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Abstract

In this paper, we address the challenging problem of open-
world instance segmentation. Existing works have shown
that vanilla visual networks are biased toward learning ap-
pearance information, e.g., texture, to recognize objects.
This implicit bias causes the model to fail in detecting
novel objects with unseen textures in the open-world set-
ting. To address this challenge, we propose a learning
framework, called view-Consistent LeaRning (v-CLR), which
aims to enforce the model to learn appearance-invariant rep-
resentations for robust instance segmentation. In v-CLR,
we first introduce additional views for each image, where
the texture undergoes significant alterations while preserv-
ing the image’s underlying structure. We then encourage
the model to learn the appearance-invariant representa-
tion by enforcing the consistency between object features
across different views, for which we obtain class-agnostic
object proposals using off-the-shelf unsupervised models
that possess strong object-awareness. These proposals en-
able cross-view object feature matching, greatly reducing
the appearance dependency while enhancing the object-
awareness. We thoroughly evaluate our method on public
benchmarks under both cross-class and cross-dataset set-
tings, achieving state-of-the-art performance. Project page:
https://visual—-ai.github.io/vclr

1. Introduction

Modern object detectors [0, 19, 65, 69] and instance segmen-
tors [12, 23, 40] have achieved many milestones. However,
these detectors are based on the assumption of pre-defined
taxonomy classes. Despite recent open-vocabulary detec-
tors [20, 33] can be extended to larger taxonomy classes
benefiting from the foundation model pre-trained on large-
scale text-image pairs, these models are still limited by the
finite taxonomy classes in the pre-trained data. In some
realistic applications, models are required to identify out-
of-taxonomy classes. Thus, recognizing objects in the open
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Figure 1. Toy example on the CLEVR [30] dataset. The model
regards red-metal objects as the known class and is evaluated on
different subsets in terms of AR@10. We train the model with
and without incorporating depth image data, respectively. The
prediction results are displayed in the middle row.

world has been increasingly interesting and challenging.

In open-world instance segmentation, models are trained
on a set of predefined known classes and are evaluated
to localize unknown objects during inference. Follow-
ing [31, 32, 49, 61], we regard the open-world instance
segmentor as a class-agnostic object discovery model. One
straightforward solution is to train a class-agnostic detec-
tor on labeled instances of known classes, i.e., performing
binary object detection given ground truth labels from the
known classes, and hope the models capture transferable
features that generalize to unknown objects. However, var-
ious studies [1, 3, 16, 17] have demonstrated that neural
networks exhibit a preference to capture texture information
when recognizing objects. This hinders the model’s ability to
generalize in the open-world setting, especially to unknown
objects with unseen textures.

To motivate the necessity of capitalizing appearance-
invariant information, we showcase a toy open-world ex-
ample run on the CLEVR [30] dataset in Fig. 1. In this
example, we treat the red metal objects as the known class,
and evaluate the model on detecting various other types of
objects (with other colors or materials). We show an ex-
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ample of training samples in Fig. | (a), where each sample
consists of a natural image and a colorized depth map. We
label the known class, i.e., the red metal objects, with red
bounding boxes. We then train a vanilla detector as the base-
line model using only natural images as input, and a model
incorporating colorized depth images. The evaluation results
on various object subsets involving different colors and mate-
rials in Fig. | demonstrate that the model trained with depth
images exhibits a much better generalization to novel ob-
jects. This toy example verifies the problem that the vanilla
baseline models suffer from poor generalization due to the
appearance bias, and emphasizes the importance of includ-
ing appearance-invariant information to guide representation
learning.

To overcome this challenge, we propose a view-
Consistent LeaRning framework, dubbed v-CLR, to encour-
age the model to learn appearance-invariant representation
for novel object discovery. To achieve this, we first trans-
form images into multiple appearance-invariant views, from
which we propose a feature-matching objective to enforce
cross-view feature consistency. This objective alone would
be insufficient as there is no guarantee that similar features
correspond to objects, we thus adopt off-the-shelf general
object proposals to ensure optimized representations are
object-oriented. Specifically, we first exploit the appearance-
invariant information by transforming the natural images into
various other domains, e.g., colorized depth images. Intu-
itively speaking, these transformations destroy or overwrite
the appearance information from the natural image domain
while preserving the original structures, thus encouraging
the model to capitalize information other than appearance.

