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Abstract
Open-world object detection (OWOD) aims to detect known
and unknown objects in dynamic environments. However,
only known classes are labeled during training, making it
challenging for detectors to recognize unknown objects dur-
ing inference. Existing methods typically rely on supervi-
sion from known categories, leading models to overconfi-
dently misclassify visually similar unknowns as known, and
dissimilar ones as background. This known-class prior bias
limits the model’s ability to detect unknown objects. In this
paper, we propose a novel method, OW-DAR, which en-
hances foreground-background separability through collabo-
rative fine-grained and coarse-grained modeling. At the fine-
grained level, we propose Fine-grained Masked Reconstruc-
tion (FMR), which randomly masks regions of the feature
map to guide the reconstruction toward semantic structures,
rather than memorizing low-level patterns. At the coarse-
grained level, we propose Adaptive Region-based Error Ag-
gregation (AREA), which operates on object proposals to
aggregate reconstruction errors. This enables the model to
attend to semantically ambiguous foreground-background
boundaries while suppressing the influence of local outliers
during optimization. Finally, we leverage robust reconstruc-
tion errors to perform unsupervised foreground-background
modeling, enabling probabilistic estimation for potential un-
known objects. We validate the effectiveness of OW-DAR
on standard OWOD benchmark. Experimental results demon-
strate that OW-DAR consistently outperforms existing state-
of-the-art methods, achieving a +18.8 improvement in un-
known object recall (U-Recall).

Code — https://github.com/lllhye/OW-DAR

Introduction
Object detection is a fundamental task in computer vision,
widely applied in fields such as autonomous driving (Ma
et al. 2022; Li et al. 2022), robotics (Nie et al. 2023; Bai
et al. 2024), and medical imaging (Elakkiya et al. 2022;
Karri et al. 2022). However, most existing object detection
methods operate under the closed-world assumption, where
models are trained on a static and predefined set of object
categories, a condition that rarely holds in real-world en-
vironments. To improve the adaptability of object detectors
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Figure 1: (a) Ground-truth annotations. (b)-(c) Predictions of
unknown (red) and known (blue) objects from ORE and our
method. (d) U-Recall on the standard OWOD benchmark for
SOTA methods. (e) Reconstruction error distribution before
training, where foreground and background are not clearly
distinguishable. (f) Our method enables better separation be-
tween foreground and background after training.

to unknown categories, Continual Object Detection (COD)
(Menezes et al. 2023) has been proposed, enabling models to
incrementally expand their category space. However, train-
ing under COD settings often involves shifts in the input dis-
tribution and is prone to catastrophic forgetting (Kirkpatrick
et al. 2017; Doan et al. 2021), making it difficult for models
to retain knowledge of previously learned categories.

While COD allows for incremental learning of known
categories, it is not designed to handle entirely unknown
classes. To this end, Open World Object Detection (OWOD)
(Joseph et al. 2021) introduces a more realistic setting,
where models are trained with labeled known categories
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while being required to detect and incrementally learn
unknown categories without any supervision. Despite its
stronger alignment with real-world demands, OWOD intro-
duces new challenges. In particular, due to the absence of
supervision for unknown objects, models often struggle to
recognize such instances effectively and may erroneously
classify them as background.

To address this issue, existing OWOD methods com-
monly rely on pseudo-labeling mechanisms to facilitate the
discovery of unknown objects. For instance, ORE (Joseph
et al. 2021) selects background regions with high ob-
jectness scores as potential unknowns, while OW-DETR
(Gupta et al. 2022) leverages attention mechanisms to super-
vise high-confidence candidate regions. However, these ap-
proaches heavily depend on objectness knowledge learned
from known categories, which exacerbates the problem of
known-class prior bias—making it difficult f or models to
distinguish unknown objects from background regions. This
bias manifests in two ways: when an unknown object is sig-
nificantly different from known categories, it is often ig-
nored as background; conversely, when it appears similar in
the feature space, it is likely to be misclassified as a known
category. As illustrated in Fig. 1(b), although the skateboard
(an unknown object) is clearly visible, ORE (Joseph et al.
2021) fails to detect it correctly due to its low similarity to
any known category (e.g., “person”) in the feature space.

