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Abstract

The challenge in open-world object detection, similarly
to few- and zero-shot learning, is to generalize beyond the
class distribution of the training data. In this paper, we pro-
pose a general class-agnostic objectness measure to limit
bias toward labeled samples. One issue in open-world de-
tection is that previously unseen objects are often misclassi-
fied as known categories or filtered as background by clas-
sifiers. To prevent this, we explicitly model the joint distri-
bution of objectness and category labels using variational
approximation. However, without sufficient labeled data,
minimizing the KL divergence between the estimated pos-
terior and a static normal prior fails to converge. Our
theoretical analysis identifies the root cause of this failure
and motivates adopting a Gaussian prior with variance dy-
namically adapted to the estimated posterior as a surro-
gate. To further reduce misclassification, we introduce an
energy-based margin loss that encourages unknown objects
to move toward high-density regions of the distribution, thus
reducing the uncertainty of unknown detections. Our Open-
World OBJectness modeling (OWOBJ) boosts novel object
detection, especially in low-data regimes. OWOBJ is a flex-
ible plugin that outperforms baselines in Open-World, Few-
Shot, and zero-shot Open-Vocabulary Object Detection.

1. Introduction

The ability to recognize general objects as being distinct
from the background in images is important for vision sys-
tems as they have to deal with the inherently open-set na-
ture of the real world. Deep learning, large datasets and
large compute have enabled significant progress towards
this goal [4, 7, 8, 16, 50]. However, existing object detec-
tors, e.g., Faster R-CNN [39] and D-DETR [69], remain
biased toward training on a fixed set of objects, often mis-
classifying unknown objects as background. This limita-
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Figure 1. Fig. 1a: The objectness distribution parameters (µ,σ2)
are estimated across class-agnostic latent embeddings (‘Queries’
in DETR [69] or ‘Proposals’ in RPN [39]). Our Z + 1-dim. clas-
sifier includes Z known classes and one additional class for un-
known/background detection. The objectness probabilities serve
as labels for unlabeled objects ■ and background ■, alongside
ground-truth labels for known objects ■, during classifier training.
The rightmost plot shows their energies in the classier. Specifi-
cally, the energy of known classes is the negative sum of the logits
across all Z classes, while the Z + 1-th logit is used to compute
the energy of unknowns/background. Fig. 1b demonstrates the ef-
fectiveness of objectness modeling, showing that random soft un-
known labels fail to distinguish unknowns from knowns and back-
ground. Fig. 1c illustrates that without regularization in the energy
space, known energies are spread across low values (high classifi-
cation confidence), leading to significant misclassifications.

tion reduces their value in real-world applications, e.g., au-
tonomous vehicles and robotics [19, 32, 66–68] that must
handle unknown objects to ensure good results and safety.

To address this limitation, objectness modeling helps
detect objects irrespective of their class labels, facilitat-
ing recognition beyond a closed set of categories. Detec-
tors trained on large datasets implicitly learn objectness
distributions, enabling generalization in zero-shot scenar-
ios [5, 34, 55, 65]. In situations where large representa-
tive datasets are not available, models remain biased toward
the known classes [39, 69], limiting their effectiveness for
open-world tasks. Older methods [1, 70] relied on hand-
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crafted descriptors (e.g., boundaries and edges) or object lo-
cation [22] to identify potential objects, requiring additional
fine-tuning on downstream tasks for class-aware detection.

We capture general objectness given limited samples, en-
abling the class-aware classifier to perceive this objectness,
and prevent unseen objects from being filtered as back-
ground or misclassified as known categories. We model the
joint distribution of objectness and data (e.g., class distribu-
tion in the classifier) via the variational approximation [24]
where objectness is treated as a latent variable. The cor-
responding latent embeddings take the form of ‘queries’ in
DETR-based detectors [17, 69, 71] or ‘proposals’ in Faster
R-CNN detectors [37, 39, 61], highlighting class-agnostic
design [6, 22]. The Evidence Lower Bound (ELBO) is
then maximized using the Expectation-Maximization (EM)
to optimize the distribution [24], equivalent to minimizing
the cross-entropy between class and objectness variables;
and the KL divergence between the approximate objectness
posterior and the prior normal distribution (§4.1).

For the first item, we employ the output of the probabilis-
tic objectness measure as guidance helping us recognize the
potential unknown objects during training, ensuring suc-
cessful novel object inference. We retain the ground-truth
class labels for known objects, as shown in Fig. 1a. The sec-
ond item, the KL divergence loss, prevents the latent space
collapse and overfitting. However, it fails to converge in the
absence of sufficient training data, leading to the objectness
posterior collapse. Our theoretical analysis (§A.1) reveals
the root cause of this issue – the latent variance σ2, e.g.,
the variance of known embeddings approaches zero rapidly
during EM-based optimization in the low-data regime. The
KL term includes the log of the estimated variance, causing
rapid divergence as variance decreases.

