and GGN [54] on cross-category generalization (VOC
to NonVOC) as well as cross-dataset (COCO to UVO,
ADE20K and OpenImagesV6) settings (Sec. 4).

2. Related Works
Object detection and instance segmentation. Object de-
tection and instance segmentation were classically studied
with hand-crafted low-level cues in a bottom-up fashion
using graph-based grouping [16, 18], graph-based meth-
ods [10, 14, 15, 50], deformable parts [], hierarchical and
combinatorial grouping [2, 46] or Selective Search [52].
With the introduction of deep learning, end-to-end top-
down approaches demonstrated superior performance on a
suite of detection and segmentation problems including ob-
ject proposals [33, 45], object detection [47], semantic seg-
mentation [40], instance segmentation [3, 9, 20] and panop-
tic segmentation [30, 53]. However, the problem setup in
this paper is fundamentally different from previous works:
instead of a closed-world assumption where training and
testing share the same taxonomy, we focus on open-world
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(Fig. 2) UDOS overview: Overview of training and inference phases in UDOS. Note the the unsupervised proposal generation is only present during
training and not needed during testing. (Fig. 3) Proposed UDOS pipeline: During training, we first augment the ground truth annotations on seen classes
(S) with masks provided by the unsupervised segmentation algorithm (U ) and use it to supervise the part mask prediction head in (a) (Sec. 3.1). As these
predictions might only correspond to part-segments on unknown classes (head of the horse, body of the dog), we use an affinity based grouping strategy in
(b) that merges part segments corresponding to the same underlying instance (Sec. 3.2 and Fig. 4). We then use a refinement head in (c) to output the final
prediction that correspond to whole instances.

setup which requires to segment both in-taxonomy and out-
of-taxonomy instances. As shown in Fig. 3 and Sec. 4.2,
top-down methods suffer from seen-class bias and fail to
detect novel objects in open world.

Open world instance segmentation Open-world vision re-
quires generalization to objects not annotated in the training
data [7,45], and has regained interests in multiple computer
vision problems [22, 28, 29, 38, 39, 55]. Our work focuses
on open-world instance segmentation [55] which requires
the model to correctly detect and segment instances whether
their categories are in training taxonomy or not. This is dif-
ferent from [23, 32], where models are evaluated on object
categories whose bounding box are available during train-
ing. Previous work [12,13,26,44] often relies on additional
cues such as video, depth, optical flow to solve this chal-
lenging problem, whereas UDOS requires no additional an-
notation and relies on unsupervised proposal generation to
bootstrap training. UDOS is closely related to [29, 54, 55],
while [55] proposes a new benchmark, our paper provides
an approach. OLN [29] focuses on learning better ob-
jectness function to improve generalization but uses only
seen class annotation during training. Our method, how-
ever, focuses on combining top-down training and bottom-
up grouping towards novel object segmentation. GGN [54]
carries similar philosophy as UDOS to leverage bottom-up
grouping. While GGN performs grouping on learned pixel-
level pairwise affinities, UDOS leverages bottom-up group-
ing with part-level pairwise affinities. We show that UDOS
compares favorably to GGN on empirical evaluations while
being potentially complementary.

Combining bottom-up and top-down. Bottom-up meth-
ods have recently been revisited in the context of represen-
tation learning to aid self-supervision [6,21,58]. In the rele-
vant context of instance segmentation, bottom-up grouping

is used to improve local segmentation quality through affin-
ity maps [4,37,54,57] or pixel grouping [25,36,51]. In con-
trast to these works designed for closed-world taxonomies,
we propose to leverage both top-down training and bottom-
up grouping to perceive and reason about open-world. Our
work is also distinct from prior works employing grouping
for segmentation [1, 31] as we group mid-level part-masks
as opposed to low-level pixel features, and address the prob-
lem of open-world instance segmentation as opposed to 3D
part-discovery or shape analysis [41].