To facilitate appearance-invariant representation learn-
ing and effectively utilize training data containing multiple
views, we build on top of DETR-like architectures [6, 66, 69],
in which we enforce representation consistency across dif-
ferent views of the same image by matching similar queries.
By doing this, we naturally circumvent the problem of im-
plicit appearance bias by empowering the model to capture
consistent cross-view information. However, naively enforc-
ing such consistency may still fail in reality. The reason is
that even if the model extracts similar representations across
different views, it does not necessarily imply these repre-
sentations are object-related. To sidestep this problem, we
adopt pre-trained unsupervised instance detectors, e.g., Cut-
LER [57], to generate object proposals. These oft-the-shelf
instance detectors exhibit high instance awareness, for which
we explicitly match the queries from different views with the
object proposals to ensure these paired queries are object-
oriented. To this end, we have devised a learning frame-
work to allow models to capture object-related consistent
appearance-invariant representations, enabling transferabil-
ity to novel objects in open-world scenarios.

We conduct extensive experiments on various bench-

marks, including COCO 2017 [41], LVIS [21], UVO [53],
and Objects365 [50], under cross-categories and cross-
datasets settings. Our proposed learning framework con-
sistently achieves state-of-the-art performance on several
benchmarks in the open-world setting.

2. Related Work

Object Detection and Instance Segmentation. DETR [6]
and its follow-up works [15, 39, 42, 45, 66, 67, 69] achieve
an end-to-end detector with remarkable performance, im-
proving transformer architecture [15, 42, 45, 69], train-
ing efficiency [8, 26, 29, 39, 65, 66] and label assign-
ment [5, 43, 51]. MaskDINO [40] develop a unified model
for object detection and instance segmentation. Benefiting
from the powerful self-supervised learning [7, 25, 47, 55],
unsupervised instance segmentation [56, 58] has received
increasing interest by discovering pixel-level pseudo annota-
tions automatically. Thanks to strong object-awareness from
self-supervised pretrained models [47], CutLER [57] con-
structs a large-scale training set with pseudo masks, e.g., Im-
ageNet dataset, and train an instance segmentation model
without any human annotation. In our work, we utilize the
CutLER pre-trained on the ImageNet as a general objects
proposal network.

Open-world Instance Segmentation. To promote the ap-
plications of modern object detectors in realistic scenarios,
recent arts [32, 54] propose open-world instance segmen-
tation. To avoid suppressing potential unknown objects
in background regions, OLN [32] replaced the classifica-
tion branch in Mask-RCNN [23] with a localization-aware
score. LDET [49] proposed to synthesize training images by
combining labeled objects and predefined background tex-
ture by copy-paste [18]. Segprompt [68] utilizes prompting
designation to segment novel objects. Some other meth-
ods [27, 31, 54] design variant mechanisms to discover po-
tential unknown objects in training images, including group-
ing pixels [54], leveraging prior mask [31] by MCG [48]
and imposing geometry information [27]. SWORD [61] ex-
plores applying DETR-based model [69] on the open-world
instance segmentation. SOS [59] propose to discover poten-
tial unlabeled objects by SAM [36] with DINOv2 [47] acti-
vation point as prompt. In our work, we conduct experiments
based on the Deformable-DETR [69] and DINO-DETR [66],
respectively.

Texture-Invariant Representations. Within the domain
of generalization and adaptation, models are designed
to utilize source domain training data to achieve effec-
tive performance on a different target domain, assuming
that both domains share the same set of semantic cate-
gories. To successfully adapt to the target domain, which
may exhibit different styles from the source, current ap-
proaches [13, 28, 34, 35, 38, 60, 64] incorporate style trans-
fer techniques to modify training images to either the target
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or an arbitrary style. Our approach emphasizes the transfer
of knowledge across different semantic classes instead of
across different domains. The challenges between domain
shifts and semantic shifts are orthogonal [52] and the tech-
niques for domain shifts are not suitable for semantic shifts.
To this end, our method can leverage any transformation
views with unified features among objects, extending be-
yond mere style transfer. For instance, depth images and
edge maps can also be utilized to develop unified object
representations, which are typically unsuitable for domain
generalization due to their lack of class discriminability. In
our approach, depth images serve as the primary transfor-
mation view, while stylized images and edge maps can be
optionally used as auxiliary views.