Thus, we replace the static prior N (0,1) with a dy-
namic Gaussian prior N (0,σ2 + β2), where β enables
the adaptive behavior. This simple yet effective adjust-
ment transforms the unstable log (1/σ) into the stabilized
log(

√
σ2 + β2/σ) (Fig. 4a in §5). Additionally, our the-

ory (§A.1) shows that the dynamic Gaussian prior preserves
diversity in latent embeddings, reducing overfitting.

Another issue we investigate is that a significant num-
ber of unknown objects are misclassified as known classes.
Thus, we visualize object energies in the Z+1-dim. clas-
sifier (Z-dim. for known classes and Z+1-th dim. for un-
known/background). The energy is aligned with the proba-
bility density of inputs [26], i.e., samples with lower energy
correspond to data residing in high-probability density re-
gions around the distribution center [31]. Fig. 1c shows
energies of first Z-elements for known classes are notably
lower and flattened (e.g., ranging from -10 to -2) compared
to those of the Z+1-th dim. for unknown/background, lead-
ing to overconfidence in known detections.

To address this issue, we apply an energy loss (a margin

loss between the energies of known and unknown objects)
to regulate the tendency of unknown objects toward high-
density regions, and control the margin gap between them.
The effectiveness of this approach is illustrated in Fig. 1a
(rightmost plot), with a more centered energy distribution
for known objects and increased values for unknown ob-
jects. Specifically, on Task1 of Open-World Object Detec-
tion (OWOD), the number of unknown objects misclassified
as known is reduced by over 200, with a 1.2% increase in
unknown recall. Moreover, we present the energy distribu-
tion from a variant in which unknown labels are not gen-
erated by objectness modeling but by randomly sampled
values from a uniform distribution (ensuring values range
from 0 to 1) to highlight the importance of our objectness
modeling. As shown in Fig. 1b, it is evident that the classi-
fier struggles to distinguish unknowns from both the back-
ground and known objects, resulting in over 8K misclassifi-
cation cases and a ∼50% decrease in unknown recall.

In summary, our contributions are as follows:
i. We are the first to model the joint distribution of latent

objectness and category information probabilistically in
the low-data regime, which improves detectors trained
on small-scale datasets in open-world tasks.

ii. We theoretically identify the root causes of non-
convergence in the variational approximation of object-
ness. While the KL divergence loss acts as a variance
regularizer to ensure an informative latent space, it fails
in the low-data regime due to progressively reduced di-
versity. Based on this analysis, we introduce a dynamic
Gaussian prior to stabilize training.

iii. We introduce an energy-based margin loss that guides
unknown objects toward high-probability density re-
gions in unknown classifier spaces, reducing unknown
detection uncertainty and misclassification rates.

The proposed energy-based Open-World OBJectness
modeling (OWOBJ) method is evaluated on the COCO
dataset for Open-World Object Detection (OWOD) and
Few-Shot Object Detection (FSOD). For OWOD, OWOBJ
outperforms the state-of-the-art PROB [71] and DETR-style
OW-DETR [17] with absolute gains ranging from 5.3% to
19.4% in unknown recall, while also enhancing known ob-
ject detection by approximately 3% to 6% across the fol-
lowing incremental learning tasks. For FSOD, under the K-
shot protocol (K=1, 2, 3, 5, 10, 30), OWOBJ achieves con-
sistent improvements of 2.6%–3.8% over the base model
DeFRCN [37] on novel classes. Finally, we demonstrate
the effectiveness of OWOBJ (built upon CORA [49]) for
zero-shot Open-Vocabulary Object Detection (OVOD) on
the OV-LVIS dataset, achieving +3.6% in rare categories.

2. Related Works
Below we discuss related works (see §E for more works).

30333



Objectness Modeling. Objectness differentiates objects
from backgrounds without assigning class labels. Early
methods used hand-crafted descriptors (i.e., boundaries,
edges and colors) to capture generic objects [1, 70]. Region
Proposal Network (RPN) [39] learns a two-way classifier
to generate candidate proposals but it does not generalize
well to novel/unseen objects. OLN [22] leverages localiza-
tion cues independent of classification for object proposals.
The data-driven MAVL [34] builds on multimodal vision
transformers, and is trained on large-scale aligned image-
text pairs to implicitly recognize objectness from extensive
training samples. Noteworthy are also salient object detec-
tors and models leveraging them [21, 42]. None of previ-
ous works explore joint modeling of general objectness and
class labels as a means of improving performance in the
low-data regime. To perform class-aware object detection,
they require further fine-tuning on downstream tasks.