3. Proposed Method
Problem definition. Given an image I∈RH×W×3, the goal
of open world instance segmentation is to segment all ob-
ject instances in I regardless of their semantic categories,
which includes objects both seen and unseen during train-
ing. Following prior works [29,45,54] for this problem, we
adopt class-agnostic learning strategy, in which all anno-
tated classes are mapped to a single foreground class during
training and predictions are class-agnostic.
Method overview. An overview of UDOS during train-
ing and testing phases is shown in Fig. 2, and is explained
in detail next. Our proposed approach is presented in
Fig. 3 showing our part-mask prediction (Fig. 3a), affinity-
based grouping (Fig. 3b) and refinement (Fig. 3c) mod-
ules. We build our backbone using a class-agnostic Mask
R-CNN [20] with FPN [34], and we denote the FPN feature
map computed by the backbone as F .

3.1. Part-Mask Prediction

Generating candidate object regions. We first generate
weak supervision in the form of approximate object re-
gions for each image in the training set. We use off-the-
shelf unsupervised segmentation algorithms (e.g. selective
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Figure 4: Grouping module. (a) the bounding boxes bi of the predicted part-masks are expanded to incorporate local context. (b) The features fb,i are
extracted using RoIAlign operator on the FPN features F with the expanded bounding boxes b′i, and are used to compute pairwise affinity ϕ(bi, bj) using
cosine similarity. (c) A clustering algorithm is used to group parts into whole object instances, as shown in (d). Note that the inaccuracies in the output from
grouping module are later corrected by the refinement module.

search [52] or MCG [46]) that provide useful segmentation
priors in images. By design, these segmentation masks are
class-agnostic and cover entire span of the image without
a distinction between in-taxonomy and out-taxonomy ob-
jects. Since we later group these masks, over-segmentation
in proposal generation phase is desirable. So we tune hyper-
parameters of the bottom-up segmentation algorithms (like
scale and σ in sel. search) to prefer over-segmentation. We
note that it is a one time effort to generate these pseudo-
GT masks, before training, and they are not needed during
inference or deployment (Fig. 3).

Augmenting labels using part-masks. Once we generate
weak supervision for all images in the training set, we create
a triplet (I, S, U ) for each input training image I , in which
S = {si}Ns

i=1 is the set of ground truth box and mask la-
bels covering only annotated categories, and U = {ui}Nu

i=1

is the set of masks generated by the unsupervised segmen-
tation algorithm which has more exhaustive, albeit noisy,
region proposals. We then use the set of augmented masks
A=S∪U as supervision to train a top-down instance seg-
mentation system, which we call part-mask prediction net-
work as it might only predict parts of objects in line with
the supervision provided (output Fig. 3a). To avoid dupli-
cate labels, we filter out part masks from U that are over-
lapping with any ground truth mask in S with IoU greater
than 0.9. Intuitively, while the masks in S provide infor-
mation to detect within-taxonomy classes, the masks in U
help to segment part masks for all objects, providing com-
plementary training signal to the network. This strategy
provides two advantages compared to top-down training
with only ground truth masks in S. First, un-annotated re-
gions of the image may contain valid objects that are out-of-
taxonomy, which are covered by unsupervised region pro-
posals U preventing the network from erroneously labeling
these as background. Second, although masks in U might
not correspond to complete objects, we still get useful train-
ing signal regarding detecting of out-of-taxonomy objects.
For example, reliably detecting parts of a dog like head,

body and ears in Fig. 3 will be useful in the final segmenta-
tion of the entire dog with our part-mask grouping strategy.

3.2. Grouping Module

To bridge the gap between mid-level part-mask predic-
tions from Sec. 3.1 and complete object instances, we pro-
pose an efficient and lightweight grouping strategy to merge
part predictions into whole objects. We compute pairwise
affinities between features of the expanded part-masks, and
cluster part-masks based on these affinities.
Pairwise affinity We denote the predictions made by the
network in the first phase by P = {pi}

np

i=1, where np is the
number of predictions, and pi contains mask (mi) and box
(bi) predictions made on seen as well as unseen categories.
For each bounding box bi∈pi, we first expand the width and
height of the box by a factor δ(0<δ<1) to compute a new,
larger bounding box b′i (Fig. 4a).

bi : (xi, yi, hi, wi)
expand−−−→ b′i : (xi, yi, (1+δ)∗hi, (1+δ)∗wi)

where (xi, yi) is the center and (hi, wi) are the original
height and width of box bi. This inflation allows us to
ingest useful context information around the part and the
underlying object. Next, we compute the ROIAlign fea-
tures for all the boxes {b′i} using the FPN feature map F
resulting in a d-dim feature for each part-mask denoted us-
ing {fb,i}

np

i=1∈Rd. The pairwise affinity between two part-
masks (pi, pj) ∈ P is then computed using the cosine sim-
ilarity between the corresponding feature maps (Fig. 4b).

