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Abstract—Open World Object Detection (OWOD) aims to
detect objects of known and unknown categories in the real open
scenarios, and can incrementally learn novel category knowledge
under the guidance of humans simultaneously. However, due to
the lack of unknown class labels, existing OWOD methods suffer
from two main issues: semantic bias towards known objects and
low recall of unknown objects. To address these issues, we propose
a new and effective detection framework called ‘“Unknown Object
Detection with Large Vision Models (UDLVM)”’, which leverages
two prevalent large vision models for the OWOD task, namely
Visual State Space Model (VMamba) and Segment Anything
Model (SAM). For one thing, a new VSSFPN module is designed,
which incorporates the core of VMamba in the Feature Pyramid
Network (FPN) for the better feature extraction to alleviate the
semantic bias towards known objects. For another thing, a new
DUSC method is developed, which utilizes the masks generated
by SAM to assist in producing high-quality pseudo labels to
improve the recall of unknown objects. Extensive experiments on
public benchmark datasets show that our UDLVM framework
can effectively alleviate the semantic bias issue and improve the
unknown recall compared with existing methods.

Index Terms—Open World Object Detection, Large Vision
Model, Feature Extraction, Pseudo Label

I. INTRODUCTION

Object detection is a classical task in the field of computer
vision, which has been widely used in various domains, such
as autonomous driving and remote sensing images. However,
conventional object detection is restricted to a closed-set space,
which can only detect categories learned in the training set
and cannot identify novel categories appearing in the real open
scenarios. Fortunately, Open World Object Detection (OWOD)
[1] introduced by Joseph et al. extends this detection frame-
work, which aims to not only detect both known and unknown
objects in the real open scenarios, but also incrementally learn
novel category knowledge under the guidance of humans.
Recent years, OWOD has attracted extensive attention from
researchers all over the world, and has made breakthrough
progress in various aspects. Nevertheless, due to the lack of
unknown class labels, existing OWOD methods suffer from
two main issues: semantic bias towards known objects and low
recall of unknown objects. For one thing, current methods tend
to use a pseudo-label strategy to generate the supervision of
unknown objects, but these pseudo labels are generated from
the model that is trained only on known objects, thereby the
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model is inevitably biased towards known objects. For another
thing, the recall of unknown objects is low because there are
no ground-truth labels for unknown objects actually.

To address these issues, we propose a new and effective
detection framework called “Unknown Object Detection with
Large Vision Models (UDLVM)”, which leverages two preva-
lent large vision models for the OWOD task, namely Visual
State Space Model (VMamba) [2] and Segment Anything
Model (SAM) [3]. Specifically, based on the core component
“Visual State Space Block (VSSBlock)” in VMamba, which
is particularly adept at capturing long-range dependencies in
vision tasks, a “Visual State Space Feature Pyramid Network
(VSSFPN)” module that incorporates VSSBlock in the Feature
Pyramid Network (FPN) [4] is designed to alleviate the se-
mantic bias issue. Then, leveraging SAM’s ability to generate
category-agnostic masks for all instances in an image, a
new method named “Detecting Unknowns with SAM-assisted
CROWD-D (DUSC)” is developed to assist CROWD-D (one
module of our baseline) in producing high-quality pseudo-
labels and improve the recall of unknown objects.

Fig. 1 illustrates the comparison between previous methods
and our proposed method. Previous methods tend to use a
common FPN for feature extraction and a simple strategy
for pseudo-label generation, which selects top-k high-score
prediction boxes according to “objectness” as pseudo labels
where “objectness” indicates the confidence that a prediction
box contains an unknown object. By contrast, our UDLVM
framework incorporates VSSBlock in FPN for the better
feature extraction and utilizes masks generated by SAM to
assist CROWD-D in producing high-quality pseudo labels for
unknown objects. The main contributions of this paper are
summarized as follows:

o UDLVM incorporates VSSBlock in FPN for the better
feature extraction (VSSFPN) so that it can learn more
discriminative representations and alleviate the semantic
bias issue. To the best of our knowledge, it is the first
attempt to introduce visual SSM [5] into the OWOD task.

o« UDLVM utilizes masks generated by SAM to assist
CROWD-D in producing high-quality pseudo labels for
unknown objects (DUSC), which effectively improves the
recall of unknown objects.