Open-World Object Detection (OWOD). More challeng-
ing than open set classification [3, 9, 18, 28], OWOD has
to tackle instances (of unknown classes) present but unla-
beled in the training data. Unlabeled instances are at risk
of being learned as background [20]. The first OWOD
method, ORE [20], adapted the faster-RCNN by incorpo-
rating feature-space contrastive clustering, an RPN-based
unknown detector, and an Energy-Based Unknown Identi-
fier (EBUI). Transformer-based methods show significant
promise in addressing OWOD. OW-DETR [17] employs a
deformable DETR (D-DETR)-serial detector [69] tailored
for OWOD tasks. OW-DETR employs a pseudo-labeling
scheme that selects high-activation, unmatched proposals
(Top-5 by default) as unknown objects. However, this of-
ten captures parts of known objects or background regions,
leading to unreliable labels and poor performance on un-
known objects. PROB [71] employs a probabilistic object-
ness head alongside D-DETR but it fails to measure the ob-
jectness posterior, hindering the classifier’s ability to differ-
entiate real objects from non-objects. Without calibrating
classification confidence with objectness scores during in-
ference, OWOD degrades significantly.

Few- and Zero-shot Object Detection. Few-Shot Ob-
ject Detection (FSOD) detects objects using only a few
novel samples. Existing methods include transfer learning
[43, 47, 48, 54] and meta-learning [10, 13, 45, 46, 52, 59–
61]. In practice, transfer learning approaches often out-
perform meta-learning methods due to their training set-
tings and simpler architectures. MPSR [48] deals with
scale invariance by ensuring the detector is trained over
multiple scales of positive samples. NP-RepMet [54] in-
troduces negative- and positive-representative learning via
triplet losses that bootstrap the classifier. DeFRCN [37]
proposes to perform stop-gradient between the RPN and
the backbone to deal with the inconsistent optimization
goals between them. Zero-shot detection facilitates identi-

fying novel categories absent from the training data. OVR-
CNN [58] proposes the Open-Vocabulary Object Detec-
tion (OVOD) benchmark to bridge the performance gap be-
tween Zero-Shot and supervised learning. Current tech-
niques are divided into four strategies: pseudo-labeling
[58, 62, 64, 65], distillation [11, 15], conditional matching
[49, 57] and parameter transfer [25, 49]. Although these
methods leverage strong zero-shot generalization capabil-
ities of vision-large language models for open-vocabulary
detection, they rely on base-category box-level annotations
during training, which biases these models toward base
classes, underscoring the need for general objectness.

3. Background
Below, we introduce relevant background for our work.

3.1. Problem Formulation
Open World Object Detection. Define T incremental
tasks, T ={Tt}Tt=1, each introducing known Kt={Ci

t}K
t

i=1

and unknown U t={CKt+1
t , CKt+2

t , . . .} classes, with Kt ∩
U t = ∅. For each task, the associated training dataset
comprises N t image-label pairs Dt = {(Ii,Yi)}N

t

i=1. La-
bels, Yi = {y1,y2, . . .}, detail instances within image
Ii, with instance label yj = [lj , xj , yj , wj , hj ] represent-
ing a one-hot class label lj ∈ {0, 1}Kt

and the bound-
ing box coordinates [xj , yj , wj , hj ] (the x and y locations,
width, and height respectively). OWOD addresses two piv-
otal challenges: open-set and incremental object detection
[20, 71]. In open-set object detection, the object detector
for task Tt trained on a dataset Dt with annotations for
known class only, can categorize objects into known classes
Kt while also identifying any unrecognized objects as ‘un-
known’ during testing. In incremental object detection, the
model evolves by integrating new knowledge without re-
training from scratch on entire dataset. Specifically, in task
Tt, model f t is developed from dataset Dt, which com-
prises known classes Kt and unknown classes U t. Mov-
ing to Tt+1, f t is used to to identify new classes of inter-
est Ū t ∈ U t, which are then labeled by an oracle. With
these newly labeled data, D̄t+1 is formed by expanding
Kt+1 = Kt ∪ Ū t and updating U t+1 = U t \ Ū t. The re-
sulted D̄t+1, and a few instances from the datasets of pre-
vious tasks Di(i ∈ {0, ...t}), are then employed to refine
the model and form f t+1. This process repeats until no un-
known classes remain, i.e., U t=∅.

Few- and Zero-Shot Open-Vocabulary Object Detection.
We adopt the standard few-shot object detection approach –
a two-stage fine-tuning based model. The detector is first
trained on Dbase with abundant annotated instances, then
quickly fine-tuned on a novel support set Dnovel with only
a few samples per category. Dbase and Dnovel each consist
of N image-label pairs, denoted by

{
(Ii, Yi)

}N

i=1
, where
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Yi contains instance-level annotations. If the support set
contains L categories and K examples for each category,
the problem is dubbed an L-way K-shot detection. The
base classes Cbase in Dbase and the novel classes Cnovel in
Dnovel are non-overlapping, Cbase∩Cnovel=∅. Without the
second fine-tuning stage, this setting becomes a zero-shot
object detection. Similarly to OWOD, we define labeled
samples as known objects and unlabeled ‘candidate objects’
as unknowns.