ϕ(pi, pj) =
fb,i

T · fb,j
∥fb,i∥∥fb,j∥

; fb,i = RoIAlign(F , b′i) (1)

We visualize the parts retrieved using pairwise affinity for
few examples in Fig. 6. While [54] has shown strong gener-
alization of pixel pairwise affinities, we show that part pair-
wise affinities also generalize across object categories.
Affinity based grouping We use a clustering algorithm to
merge parts based on the soft affinity scores given in Eq. (1).



Our clustering objective can be formulated as follows:

max
G

|G|∑
k=1

∑
pi,pj∈gk

ϕ(pi, pj), s.t.
|G|∑
k=1

|gk| = np (2)

where G is a possible partition of the np predictions, |G|
denotes the total number of partitions and kth partition in
G is denoted by gk (1≤k≤|G|). In other words, given a
set of elements along with their pairwise affinity scores,
our clustering algorithm is employed to produce a par-
tition of the elements that maximizes the average affini-
ties within each resulting partition. We use an off-the-
shelf agglomerative clustering algorithm [5] provided by
scikit-learn [43]. It is parameter-free, lightweight,
and fast, incurring minimum computation overhead in terms
of time and memory even when clustering hundreds of part-
masks in each iteration. In fact, as shown in Sec. 4.4
our final framework including the grouping and refinement
modules adds negligible inference time overhead to the
MaskRCNN backbone. We merge all the part masks (and
boxes) within each partition group gk to form more com-
plete masks (and boxes), potentially corresponding to whole
objects (output Fig. 3b). Since the original predictions in
P might also correspond to whole objects on seen classes,
we combine the originally detected masks as well as the
grouped masks into our output at this stage.

3.3. Refinement Module

To handle the case where the resulting masks after
grouping may not be sharp due to noisy initial segmen-
tations, we employ a refinement module whose design
follows the RoIHeads of Mask R-CNN, with inputs as
the predictions obtained after the grouping stage (output
Fig. 3c). The refinement head is trained only using
annotated ground truth instances in S in order to induce
the notion of object boundaries into the predictions, which
is available only in the annotated masks. The backbone
and refinement heads are then trained together in a single
stage using the total losses obtained from the part-mask
prediction and the refinement modules.
Objectness ranking Following [29], we add box and mask
IoU branches to our RoIHead in part-mask predictions as
well as refinement heads to compute the localization qual-
ity. IoU metrics are shown to improve objectness predic-
tion [24] and avoid over-fitting to seen instances [29] when
trained with non-exhaustive annotations. Our box and mask
IoU heads follow the same architecture, with two fc-layers
of 256-dim each followed by a linear layer to predict the
IoU score, trained using an L1 loss for IoU regression.
Inference During inference (Fig. 2), we first predict part
masks, followed by the affinity based grouping to hierarchi-
cally merge these into whole objects. We then pass these
detections through the refinement layer to obtain the final

Cross-category setting

Train On Test On # Seen classes # Unseen classes

VOC Non-VOC 20 60
LVIS [19] COCO [35] 1123 80

Cross-Dataset setting

COCO [35]
UVO [55]

80
open

ADE20k [59] 70
OpenImagesV6 [8] 270

Table 1: Evaluation settings. Number of seen and unseen categories using
in our cross-category and cross-dataset generalization evaluation settings.

predictions. We rank the predictions using the geometric
mean of their predicted classification score c, box IoU b and
mask IoU m from the refinement head as s = 3

√
c ∗ b ∗m.

