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Abstract

Traditional object detection methods operate under the closed-set assumption, where
models can only detect a fixed number of objects predefined in the training set. Recent
works on open vocabulary object detection (OVD) enable the detection of objects defined
by an in-principle unbounded vocabulary, which reduces the cost of training models for
specific tasks. However, OVD heavily relies on accurate prompts provided by an “or-
acle”, which limits their use in critical applications such as driving scene perception.
OVD models tend to misclassify near-out-of-distribution (NOOD) objects that have sim-
ilar features to known classes, and ignore far-out-of-distribution (FOOD) objects. To
address these limitations, we propose a framework that enables OVD models to operate
in open world settings, by identifying and incrementally learning previously unseen ob-
jects. To detect FOOD objects, we propose Open World Embedding Learning (OWEL)
and introduce the concept of Pseudo Unknown Embedding which infers the location of
unknown classes in a continuous semantic space based on the information of known
classes. We also propose Multi-Scale Contrastive Anchor Learning (MSCAL), which
enables the identification of misclassified unknown objects by promoting the intra-class
consistency of object embeddings at different scales. The proposed method achieves
state-of-the-art performance on standard open world object detection and autonomous
driving benchmarks while maintaining its open vocabulary object detection capability.
The code is available at https://github.com/343gltysprk/ovow.

1 Introduction

Object detection is a fundamental computer vision task, which involves localization and
classification of foreground objects. Although there has been significant progress in this
area, many methods rely on the closed-set assumption [3, 11, 12, 25, 27, 45, 46, 53], where
all object categories to be predicted are available in the training set.
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In many real world applications, such as autonomous driving, the closed-set assumption
is unrealistic and even dangerous, because it forces the model to misclassify or ignore un-
known objects [6]. Scheirer er al. [48] defines the problem of rejecting unknown classes
(U) and simultaneously classifying known classes (K) as open set recognition (OSR). Sub-
sequent works [6, 37] extend this problem to open set object detection (OSOD). Joseph et
al. [18] further proposes Open World Object Detection (OWQOD), which involves detecting
both known and unknown objects and incrementally learning new classes.

Open world object detection is a challenging task due to the complexity of both open-
set recognition [6, 37] and incremental learning [49]. The model must generalize beyond
predefined classes to capture the objectness of diverse unknown objects, and avoid confusing
them with known classes. Additionally, it needs to incrementally learn new classes without
forgetting previously acquired knowledge. Despite some progress [14, 18, 30, 32, 51, 57,
60, 61, 67] in this area, several key issues still remain unresolved. Many existing methods
perform poorly at discovering unknown objects, leading to low recall for unknown classes.
Additionally, existing OWOD methods [14, 18, 30, 32, 51, 57, 60, 61, 67] employ a replay
strategy during incremental learning, where data from previous tasks are reintroduced during
the training of new classes. This strategy is suboptimal, leading to unnecessary consumption
of computing resources and storage.

Recently, the rise of visual-language pre-training has spawned a new area: open vo-
cabulary object detection (OVD). In principle, OVD can detect novel classes defined by an
unbounded (open) vocabulary at inference. Naturally, it is able to incrementally learn new
classes by adding new prompts. With a limited vocabulary the model tends to misclas-
sify near-out-of-distribution (NOOD) objects that have similar semantics to known classes,
and ignore far-out-of-distribution (FOOD) objects. In real-world applications such as au-
tonomous driving, where countless object-types cannot be initially included in the text prompt,
OVD will inevitably fail when presented with OOD objects.

To tackle this challenge, we propose a framework that enables OVD models to operate
in open-world settings. To detect FOOD objects and incrementally learn the new classes,
we propose Open World Embedding Learning (OWEL). OWEL optimizes parameterized
class embeddings rather than fine-tuning the whole model to learn new classes, inherently
avoiding catastrophic forgetting. We further introduce the novel concept of Pseudo Unknown
Embedding, which constructs a text embedding to detect FOOD objects based on current
known classes and generic objectness.