« Extensive experiments on two public benchmark datasets,
namely M-OWODB [1] and S-OWODB [6], show the
effectiveness of our UDLVM framework.



II. RELATED WORK
A. Open World Object Detection

Open World Object Detection [1] extends the conventional
closed-set object detection task where it not only detects both
known and unknown objects in the real open scenarios, but
also incrementally learns novel category knowledge under the
guidance of humans. Based on Faster R-CNN [7] framework,
ORE [1] proposes an energy-based classifier and a contrastive
clustering approach to identify unknown objects. Then OW-
DETR [6] introduces Deformable DETR [8] framework into
the OWOD task and designs an attention-based pseudo label
scheme to distinguish unknown objects. Subsequently, CAT
[9] decouples the localization and identification process via
the cascade decoding manner and proposes a new self-adaptive
pseudo-labelling mechanism to mine unknown objects. PROB
[10] proposes a new probabilistic objectness-based approach
via a Gaussian likelihood, which can better separate unknown
objects from the background. ALLOW [11] designs a label-
transfer learning strategy to accomplish the collaborative learn-
ing of known and unknown categories. Further, Hyp-OW [12]
argues that there must exist a hierarchical structure between
known and unknown objects, while MEPU [13] advocates that
the foreground and background regions form two different
distributions. Several notable works leveraging the large model
for external supervision also have excellent performance. For
example, SGROD [14] and KTCN [15] utilize SAM [3]
to generate high-quality pseudo labels. Along with them,
SKDF [16] distills and acquires knowledge from GLIP [17]
to enhance the detection of unknown objects. Complementary
to these, CROWD [18] designs a CROWD-D module to mine
unknown objects and a CROWD-L module for representation
learning with the help of submodular functions [19]. Based
on CROWD, this paper leverages two large vision models,
namely VMamba [2] and SAM for the further improvement.

B. Large Vision Model

Large vision models with numerous parameters and pre-
trained on huge amounts of data have attracted significant
attention in the field of computer vision. CLIP [20] introduced
by OpenAl is a vision-language model trained on large-scale
image-text pairs via contrastive learning. GLIP [17] introduced
by Microsoft unifies the phrase grounding and object detection
tasks and SKDF [16] distills and acquires knowledge from
it to enhance the detection of unknown objects. Moreover,
SAM [3] can produce high-quality object masks from input
prompts or generate masks for all instances in an image.
Inspired by SGROD [14] and KTCN [15], this paper explores
the application of SAM in the OWOD task.

Recent years, State Space Model (SSM) [S5] has shown
great potential in modeling long-range dependencies in the
field of natural language processing. Vim [21] and VMamba
[2] introduce SSM into the computer vision field to extract
features for the first time. Mamba YOLO [22] designs a new
backbone based on VMamba and YOLO [23], which achieves
excellent performance in the conventional object detection
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Fig. 1: Comparison between previous methods and our pro-
posed method. (a) Previous methods use a common FPN for
feature extraction and a top-k selection strategy for pseudo
label generation. (b) Our method incorporates VSSBlock in
FPN for the better feature extraction and utilizes masks
generated by SAM to assist CROWD-D in producing high-
quality pseudo labels.

task. Inspired by Mamba YOLO, we incorporate the core
module of VMamba in FPN for the better feature extraction.
And to the best of our knowledge, this is the first attempt to
introduce SSM into the OWQOD task.

ITIT. METHOD
A. Problem Definition

Given the task id ¢ of the incremental learning, the set of
known categories is defined as ' = {1,2,...,C} and the set
of unknown categories is defined as U = {C' +1,C +2,...}
where C' denotes the number of known categories that have
been learned before. The known objects are labeled in the
training set D! = {X* Y'} where X' = {I1, I5,...,I5s} and

= {L1, Lo, ...,Ly} represent the images and labels of
M training samples respectively. If an image I; contains N
instances, then L; = {l1, l2, ..., [ 5 } includes the corresponding
labels where I; = [c;,2;,Y;,w;,h;] denotes the known
category id and the bounding box. It should be noted that
there are no labels for unknown objects in D! actually.