To overcome this limitation, we draw inspiration from
human perception theories, particularly predictive coding
(Clark 2013; Friston 2010) and global-local processing
(Navon 1977), which suggest that humans detect unknown
stimuli by minimizing prediction errors across multiple lev-
els of granularity. At a coarse (global) scale, overall struc-
ture and saliency are perceived, while at a fine (local) scale,
detailed differences are discerned. This dual-granularity per-
ception facilitates robust unknown object recognition under
complexity and ambiguity.

Motivated by this mechanism, we propose a novel
OWOD method, OW-DAR, explicitly modeling foreground-
background differences using dual-granularity reconstruc-
tion error modeling. As shown in Fig. 1(c-f), this design
facilitates more accurate and robust estimation of unknown
object probabilities. Our method significantly improves U-
Recall by +18.8 percentage points over prior state-of-the-art
(SOTA) methods (Joseph et al. 2021; Gupta et al. 2022; Zo-
har, Wang, and Yeung 2023; Ma et al. 2023a; Doan et al.
2024; Sun, Li, and Mu 2024; Fang et al. 2025), while em-
ploying a purely convolutional architecture without intro-
ducing additional parameters, thereby offering a significant
advantage in inference speed.

Our main contributions are as follows:

• We enhance unknown object detection through collabo-
rative modeling at fine-grained and coarse-grained levels,
and enable unbiased probabilistic estimation for them.

• We propose the Fine-grained Masked Reconstruction
(FMR), which performs element-wise masking to selec-
tively obscure feature inputs and guides the model to fo-
cus on reconstructing semantically structures.

• We propose the Adaptive Region-based Error Aggrega-

tion (AREA), which adaptively aggregates reconstruc-
tion errors over object proposals, enabling the model
to distinguish ambiguous foreground-background bound-
aries and suppress noise from local outliers.

• Extensive experiments on standard OWOD benchmarks
demonstrate OW-DAR consistently outperforms existing
SOTA methods, achieving 52.1 U-Recall and 75.1 mAP.

Related Works
Open-World Object Detection
Object detection has achieved remarkable progress with
model families such as R-CNN (Girshick 2015; Girshick
et al. 2014; He et al. 2017; Ren et al. 2016), YOLO (Red-
mon 2016; Ge et al. 2021; Khanam and Hussain 2024),
and DETR (Carion et al. 2020a,b; Zhao et al. 2024).
However, their ability to detect unknown objects in com-
plex real-world scenarios remains limited. To address this,
Open World Object Detection (OWOD) is introduced by
ORE (Joseph et al. 2021), posing a challenging task in which
the detector must recognize unknown objects in fully open
environments without prior annotations and support incre-
mental learning for new categories. Most OWOD methods
rely on heuristic cues to localize unknowns. ORE selects
high-objectness proposals from the RPN; OW-DETR (Gupta
et al. 2022) assigns pseudo-labels to top-k regions ranked by
average scores; CAT (Ma et al. 2023a) combines cascaded
decoding with adaptive pseudo-labeling to reduce category
bias. PROB (Zohar, Wang, and Yeung 2023) models known
instances to discover unknowns; Hyp-OW (Doan et al. 2024)
adopts similarity-based relabeling; ORTH (Sun, Li, and Mu
2024) enforces orthogonality in feature space to reduce
object-class entanglement. Although these approaches have
made notable progress in OWOD, they all inherently depend
on supervision from known categories, making it difficult to
avoid the known-class prior bias. These limitations motivate
us to explore unsupervised foreground-background model-
ing based on fine-grained and coarse-grained collaboration,
enabling unbiased probabilistic estimation for potential un-
known objects in open-world scenarios.