To detect NOOD objects, we propose Multi-Scale Contrastive Anchor Learning (MSCAL).
Contrastive learning has been used in OOD detection [29, 39, 52] to pull similar samples to-
gether and push dissimilar samples apart in the representation space. The key insight of
MSCAL is that in an open world setting, object classes are introduced gradually. As new
classes are introduced, the decision boundaries for known classes shift within the shared fea-
ture space. We formulate the task of unknown object identification in the open-set setting as
a series of deep one-class classification [47] problems. For each class i, we use an individual
non-linear projector to map the feature pyramid into a class-specific representation space,
contrasting embeddings with class anchors. Positive samples from class i, at different scales,
maximize their similarity to the class anchor, while embeddings from other classes and the
background act as negative samples. MSCAL ensures that embeddings of known classes
at different scales are tightly clustered around their corresponding anchors, while unknown
object embeddings are left out of the clusters and can be rejected based on distance.

Our method significantly surpasses state-of-the-art (SOTA) performance in U-Recall on
the M-OWODB [18] and S-OWODB [14] benchmarks, while maintaining leading perfor-
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mance in other metrics. We further evaluate our method on a novel benchmark based on
nuScenes [2], where it also achieves the best results. More importantly, our method pre-
serves the zero-shot capability of the OVD model, as our implementation only optimizes
text embeddings and additional MSCAL modules, while keeping the OVD model’s weights
frozen. Therefore, our method provides a unified framework for both open vocabulary learn-
ing and open world learning. The contributions of this work are as follows:

* We propose a framework that enables OVD models to operate in open world settings
by identifying unknown objects and incrementally learning new classes, thereby uni-
fying open vocabulary learning and open world learning within the same framework.

* We propose a novel method, Open World Embedding Learning (OWEL), to enable
the discovery and incremental learning of new classes without fine-tuning the whole
model or requiring exemplars of previous tasks.

* We propose Multi-Scale Contrastive Anchor Learning (MSCAL), which reduces the
known-unknown confusion in OWOD by clustering known class embeddings at dif-
ferent scales around class-specific anchors.

* We propose a new benchmark for OWOD application in autonomous driving based on
the commonly used nuScenes dataset.

2 Related Works

Closed set object detection has been extensively studied over the past decade [3, 11, 12, 25,
27, 45, 46, 53]. To handle unknown objects and incrementally learn new classes, Joseph et
al. [18] first proposed an open world object detector, which extends the Faster R-CNN [46]
with contrastive clustering and energy-based unknown-object identification. Subsequent
works [14, 32] used contextual information to improve unknown identification and knowl-
edge transfer between known and unknown classes. To effectively detect unknown objects,
Zohar et al. [67] proposed Probabilistic Objectness (PROB) to estimate the objectness of
different proposals. Wang et al. [57] introduced random proposals in detector training to en-
courage the unknown discovery and reduce confusion between known and unknown classes.
Ma et al. [30] proposed decoupling object localization and classification via cascade decod-
ing. Hyp-OW [7] uses hyperbolic distance to enhance open world learning. Sun et al. [51]
further de-correlates objectness and class information by enforcing orthogonality. In some
recent works [31, 33, 66], foundation models are employed in open-world learning.

While open vocabulary object detection (OVD) aims to detect novel classes with the help
of vocabulary knowledge [58]. OVD models [4, 8, 13, 21, 34, 43, 59, 63] typically match
the image embeddings with the text embeddings. When presented with an object that is not
in the prompt, the model will either assign an incorrect label of the nearest match (NOOD
case) or no detection at all (FOOD case).