Our goal is to train a model M that can detect both known
and unknown objects, alongside classify unknown objects as a
novel category named “unknown”. In the task ¢, humans will
first annotate n novel categories from U* for M! to learn. In
case of catastrophic forgetting [24], M must be fine-tuned on
Kt and this newly annotated n categories subsequently. When
the task ¢ is finished and the task ¢ + 1 begins, Kt will be
updated to KTt = Kt U{C +1,C+2,...,C +n} and U*
will be updated to U™ = {C+n+1,C+n+2,..}. At
this point, our goal is to train a new model M!*! through
pretraining and fine-tuning without retraining from scratch on
the whole dataset.
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Fig. 2: Overall architecture of our proposed UDLVM. Firstly in (a), VSSFPN receives multi-scale feature maps from the
backbone network and applies VSSBlock to the feature map of the lowest resolution for feature extraction. Then these feature
maps are fused and fed into a detector to perform inference. Subsequently in (b), DUSC utilizes SAM to assist CROWD-D

in generating high-quality pseudo labels for unknown objects.

Finally, a dynamic-k matching algorithm is performed on all

available labels with the initial predictions for sample selection and label assignment to calculate the total training loss.

B. Overall Architecture of UDLVM

Fig. 2 illustrates the overall architecture of our UDLVM,
which provides a new solution to address semantic bias and
low unknown recall issues in the OWOD task. Firstly, the
backbone network extracts multi-scale feature maps from the
input image. Assuming the input image I € RT*Wx3 these
feature maps have resolutions of % X %, % x W H W
and 3% X 3—”; respectively, along with channels of four different
quantities:

[resq, ress,resq, ress] = Backbone (I)

6]

where res; € R2 %3 *Ci denotes hierarchical representa-
tions from different backbone network stages. Subsequently in
Fig. 2 (a), VSSFPN receives them and applies VSSBlock to
the feature map of the lowest resolution for feature extraction
(IITI-C). Then these feature maps are forwarded and fused to
generate multi-scale outputs [Pa, Ps, Py, P5]. Next, a detector
uses Rol Pooler [7] to process these multi-scale outputs:

f = Rol Pooler ([Ps, Ps, Py, Ps] , randbox) )

where f denotes the intermediate feature map and randbox
denotes random boxes generated by RandBox [25] replacing
the conventional proposal boxes generated by RPN [7]. Then
the detector exploits the detection head to perform inference,
whose results includes three aspects, namely category logits,

bounding boxe coordinates and objectness scores:
[cls_logit, bbox, objectness] = head (f) 3)

where the objectness is defined as the sigmoid value of the
cls_logit followed by an extra network branch. Afterwards in

Fig. 2 (b), DUSC utilizes SAM to assist CROWD-D in gener-
ating high-quality pseudo labels for unknown objects, which
need to be further refined through a post processing operation
(III-D). And then, a dynamic-k matching algorithm [25] is
performed on all available labels (pesudo labels and ground-
truth labels) with the initial predictions to select samples and
assign labels for the final loss calculation. Finally, the category
loss L., and bounding box loss £,., for known and unknown
objects are calculated so that the total training loss function
can be defined as:

total __ pknown
L - [’cls

+ Eunknown

reg

+ [’ﬁggown + Eunknown

cls

4)

When in the inference phase, we calculate the confidence score
of each prediction box by:

score = softmax (cls_logit) - objectness,

&)

and the prediction box whose score is lower than a certain
threshold will be filtered out.

C. Visual State Space Feature Pyramid Network

The design of our VSSFPN module is disscussed in
this section. Firstly, we unify the quantity of channels of
[resa, ress,resq,ress] to K through four different lateral
convolutional layers:

C; = lateral_conv; (res;) ,i € {2,3,4,5} (6)

where C; € Rz ¥ 27 *X denotes the feature map after the
channel unification. Subsequently, considering the computa-
tional cost, we only apply VSSBlock to C5 that possesses
the lowest resolution for further feature extraction. VSSBlock



mainly consists of three parts: cross-scan, SSM and cross-
merge. The cross-scan unfolds the 2D feature map into a 1D
sequence through four different traversal paths. Then the SSM
utilizes its strong long sequence modeling ability to process
these 1D sequences, and the resultant sequences are converted
back to 2D feature maps by the cross-merge. This process can
be formulated as:

f5 = cross_merge(SSM (cross_scan(Cs))) (7

where f5 € R32 %32 %K denotes the intermediate feature map
after VSSBlock. Finally, we use FPN to fuse these feature
maps and generate multi-scale outputs:

P; = output_conv; (f;),i € {2,3,4,5}, (8)
fi = CZ S3) Upsample (fi+1) AS {27 3a4} 9

where output_conv; denotes an output convolutional layer, the
operator ¢ denotes the addition operation of feature maps and
Upsample denotes a nearest neighbor upsampling operation
with a scale factor of 2.