Reconstruction-based OOD Detection
Out-of-Distribution (OOD) detection refers to identify and
reject test samples that fall outside the distribution of a
model’s training data. Reconstruction-based methods (De-
nouden et al. 2018; Zhou 2022; Jiang et al. 2023) assume
that an encoder-decoder architecture trained exclusively
with in-distribution (ID) data typically yields higher recon-
struction errors when encountering OOD samples. Conse-
quently, ID and OOD samples can be effectively discrim-
inated by analyzing reconstruction errors during inference.
Denouden et al. (Denouden et al. 2018) introduced the Ma-
halanobis distance in the latent space to more accurately cap-
ture OOD samples that are distant from the ID distribution
yet remain near the manifold of the latent representation.
Zhou et al. (Zhou 2022) further formalized reconstruction-
based OOD detection into a quadruplet domain translation
framework, significantly enhancing detection performance
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Figure 2: Overall architecture of OW-DAR. (a) We build on a Faster R-CNN architecture with FPN to extract multi-scale fea-
tures for detecting both known and unknown objects. (b) A dual-granularity auto-encoder reconstructs element-wise masked
feature maps at a fine-grained level and aggregates reconstruction errors at the object proposal level via AREA to enhance
foreground-background separability. (c) Robust reconstruction errors are employed to perform unsupervised modeling of fore-
ground and background, enabling probabilistic estimation of potential unknown objects from noisy proposals.

by employing semantic reconstruction, data certainty de-
composition, and normalized L2 distance strategies. Addi-
tionally, Jiang et al. (Jiang et al. 2023) proposed READ,
which maps pixel-level reconstruction errors into the la-
tent feature space of a classifier, effectively integrating the
strengths of auto-encoders and classification models. In-
spired by these reconstruction-based OOD detection ap-
proaches, we revisit the potential application of reconstruc-
tion error modeling in OWOD. Unlike traditional image-
level reconstruction paradigms, our work focuses specifi-
cally on the discriminative capability of reconstruction er-
rors to differentiate foreground and background regions.

Methodology
Given the inherent differences in visual structure and occur-
rence frequency between foreground and background, we
leverage reconstruction error as a discriminative signal for
unsupervised modeling. Background regions typically pro-
duce low errors, while structurally diverse foregrounds yield
higher errors (Fang et al. 2025). Based on this insight, we
build OW-DAR on the Faster R-CNN (Ren et al. 2016)
framework with a Feature Pyramid Network (FPN) (Lin
et al. 2017), and design a dual-granularity encoder-decoder
architecture to enhance foreground-background separability.
As shown in Fig. 2, the model leverages reconstruction error
across fine and coarse levels to support unsupervised proba-
bilistic modeling of potential unknown objects.

Fine-grained Masked Reconstruction
Traditional auto-encoders aim to reconstruct input data in an
unsupervised manner, with latent spaces primarily captur-
ing global statistical patterns rather than localized semantic
structures (Berthelot et al. 2018; Hinton and Salakhutdinov
2006). Low-complexity regions such as background regions
are easily reconstructed using simple patterns, while fore-
ground objects with fine semantic details are often smoothed

due to compression in the low-dimensional latent space,
leading to limited reconstruction error differences between
foreground and background. A natural solution might be
to employ a masked reconstruction strategy, such as the
masked auto-encoder (MAE) (He et al. 2022), which uses
random masking on input features to compel the model to
learn global context and predict missing regions. However,
the global random masking strategy in MAE does not ad-
equately focus on distinguishing between foreground and
background. Its objective is to learn holistic image-level rep-
resentations rather than enhance the separability of recon-
structed features across foreground and background.

To address this limitation, we propose Fine-grained
Masked Reconstruction (FMR), which performs element-
wise masking in the feature space with added noise per-
turbation. This guides the model to focus on local se-
mantic context rather than memorizing low-level patterns.
This strategy maintains low reconstruction errors in struc-
turally regular background regions while amplifying errors
in foreground regions with complex semantics and frequent
occlusions. The resulting contrast enhances foreground-
background separability and improves the recall of unknown
objects.