4. Experiments

Datasets and evaluations. We demonstrate the effective-
ness of UDOS for open-world instance segmentation under
cross-category generalization within the same dataset, as
well as cross-dataset generalization across datasets with
different taxonomies. A summary of evaluation setups is
presented in Tab. 1. For cross-category generalization we
use the MS-COCO [35] dataset and train the model using
categories from VOC and test on the remaining unseen
nonVOC classes following prior work [29, 48, 54]. For
cross-dataset generalization, we train on complete COCO
dataset and directly test on validation splits of UVO [55],
ADE20k [59] and OpenImagesV6 [8] datasets without
any fine-tuning. Both UVO and ADE20k datasets provide
exhaustive annotations in every frame, which is ideal to
evaluate open world models, while OpenImagesV6 with
350 categories allows to test our open world segmentation
approach on large scale datasets.

Implementation details. We use a standard Mask R-CNN
model [20] with a ResNet-50-FPN [34] as our backbone
network for top-down segmentation. We train UDOS us-
ing SGD for 10 epochs with an initial learning rate of 0.02
on 8 GPUs. To generate unsupervised masks for images
in COCO dataset, we use selective search [52] for cross-
category experiments and MCG [46] for cross-dataset ex-
periments. Note that the mask proposals are required only
during training, and not required during inference in cross-
category or cross-dataset settings (Fig. 2). We follow prior
works in open-world instance segmentation [29,48,54] and
use average recall (AR) (between IoU thresholds of 0.5 to
1.0) as the evaluation metric. Since open world models gen-
erally detect many more objects in a scene than closed world
models (see Fig. 5) and many datasets do not have exhaus-
tive annotation, we use AR100 and AR300 as the evaluation
metrics on both box (ARB) and mask (ARM ) to avoid pe-
nalizing predictions of valid, yet unannotated, objects.



VOC→NonVOC AR100
B AR300

B AR100
M AR300

M

Bottom-up(No Training)
SS [52] 14.3 24.7 6.7 12.9
MCG [46] 23.6 30.8 19.4 25.2

Top-down(Class-agnostic Training)
MaskRCNN [20] 25.1 30.8 20.5 25.1
Mask R-CNNSS 24.1 24.9 20.9 21.7
Mask R-CNNSC 25.6 33.1 24.9 28

Open-World Methods
OLN [29] 32.5 37.4 26.9 30.4
LDET [48] 30.9 38.0 26.7 32.5
GGN [54] 31.6 39.5 28.7 35.5
UDOS 33.5 41.6 31.6 35.6

Table 2: Cross-category generalization evaluation on COCO dataset.
Training on 20 VOC categories of COCO and testing on 60 NonVOC cat-
egories. UDOS outperforms many competitive baselines as well as the
current state-of-the-art GGN on the VOC→NonVOC setting.

4.1. Baselines

We use the following baselines for comparisons. (i) Im-
age-computable masks: We directly use masks generated
by MCG [46] and Selective Search [52] (SS), which are
class-agnostic, learning-free proposal generation methods
relying on low-level cues, for evaluation. (ii) Mask-R-
CNN [20] denotes standard Mask R-CNN training in
class-agnostic fashion only on the seen classes, (iii) Mask
R-CNNSS indicates standard Mask R-CNN trained using
selective search proposals as the supervision instead of the
ground truth annotations, and (iv) Mask R-CNNSC denotes
Mask R-CNN trained with BoxIoU and MaskIoU scoring to
rank the proposals instead of the classification score.

We also compare with state of the art open-world in-
stance segmentation algorithms OLN [29], LDET [48] and
GGN [54]. For fair comparison with UDOS, we use the
result from GGN [54] without the OLN backbone.