Out-of-distribution (OOD) detection [15, 16, 20, 22, 23, 28, 38, 38, 39, 40, 41, 50, 52,
54, 55, 68] has received significant attention in recent years. Despite the relevance of OOD
detection in this context, there has been limited exploration of integrating OOD detection
methods into OVD frameworks.
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3 Method
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Figure 1: Overview of the proposed method. During model training, we first initialize
known class embeddings with a pretrained CLIP text encoder [42]. The image encoder
extracts a multi-scale feature map from the input. Then the RepVL-PAN [4] uses multi-
level cross-modal fusion to combine image and text features, forming the feature pyramids.
The detection head predicts the class label based on image-text similarity and regresses the
bounding box. The detection loss is used to update the known class embeddings. Concur-
rently, MSCAL modules are trained to maximize the similarity between class anchor and
spatial locations at different scales, and output a multi-scale score map to indicate whether
an embedding is out-of-distribution (OOD) relative to a specified class. During the infer-
ence, the OOD map extracted by MSCAL is used to reduce known-unknown confusion. In
addition, the pseudo unknown embedding used to discover unknown classes is constructed
from the optimized known class embeddings and the generic “objectness” semantic concept.

Problem Definition Open World Object Detection (OWOD) [18] aims to detect both known
and unknown objects while continuously learning new classes. At an arbitrary stage ¢, we

consider the known classes as K' = {1,...,N}, and unknown classes as /. An OWOD

model should be able to detect objects in K’ and ¢, and extend known classes to X't =

K'U{N+1,...,N +k} when k new classes are incrementally learned. In this way, the object

detector continuously discovers and learns new classes in the open world.

General Architecture Fig. 1 shows the general architecture of the proposed method. Fol-
lowing [4], we use text T and image [ as inputs and match the text embeddings with image
embeddings to predict class labels and bounding boxes of objects. Let W = {wy,...,wy} de-
note the text embedding of N known classes, which is initialized from class names encoded
by the pre-trained CLIP [42] text encoder. Wy can be parameterized as model’s weight
and optimized via Open World Embedding Learning (OWEL). During inference, a pseudo
unknown embedding is constructed and appended to Wi, and the CLIP text encoder is dis-
posable. The image encoder (DarkNet backbone inherited from Yolo v8 [17, 44]) extracts
multi-scale features C from the input image /. Then the multi-modal neck (RepVL-PAN
[4]) uses multi-level cross-modal fusion to combine image and text features, forming the
feature pyramids P. The detection head predicts bounding boxes and class labels by match-
ing the cosine similarity of text embedding with each spatial location in P. Concurrently,
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MSCAL modules make dense predictions of out-of-distribution (OOD) scores and reject un-
known bounding boxes in the detection head. Finally, the redundant predictions are filtered
by Non-Maximum Suppression (NMS).

Open World Embedding Learning Large pre-trained vision-language models have en-
abled many prompt learning methods [1, 64, 65], which optimize text prompts rather than
fine-tune the entire model to improve performance in downstream tasks. But they are not
suitable for OWOD, because known K and unknown U/ classes are ever-changing. To ad-
dress this, we propose a simple and effective way to learn new classes and detect unknown
objects, called Open World Embedding Learning (OWEL). For N known classes, we initial-
ize known class embeddings Wic = {wy,...,wy }, and optimize them with the object detection
loss. When k new classes are introduced, we freeze Wi and train new class embeddings.

When an OVD model is given an unknown object, it will either misclassify it as a se-
mantically similar text prompt, or ignore it if the semantic difference is large. To avoid mis-
classification, we can model the distribution of known classes to reject out-of-distribution
samples. To discover novel objects, we construct a Pseudo Class Embedding w;, represent-
ing unknown classes.

Vision-language pretraining aligns the visual embedding space and the textual embed-
ding space, such that the text embedding is equivalent to the corresponding image embed-
ding [10, 42, 55, 65]. It has been shown that the relation between text embeddings can be
derived through vector offsets in continuous space language models [35, 36]. As shown in
Fig. 2, let w denote the mean text embedding of all known classes, defined as:

N

wi

W= . (1)
i:leHwill

Let wy denote the text embedding representing generic objectness. Naturally, the text
prompt of wg should be some general words, such as “object”, which is supported by a pre-
vious work [33] and our observation on YOLO-World. The semantics of wy overlaps with
known classes to some extent. To shift its focus to unknown classes rather than making du-
plicate detections on known classes, we propose to construct a Pseudo Unknown Embedding,
which is specialized to detect far-out-of-distribution (FOOD) objects. The Pseudo Unknown
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Embedding wy, is defined by subtracting the mean of known classes from wy:
Wi =wo— Ol @
[l

where o is a weight parameter. Since wy, is defined at test time, it is able to dynamically
shift its focus when new known classes are added.