3.2. Faster-RCNN/DETR & Novel Object Detection
Faster-RCNN [39] includes a convolutional backbone (i.e.,
ResNet-101) for extracting image features, a Region Pro-
posal Network (RPN) for generating class-agnostic propos-
als, and a task-specific detection head for class-relevant
classification and localization. Specifically, the input im-
age is first processed by the backbone to generate a high-
level feature map, which the RPN uses to produce coor-
dinates (top-right and bottom-left) for a sparse set of re-
gions of interest (ROIs) a.k.a., proposals. The global feature
maps are cropped by RoIs according to coordinates and ag-
gregated by RoI pooling and passed to the detection head
for classification and boundary refinement. In the baseline,
DeFRCN [37], the classifier has initially Z+1-dimensions
(Z = |Cbase| known classes with an additional dimension
for non-objects/backgrounds) for base training. Z is gradu-
ally extended to |Cbase|+|Cnovel| in the few-shot fine-tuning
stage. To ensure that unlabeled objects are supervised rather
than marked as non-objects, we assign objectness probabil-
ities to unlabeled RoIs during training, guiding the class-
agnostic classifier in RPN and Z+1-th dimension in class-
aware classification. Inference remains same.

DETR-inspired models [7, 69] with simpler designs than
two-stage Faster-RCNN models, have been adapted for
novel object detection tasks, e.g., OWOD and OVOD tasks.
Refer to §4.2 for pipeline details. OWOD employs a one-
dimensional classifier for unknown object detection, as in
PROB [71], while OVOD further assigns those potential ob-
jects to specific novel class names by matching their visual
features with text embeddings, as in the baseline CORA
[49]. Our approach differs in the labeling process for su-
pervising this one-dimensional classifier. We employ prob-
abilistic objectness scores as soft labels in range [0, 1] for
unmatched queries instead of the hard {0, 1} labels used in
CORA and PROB. No modifications are made to the infer-
ence stage.

4. Proposed Approach
4.1. Motivation
We derive our method from a variational approximation per-
spective [44], aiming to build a more reliable model capa-
ble of better capturing the underlying structure (objectness)

of the data. One may think of the observed data as being
represented by random latent variables, denoted o. These
latent variables link the observations x to the model pa-
rameters Θ via the Bayes’ law. Mathematically, one can
model the observed data and latent variables with a joint
distribution p(x, o;Θ). In likelihood-based probabilistic
modeling, the goal is to learn a model by maximizing the
likelihood p(x;Θ), thereby achieving optimal parameters
Θ̂ = argmaxΘ p(x;Θ). This can be accomplished by
marginalizing out the latent variables from the joint distri-
bution, as shown by p(x;Θ) =

∫
p(x, o;Θ) do. However,

directly computing and maximizing the likelihood p(x;Θ)
is challenging because it requires integrating over all latent
variables. The Evidence Lower Bound (ELBO) serves as
a proxy objective for optimizing the latent variable model.
Maximizing the ELBO lets us approximate the true latent
posterior distribution p(o|x) [24]. Formally, the ELBO is
defined as: Eqϕ(o|x)

[
log pΘ(x,o)

qϕ(o|x)

]
, where qϕ(o|x) is an ap-

proximation of the latent posterior distribution with param-
eters ϕ = (µ,σ2I) that we seek to optimize. The ELBO
term can be decomposed further:

Eqϕ(o|x)

[
log

pΘ(x, o)

qϕ(o|x)

]
= Eqϕ(o|x)

[
log

pΘ(x|o)p(o)
qϕ(o|x)

]
=Eqϕ(o|x)[log pΘ(x|o)]︸ ︷︷ ︸

negative cross-entropy term

−DKL(qϕ(o|x) ∥ p(o))︸ ︷︷ ︸
prior matching term

(1)

where DKL
(
q(·) ∥ p(·)

)
represents the Kullback-Leibler di-

vergence between distributions q(·) and p(·).

Eq. (1) outlines two principles for effectively captur-
ing relationship between the latent objectness variable and
the data: 1) minimizing the cross-entropy between the ob-
served and latent variables H(x, o) and 2) minimizing the
KL divergence between the learned variational distribution
and the prior distribution. In object detection, the contin-
uous data distribution is discretized into a category dis-
tribution via the softmax activation function. To satisfy
the first requirement, we use probabilistic objectness as
pseudo-labels to provide auxiliary guidance for the (Z+1)-
dimensional classifier, with Z-dimensions for known object
detection and one dimension for unknown/non-object pre-
diction. Specifically, the (Z+1)-th classifier is supervised by
pseudo-labels, while the Z-dimensional classifier is guided
by ground-truth labels for Z known classes. We minimize
the cross-entropy loss between predictions and these labels.