4.2. UDOS outperforms baselines on cross-category
generalization

We show in Tab. 2 that both bottom-up grouping methods
like SS or MCG that rely on low-level cues, and proposal
based architectures [20] that train only on seen-class anno-
tations are insufficient to reliably detect and segment unseen
class instances. UDOS which jointly exploits complemen-
tary cues from ground truth annotation for seen classes as
well as bottom-up unsupervised masks for unseen classes
achieves Box AR of 33.5% and Mask AR of 31.6%, thus
outperforming all the baselines by a significant margin, in-
dicating the strength of our approach. UDOS also sets
new state-of-the-art in cross-category open world instance
segmentation, outperforming the current SOTA methods
GGN [54] on both box and mask AR. Through numerous
qualitative results for this setting in Fig. 5 and in the sup-
plementary, we show how UDOS, unlike Mask R-CNNSC ,

LVIS→COCO AR100
B AR300

B AR100
M AR300

M

MaskRCNN 23.8 29.4 18.5 22.0
Mask R-CNNSC 21.3 27.9 17.9 24.2
OLN [29] 28.5 38.1 23.4 27.9
UDOS 33.2 42.2 26.3 32.2

Table 3: Cross-category generalization evaluation with large tax-
onomy. All models are trained on 1123 categories from LVIS (exclud-
ing COCO categories), and evaluated on COCO 80 categories. UDOS
outperforms OLN [29] by 4.7% and 2.9% on box and mask AR100.

is able to efficiently detect many objects even when their
annotations are not present in the training data.

While a probable strategy to handle novel categories
during test-time might be to build datasets with large tax-
onomies, we show in Tab. 3, by using LVIS [19] dataset for
training, that this still doesn’t achieve generalization to un-
seen categories. Specifically, we take masks for all the 1203
categories in LVIS, and we omit all annotations from train-
ing which have a IoU overlap of >0.5 with COCO masks
to obtain 79.5k instance masks from LVIS. We then train
on these annotations, and evaluate the transfer performance
on the validation images from COCO dataset. As shown in
Tab. 3, UDOS achieves 33.2% AR100

B and 26.3% AR100
M and

significantly outperforms the baselines indicating the effec-
tiveness of UDOS even on datasets with large vocabulary.

4.3. UDOS sets new SOTA on cross-dataset gener-
alization

While the cross-category setting is useful to study the
generalization ability from seen to unseen classes, a more
realistic setting for understanding open world models would
be to evaluate on both seen and unseen classes together,
as the model needs to efficiently handle objects from any
category during real world deployment. To reflect this, we
present evaluations on in-the-wild target datasets like UVO,
ADE20k and OpenImages which contain many objects not
present in COCO categories. We reiterate that we neither
use any fine-tuning on target dataset, nor use any target un-
labeled data during training.
COCO to UVO The performance of UDOS on UVO
dataset is presented in Tab. 4. Since UDOS is specifically
designed to handle novel classes by leveraging low-level
supervision in a top-down architecture, it achieves much
better performance than other baselines even on a chal-
lenging dataset like UVO with exhaustive annotations for
every object in the scene. Specifically, UDOS clearly
outperforms baseline approaches like Mask R-CNN that
overfits to the foreground instances (+5% AR100

B ). We also
outperform OLN and LDET, and perform competitively
with GGN, which is the current best method on the UVO
benchmark under similar experimental setting.
COCO to ADE20K ADE20k [59] is a scene parsing bench-
mark consisting of annotations for both stuff (road, sky,



COCO→UVO COCO→ADE20K COCO→OpenImages
AR100

B AR300
B AR100

M AR300
M AR100

B AR300
B AR100

M AR300
M AR100

B AR300
B AR100

M AR300
M

MaskRCNN 47.7 50.7 41.1 43.6 18.6 24.2 15.5 20.0 57.1 59.1 55.6 57.7
Mask R-CNNSS 26.8 31.5 25.1 31.1 18.2 25.0 17 21.6 34.0 42.7 33.1 38.8
Mask R-CNNSC 42.0 50.8 40.7 44.1 19.1 25.6 18.0 22.0 54.1 59.1 54.2 57.4
OLN [29] 50.3 57.1 41.4 44.7 24.7 32.1 20.4 27.2 60.1 64.1 60.0 63.5
LDET [48] 52.8 58.7 43.1 47.2 22.9 29.8 19.0 24.1 59.6 63.0 58.4 61.4
GGN [54] 52.8 58.7 43.4 47.5 25.3 32.7 21.0 26.8 64.5 67.9 61.4 64.3
UDOS 52.7 60.1 43.1 48.5 27.2 36.0 23.0 30.2 71.6 74.6 66.2 68.7