We employ the FPN to extract multi-scale feature maps
from input image I ∈ RH0×W0×3. For simplicity, we de-
scribe the masking process at a single representative scale,
where the feature map is denoted as X ∈ RHF×WF×C . We
perform element-wise random masking and generate a bi-
nary mask M ∈ {0, 1}HF×WF aligned with X, where each
element is sampled as:

Mi,j =

{
0, with probability r,

1, otherwise,
(1)

where r is the element-wise masking ratio applied in FMR.
We apply the binary mask M to the feature map X via
element-wise multiplication to obtain the masked feature
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map Xmask:
Xmask = X⊙M, (2)

where ⊙ denotes element-wise multiplication. The masked
features Xmask are subsequently processed by an auto-
encoder, comprising an encoder E(·) and a decoder D(·),
to reconstruct the original unmasked features:

X̂ = D (E (Xmask)) , (3)

where, X̂ ∈ RHF×WF×C denotes the reconstructed fea-
ture map from the masked input. Finally, we calculate the
element-wise reconstruction error E as follows:

E = ∥X̂−X∥, E ∈ RHF×WF×1. (4)
The error captures local reconstruction difficulty, with fore-
ground regions producing higher values due to structural
complexity and background regions producing lower values
due to their simplicity and repetition.

Adaptive Region-based Error Aggregation
Although fine-grained reconstruction enhances the discrim-
inability between foreground and background, directly re-
lying on element-wise reconstruction errors to detect un-
known objects may lead to misclassification in complex
backgrounds. Specifically, some background regions with
repetitive textures, local occlusions, or structural variations
may still produce high reconstruction errors, even though
they do not correspond to real foreground objects, which can
lead to false detections. Furthermore, extremely high values
at individual pixels can dominate the loss calculation, lead-
ing to unstable training and reduced model robustness.

To address these challenges, we propose Adaptive
Region-based Error Aggregation (AREA). This method ag-
gregates reconstruction errors at the object proposal level
and dynamically adjusts their contributions based on region-
level aggregation, enhancing the model’s ability to distin-
guish between foreground and background in ambiguous re-
gions. Unlike existing methods that treat all element-wise
errors equally, AREA explicitly models the structured er-
ror patterns within candidate regions, thereby improving the
recognition accuracy of potential unknown objects.

We adopt Selective Search (Uijlings et al. 2013) as the de-
fault unsupervised proposal generator. Notably, the strength
of OW-DAR lies not in the proposal strategy itself, but in its
ability to discriminate between foreground and background
regions, making it robust across diverse proposal sources.
Given each input image, we extract N candidate regions,
denoted as B = {bi}Ni=1. Each candidate box bi is defined
by its top-left coordinate (xi, yi) and its width and height
(wi, hi). We then use ROIAlign to extract region-level re-
construction errors Ebi

from the element-wise feature re-
construction error map E:

Ebi
= ROIAlign (E,bi) . (5)

Subsequently, we compute the mean of pixel-wise errors
within each region to suppress noise and capture region-
level semantic uncertainty:

ẽi =
1

|bi|
∑
j∈bi

ej . (6)

This aggregation process suppresses fine-grained fluctua-
tions in background reconstruction errors, thus allowing the
model to attend to semantically informative region-level er-
ror patterns rather than unstable variations at individual spa-
tial locations. The corresponding loss function is defined as
follows:

LAREA =
1

N

N∑
i=1

exp (−αẽi) · ẽ2i , (7)

where α controls the degree of dynamic adjustment, allow-
ing the model to suppress the influence of extreme recon-
struction outliers and progressively focus on foreground-
background boundary regions during training, rather than
being dominated by extreme reconstruction errors.