As noted above, the KL divergence term in Eq. (1) causes
the optimization to fail to converge, particularly in the low-
data regime such as Task1 of OWOD, where only 20 classes
are labeled as known objects while the remaining 60 classes
are treated as unknown objects. Our theoretical analysis
identifies reduced variance σ2 as the cause, resulting in log-
arithmic instability in the prior matching term, as shown be-
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Figure 2. Pipeline of OWOBJ instantiated in D-DETR. (a) Query embeddings generated by D-DETR are used by the classifier, the
bounding box head, and probabilistic objectness modeling. We introduce the objectness modeling module (f pr

obj). Unaltered modules are
shown in gray. (b) The probability distribution (µ,σ2) is estimated using the exponential moving average across all query embeddings.
The likelihood for labeled known queries ■ is maximized by penalizing the Mahalanobis distance, Lobj , along with the KL divergence
LKL to mitigate bias toward known objects ■ and to avoid the latent posterior collapse. (c) Queries matched with labeled known objects
are assigned ground-truth labels • through Hungarian matching, while other unmatched queries (e.g., unknown objects ■ and non-objects
■) are assigned soft pseudo-labels •/•, indicating the probability of objectness.

low:

DKL
(
qϕ(o|x) ∥ p(o)

)
= log

1

σ
+

σ2 + µ2

2
− 1

2
, (2)

where qϕ(o|x) = N (µ,σ2) represents an estimated pos-
terior and p(o) = N (0,1) denotes the prior normal dis-
tribution. This KL divergence term encourages the model
to learn a distribution rather than collapse to a Dirac delta
function. It serves as a variance regularizer that preserves
diversity in latent embeddings. Reduced variance under-
scores the need to effectively optimize the KL divergence
loss and mitigate bias toward labeled samples. As a so-
lution, we employ a dynamic Gaussian prior gϕ(x, ϵ) =
N (0,σ2 + β2), where β modulates the adaptive behav-
ior, which can mitigate logarithmic instability by effectively
regularizing the KL term and stabilize training in the low-
data regime:

DKL
(
qϕ(o|x)∥gϕ(x, ϵ)

)
=log

√
σ2+β2

σ
+

σ2+µ2

2(σ2+β2)
− 1

2
, (3)

where gϕ(x, ϵ) = σ⊙ϵ(1)⊕ϵ(β) with ϵ(1) ∼ N (0,1) and
ϵ(β) ∼ N (0,β2). Operators ⊙ and ⊕ denote element-wise
multiplication and addition, respectively.

4.2. Overall Architecture

OWOBJ is adaptable to both Faster R-CNN-based and
DETR-based detectors as a plug-in module. The core com-
ponent of OWOBJ is the objectness modeling which op-
erates on class-agnostic candidate objects, whether in the
form of ROIs in Faster R-CNN or queries in DETR. Be-

low, we demonstrate the integration of OWOBJ within the
D-DETR [69] serial pipeline. We build our pipeline upon
PROB [71] for OWOD and CORA [49] for OVOD with
a focus on improving identification of unlabeled objects.
Both tasks require an additional one-dimensional classifier
to learn objectness. Figure 2 shows our integration of the
probabilistic objectness model (f pr

obj), outlined in green, into
the training stage, with the inference process unchanged.
This integration forms a robust framework for generating
pseudo-labels to supervise objectness prediction in the clas-
sifier (the right panel of Fig. 2).

The process is initiated by inputting an image of size
H×W into a backbone network (ResNet-101), which ex-
tracts D-dimensional multi-scale features at varying reso-
lutions. These features are subsequently processed by a
transformer encoder containing multi-scale deformable at-
tention modules. Next, the decoder leverages Nquery learned
query vectors to cross-correlate them with the encoded im-
age features, generating corresponding query embeddings
Q ∈ RNquery×D. Each query embedding q ∈ RD is then
passed into three branches: the bounding box regression
branch (fbox, a 3-layer feed-forward network (FFN) to pro-
duce box coordinate), the classification head (fcls), and the
probabilistic objectness model (f pr

obj). To train the classi-
fication head and bounding box regression, the Hungarian
matching algorithm is used to assigns queries with the best-
matched ground-truth instances according to their class and
box coordinate predictions [69]. This process produces a
set of matched queries (qj , j ∈ Q), each linked to a label
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from the Z known classes, and a set of unmatched queries
(qi, i ∈ Q̄), totaling |Q| + |Q̄| = Nquery. The classifier is
then trained to classify these matched queries as one of the
Z known classes, whereas the regression branch provides
bounding box locations. Unmatched queries, represent-
ing either unknown objects or background, are classified
into the Z+1-th category for objectness prediction. These
are then incrementally learned for specific class names in
OWOD, or directly matched with text embeddings of novel
class names in zero-shot OVOD to assign class labels.

Without labels indicating whether unmatched queries are
objects or background, identifying unknown objects via the
Z+1-th category during testing becomes challenging. We
thus generate soft pseudo-labels indicating the probability
of objectness, guiding the Z+1-th classifier for unmatched
queries and reducing the cross-entropy between them. To
further enhance detection of unknown objects, we propose
Lenergy to increase the likelihood of unknown objects, re-
ducing their misclassification as known classes. Below we
provide details on the energy-based margin loss Lenergy,
the objectness loss Lobj for optimizing the objectness pos-
terior and the objectness scores Sobj used as labels for un-
knowns.