3. Method

Problem Statement. Open-world instance segmentation
aims to localize as many novel objects as possible during test
time. Formally, the training labels are first divided into two
sets of known classes (Cpqese) and unknown classes (Cpovel),
with no overlap between them (i.e., Cpase N Crover = D).
For each training sample image I and its associated set of
annotations C, we train the models only on the annotations
of known classes, in a class-agnostic manner . During test
time, we evaluate the model’s capability of generalizing on
the set of unknown classes (Cpovel)-

3.1. Method Overview

Architecture. Inspired by instance segmentation models
with transformer [12, 40], we decorate the Deformable-
DETR [69] and DINO-DETR [66] into the instance segmen-
tation model. Specifically, following [12, 40], each query
predicts a prototype for a corresponding instance, and then
the model will predict the instance segmentation map by
computing the similarity between the output prototype and
the pyramid features of the transformer encoder.

Appearance-Invariant Transformation. To enable such an
appearance-invariant representation learning, we first lever-
age off-the-shelf image transformation to overwrite the ap-
pearance from the natural images while leaving the overall
structural contents intact. The intuition is that we circum-
vent the texture bias [1, 3, 16, 17] by allowing the model to
learn consistent and transferable representations from dif-
ferent image transformations. We adopt colorized depth
maps [2] as the major transformation in this work, and with
an additional auxiliary transformation e.g., art-stylizing [62]
and edge map [63], while we highlight that our method is
not strictly bound by any transformation method so long as
they suffice the aforementioned criteria. Complementing the
two transformations with the natural images gives us three
views, i.e., natural images, colorized depth maps, and one
additional auxiliary view, for each training sample, from
which we randomly select one view per sample with equal

probability during training. To further destroy the appear-
ance of objects, we apply random cropping and resizing to
an image patch, subsequently integrating it with the original
image. These various views play a crucial role in our method
as described in the following section.

3.2. Appearance-Invariant Representation

Existing works have shown evidence that neural networks
are biased toward learning appearance information, e.g., tex-
ture, to differentiate different objects [1, 3, 16, 17]. This
tendency of relying on appearance information inhibits the
generalization ability to novel classes especially when un-
seen textures are presented during inference. To overcome
this challenge, we devise a learning framework so that the
model learns appearance-invariant representations comple-
menting the appearance information and, thus are generaliz-
able and unbiased during inference. Our proposed method is
detailed below. Roughly speaking, the key to this learning
framework is to enforce representation consistency by maxi-
mizing the query feature similarity between the transformed
views and the natural image.