D. Detecting Unknowns with SAM-assisted CROWD-D

The details of our DUSC method is disscussed in this
section. As shown in Algorithm 1, there are three phases
in the process of our model training: pretraining, mining
and fine-tuning. In the pretraining phase, only the ground-
truth labels of known objects are used to train the model.
Then following CROWD-D, the model parameters are freezed
and unknown objects bbox.rowqq are mined by maximizing
Submodular Conditional Gain (SCG) functions [18] in the
mining phase. Finally in the fine-tuning phase, the masks gen-

Algorithm 1: DUSC Algorithm.

Input: input image I, model M?, pretrained SAM
model Mgam.
Output: high-quality pseudo labels L.
1 Step (1) in the pretraining phase:
2 train M? with ground-truth labels of knowns;
3 obtain model M? after pretraining.
4 Step (2) in the mining phase:
5 freeze the parameters of Mt
6 use M? to mine unknown objects bbox crowdd;
7
8
9

obtain pseudo labels bbox crowdd-
Step (3) in the fine-tuning phase:
generate masks via SAM: masks = Mgan (I);
10 obtain initial pseudo labels bbox; via masks;
11 obtain refined pseudo labels bboxy using (10);
12 obtain final bboxs by filtering and sampling;
13 reduce duplicate boxes in bboZ crowdd;

14 refine bbox.,owaq bY repeating line 11 to 12;
15 merge the refined results with bboxs to obtain L',
16 return L .

erated by SAM are utilized to assist CROWD-D in producing
high-quality pseudo labels for unknown objects. SAM can

generate category-agnostic masks for all instances in an image,
then by using the masks of each instance to calculate the
maximum bounding rectangle, the initial pseudo labels bbox;
are obtained. Subsequently, bbox; are refined via Intersection
over Union (IoU) to obtain bboxs:

bboxs = {b € bbox, | max ]{IOU (b,gti)} < )\} (10)

i€ll,]gt]

where gt denotes the ground-truth boxes of known objects
in the image. Next the boxes in bboxo that have an aspect
ratio outside the range of [a, b] are filtered out and random k
boxes are sampled as the pseudo labels bboxs. For bbox crowdd
generated in the mining phase, the boxes that overlap too much
amomg them are reduced via Non-Maximum Suppression
(NMS). Afterwards, bboz ., owqq is further refined following
the operations that are used in processing bbox;. Then the
refined results are merged with bbox3 to obtain the final high-
quality pseudo labels L.

IV. EXPERIMENT
A. Dataset

Our method is evaluated on two public OWOD benchmark
datasets, namely M-OWODB [1] and S-OWODB [6]. M-
OWODB divides images from MS-COCO and PASCAL-VOC
datasets into four tasks, each of which contains 20 different
categories. When the task ¢ where ¢ € [1,4] arrives, the first
20 - t categories are treated as known objects and the rest
are treated as unknown objects. The model is only trained
with labels of known objects whose category ids belong to
[20-(t —1),20-¢ — 1], but identifies known objects whose
ids belong to [0,20 - ¢t — 1] and classifies unknown objects as
“unknown” denoted by id 80 during inference. S-OWODB is
similar to this, but it only uses images from MS-COCO dataset
and groups categories with the same semantic meaning into
one task, which is more challenging than M-OWODB.

B. Metric

The mean Average Precision (mAP) is used to evaluate
the detection performance of known objects. For unknown
objects, the Unknown Recall (U-Recall) is used to measure
the model’s ability to discover unknowns. Besides, Wildness
Impact (WI) and Absolute Open-Set Error (A-OSE) are em-
ployed to evaluate the open-world detection performance. WI
measures the relative error in classifying unknown objects
as known categories, while A-OSE measures the absolute
error that the model misclassifies unknown objects as known
categories.