Unknown Probability Estimation
We observe that the reconstruction errors of foreground and
background exhibit a skewed distribution, indicating asym-
metry in their error characteristics. To model this, we adopt
asymmetric Weibull distributions for foreground and back-
ground (denoted as WBfg and WBbg), defined as follows:

WB(E;λ, k) =
k

λ

(
E

λ

)k−1

e−(
E
λ )

k

. (8)

After modeling the foreground and background distribu-
tions, we employ a soft-labeling mechanism to estimate the
likelihood that a potential unknown region corresponds to a
true unknown object. The soft label is computed as:

s(Euk) =

(
WBfg(Euk)

WBbg(Euk) + WBfg(Euk)

)γ

, (9)

where Euk ∈ RHF×WF×1 denotes the reconstruction error
map of a candidate unknown object. WBfg(·) and WBbg(·)
represent the probability density functions (PDFs) of the
asymmetric Weibull distributions for the foreground and
background regions, respectively. The hyperparameter γ
controls the sharpness of the soft label distribution: as γ →
∞, all pseudo labels are suppressed; conversely, as γ → 0,
all pseudo labels are treated as true unknowns.

Experiments
Details of the datasets, evaluation metrics, implementation,
and additional experimental analyses are provided in the Ap-
pendix.

Comparison With State-of-the-art Methods
We compare our proposed OW-DAR with recent SOTA
methods (Joseph et al. 2021; Gupta et al. 2022; Ma et al.
2023a; Zohar, Wang, and Yeung 2023; Doan et al. 2024;
Sun, Li, and Mu 2024; Fang et al. 2025; He et al. 2024),
with results summarized in Tab. 1. ORE-EUBI (Joseph et al.
2021) removes the energy model from ORE due to data leak-
age. MEPU-SS is a MEPU (Fang et al. 2025) variant with-
out the FreeSOLO (Wang et al. 2022) foundation model,
and PROB+SAM denotes PROB (Zohar, Wang, and Yeung
2023) with the SAM (Kirillov et al. 2023) module, as re-
ported in the SGROD (He et al. 2024) paper. As pointed
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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-EBUI (CVPR2021) 1.5 71.4 3.9 61.0 30.9 45.6 3.6 43.1 32.2 39.5 33.6 26.3 31.8
OW-DETR (CVPR2022) 5.7 73.1 6.2 65.0 29.0 46.0 6.9 46.7 25.7 39.7 38.2 28.1 33.1
CAT (CVPR2023) 24.0 74.2 23.0 67.6 35.5 50.7 24.6 51.2 32.6 45.0 45.4 35.1 42.8
PROB (CVPR2023) 17.6 73.5 22.3 66.3 36.0 50.4 24.8 47.8 30.4 42.0 42.6 31.7 39.9
Hyp-OW (AAAI2024) 23.9 72.7 23.3 - - 50.6 25.4 - - 46.2 - - 44.8
ORTH (CVPR2024) 24.6 71.6 27.9 64.0 39.9 51.3 31.9 52.1 42.2 48.8 48.7 38.8 46.2
MEPU-SS (TNNLS2025) 33.3 74.2 34.2 67.5 41.0 53.6 33.6 50.0 37.5 45.8 43.2 33.5 40.8

Ours: OW-DAR 52.1 75.1 51.6 69.8 43.5 55.8 50.2 53.1 42.9 49.7 48.9 39.7 46.6

MEPU-FS (TNNLS2025) 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+SAM 46.8 71.4 48.0 63.6 29.3 45.6 45.6 44.8 26.8 38.8 38.5 26.2 35.4
SGROD (TIP2024) 48.0 73.2 48.9 64.7 36.7 50.0 47.7 47.4 32.2 42.4 42.5 32.6 40.0

Ours: OW-DAR+SAM 54.0 74.8 53.2 69.2 42.3 54.8 51.6 52.3 42.3 48.9 48.7 39.1 46.3

Table 1: Comparison of open-world object detection performance (U-Recall). The table compares our OW-DAR with previ-
ous SOTA methods. The upper half compares methods without foundation models, while the lower half compares methods
with foundation models. U-Recall measures recall on unknown categories, and mAP evaluates detection on known categories.
Current Known, Previously Known, and Both indicate newly introduced categories, categories from earlier tasks, and all cate-
gories encountered so far, respectively. OW-DAR shows significant improvements in recall for unknown categories and achieves
competitive detection accuracy for known categories.