Our learning framework comprises two branches: the nat-
ural image branch, which always receives natural images as
inputs; and the transformed image branch, which randomly
processes any of the transformed images or the original natu-
ral image with equal probability. Both branches then utilize
the adapted DETR transformer architectures [6, 66, 69] to
make sets of predictions, where each prediction consists of
a classification score, a predicted bounding box, and a pre-
dicted segmentation mask. We refer the readers to the Model
Architecture paragraph in Sec. 3.1 for details regarding how
we adopt detection transformers for instance segmentation.
Following existing self-supervised learning frameworks [9—
11, 24], to prevent feature collapsing, we update the trans-
former in the natural image branch as an exponential moving
average (EMA) model of the transformed image branch.
Object-centric Learning by Object Proposals. At first
glance, it seems to be feasible at this stage to ensure repre-
sentation consistency on the query features outputted from
the two branches. However, a high similarity between
the matched queries does not necessarily imply the model
learning informative representation. An example is when
models capture shortcut solutions where the extracted rep-
resentations are irrelevant to the objects. In the context
of open-world learning, a lack of correlation with the ob-
jects can cause failure in generalization. Thanks to the
high instance awareness of the large-scale pre-trained in-
stance detectors [57], we sidestep the problem of the model
falling into object-irrelevant solutions by leveraging these
pre-trained detectors to provide object proposals. These
object proposals serve as a medium to match object-related
queries from both branches, thus ensuring our learning frame-
work can learn meaningful object-oriented representation to
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Figure 2. Illustration of v-CLR. Our learning framework consists of two branches, the natural image branch (top) and the transformed
image branch (bottom). Both branches adopt transformers to make predictions, which are then matched with the object proposals to obtain
optimized object queries. We compute a matching 1oss L,,qtcn Which enforces the matched object-oriented query pairs from the two
branches to be similar. We finally compute the ordinary segmentation loss L4; using the ground truth labels. The transformer in the natural
image branch is updated as an EMA model of the transformed image branch.
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Figure 3. Illustration of object feature matching in v-CLR. Let
Q1 and Q» represent the query outputs from the EMA teacher
model and the student model, respectively. Predictions associated
with object proposals demonstrating poor localization quality are
removed, resulting in paired Ql and QQ, and the objective Lg;yy, is
utilized to maximize feature similarity between each pair. Concur-
rently, the student model is trained using these object proposals.

be successfully transferred to open-world settings.

View-Consistent Learning. Given the multiple transformed
views of an image, we hope a model can learn to extract
consistent characteristics shared across different views of
the same image. To facilitate such training, we propose
view-Consistent LeaRning. An overview of our method is
illustrated in Fig. 2.

Object Feature Matching. We introduce the object fea-
ture matching in our view-consistent learning pipeline in
detail. The overall illustration of the matching objective is
shown in Fig. 3. Formally, denote the sets of predictions

from two branches as P; and P,, and the set of extracted
object proposals as P,, where each set P = {(p;, gi, m;)}
consists of tuples of class score p;, bounding box 5i, and
segmentation mask m;, for i = 1,...,|P|. We also have
the sets of queries Q; and Qs associated with the prediction
sets, where we have |Q;| = |P;| for ¢ = 1,2. Following
the previous works [6, 37] for each proposal in P, we find
the optimal sets P, and P, for the two sets of predictions
by minimizing the matching cost. The sets P, Py, and Py
forms N one-to-one triplets.

Training Objectives. We denote the optimal sets of queries
as O, and O, corresponding to the sets of predictions Py and
P,, for which we compute the cosine similarity matching

loss:
1
Lgim = I > (1 —cos(q1,92))

Q'iEQi

where cos(q1, g2) denotes the cosine similarity between ¢;
and go. Since we assume the object proposals to be reliably
object-related, this may give us additional information for
supervising the predicted boxes and segmentation maps. We
thus compute the standard segmentation loss using the object
proposals L

Lobj = MLgice + A2 Limask+

(1)
/\3Lscore + )‘4Lboac + >\5ng’ou7

where \; from now on denotes the loss weight factor. The
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total matching objective is computed as:
Loaten = AobjLobj + Asim Lgim.-

The matching objective ensures the queries capture object-
oriented appearance-invariant representations. We proceed
to the regular segmentation loss using the ground truth la-
bels. Formally, given the set of optimized transformed image
queries 0, and the set of ground truth G, we compute simi-
lar segmentation objective Ly, as Eqn. (1) by replacing the
object proposals P, with G. The total training objective is
then:
L = Anatch Lmaten + AgtLgt'