4.3. Objectness Modeling
Objectness loss. Following [27, 71], we model the ob-
jectness probability as a multivariate Gaussian distribution
N (µ,Σ), with mean µ and diagonal covariance Σ=σ2I,
both updated via exponential moving average (EMA) across
all query embeddings. The empirical mean and covari-
ance of query embeddings are computed channel-wise, i.e.,
µ ∈ RD×1,Σ ∈ RD×D. Typically, the energy function,
defined as the distance between the sample and the mean of
objectness distribution, is chosen to optimize the probability
distribution. We use the Mahalanobis distance, effective in
few-shot learning [2]. The probilistic model assigns higher
probabilistic density to objects and lower to backgrounds.
For matched queries, which are known to be objects, we
maximize their likelihood by minimizing the Mahalanobis
distance dM (·) as follows:

dM (q) = (q − µ)TΣ−1(q − µ), (4)
Lobj =

∑
i∈Q dM (qi). (5)

Objectness score. After estimating the objectness distri-
bution, we generate pseudo-labels for unmatched queries
to enhance classifier training. Denote l̂ ∈ RZ+1 as the
classifier prediction. We modify the original one-hot la-
bel l∈{0, 1}Z+1 by assigning objectness scores Si

obj to the
(Z+ 1)-th element for unmatched queries qi, i ∈ Q̄:

li[Z+1] = Si
obj, with Si

obj = exp
(
− dM (qi)

)
. (6)

Nothing is changed for matched queries, where one of the
first Z elements set to 1 and the others to 0. We adopt the

focal loss [30] as the classification loss Lcls = FL(l̂, l), as
in baseline models.
Energy-based margin loss. The energy of a classifier with
a softmax activation is defined as the negative sum of the
logits across all classes [31], a.k.a. the denominator of the
softmax function: E(q; fcls) = − log

∑
i e

fi
cls(q). For the

known class classifier (with Z dimensions), the energy is
computed across matched queries qk, k ∈ Q as follows:

Ek = − 1

|Q|

|Q|∑
k

log

Z∑
i

ef
i
cls(qk). (7)

For the classifier’s (Z + 1)-th element, the energy is com-
puted among unmatched queries qu, u ∈ Q̄ as:

Eu = − 1

|Q̄|

|Q̄|∑
u

logZ · efZ+1
cls (qu). (8)

Our energy-based margin loss is defined as:

Lenergy = (Eu − Ek + δ)+ , (9)

where δ (δ = 0.2 as default) is a positive margin parame-
ter that controls the separation between the classifier ener-
gies for known and unknown objects. The energy is neg-
atively correlated with probability density or classification
confidence, so encouraging qu to have higher energy values
helps reduce uncertainty for unknown objects.

The final losses include: a classification loss denoted
as Lcls; a regression loss Lreg , which is a combination of
the ℓ1 loss and the GIoU loss; an energy-based margin loss
Lenergy; and the maximization of the likelihood Lobj which
is applied to matched queries, along with the KL divergence
LKL (Eq. (3)). We follow baselines for other implementa-
tion details (learning rate, weight decay, and batch size).

5. Experiments

We assess the generalization ability of OWOBJ across three
challenging low-shot scenarios, achieving superior perfor-
mance over all methods and strong baselines. Specif-
ically, we evaluate: 1) Open-World Object Detection
(OWOD) on COCO, measuring mean average precision
(mAP) for known classes and average recall (U-recall) for
unknown objects (refer to §B for the Absolute Open-Set Er-
ror (A-OSE) quantifying unknown objects misclassified as
knowns); 2) Few-Shot Object Detection (FSOD) on COCO,
using COCO-style mAP where 60 categories serve as base
classes and 20 as novel classes under K=1, 2, 3, 5, 10, 30
shots for few-shot fine-tuning, with evaluation on 5k valida-
tion images; and 3) Zero-shot Open-Vocabulary Object De-
tection (OVOD) on OV-LVIS [16], where the model, trained
on 461 common and 405 frequent classes, is evaluated on
rare classes using mAP (APr). We use the same training
and testing pipelines as baselines to ensure a fair compar-
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Table 1. Comparison for OWOD on M-OWODB (top) and S-OWODB (bottom), measured by unknown recall (U-Recall) and known class
mean Average Precision at IoU threshold 0.5 (known mAP@0.5) for previously and currently learned known objects.

Task IDs (→) Task 1 Task 2 Task 3 Task 4

U-Recall mAP (↑) U-Recall mAP (↑) U-Recall mAP (↑) mAP (↑)

(↑)
Current
known (↑)

Previously
known

Current
known Both (↑)

Previously
known

Current
known Both

Previously
known

Current
known Both

ORE* [20] 4.9 56.0 2.9 52.7 26.0 39.4 3.9 38.2 12.7 29.7 29.6 12.4 25.3
UC-OWOD [56] 2.4 50.7 3.4 33.1 30.5 31.8 8.7 28.8 16.3 24.6 25.6 15.9 23.2
OCPL [34] 8.26 56.6 7.65 50.6 27.5 39.1 11.9 38.7 14.7 30.7 30.7 14.4 26.7
2B-OCD [51] 12.1 56.4 9.4 51.6 25.3 38.5 11.6 37.2 13.2 29.2 30.0 13.3 25.8
OW-DETR [17] 7.5 59.2 6.2 53.6 33.5 42.9 5.7 38.3 15.8 30.8 31.4 17.1 27.8
PROB [71] 19.4 59.5 17.4 55.7 32.2 44.0 19.6 43.0 22.2 36.0 35.7 18.9 31.5
PROB+OWOBJ 23.6 61.4 23.8 58.4 34.4 45.7 25.1 44.8 27.8 38.8 36.4 20.7 32.0