Multi-Scale Contrastive Anchor Learning To effectively identify near-out-of-distribution
objects and continuously accommodate new classes, we propose a method called Multi-Scale
Contrastive Anchor Learning (MSCAL). Assume we currently have N known classes. For
each class i, we train a MSCAL module to identify whether a spatial location in feature pyra-
mid P belongs to that class, by maximizing the inner product between the class anchor L;
with spatial locations from class i, and minimizing the inner product with spatial locations
from other classes.

In OWOD, object classes are introduced gradually. New classes will shift the decision
boundary of existing classes. Alternatively, we can use a class-specified module to enforce
the consistency within this class, and reject all samples from other classes. For each class i,
we use the individual non-linear projector to map the feature pyramid into a class-specific
representation space, where contrastive learning takes place. Fig. 3 shows the structure of
MSCAL module. For each class #, the non-linear contrastive projector g;(-) map P to multi-
scale feature map Z; in lower dimensional space. We view Z; as the collection of spatial
locations corresponding to class anchor i in the mini-batch, and assume there are p layers of
feature maps extracted by projector g;(+), so the MSCAL loss for class i is

p exp (Wi -2/ 7T
Z Z log p(Mij-2/7) 7 3)
j:leEZT Zm:]ZZnGZim eXp (I'le 'Zn/T)

1

con __
‘Ci =

where Zl-+ denotes the collection of positive samples from class i, Zﬂ is the number of
positive samples, Zij is the feature map at layer j, the - symbol denotes the inner product,
and 7 is a temperature scaling parameter. Accordingly, the loss for all known classes is

defined as:

con 1 ul con
L = N Z L, “
i=1

MSCAL contrasts class anchors with positive and negative samples across different
scales and images. During the inference, the OOD score at spatial location z is, S(z) =
—max; l; - z. The idea is that during training ; - z will be maximized if z belongs to class i,
and minimized otherwise. For an unknown object, S(z) will be larger than that for known
objects. We use this OOD score to identify unknown objects proposed by the detection head.

Incremental Learning Our method does not require exemplar replay to prevent catas-
trophic forgetting. We simply freeze the parameterized text embeddings and MSCAL mod-
ules for previously known classes and train new modules with currently known classes.

Model Inference Following YOLO-World [4], we match feature maps with text embed-
dings (including known classes and the Pseudo Unknown Embedding w;,) and use OOD
scores from the MSCAL module to identify misclassified unknown objects. A region is
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considered background if it fails to match any text embedding. If it matches a known-class
embedding and has a low OOD score, it is classified as a known object. In contrast, a region
is identified as an unknown object if it either matches the pseudo unknown embedding wy,
or exhibits a high OOD score with respect to the known classes.

4 Experiments

4.1 Datasets

We evaluate our method with common open world object detection benchmarks used in pre-
vious works [30, 51, 67], and propose a novel benchmark of OWOD for autonomous driving.
Common OWOD benchmarks include the superclass-mixed benchmark (M-OWODB) [18]
and the superclass-separated benchmark (S-OWODB) [14]. The M-OWODB benchmark
combines COCO [24] and PASCAL VOC [9], while the S-OWODB benchmark is based
solely on COCO. Both are divided into four distinct tasks, where the model learns some new
classes in each task, while the remaining classes are unknown. Additionally, we propose
a challenging OWOD benchmark (nu-OWODB) based on nuScenes [2], which consists of
real-world driving scenes. The nuScenes dataset captures diverse urban environments, in-
cluding crowded city streets with many dynamic objects, challenging weather conditions,
and dense traffic scenarios with occlusions and complex interactions between agents. In ad-
dition, the dataset contains a significant class imbalance, with some classes like cars being
much more frequent than others like ambulances or construction vehicles. The nu-OWODB
benchmark is divided into three subtasks. Initially, the model is introduced to different types
of vehicles. In subsequent tasks, various pedestrians and other traffic participants are intro-
duced. This benchmark simulates the challenges of OWOD in real-world applications. For
the open vocabulary evaluation, we adopt the LVIS minival [19] benchmark, which is widely
used in previous works [4, 26, 62].