Task IDs (→) Task 1 Task 2 Task 3

U-Recall WI A-OSE U-Recall WI A-OSE U-Recall WI A-OSE
(↑) (↓) (↓) (↑) (↓) (↓) (↑) (↓) (↓)

ORE-EBUI (CVPR2021) 1.5 0.0240 2486 3.9 0.0400 6608 3.6 0.0260 6896
OW-DETR (CVPR2022) 5.7 0.0290 12721 6.2 0.0410 14970 6.9 0.0240 9197
CAT (CVPR2023) 24.0 0.0230 2097 23.0 0.0400 5784 24.6 0.0210 3545
PROB (CVPR2023) 17.6 0.0206 2014 22.3 0.0309 3358 24.8 0.0176 1545
MEPU-SS (TNNLS2025) 33.3 0.0200 1753 34.2 0.0280 3352 33.6 0.0200 2883

Our:OW-DAR 52.1 0.0186 1352 50.8 0.0242 2002 50.2 0.0152 1015

MEPU-FS (TNNLS2025) 37.9 0.0200 1710 35.8 0.0270 3197 35.7 0.0200 2862
PROB+SAM 46.8 0.0341 6109 48.0 0.0499 6520 45.6 0.0176 1545
SGROD (TIP2024) 48.0 0.0266 2522 48.9 0.0329 2294 47.7 0.0201 1382

Our: OW-DAR+SAM 54.0 0.0192 1480 53.2 0.0253 2132 51.6 0.0163 1128

Table 2: Analysis of unknown object confusion on S-OWODB. The table compares methods using metrics including U-Recall,
WI, and A-OSE. Our method achieves SOTA results in both U-Recall and A-OSE, while exhibiting competitive WI relative to
other methods. Note that these metrics are omitted for Task 4, as all 80 classes become known at this stage.

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

Base Model 33.3 74.2 34.2 67.5 41.0 53.6 33.6 50.0 37.5 45.8 43.2 33.5 40.8
OW-DAR-FMR 45.6 74.8 43.9 68.9 42.6 55.2 42.6 52.7 41.8 49.1 47.5 39.1 45.4
OW-DAR-AREA 48.2 74.6 47.2 68.5 42.1 54.6 45.9 52.2 41.3 48.5 47.2 37.5 44.8
Final: OW-DAR 52.1 75.1 51.6 69.8 43.5 55.8 50.2 53.1 42.9 49.7 48.9 39.7 46.6

Table 3: Component ablation study. Comparison on S-OWODB based on mAP for known categories and U-Recall for unknown
categories. OW-DAR-FMR is our model without the fine-grained FMR module. OW-DAR-AREA is our model without the
coarse-grained AREA module.
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Figure 3: Qualitative analysis. We compare representative SOTA methods including ORTH, MEPU-SS, and SGROD. Inference
speed (FPS) is measured on a single RTX 3090 GPU. Green boxes denote detected known objects, while yellow boxes highlight
predictions of potential unknown objects.

Method U-Recall (↑) K-mAP (↑) WI (↓) A-OSE (↓)

FreeSOLO 52.3 74.5 0.0194 1532
SAM 54.0 74.8 0.0192 1480
RandBox 51.8 75.2 0.0185 1368
Selective Search 52.1 75.1 0.0186 1352

Table 4: Comparison of different unsupervised region pro-
posal methods on Task 1. Our method adopts Selective
Search by default.