ORE* [51] 1.5 61.4 3.9 56.5 26.1 40.6 3.6 38.7 23.7 33.7 33.6 26.3 31.8
OW-DETR [17] 5.7 71.5 6.2 62.8 27.5 43.8 6.9 45.2 24.9 38.5 38.2 28.1 33.1
PROB [71] 17.6 73.4 22.3 66.3 36.0 50.4 24.8 47.8 30.4 42.0 42.6 31.7 39.9
CAT [33] 23.7 60.0 19.1 55.5 32.7 44.1 24.4 42.8 18.7 34.8 34.4 16.6 29.9
MEPU-FS [14] 37.9 74.3 35.8 68.0 41.9 54.3 35.7 50.2 38.3 46.2 43.7 33.7 41.2
PROB+OWOBJ 22.3 76.2 28.7 69.8 41.0 54.8 30.9 50.6 35.7 46.8 46.7 36.9 43.2
MEPU-FS+OWOBJ 39.7 77.4 37.8 71.5 43.1 57.2 38.1 53.1 39.2 49.0 49.4 38.8 43.9

Table 2. Impact of progressively integrating our contributions into
the baseline. The comparison is conducted on M-OWODB for
OWOD task. We also include the performance of D-DETR and
an upper limit (D-DETR trained with ground-truth annotations for
unknown classes), reported by OW-DETR.

Task IDs (→) Task 1 Task 2

U-Recall mAP (↑) U-Recall mAP (↑)

(↑)
Current
known (↑)

Previously
known

Current
known Both

Upper Bound 32.9 63.8 40.5 60.8 39.2 49.3
D-DETR [69] - 60.3 - 54.5 34.4 44.7

OWOBJ-Sobj 10.2 56.1 13.7 53.4 30.9 41.2
OWOBJ-Lobj 13.4 58.5 15.6 57.3 33.2 44.3
OWOBJ-LKL 19.2 62.3 20.2 60.1 35.2 46.1
OWOBJ-Lenergy 21.1 60.1 21.6 57.5 33.1 44.6
OWOBJ 23.6 61.4 23.8 58.4 34.4 45.7

Table 3. Results on the OV-LVIS benchmark.

Method Extra Data Pre-train Model APr

ViLD [15] - CLIP (ViT-B/32) 16.3
OV-DETR [57] - CLIP (ViT-B/32) 17.4

RegionCLIP [64] CC3M CLIP (RN50x4) 22.0
MEDet [6] CC3M CLIP (ViT-B/32) 22.4
Detic [65] IN-21k CLIP (text encoder) 26.2
OWL-ViT [35] - CLIP (ViT-L/14) 25.6
RO-ViT [23] ALIGN CLIP (ViT-B/16) 28.4
CORA [49] IN-21k CLIP (RN50x4) 28.1
CORA+OWOBJ IN-21k CLIP (RN50x4) 31.7

ison. We also conduct analyses of each component within
our framework (refer to §D for visualization results).

5.1. Open World Object Detection
Setup. In what follows, we employ the widely uti-
lized OWOD benchmark known as the ‘superclass-mixed

Table 4. Results on Few-Shot Object Detection across varying K.

Method / Shots Shot Number K
1 2 3 5 10 30

Meta R-CNN [52] - - - - 8.7 12.4
TFA [47] 4.4 5.4 6.0 7.7 10.0 13.7
MPSR [48] 5.1 6.7 7.4 8.7 9.8 14.1
FSCE [43] - - - - 11.9 16.4
KFSOD [61] - - - - 18.5 22.8
TENET [60] - - - - 19.1 23.7
DeFRCN [37] 9.3 12.9 14.8 16.1 18.5 22.6
DeFRCN+OWOBJ 11.9 15.6 17.9 19.4 23.8 26.4

OWOD benchmark’ (M-OWODB) [20] and the ‘superclass-
separated OWOD benchmark’ (S-OWODB) [17]. M-
OWODB organizes images from COCO [29], PASCAL
VOC2007 [12], and PASCAL VOC2012 into T = 4 in-
cremental tasks, adding 20 labeled classes per task. During
testing, all classes from current and previous tasks are de-
tected. S-OWODB, which focuses on COCO dataset, adds
classes by super-categories per increment to preserve super-
class integrity.

Figure 3. t-SNE visualization of query embeddings derived from
three variants. Best viewed in color with zoom.