Table 4: Cross-dataset generalization evaluation for open world instance segmentation. All models are trained on 80 COCO categories and evaluated
on UVO (left), ADE20K (middle), OpenImages (right) as is without any fine-tuning.
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Figure 5: Visualization of segmentations for model trained only on VOC classes from COCO dataset. The top row shows result using using Mask-
RCNNSC , second row shows output using UDOS and the third row shows some predictions made only by UDOS and missed by Mask-RCNNSC . We also
show the number of detections made by the network below each image. Starting from left most image, many classes like {jug, tissue papers, tie, eyeglasses},
{knife, cutting board, vegetables, glass}, {shoes, helmet, gloves}, {ostrich} and {dishwasher, faucet} among others which are not part of VOC-classes are
missed by standard Mask-RCNN training, but detected using UDOS. More visualizations are provided in the supplementary.

floor etc.) and discrete thing classes. We regard each an-
notation mask as a separate semantic entity and compute
the average recall (AR) on both in-taxonomy and out-of-
taxonomy objects to evaluate the ability of trained models
to detect thing classes and group stuff classes in images.
From Tab. 4, we observe that UDOS achieves box AR100
of 27.2% and mask AR100 of 23.0%, which is higher than
all baselines. We reiterate that this is truly in the wild eval-
uation with no fine-tuning on target ADE20k data.
COCO to OpenImagesV6 We consistently outperform
all baselines as well as open-world methods like OLN
and GGN by significant margins on the OpenImagesV6
dataset [8], as shown in Tab. 4. We achieve AR100

B of 71.6%,
which is better than the strongest baseline Mask R-CNN by

14.5% and current state-of-the-art GGN by 7.1%. Likewise,
AR100

M of 66.2% obtained by UDOS is 4.8% higher than
GGN, setting new state of the art. Several visualizations
of UDOS predictions on UVO, ADE20k and OpenImages
datasets have been provided in the supplementary material.

4.4. Ablations

We use the VOC to NonVOC cross-category generaliza-
tion on COCO dataset in the following ablations.
Refinement and grouping modules We show in Tab. 5a
that without the proposed grouping and refinement mod-
ules, maskAR drops to 11.8% from 31.6%, as the masks
are noisy and only correspond to parts of instances. Using
a refinement module after grouping leads to more refined



Group Refine AR100
B AR100

M

✗ ✗ 25.4 11.8
✓ ✗ 32.6 30.7
✓ ✓ 33.5 31.6

(a)

BoxIoU MaskIoU AR100
B AR100

M

✗ ✗ 29.0 24.3
✓ ✗ 32.7 28.9
✗ ✓ 32.9 29.2
✓ ✓ 33.5 31.6

(b)

Segmentation AR100
B AR100

M

Uniform Grid 9.9 9.2
SSN [27] 19.4 18.7
Sel. Search [52] 33.5 31.6
MCG [46] 32.4 29.4

(c)

0.0 0.1 0.2 0.3 0.4
Context Parameter

28

30

32

34

Box AR100 Mask AR100

(d)

Table 5: Ablation results. Effect of (a) grouping and refinement modules, (b), boxIoU and maskIou losses during training, (c) segmentation algorithm and
(d) context dilation parameter δ on the VOC→NonVOC performance.

(a) part prediction (b) query mask (c) retrieved part masks with highest affinity (d) grouped output

Figure 6: Visualization of pairwise affinity maps and grouped predictions. Given a part mask as a query, we show the 3 nearest part masks of the query
using our pairwise affinity. The images are taken from UVO dataset, and the affinity is computed using UDOS model trained on COCO. Our affinity-based
grouping module correctly groups parts into whole instances even with unseen objects. The last row visualizes a failure case where the model retrieves a
part mask from a neighboring instance.