4.2 Evaluation Metrics

We evaluate the performance of the proposed model on both known and unknown classes in
each task. For known classes, the commonly used metric is mean average precision (mAP).
Specifically, the evaluation is further divided into the mAP of previously known classes and
currently known classes. For unknown classes, the primary metric will be unknown class re-
call (U-Recall), which assesses the model’s ability to detect unknown objects. Additionally,
we employ wilderness impact (WI) [6] and absolute open-set error (A-OSE) [37] to measure
the extent of the model’s confusion between known and unknown classes.

4.3 Results

Quantitative Results on Traditional OWOD Benchmarks Table 1 shows the OWOD
performance on commonly used benchmarks, comparing our method with existing OWOD
methods and the unmodified YOLO-World [4]. Our method significantly outperforms both
traditional open-world object detection methods [14, 18, 30, 32, 51, 57, 60, 61] based on
ImageNet [5] pretrained backbones, as well as OWOD methods [31, 33] that leverage large-
scale vision-language pretraining, in terms of mean average precision (mAP) for known
classes and unknown class recall (U-Recall). Our method also better reduces unknown object


Citation
Citation
{Ma, Wang, Wei, Fan, Li, Liu, and Lv} 2023{}

Citation
Citation
{Sun, Li, and Mu} 2024

Citation
Citation
{Zohar, Wang, and Yeung} 2023{}

Citation
Citation
{Joseph, Khan, Khan, and Balasubramanian} 2021

Citation
Citation
{Gupta, Narayan, Joseph, Khan, Khan, and Shah} 2022

Citation
Citation
{Lin, Maire, Belongie, Bourdev, Girshick, Hays, Perona, Ramanan, Doll{á}r, and Zitnick} 2014

Citation
Citation
{Everingham, Eslami, Gool, Williams, Winn, and Zisserman} 2014

Citation
Citation
{Caesar, Bankiti, Lang, Vora, Liong, Xu, Krishnan, Pan, Baldan, and Beijbom} 2019

Citation
Citation
{Kamath, Singh, LeCun, Synnaeve, Misra, and Carion} 2021

Citation
Citation
{Cheng, Song, Ge, Liu, Wang, and Shan} 2024

Citation
Citation
{Liu, Zeng, Ren, Li, Zhang, Yang, Jiang, Li, Yang, Su, Zhu, and Zhang} 2025