4. Experiments
4.1. Setup

Datasets and Evaluations. We conduct experiments in
two popular open-world settings, cross-categories and cross-
datasets, on the CLEVR [30], COCO 2017 [41], LVIS [21],
UVO [53] and Objects365 [50] datasets. The prior set-
ting divides the object classes into known and unknown
classes, whereas the latter setting tests the generalization
ability of the model on another dataset containing unseen
object classes. Since the labels in validation images can
not cover all objects, we apply the average recall (AR) over
multiple ToU thresholds [0.5, 0.95] to measure the model’s
performance, while ignoring the average precision (AP) as
previous arts [32, 54, 61]. Following [31, 32, 61], the most
widely concerned metric in this task is AR@ 100, which is
denoted by AR;(g in our paper. As standard evaluation met-
rics on COCO, we use AR? and AR™ to denote the results
for predicted boxes and instance masks, respectively. We
additionally report the performance for small, medium, and
large objects, denoted by AR, /,,/; respectively.
Implementation Details. We regard the model as a class-
agnostic object detector in all experiments. We apply the
DINO-DETR [66] with ResNet-50 [22] as the backbone to
perform instance segmentation. We adopt the common set-
tings in DETR-like models [6, 65, 66], e.g., there are six
layers in the transformer encoder and decoder, respectively.
We set the number of denoising queries [39] as 300. In-
spired by [12, 40, 61], we decorate the DINO-DETR with
dynamic convolution for instance segmentation prediction.
Following [61], we use 1500 and 1000 queries in the trans-
former decoder when training on VOC and COCO classes,
respectively. We train the model for 8 epochs and the learn-
ing rate is decayed at the 7th epoch, while keeping other
settings in the training schedule as fully-supervised object
detectors. In our experiments, i, Aobj and Mg is setto 1,
and coefficients in Eqn. (1) are the same as DINO [66]. We
use the pre-trained Cascade-Mask-RCNN [4] as the object
proposal network without any fine-tuning, which is trained
by CutLER [57] with ResNet-50 as the backbone.

Method | AR}, AR%, ARYy AR,
Mask-RCNN [23] 102 235 7.9 17.7
CutLER [57] 199 345 - -
OLN [32] 180 335 169 -
LDET [49] 182 308 163 274
GGN [54] 173 316 161 287
GGN + OLN [32] 171 372 164 337
UDOS [31] - 33.5 - 31.6
GOOD' [27] - 39.3 - -
Def-DETR [69] 122 274 102 227
SWORD [61] 178 353 157 302
v-CLR (Def-DETR) | 22.2 403  19.6  33.7
DINO-DETR [66] 132 31.1 9.7 22.0
v-CLR (DINO) 225 409 199 341

Table 1. Evaluation results for novel classes in the VOC — Non-
VOC setting. The { denotes the model is trained with bounding
boxes only.

Method | ARy ARD;, ARy ARTY,
Mask-RCNN [23] 114 162 76 114
LDET [49] 160 319 123 252
Def-DETR [69] 135 335 95 253
SWORD [61] 168 431 133 349

v-CLR (Def-DETR) | 20.3 45.8 16.1 34.6

DINO-DETR [66] 14.7 36.5 10.7 27.7
v-CLR (DINO) 21.0 47.2 16.8 35.9

Table 2. Evaluation results for novel classes in the VOC—UVO
setting.

4.2. Main Results

To validate the effectiveness of our method, we conduct ex-
periments in popular settings, including VOC — Non-VOC,
COCO — LVIS, VOC — UVO, and COCO — Objects365,
where D4 — Dp denotes training the model on dataset D 4
and evaluating the transferability on the dataset Dp.

YOC — Non-VOC. The VOC [14] dataset includes 20 com-
mon classes in natural images, for which we train the model
on VOC classes to verify the generalization capability of
our method. Specifically, the model is trained on the COCO
2017 training set with 20 VOC class labels, and tested on
the other 60 Non-VOC classes on the COCO validation set.
Following recent arts [32, 61], we also regard the prediction
as a class-agnostic scheme, thus the most concerned evalua-
tion metric is average recall (AR), especially AR@100. As
shown in Tab. 1, we report the AR@10 and AR@100 on the
Non-VOC classes, respectively. SOWRD [61] firstly explore
adapting DETR-based detector to discover novel objects,
and propose some techniques based on popular Deformable-
DETR [69], including stop-gradient, loU-based branch, and
one-to-many assignment. However, we empirically find
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Method | AR}, AR%, ARJy AR, Method | AR}, AR%, AR’ AR}, AR!
Mask-RCNN [23] 6.1 194 56 172 Mask-RCNN [23] | 193 328 182 364 435
GGN [54] 76 224 72 204 LDET [49] 200 368 20.7 405 489
Def-DETR [69] 63 194 55 164 Def-DETR [69] 19.0 40.1 228 434 54.1
SWORD [61] 88 235 80 204 SWORD [61] 228 439 250 486 57.6