masks further improving the performance.
Choice of proposal ranking We show the importance of
using BoxIoU and MaskIoU scoring functions in Tab. 5b,
where significant drops in AR100 are observed without the
use of both the scoring functions, validating the observa-
tions in prior works [29] that scoring module prevents over-
fitting and improves open world learning.
Influence of δ Intuitively, a small value of delta would not
capture sufficient context around the region for extracting
similarity while a very high value of δ would induce noisy
features from different neighboring objects. In Tab. 5d, we
show that a value of 0.1 achieves an optimum trade-off, so
we use the same value of δ = 0.1 in all our experiments.
Choice of proposal generation methods From Tab. 5c,
we show that a naive segmentation of image using uniform
grids by extracting 64×64 patches from the image expect-
edly performs worse, as the part masks generated using uni-
form grids do not semantically correspond to object parts.
We also use super-pixels generated from SSN [27], but
found that bottom-up supervision generated from image-
based segmentation algorithms like SS or MCG lead to
much better accuracies.
Visualizations of affinity maps In Fig. 6, we present 3-
nearest part masks retrieved for a given query mask using
their affinity (Eq. (1)) and the grouped outputs. We observe
that different part masks of the same entity are often re-

trieved with high affinity, using our grouping module.
Inference time comparison Our grouping module is
lightweight and adds negligible run-time overhead. Specif-
ically, at 100 output proposals, MaskRCNN [20] and
GGN [54] take 0.09s/im, MaskRCNNSC and OLN [29]
take 0.12s/im while UDOS takes 0.13s/im (+0.01s/im) with
stronger performance. Generating part-masks using se-
lective search for the complete COCO [35] dataset takes
around 1.5 days on a 16-core CPU, but we reiterate that the
part-masks only need to be generated once before training
and are not needed during testing/deployment (Fig. 2).

5. Discussion

While several prior works independently explored ad-
vances in top-down architectures and bottom-up proposal
generation towards closed-world instance segmentation, to
our best knowledge, the proposed UDOS is the first to inte-
grate these ideas into a unified framework for open-world
instance segmentation with SOTA results. Our grouping
and refinement modules efficiently convert part mask pre-
dictions into complete instance masks for both seen and
unseen objects, making UDOS distinct from prior closed-
world as well as open-world segmentation methods. Fur-
thermore, extensive experiments demonstrate the signifi-
cant improvements achieved by UDOS over these prior
works, setting new state-of-the-arts across 5 different chal-



lenging datasets including COCO, LVIS, ADE20k, UVO,
and OpenImages. In terms of limitations, although UDOS
showcases excellent generalization capability in handling
open world categories, it is difficult to aggregate masks ef-
fectively for complex scenarios such as different objects
with similar appearance, which we plan to address in a fu-
ture work by incorporating learnable grouping module into
our framework.
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A. Weight sharing on refinement module
In UDOS, our design of the refinement module follows

the RoI-heads of Mask R-CNN architecture. Specifically,
our box and mask prediction heads in the refinement head
have the same architecture as the box and mask prediction
heads of the Mask R-CNN. Therefore, one option is to share
the weights between the RoIHeads in the first stage Mask
R-CNN and the refinement heads during training. How-
ever, we note from Tab. 6 that such an approach of weight-
sharing between the two stages of UDOS hurts the mask



Table 6: Effect of weight sharing between RoI head and refinement head. Comparison of results with and without sharing parameter weights between
RoI module of part mask prediction head and the refinement head. Using separate heads for the RoI head of part-mask prediction module and refinement
module improves AR100

M by 3.3%.

AR100
B AR300

B ARs
B ARm

B ARl
B AR100

M AR300
M ARs

M ARm
M ARl

M

Shared weights 33.5 41.3 13.2 43.6 60.6 28.3 33.6 11.4 37.7 48.4
Non shared weights 33.5 41.6 16.2 43.9 53.5 31.6 35.6 15.2 42.7 48.3

accuracy on the cross-category detection on COCO. This is
because the goals of prediction in the two stages are dif-
ferent. While the RoIHeads in the first stage are trained to
predict part-masks and trained on weak supervision from
bottom-up segmentation algorithms, the refinement head is
trained only using ground truth annotations and is used to
predict the final object boxes and masks. However, this im-
provement also comes with additional increase in model pa-
rameters from 57.4M to 86.5M. Also, we observed that us-
ing individual weights only benefits cross-category setting,
while cross-dataset benefits from shared weights between
the part-mask MaskRCNN and refinement head.