Citation
Citation
{Yao, Han, Wen, Liang, Xu, Zhang, Li, Xu, and Xu} 2022

Citation
Citation
{Dhamija, GÃ¼nther, Ventura, and Boult} 2020

Citation
Citation
{Miller, Nicholson, Dayoub, and SÃ¼nderhauf} 2018

Citation
Citation
{Cheng, Song, Ge, Liu, Wang, and Shan} 2024

Citation
Citation
{Gupta, Narayan, Joseph, Khan, Khan, and Shah} 2022

Citation
Citation
{Joseph, Khan, Khan, and Balasubramanian} 2021

Citation
Citation
{Ma, Wang, Wei, Fan, Li, Liu, and Lv} 2023{}

Citation
Citation
{Ma, Li, Zhang, Guo, Zhang, Gong, and Liu} 2023{}

Citation
Citation
{Sun, Li, and Mu} 2024

Citation
Citation
{Wang, Yue, Hua, and Zhang} 2023{}

Citation
Citation
{Wu, Lu, Chen, Wu, Kang, and Yu} 2022

Citation
Citation
{Yang, Sun, Jiang, Xia, Zhang, Yuan, Wang, Luo, and Xu} 2022

Citation
Citation
{Deng, Dong, Socher, Li, Li, and Fei-Fei} 2009

Citation
Citation
{Ma, Wang, Wei, Fan, Zhang, Sun, and Chen} 2023{}

Citation
Citation
{Maaz, Rasheed, Khan, Khan, Anwer, and Yang} 2022


8 LI, XIANG, WEST, KHOSHELHAM: FROM OPEN VOCABULARY TO OPEN WORLD

confusion, achieving lower WI and A-OSE compared to state-of-the-art methods (shown in
Table 2). Furthermore, our method does not require exemplar replay when learning new
classes, enabling end-to-end OWOD.

Table 1: OWOD results on M-OWODB (top) and S-OWODB (bottom). Our method
largely outperforms the SOTA methods in terms of both known mAP and unknown recall (U-
Recall) on both benchmarks. i is the unmodified YOLO-World detector [4] prompted with
known class names and a hand-crafted generic object name (“object”). { uses a pretrained
language model to learn the semantic topology of classes. * denotes models that involve
pretrained vision—language models. Other results are directly taken from [51].

Task IDs (=) | Task 1 | Task 2 | Task 3 | Task 4
U-Recall mAP (1) | U-Recall mAP (1) U-Recall mAP (1) mAP (1)
Current Previously Current Previously Current Previously Current

Method M known M known known Both M known known Both known known Both
ORE [18] 49 56.0 2.9 52.7 260 394 39 382 127 297 29.6 124 253
OSTT [61] - 56.2 - 534 265 399 - 38.0 128  29.6 30.1 133 259
OW-DETR [14] 7.5 59.2 6.2 53.6 335 429 5.7 383 158 308 314 17.1 278
UC-OWOD [60] 2.4 50.7 3.4 33.1 305 31.8 8.7 28.8 163 24.6 25.6 159 232
ALLOW [32] 13.6 593 10.0 532 340 456 14.3 42.6 267  38.0 335 21.8  30.6
PROB [67] 19.4 59.5 17.4 55.7 322 440 19.6 43.0 222 360 35.7 189 315
CAT [30] 237 60.0 19.1 55.5 327 441 244 42.8 187 3438 344 166 29.9
RandBox [57] 10.6 61.8 6.3 - - 453 7.8 - - 394 - - 354
EO-OWOD [51] 24.6 61.3 26.3 555 385  47.0 29.1 46.7 306 413 424 243 379
MAVL* [33] 50.1 64.0 49.5 61.6 30.8 462 50.9 438 227 368 36.2 20.6 323
SKDF* [31] 39.0 56.8 36.7 523 283 403 36.1 36.9 164  30.1 31.0 147 269
YOLO-World 16.6 71.9 16.1 71.8 48.1  60.0 13.0 60.0 407  53.6 53.7 339 487
Ours 73.5 721 71.5 72.4 51.0 617 76.1 61.6 41.6 549 56.0 343  50.6
ORE [18] 1.5 61.4 39 56.5 26.1  40.6 3.6 38.7 237 337 33.6 263 318
OW-DETR [14] 5.7 715 6.2 62.8 275 438 6.9 452 249 385 382 28.1 331
PROB [67] 17.6 734 223 66.3 36.0 504 24.8 47.8 304 420 42,6 317 399
CAT [30] 24.0 74.2 23.0 67.6 355 507 24.6 51.2 326 450 454 35.1 428
EO-OWOD [51] 24.6 71.6 279 64.0 399 513 319 52.1 422 4838 48.7 38.8 462
SKDF* [31] 60.9 69.4 60.0 63.8 269 444 58.6 46.2 28.0 40.1 41.8 29.6 387
YOLO-World # 29.0 75.6 26.1 75.7 553 65.0 26.9 65.1 544  61.6 61.4 552 599
Ours 71.3 76.4 74.4 75.0 59.8  67.0 74.6 67.0 53.8 62.6 65.5 56.9 634

Table 2: Unknown Object Confusion on M-OWODB. Wilderness impact (WI) and abso-
lute open set error (A-OSE) reflect the negative impact of unknown objects on the accuracy
of known classes. These metrics do not apply to task 4 since all classes are known.