v-CLR (Def-DETR) | 9.4 27.2 8.0 22.3

v-CLR (Def-DETR) | 19.4 459 23.8 493 62.8

DINO-DETR [66] 85 252 74 210
v-CLR (DINO) 93 284 79 236

DINO-DETR [66] 19.0 464 288 50.0 58.6
v-CLR (DINO) 19.7 479 262 51.6 64.0

Table 3. Evaluation results for novel classes in the COCO —
LVIS setting.

that vanilla DINO-DETR can achieve surprisingly strong
performance with the help of denoising queries to acceler-
ate training. Therefore, we conduct experiments based on
Deformable-DETR [69] and DINO-DETR [66] for a fair
comparison, respectively. Experimental results demonstrate
that our method achieves state-of-the-art performance on all
evaluation metrics in this setting.

VOC — UVO. The UVO dataset [53] is a large-scale dataset
designed for open-world segmentation, covering many kinds
of objects in the wild. To validate the cross-dataset general-
ization, we follow previous work to conduct experiments on
the UVO dataset [49, 61]. Specifically, the model is trained
on the 20 VOC classes of COCO 2017 training set, and is
evaluated on the UVO dense v1.0 validation set. This split
provides the category names of each instance, which allows
us to split the novel classes and evaluate our model. We
report the experimental results in Tab. 2. Compared with the
previous state-of-the-art method, our method achieve a re-
markable improvement of 2.7% in terms of AR}, based
on Deformable-DETR [69]. We argue that the baseline
model tends to suffer from the bias on the limited appear-
ance of known classes. Benefiting from learning appearance-
invariant information, our method improves more than 10%
both on ARY,, and ART,.

COCO — LVIS. The LVIS dataset [21] enlarges the taxon-
omy of COCO, containing more than 1200 classes where a
large number of classes are disjoint with COCO classes. In
this setting, to verify the generalization ability on larger
known taxonomy, the model is trained on 80 classes of
COCO 2017 training set, and evaluated on other disjoint
classes in LVIS validation set. As shown in Tab. 3, al-
though vanilla DINO-DETR reaches a better performance
than SWORD [61], our method can additionally improve the
baseline by 3.2% in terms of AR%,,. Our proposed method
outperforms SWORD by about 3.7% and 1.9% in terms
of AR%,, and ARYY,. We argue this improvement arises
from our proposed training framework, which encourages
the model to learn appearance-invariant cues to discover
potential objects.

COCO — Objects365. The Objects365 dataset [50] in-
cludes 365 common classes which is much larger than

Table 4. Evaluation results for novel classes in the COCO —
Objects365 setting.

COCO taxonomy. As shown in Tab. 4, the model is trained
on COCO 80 classes and evaluated on the novel classes of
Objects365. Since this dataset does not provide the instance
mask annotation, we only evaluate the performance of bound-
ing box prediction. The experimental results demonstrate
that our method can outperform SWORD [61] by 2% in
terms of ARY,. We also report the performance of different
methods on the small, medium, and large objects, respec-
tively. We observe that our method performs slightly worse
on small objects than vanilla DINO-DETR and explore the
potential reasons in Sec. 4.4.

4.3. Qualitative Results

We visualize prediction results of our method on the COCO
2017 validation set in Fig. 4. The model is trained on 20
VOC classes of the COCO 2017 training set. For each image,
we show the fop-10 predicted instances according to the
prediction confidence.