Method U-Recall (↑) K-mAP (↑) WI (↓) A-OSE (↓)

ℓ1-norm 47.8 74.5 0.0198 1708
ℓ2-norm 48.3 74.2 0.0196 1683
Huber 49.1 74.6 0.0197 1587
Ours 52.1 75.1 0.0186 1352

Table 5: Comparative analysis of different reconstruction
loss functions in Task 1.

Figure 4: Sensitivity analysis on the masking ratio in FMR.
(a) Impact on detection metrics (U-Recall and K-mAP). (b)
Impact on confusion metrics (A-OSE and WI).

out by FOMO (Zohar et al. 2023), foundation models (e.g.,
CLIP (Radford et al. 2021) and SAM), when pretrained on
large-scale web data, can cause serious data leakage when
applied to OWOD datasets, especially for CLIP-based meth-
ods. Therefore, we exclude SKDF (Ma et al. 2023b), which
uses CLIP as its backbone, from comparison.

It should be noted that although our extended experiments
include SOTA methods based on SAM-generated pseudo la-
bels, these methods still suffer from data leakage. Unlike
CLIP, SAM does not encode explicit category-level seman-
tic knowledge. Its data leakage primarily manifests at the
masking level. Due to data leakage from foundation model-
based pseudo labels, MEPU provides two variants: MEPU-
FS (with FreeSOLO) and MEPU-SS (without it). Under
the SAM-based setting, we compare with MEPU-FS and
SGROD, which also leverage foundation model knowledge.

Identifying Potential Objects (T1) Tab. 1 compares OW-
DAR with recent SOTA methods on the OWOD bench-
mark. For unknown-class recall, compared to ORTH (with-
out foundation model), OW-DAR achieves a +27.5 gain
in U-Recall. It also outperforms SGROD (with foundation
model) by +6.0, and MEPU-SS (without FreeSOLO) by
+18.8. For known-class detection, OW-DAR remains com-
petitive, surpassing Hyp-OW and ORTH by +2.4 and +3.5
mAP, respectively. Notably, OW-DAR outperforms all these
methods without relying on any vision foundation model.
To assess the effect of foundation models, we introduce
SAM-based supervision. With SAM, OW-DAR achieves a
marginal U-Recall improvement of approximately +2.0. In
contrast, PROB gains approximately +30.0 after incorpo-
rating SAM, indicating potential data leakage from pre-
trained foundation models. These results indicate that OW-
DAR’s improvements mainly arise from its dual-granularity
reconstruction-error modeling and probabilistic estimation
of unknown objects, rather than reliance on external founda-
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tion model knowledge.

Incremental learning (T2-T4) As shown in Tab. 1, OW-
DAR consistently outperforms ORTH and MEPU-SS across
Tasks 2 to 4. It achieves superior U-Recall while maintaining
strong detection performance on current known categories,
demonstrating its ability to effectively balance unknown ob-
ject discovery and known-class recognition.

As shown in Tab. 2, we further evaluate the confusion be-
tween known and unknown categories. OW-DAR not only
achieves a significant improvement in U-Recall but also es-
tablishes new SOTA performance on WI (Dhamija et al.
2020) and A-OSE (Miller et al. 2018), indicating its abil-
ity to recall more unknown objects while effectively distin-
guishing between known and unknown categories.

Ablation Study
Component ablation study. (Tab. 3) Removing FMR
leads to a clear drop in open-set performance (U-Recall),
indicating its effectiveness in reducing misclassification of
unknown objects as background or known classes. Simi-
larly, removing AREA degrades both closed-set (mAP) and
open-set (U-Recall) performance, further validating its role
in mitigating foreground-background confusion and allevi-
ating known-class prior bias.