Task IDs (—) | Task 1 | Task 2 | Task 3
U-Recall WI A-OSE U-Recall WI A-OSE U-Recall WI A-OSE

Method (@) (€] (€] m ¢ ¢ () () ()}
ORE [18] 4.9 0.0621 10459 2.9 0.0282 10445 39 0.0211 7990
OST+ [61] - 0.0417 4889 - 0.0213 2546 - 0.0146 2120
OW-DETR [14] 7.5 0.0571 10240 6.2 0.0278 8441 5.7 0.0156 6803
PROB [67] 194 0.0569 5195 174 0.0344 6452 19.6 0.0151 2641
RandBox [57] 10.6 0.0240 4498 6.3 0.0078 1880 7.8 0.0054 1452
EO-OWOD [51] 24.6 0.0299 4148 26.3 0.0099 1791 29.1 0.0077 1345
YOLO-World 16.6 0.0311 9070 16.1 0.0147 7063 13.0 0.0086 5060
Ours 735 0.0175 1038 715 0.0047 529 76.1 0.0030 448

Quantitative Results on Driving Scenes We further evaluate our method and some SOTA
methods on nu-OWODB, a new benchmark based on nuScenes [2]. As shown in Table 3,
our method achieves a clear advantage in U-Recall across all tasks, surpassing state-of-the-
art performance by up to 40% — despite the significant domain gap between nuScenes and
vision-language pretraining datasets, as evidenced by the low mAP and U-Recall scores of
the unmodified YOLO-World baseline. Our method also has the highest mAP for known
classes in each task. Although our method does not need any re-training on known classes,
we still allow existing methods [51, 67] to fine-tune the model with exemplars from the
previous task (10% data) after learning new task, otherwise they will exhibit catastrophic
forgetting. As a result, they achieve better WI and A-OSE compared to our method. To
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Table 3: Evaluation on nu-OWODB. Our method achieves leading performance in mAP
for known classes and U-Recall for unknown classes on the benchmark based on real-world
driving scenes. (ft) indicates a method that fine-tunes the model after learning new tasks with
exemplars from the previous task, which is not applicable for task 1.

Task IDs (—) | Task 1 | Task 2 | Task 3

U-Recall WI  A-OSE mAP (1) | U-Recall WI  A-OSE mAP (1) mAP (1)

Current Previously Current Previously Current

Method M @ o known m ® ® known known Both known known Both
PROB [67] 0.5 0.0025 2897 25.1 24 0.0007 751 0.0 7.7 32 0.1 149 39
PROB [67] (ft) - - - - 2.8 0.0015 1583 27.2 6.7 18.8 18.1 16.0 175
EO-OWOD [51] 1.4 0.0059 223 224 0.0 0.0017 28 0.0 9.6 39 0.0 245 6.4
EO-OWOD [51] (ft) - - - 0.8 0.0030 172 27.0 135 214 21.8 256 228

YOLO-World 2.1 0.0463 12316 21.8 32 0.0141 4486 21.8 5.1 14.9 14.8 9.3 13.4
Ours 455 0.0185 1724 28.1 40.8  0.0106 1703 27.8 155 228 23.8 253 242

some extent, these metrics can reflect the robustness of object detectors, but they can also be
misleading considering that the models make very few predictions (see Task 2).

We also observe that the mAP for known classes is low. The main reason is that object
categories are highly detailed and objects in each class are highly imbalanced in nuScenes [2].
For example, the class vehicle.bus.rigid has 8361 2D annotations, while the class vehi-
cle.bus.bendy has only 265 annotations. We did not merge these categories, to make the
benchmark more realistic and challenging.