C. Implementation Details

Following CROWD [18], our proposed framework is based
on Faster R-CNN [7] with a pretrained ResNet-50 backbone.
Our model is trained with batch size 12, optimizer AdamW,
learning rate 2.5 x 107° and weight decay 1 x 10~*. Besides,
we set the channel quantity K of C; to 256 in (6) and A to 0.5
in (10). In III-D, the aspect ratio range [a, ] is set to [0.3,4.0]
and the sample quantity k& is set to 10. All our experiments
are conducted on single TeslaV100-SXM2-32GB GPU.



TABLE I: Experimental results on M-OWODB and S-OWODB benchmarks. (1) denotes that the higher the better, while (/)
denotes that the lower the better. And * indicates that the results are reproduced by us. It is noted that U-Recall, WI and
A-OSE are not computed in Task 4 because all categories are known in this task. The best results are highlighted in bold.

Task IDs(—) | Task 1 | Task 2 | Task 3 | Task 4
Method U-Recall WI A-OSE  mAP | U-Recall WI A-OSE  mAP | U-Recall WI A-OSE  mAP mAP
Q) ) 1) Q) @) ) ) Q) ) @) () @) @)
M-OWODB Benchmark Results
ORE [1] 49 0.0621 10459 56.0 2.9 0.0282 10448 394 39 0.0211 7990 29.7 25.3
OW-DETR [6] 7.5 0.0571 10240 59.2 6.2 0.0278 8441 429 5.7 0.0156 6803 30.8 27.8
ALLOW [11] 13.6 0.0564 46589 59.3 10.0 0.0274 24709 45.6 14.3 0.0194 14952 38.0 30.6
PROB [10] 19.4 0.0569 5195 59.5 17.4 0.0344 6452 44.0 19.6 0.0151 2641 36.0 31.5
CAT [9] 23.7 - - 60.0 19.1 - - 44.1 24.4 - - 34.8 29.9
Hyp-OW [12] 23.5 - 11275 59.4 20.6 - 4805 44.4 26.3 - 3548 36.8 33.6
KTCN [15] 41.5 0.0809 13368 60.2 38.6 0.0439 11861 46.0 39.7 0.0250 6382 36.4 304
MEPU-FS [13] 31.6 0.0560 6050 60.2 30.9 0.0230 5925 44.8 30.1 0.0160 5159 354 30.9
SGROD [14] 34.3 0.0588 4177 59.8 32.6 0.0287 2415 44.9 32.7 0.0164 1526 36.0 31.2
SKDF [16] 39.0 - - 56.8 36.7 - - 40.3 36.1 - - 30.1 26.9
CROWD* [18] 49.9 0.0347 4523 59.6 54.5 0.0133 2262 45.8 69.2 0.0099 1742 39.9 38.1
UDLVM (Ours) 76.3 0.0323 44438 60.2 72.9 0.0115 2035 449 74.5 0.0092 1478 39.0 37.8
S-OWODB Benchmark Results
ORE [1] 1.5 61.4 39 40.6 3.6 33.7 31.8
OW-DETR [6] 5.7 - - 71.5 6.2 - - 43.8 6.9 - - 38.5 33.1
CROWD* [18] 55.4 0.0219 9560 71.7 49.3 0.0118 2170 50.6 65.0 0.0087 2000 48.2 474
UDLVM (Ours) 76.2 0.0210 8254 70.6 73.1 0.0130 2477 50.9 73.3 0.0095 2283 48.4 47.6

D. Results on OWOD Benchmarks

The performance of our method is compared with several
existing methods on M-OWODB and S-OWODB as shown in
Table I. On the M-OWODB benchmark, except for the A-OSE
metric of SGROD in Task 1, UDLVM surpasses all existing
methods in terms of the U-Recall, WI and A-OSE metrics
across all tasks. This can be attributed to contributions of
VSSFPN that incorporates VSSBlock for the better feature
extraction to alleviate semantic bias and DUSC that utilizes
masks generated by SAM to assist in producing high-quality
pseudo labels to improve unknown recall. But for the mAP
metric, UDLVM overall has a slight drop compared with
CROWD because DUSC introduces massive pseudo labels for
unknown objects, which may interfere with the learning of
known categories to some extent. On the S-OWODB bench-
mark, since most existing methods have not reported their
results on the WI and A-OSE metrics, we mainly compare
our method with CROWD. Benefiting from DUSC, UDLVM
outperforms CROWD significantly in terms of the U-Recall
metric across all tasks. Moreover, UDLVM achieves better
performance on the WI and A-OSE metrics in Task 1, and
improve the mAP metric from Task 2 to Task 4 slightly.