4.4. Ablation Study

Ablation study of components. To validate the effective-
ness of each component in our method, we conduct ablation
studies in the VOC—Non-VOC setting, as shown in Tab. 5.
Initially, incorporating general object proposals results in a
6% improvement over the vanilla DINO-DETR. Leverag-
ing the colorized depth and auxiliary views introduced in
our method, the detector achieves 40.0% in terms of AR,
marking a 2.3% improvement over the strong baseline with
Ly; only. Based on this, our consistent constraint training
objective yields an additional 0.2% improvement, raising
ARY, to 40.2%. To further enforce instance consistency, we
filter paired object queries from the two branches before com-
puting Lg;,,. This filtering results in a 0.7% improvement
in AR, culminating in our final model with an AR%, of
40.9%. Without CutLER [57] proposals, our method reaches
30.7% ARTY,. achieving 8.6% improvement over the base-
line model. Notably, general object proposals may be less
effective when few or no unknown objects appear in the train-
ing images. In Tab. 5, following [27, 31], all experiments,
except for the baseline model (first row), also utilize the
unlabeled images in the training set in the VOC—Non-VOC
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Figure 4. Qualitative results of our method on COCO 2017 validation set. The model is trained on 20 VOC classes. We show the top-10

predicted instances according to the prediction confidence.

during inference, but it is also capable of processing multiple views.

Lyt Loy; Transform. Lgim ﬁltering‘ AR% o ARTho AR%, / ARY, ‘ Natural Depth Stylized

v 31.1 22.0 CutLER [57] 199/345 103/17.5 11.6/224
v v 37.7 (+6.6) 31.2(+9.2) v-CLR (ours) | 22.5/40.9 18.8/357 21.0/35.2
vV Vv (%4 40.0 (+8.9) 33.2 (+11.2) - - - -

vV Vv v v 40.2 (+9.1) 33.9 (+11.9) Table 7. Evaluation f‘esults on three different views .m the
v v v v 1359 (+4.8) 30.7 (+8.6) VOC—Non-VOC setting. Our method only uses natural images
v

4 v 4 v 409 (49.8) 34.1 (+12.1)

Table 5. Ablation study of each component in our method.

Natural Depth Stylized Edge ‘ AR}y,  ARZ,
v 38.5 32.0
v v 40.5 333
v v 40.2 335
v 4 4 40.5 337
v 4 v 40.9 34.1

Table 6. Ablation study of different views used in our method.

setting. When CutLER object proposals are not applied, we
use the trained baseline model to provide annotations for
these unlabeled images to ensure a fair comparison.

Image transformation. We leverage colorized depth views
with the help of additional auxiliary views to enforce the
model to learn appearance-invariant representation. To study
the impact of the transformed views, we apply the off-the-
shelf model to generate different transformed views on the
COCO 2017 validation set. We then study the impact of
different views used and report the results in Tab. 6. The
model is trained on VOC classes and evaluated on Non-VOC
classes. When only one view is considered, we find that

both depth maps and stylized images perform similarly. By
including an additional auxiliary view on top of the depth
view, we observe a consistent improvement while adding
stylized images perform slightly better than the edge map.

Comparison with CutLER. We leverage CutLER [57],
which possesses a satisfactory object-identifying ability, in
our work to generate object proposals. We compare the
performance of CutLER as a detector versus our method
on the novel Non-VOC classes in Tab. 7. While the perfor-
mance margin is already 6.4% in ARY, between CutLER
and our method on natural images, it is noticeable that the
performance of CutLER degrades rapidly on these trans-
formed images, evidenced by around 15% performance gap
on the two transformed views. These results demonstrate
that CutLER may suffer from potential textual bias, thus
emphasizing the strength of learning appearance-invariant
representation.

Application to vision transformers. According to [46],
vision transformers exhibit less texture bias compared to
CNNs. We thus additionally investigate the applicability
of our method to vision transformers. We present experi-
mental results utilizing the Swin-Tiny backbone in Tab. 8.
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‘ DINO-DETR [66] Ours w/o Transform.

ARY, 32.6 407  39.5(-1.2)
ARTY 26.9 338 324(-14)

Table 8. Experiments in the VOC—Non-VOC setting based on
the Swin-Tiny [44] backbone.