Unsupervised Region Proposal (Tab. 4) We evaluate
several representative unsupervised region proposal meth-
ods, including the foundation models FreeSOLO (Wang
et al. 2022) and SAM (Kirillov et al. 2023), as well as
non-foundation alternatives such as Selective Search (Ui-
jlings et al. 2013) and RandBox (Wang et al. 2023). Among
these, Selective Search serves as the default proposal gen-
erator in our method. Notably, although Selective Search
is a well-established classical method and tends to gener-
ate many background regions, it still achieves a U-Recall
of 52.1, validating the effectiveness of our dual-granularity
reconstruction-error modeling. In addition, RandBox, which
serves as a fully random proposal generator without prior
knowledge, still achieves a competitive U-Recall of 51.8
in our framework. This result indicates that OW-DAR re-
mains effective even without semantically guided propos-
als because it provides stronger foreground and background
separation. In contrast, although FreeSOLO and SAM im-
prove U-Recall, they also raise WI and A-OSE and intro-
duce a slight decrease in K-mAP due to noisy pseudo boxes
produced by large models competing with ground-truth an-
notations. These observations demonstrate that the strength
of OW-DAR does not depend on proposal quality but on its
ability to accurately identify unknown objects within a large
set of mixed foreground and background candidates.

Ablation on reconstruction loss in AREA (Tab. 5) We
analyze several representative reconstruction loss functions
within the proposed AREA module, including ℓ1-norm, ℓ2-
norm, and Huber loss (Friedman 2001). Compared to these
static methods, our adaptive region-based reconstruction
loss achieves the best performance across all metrics, sig-
nificantly reducing WI and A-OSE. This validates the effec-
tiveness of region-level aggregation and dynamic weighting.

Sensitivity Analysis (Fig. 4) We perform a sensitivity
analysis on the masking ratio in the FMR module to assess
its impact on detection performance. The optimal results
are achieved with a masking ratio of 0.6, striking a strong
balance between U-Recall and K-mAP, while minimizing
open-set confusion metrics (A-OSE and WI). This config-
uration introduces moderate perturbation to foreground and
background regions, improving semantic reconstruction and
foreground-background separability, thereby enhancing the
recall of unknown objects.

Visualization
Fig. 3 presents a qualitative comparison of representative
methods, including ORTH (Sun, Li, and Mu 2024), MEPU-
SS (Fang et al. 2025), SGROD (He et al. 2024), and our
OW-DAR. In the first row, ORTH yields sparse predictions
and misses multiple unknown objects such as the televi-
sion and the lamp. MEPU-SS identifies the cat and dog
but overlooks several unknown items, including the framed
paintings. SGROD incorrectly assigns large background ar-
eas (e.g., wall and floor) as unknown, producing many false
positives. In contrast, OW-DAR provides accurate and com-
pact detections for both known and unknown objects. In the
second row, OW-DAR successfully recovers numerous un-
known objects, including the television, tabletop items, and
the cabinet. SGROD exhibits redundancy and background
confusion, while MEPU-SS and ORTH detect only a subset
of small or partially occluded unknown objects, such as the
decorative items near the bottom corners. Additionally, OW-
DAR reaches the highest inference speed at 35.42 FPS on an
RTX 3090, surpassing SGROD (24.51), MEPU-SS (32.25),
and ORTH (31.84) while maintaining strong accuracy.

Conclusions
In this paper, we propose OW-DAR, which enhances fore-
ground and background separability through the collabora-
tive design of a fine-grained FMR module and a coarse-
grained AREA module. The former guides the model to
reconstruct semantically structures, thereby improving its
ability to distinguish between foreground and background.
The latter focuses on semantically ambiguous boundaries
between foreground and background, while simultaneously
suppressing the influence of local outliers. Together, these
components enable OW-DAR to effectively address the
known-class prior bias, achieving strong performance in
detecting unknown objects. Importantly, OW-DAR rede-
fines the focus from generating foreground regions to ef-
fectively distinguishing unknown objects from a large pool
of mixed foreground and background candidates. Therefore,
OW-DAR achieves state-of-the-art performance without re-
lying on knowledge from any foundation model. We expect
that OW-DAR will promote the broader adoption of OWOD
in real-world environments.
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