Quantitative Results on OVD benchmark
Our method performs OWOD by optimizing ~ Table 4: Zero-shot open vocabulary per-
class embeddings and additional MSCAL formance on LVIS minival.

modules, while keeping the parameters _Model AP AR AR APy
adapted from YOLO-World frozen. As a re- MDETR [19] 242209 243 242
L Grounding DINO-T[26] 274 181 233 327

sult, our model maintains the performance DetCLIP-T [62] 344 269 339 363
of open-vocabulary object detection in a YOLO-World-XL [4] 357 264 339 390
Ours 357 264 339 389

zero-shot manner.

Following [4], we evaluate the zero-shot performance on LVIS minival [19] (1203 classes).
Known Class Embeddings are initialized from class names, while the Pseudo Unknown Em-
bedding is constructed from class names and the “object” prompt. Table 4 shows perfor-
mance comparable to state-of-the-art OVD methods, confirming that our framework unifies
OVD and OWOD tasks.

Qualitative Results Fig. 4 shows a comparison between two SOTA methods and our
method after completing the second task of M-OWODB and nu-OWODB. Our method pro-
vides more meaningful bounding boxes for unknown classes, without significantly losing
performance on known classes, which makes it easier to make trade-off between precision
and recall in various applications. We can see that although PROB [67] is able to detect a
reasonable number of unknown objects, but there are also many high-confidence unknown
bounding boxes associated with known objects. On the other hand, EO-OWODB [51] de-
tects background as known objects while failing to detect several unknown objects.

4.4 Ablation Study

To understand the contribution of individual components, we disable some modules of our
model to create a set of baseline models. Base Model is the vanilla YOLO-World detector [4]
prompted with known class names and a hand-crafted generic object name (“object”), in a
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M-OWODB

nu-OWODB

PROB EO-OWOD Ours

Figure 4: Qualitative results on M-OWODB and nu-OWODB. Our method produces
bounding boxes of known and unknown objects with better quality compared to PROB [67]
and EO-OWODRB [51].

Table 5: Ablation study on nu-OWODB. The comparison is shown in terms of mean aver-
age precision (mAP), wilderness impact (WI), absolute open set error (A-OSE) and unknown
class recall (U-Recall).

Task IDs (—) | Task 1 ‘ Task 2 ‘ Task 3

U-Recall WI  A-OSE mAP ()| U-Recall WI A-OSE mAP (1) mAP (1)

Current Previously Current Previously Current

Method M o S known M £ £ known  known Both known  known Both
Base Model 2.1 0.0463 12316  21.8 32 0.0141 4486 21.8 51 149 14.8 93 134
OWEL 245 0.0381 18241  30.0 240 0.0106 8827 29.5 159 239 238 253 242
MSCAL 28.8 0.0178 1653 28.2 247 00113 1772 27.9 158 23.0 23.8 253 242
Ours 455 0.0185 1724 28.1 40.8  0.0106 1703 27.8 155 228 23.8 253 242

zero shot manner. OWEL removes MSCAL modules and OOD scores, while the MSCAL
replaces the pseudo unknown embedding w;, with the original generic prompt wy.

From Table 5, we can see that OWEL significantly improves the U-Recall for unknown
classes and mAP of known classes. On the other hand, OWEL increases absolute open set
error. This indicates that optimizing known class embeddings with object detection loss not
only learns embeddings most similar to image samples, but also learns some characteristics
of this domain, which leads to more valid predictions and open set errors. MSCAL largely
reduces the open set error, and achieves reasonable unknown recall without pseudo unknown
embedding, because it detects unknown classes by correcting the open set error. OWEL and
MSCAL complement each other to detect the largest proportion of unknown objects while
reasonably maintaining the performance on known classes.

5 Conclusion

In this work, we propose a framework that enables open vocabulary object detectors to oper-
ate in open world settings without compromising their zero-shot capabilities. We introduce
Open World Embedding Learning (OWEL) and Multi-Scale Contrastive Anchor Learning
(MSCAL) which enable the model to identify and incrementally learn unknown objects. We
further propose a new benchmark to evaluate the performance of OWOD for autonomous
driving. In the future, we will study open world object detection with various sensor modal-
ities and data domains.
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