Count | 1~3 4~6 7~9 >10
N 58.8/48.7 42.4/358 33.5/28.1 21.6/17.5
N+D  |60.9/503 44.4/37.1 354/29.5 233/18.7

N+S 60.4/503 44.3/37.4 34.7/29.8 23.3/19.1
N+D+S|60.6/50.5 44.7/37.6 35.9/30.3 24.0/19.9

(a) Performance on scenarios with different number of instances

Size ‘ Small Medium Large All
N 16.6/12.3 453/38.1 73.9/63.5 38.5/32.0
N+D 17.4/12.5 49.1/41.1 75.3/64.8 40.5/33.3

N+S 17.1/12.7 48.8/41.1 75.2/65.0 40.2/33.5
N+D+S|17.6/13.1 49.6/42.2 75.5/65.5 40.9/34.1

(b) Performance on scenarios with different object sizes
Table 9. Ablation study of view choices on different segmenta-
tion scenarios in the VOC—Non-VOC setting. ‘N’, ‘S’, and ‘D’
denote natural images, stylized images, and depth maps, respec-
tively. We report AR%o / ARTY, in the table.

Our approach significantly surpasses DINO-DETR [66], em-
phasizing the necessity of transformed views for enhanced
performance with transformer-based architectures. These
experimental results indicate that our method is applicable
and can enhance the performance of vision transformer back-
bones.

View choices and segmentation scenarios. We investigate
the impact of incorporating various views on segmentation
performance across different scenarios, including variations
in object sizes and the number of instances. Specifically, as
shown in Tab. 9a, we analyze the effect of different combina-
tions of views and evaluate the model under scenarios with
varying instance counts. The experimental results indicate
that both depth maps and stylized images consistently im-
prove performance across scenarios with diverse numbers of
instances. Additionally, we assess the model’s performance
across different object sizes, as outlined in Tab. 9b, where
objects are categorized into small, medium, and large based
on the standard COCO dataset [41]. Our findings reveal that
incorporating additional views significantly enhances perfor-
mance on medium and large objects, while the improvements
on small objects are relatively modest.

Detailed performance on unknown and known classes.
To study the effect of our method on known and unknown
classes, we train the model on a cross-dataset setting,
VOC—UVO, and evaluate the model on known and un-
known classes, respectively. As shown in Tab. 10, our
method achieves performance comparable to the baseline
model on known classes, while significantly improving recall

Method Known Unknown All
AR%y, ARl | ARYoy ARTho | ARTpe ARThg
DINO-DETR

v-CLR (ours) | 60.9 470 | 47.2 359 | 503 384

593 483 ‘ 365 277 ‘ 423 332

Table 10. Evaluation results on known and unknown classes in
the VOC—UVO setting.

Ratio ‘ Small Medium Large

Ground-truth of Known Classes | 31.1% 34.9%  34.0%

+ Proposals 199% 285% 51.6%
Table 11. Ratio of small, medium and large objects in the

supervision. The ratio is measured under COCO—Objects365.

on unknown objects by 10.7% and across all classes by 8%
in terms of ARY,. These results highlight the effectiveness
of our method in discovering novel objects.

Performance on small objects. As shown in Tab. 4, our
method exhibits unstable performance on small objects.
Specifically, our method achieves an approximate 1% im-
provement on small objects when applied to Deformable-
DETR [69], but leads to performance degradation when
applied to DINO-DETR [66]. We attribute this instability
to an imbalance in the ratio of objects with different sizes.
In Tab. 11, we measure the size distribution of objects and
observe that the ratio of small objects decreases significantly
when incorporating proposals. This imbalance arises due
to the CutLER [57] network’s inherent preference for large
objects, stemming from its pretraining process.

5. Conclusion

To encourage the model to utilize appearance-invariant
cues to discover objects, we propose a learning framework,
named view-Consistent LeaRning (v-CLR), for segmenting
instances in an open world. Specifically, our method ran-
domly picks one from natural images, depth images, and
an auxiliary view as input during training. In this way, the
model will tend to learn common features between the three
views, which is beneficial for novel object discovery. Be-
sides, to help the model learn appearance-invariant features,
we design a consistent objective based on the general object
proposals. The superiority of our approach is thoroughly
validated with extensive experiments on cross-category and
cross-dataset settings and consistently achieving state-of-the-
art performance.
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