Known Objects
Unknown Objects
Background

Known Objects
Unknown Objects
Background

Known Objects
Unknown Objects
Background

(a) OWOBJ (b) OWOBJ-LKL (c) OWOBJ-Lobj

Comparisons. Table 1 presents a comparison of our
OWOBJ (build upon PROB and MEPU-FS) with other
OWOD methods. S-OWODB has been recently introduced
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to OW-DETR [17] and only ORE [20], OW-DETR [17],
PROB [71] and MEPU-FS [14] provide performance met-
rics on such a new split dataset (bottom). This dataset in-
volves a full super-category separation across tasks, mak-
ing it more challenging for OWOD settings. Our MEPU-
FS+OWOBJ demonstrates notable improvements in un-
known recall (U-Recall), along with additional enhance-
ments in known object mAP, compared to other methods.

In comparisons across four tasks and two benchmarks,
PROB+OWOBJ demonstrates a significant improvement in
detecting unknown objects, with a 5% increase in U-Recall
over the previous state-of-the-art PROB. This highlights
the importance of jointly modeling probabilistic objectness
and categorical labels for effective OWOD detection. A
closer examination of the results in §B reveals that OWOBJ
achieves higher accuracy in unknown object detection, as
reflected by significantly lower A-OSE values (a ∼3K de-
crease across three tasks). In terms of known object de-
tection, our method consistently outperforms all previous
state-of-the-art OWOD techniques in terms of known object
mAP. Specifically, compared to the strong baseline PROB,
our approach achieves ∼+3% mAP in both M-OWODB
(Table 1, top) and S-OWODB (Table 1, bottom). This im-
provement underscores the effectiveness of capturing the
underlying objectness distribution, which, in turn, enhances
the detection of known objects in OWOD. Further evidence
is shown in §C.1.

Ablations. Due to the limited training samples in the initial
two tasks, we conduct our ablation study on the challeng-
ing Task1 and Task2 of M-OWODB, as detailed in Table
2. We observe that removing objectness scores as unknown
pseudo-labels and substituting randomly generated soft la-
bels (OWOBJ-Sobj) significantly decreases performance
for both known and unknown detection. As shown in Fig.
1b, random labels lead to greater overlap across object ener-
gies, indicating reduced discriminative power. In the variant
OWOBJ-Lobj , which excludes the objectness loss in the
training stage, the model fails to optimize the latent distri-
bution and to effectively capture what an object should look
like, leading to unreliable guidance and impaired perfor-
mance (-10.2%). As expected, omitting the KL divergence
(OWOBJ-LKL) leads to overfitting towards known classes,
which adversely impacts unknown recall (-4.4%). Finally,
without the energy-based margin loss (OWOBJ-Lenergy),
potential unlabeled object scores are become significantly
lowered, resulting in increased misclassification negatively
impacting both unknown recall and known mAP. See Fig.
3a, 3b and 3c. Without LKL, known embedding variance
decreases, overfitting the model to known objects and mis-
classifying unknown objects as known ones (yellow vs.red
points). Without Lobj , the detector fails to perceive object-
ness, clustering all embeddings together.

Fig. 4a shows how a dynamic Gaussian prior stabilizes

KL divergence, preventing rapid divergence as σ decreases.
Fig. 4b displays U-Recall for dynamic Gaussian prior ad-
justed by β values, with β = 0.5 performing best.

Figure 4. Fig. 4a: Dynamic prior w.r.t. β stabilizes the KL diver-
gence vs. normal prior N (0, 1); Fig. 4b: U-Recall of dynamic
prior across various β with dashed lines representing the static
prior.
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5.2. Few- and Zero-Shot Object Detection

Results. Table 4 shows COCO evaluation results for FSOD
with 1, 2, 3, 5, 10, 30-shot setting, reported as the standard
COCO-style mAP. Our approach consistently surpasses the
strong baseline across all settings, achieving a notable 4.2%
improvement in the 30-shot setting and even a 2.6% gain
in the challenging 1-shot scenario. Zero-Shot OVOD evalu-
ates generalization to novel classes, unseen during training.
Again, without altering the inference step, Table 3 shows
that CORA+OWOBJ outperforms CORA by +3.6%.

6. Conclusions

Detecting objects in the open-world is challenging due to
limited training data and the need for generalization to
unseen classes. A crucial aspect is effectively modeling
the objectness conditioned on observed samples. Previous
methods rely on heuristic designs or require fine-tuning on
downstream tasks for class-aware detection. We are the first
to model the joint distribution of latent objectness and cat-
egory labels, achieved through the variational approxima-
tion. Our theory also identifies the root cause of object-
ness posterior collapse, which we address with a dynamic
Gaussian prior. Additionally, the proposed energy-based
margin loss regularizes the energy space, guiding unknown
objects toward high-probability density regions and reduc-
ing uncertainty in detection. Experimental results show that
our approach achieves superior performance in detecting
novel/unseen objects in the low-data regime in Open-World,
Few-Shot, and Zero-Shot object detection tasks. We be-
lieve OWOBJ represents a step forward in open-world novel
object understanding, offering new insights for future re-
search.
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