E. Ablation

Ablation experiments are conducted on the M-OWODB
benchmark to analyze the contributions of VSSFPN and
DUSC in our method as shown in Table II. When removing
VSSFPN from UDLVM, the values of WI and A-OSE rise
obviously across all tasks, which demonstrates that UDLVM
suffers more from the semantic bias issue without VSSFPN.
Similarly, when DUSC is removed from UDLVM, the value

of U-Recall drops significantly across all tasks, which indi-
cates that DUSC effectively improves the model’s ability to
discover unknown objects. Overall, both VSSFPN and DUSC
contribute significantly to the performance of our method.

Moreover, further ablation experiments on the hyperparam-
eters in DUSC are conducted as shown in Table III. When
changing the sample quantity k¥ in DUSC among {5, 10, 15},
U-Recall achieves the best performance when k is set to 15,
while WI, A-OSE and mAP achieve the best performance
when k is set to 5. Considering the overall performance, we
select to set k£ = 10 as a tradeoff. When setting k¥ = 10 and
varying the IoU threshold A in (10) among {0.5,0.7}, the
metrics except for A-OSE achieve the best performance when
A is set to 0.5. Overall, we choose to set A = 0.5 and k& = 10
in our final implementation.

V. CONCLUSION

In this paper, a new framework named UDLVM that consists
of VSSFPN and DUSC is proposed for the OWOD task.
VSSFPN incorporates VSSBlock, the core of VMamba into
FPN for the better feature extraction to alleviate the semantic
bias towards known objects. DUSC utilizes masks generated
by SAM to assist in generating high-quality pseudo labels
for unknown objects, which effectively improves the model’s
ability to discover unknown objects. Extensive experiments on
two public OWOD benchmark datasets show the effectiveness
of our proposed method. Despite the promising results of U-
Recall, WI and A-OSE achieved by UDLVM, the mAP metric
on known objects still has a slight drop compared with our
baseline, indicating that the discovering of unknown objects
may interfere with the learning of known categories to some
extent, which needs to be further explored in the future work.



TABLE II: Ablation experiments on M-OWODB benchmark. We analyze the contributions of VSSFPN and DUSC in our
method. UDLVM-VSSFPN and UDLVM-DUSC denote the variants without VSSFPN and DUSC respectively.

Task IDs(—) | Task 1 | Task 2 | Task 3 | Task 4
Method ‘ U-Recall WI A-OSE  mAP ‘ U-Recall WI A-OSE  mAP ‘ U-Recall WI A-OSE  mAP ‘ mAP
) @) ) ) Q) ©) ©) ) ) ) ) Q) )
UDLVM-VSSFPN 76.3 0.0331 4667 59.8 74.2 0.0136 2317 447 73.9 0.0097 1788 39.2 38.4
UDLVM-DUSC 51.3 0.0321 4108 60.0 52.2 0.0127 2042 453 68.6 0.0090 1466 40.2 37.9
UDLVM 76.3 0.0323 4448 60.2 72.9 0.0115 2035 44.9 74.5 0.0092 1478 39.0 37.8
TABLE III: Ablation experiments of hyperp arameter in DUSC [10] O. Zohar, K.-C. Wang, and S. Yeung, “Prob: Probabilistic objectness

on

the M-OWODB benchmark in Task 1.
Settings U-Recall WI A-OSE mAP
) @) () (1)
k=5 73.0 0.0310 4132 60.9
A=05 k=10 76.3 0.0323 4448 60.2
k=15 76.5 0.0330 4367 58.7
k=5 72.3 0.0322 4265 60.9
A=07 k=10 75.9 0.0326 4319 59.6
k=15 76.8 0.0353 4354 58.8
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