B. Visualizing outputs at each stage of UDOS
We visualize the outputs after each stage of UDOS for

cross-category VOC to NonVOC setting in Fig. 7 and for
cross-dataset setting in Fig. 8. We illustrate the effect of
our part-mask prediction module in in generating the seg-
mentation masks for parts of objects, rather than the whole
objects. This enables us to detect a much larger taxonomy
of objects than what are present in the annotated concepts.
For example, in Fig. 7 for the case of cross-category trans-
fer setting from VOC → Non-VOC, tie and shoe are not one
of the annotated classes. Yet, our model effectively retrieves
these from the image, instead of considering it a background
or combining it with the boy. Our grouping module, pow-
ered by the context aggregation, then effectively groups the
various part masks predicted on the pot, boy and tie. Note
that the accuracy of predictions obtained by directly merg-
ing the part masks might be limited due to noisy part mask
supervision, which are further corrected by our refinement
layer. Similar observations for the cross-dataset setting are
presented in Fig. 8.

C. Qualitative comparisons
In addition to the comparisons provided in the main pa-

per, we provide more comparisons of predictions made by
UDOS and Mask R-CNNSC in Fig. 9 for the setting where
we train only using VOC categories from COCO. We also
show the predictions made on the cross-dataset setting, by
using a model trained on all COCO categories and testing
on images from UVO [55] in Fig. 10. In each case, we
also show the predictions made only by UDOS and missed
by Mask R-CNNSC (highlighted in yellow), indicating the

utility of our approach on open world instance segmenta-
tion.

For instance, in the second column in Fig. 9, the pre-
dictions made by Mask R-CNNSC do not include objects
like keyboard, joystick, glass and speaker which are effi-
ciently retrieved by UDOS. Also note that the number of
predictions made by UDOS is always higher than Mask R-
CNNSC for both cases of cross-category transfer in Fig. 9
as well as cross-dataset transfer in Fig. 10.



(a) Input Image (b) part-mask output (c) Grouped prediction (d) Refined prediction

Figure 7: Visualizing outputs after each stage of UDOS for cross-category training. All images belong to the COCO dataset, and outputs are generated
using a model trained only on VOC categories. (a) shows the input image, followed by (b) Part-mask prediction, (c) grouped outputs using our affinity based
grouping and (d) refined prediction. The masks in last two columns correspond to true-positives with respect to the ground truth. Note that classes such as
pot, van, elephant, and auto-rickshaw do not belong to any of the training VOC categories. Also note that the merged outputs might be noisy due to the
imperfection in the initial part-mask supervision used, which are corrected by our refinement layer.



(a) Input Image (b) part-mask output (c) Grouped prediction (d) Refined prediction

Figure 8: Visualizing outputs after each stage of UDOS for cross-dataset training. The images in the three rows belong to OpenImages [8], UVO [55]
and ADE20K [59] datasets respectively. All outputs are generated by model trained on complete COCO dataset. (a) shows the input image, followed by
(b) Part-mask prediction, (c) grouped outputs using our affinity based grouping and (d) refined prediction. The masks in last two columns correspond to
true-positives with respect to the ground truth.
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Figure 9: Visualization of segmentations for model trained only on VOC classes from COCO dataset. For various input images given in the first row, the
second row shows result using Mask-RCNNSC , third row shows output using UDOS and the fourth row shows some predictions made only by UDOS and
missed by Mask-RCNNSC on these images. We also show the number of detections made by the network below each image. All images belong to COCO
dataset.
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Figure 10: Visualization of segmentations for model trained on all COCO classes. For various input images given in the first row, the second row
shows result using Mask-RCNNSC , third row shows output using UDOS and the fourth row shows some predictions made only by UDOS and missed by
Mask-RCNNSC on these images. We also show the number of detections made by the network below each image. All images belong to UVO dataset.


