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Abstract

Detecting in open-world scenarios poses a formidable chal-
lenge for models intended for real-world deployment. The
advanced closed set object detectors achieve impressive per-
formance under the closed set setting, but often produce over-
confident misprediction on unknown objects due to the lack
of supervision. In this paper, we propose a novel Eviden-
tial Object Detector (EOD) to formulate the Open Set Object
Detection (OSOD) problem from the perspective of Eviden-
tial Deep Learning (EDL) theory, which quantifies classifica-
tion uncertainty by placing the Dirichlet Prior over the cate-
gorical distribution parameters. The task-specific customized
evidential framework, equipped with meticulously designed
model architecture and loss function, effectively bridges the
gap between EDL theory and detection tasks. Moreover, we
utilize contrastive learning as an implicit means of eviden-
tial regularization and to encourage the class separation in
the latent space. Alongside, we innovatively model the back-
ground uncertainty to further improve the unknown discovery
ability. Extensive experiments on benchmark datasets demon-
strate the outperformance of the proposed method over exist-
ing ones.

Introduction

Thanks to the powerful learning representation ability, deep
neural networks have achieved great success in object detec-
tion (Girshick 2015; Ren et al. 2015; Redmon et al. 2016)
under the closed world assumption, i.e., training and testing
sets follow the same class distribution. However, in the de-
ployment of real-world detector, unknown objects that were
not seen during training (even in the background) may ap-
pear. Although object detector is trained to reject objects
of no interest as background, deep neural networks tend to
misclassify some unknown objects into one of the known
classes since they have not been presented during training
(Nguyen, Yosinski, and Clune 2015; Dhamija et al. 2020).
This could lead to disastrous results in safety-critical appli-
cations such as autopilot. Therefore, the concept of Open Set
Object Detection (OSOD) is proposed, which aims to detect
the objects of interest correctly and recognize the unknown
objects during testing.
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(a) Faster R-CNN

(c) Faster R-CNN (d) EOD (Ours)

Figure 1: Compared to Faster R-CNN, which may misclas-
sify unknown as incorrect known (a) or completely ignore
unknown (c) in the open set problem, the proposed EOD
can well locate and identify the unknown objects (b, d).

Compared with previous OSOD works (Miller et al. 2018;
Du et al. 2022; Han et al. 2022), e.g., simply augmenting the
K-way classifier to the K+1-way classifier based on com-
paratively simple and heuristic decision rules, thus causing
to suffer from mistaking high probability scores for model
certainty. Our method draws inspiration from the Evidential
Deep Learning (EDL) theory and estimates epistemic uncer-
tainty from the perspective of model confidence, which has
better mathematical basis and interpretability. However, as
the EDL theory was initially validated in relatively simple
experiments, its direct application to real-world tasks often
faces challenges of sensitivity to initialization and approx-
imation difficulties. To address these problems, we further
introduce task-specific customized modifications for OSOD.

In this paper, we propose Evidential Object Detector
(EOD) for the OSOD task. More specifically, we estimate
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the Dirichlet Prior of the categorical distribution parame-
ters based on the evidential theory and predict objects with
high uncertainty as unknown. Furthermore, our customized
framework introduces a meticulously designed loss func-
tion to train the detector for better evidence acquisition. It is
worth noting that since the newly introduced EDL head can
be regarded as a natural replacement of classification head
with different optimization targets, it can plug and play on
existing closed set object detectors without any adjustment
to the model structure. And by encouraging class separation
in the feature space and implicit regularization of evidenital
learning, the auxiliary contrastive learning module provides
the ideal characteristic for the open set problem. Figure 1
shows an example of our proposed method. The main con-
tributions of our work can be summarized as:

* We establish an Evidential Object Detector (EOD)
framework to formulate the OSOD task as an uncertainty
estimation problem based on the evidential deep learning
theory.

* The task-specific customized framework introduces a
novel hybrid evidential loss and weak regularization term
to accelerate early-stage evidence extraction and alleviate
later-stage over-fitting for achieving stable OSOD perfor-
mance.

* We adopt contrastive learning as an implicit evidence
regularization method and encourage class separation in
the feature space.

» Extensive experiments on several benchmark datasets
show that the proposed EOD outperforms existing meth-
ods and achieves new state-of-the-art results.

Related Work

Open Set Recognition. The task of Open Set Recognition
(OSR) was formalized in (Scheirer et al. 2012), which re-
quires a classifier not only to accurately classify the images
of known classes but also to reject unknown ones during
testing. A benchmark OSR method is OpenMax (Bendale
and Boult 2016), which replaced the SoftMax layer in DNNs
with an OpenMax layer. This method redistributed the prob-
ability distribution of Softmax and obtained the class prob-
ability of unknown samples. More recently, (Sun et al.
2020) proposed Conditional Gaussian Distribution Learning
(CGDL) model, which used Conditional VAE with the prob-
abilistic ladder architecture (Rasmus et al. 2015; Sgnderby
et al. 2016) to model the probability distribution of each
known class in the latent space. (Zhou, Ye, and Zhan 2021)
proposed PROSER, which prepared for the unknown classes
by learning placeholders for both data and classifier. Despite
significant progress in OSR, OSOD remains challenging due
to the complexity of various OSR methods, which cannot be
readily applied to the classification sub-network of object
detectors.

Deep Learning Uncertainty. To ascertain the reliability
of deep learning outputs, numerous researchers have focused
on modeling and quantifying uncertainty within the neu-
ral network. (Hiillermeier and Waegeman 2021) proposed
the concepts of aleatoric uncertainty (the uncertainty caused
by the noisy input data) and epistemic uncertainty (the un-
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certainty caused by missing training data). Bayesian Neu-
ral Networks (BNNs) (Denker et al. 1987; Tishby, Levin,
and Solla 1989) introduces uncertainty to the weight of neu-
ral network through Bayesian learning, but is limited by
the intractability of posterior inference and the difficulty
of specifying a meaningful prior. Ensemble methods (Sagi
and Rokach 2018; Hansen and Salamon 1990) estimate un-
certainty and derive predictions based on multiple decision
makers. Test-time data augmentation methods (Molchanov
et al. 2020) quantify uncertainty based on several inference
results by using different data augmentations in the testing
phase. However, both the ensemble methods and the test-
time data augmentation methods suffer from the drawbacks
of high computation effort and memory consumption.

Evidential Deep Learning (EDL) was proposed by (Sen-
soy, Kaplan, and Kandemir 2018) for uncertainty quantifi-
cation, and can be used both for the classification and re-
gression tasks (Amini et al. 2020). In classification, EDL
assumes that class probability follows the Dirichlet distri-
bution and each parameter of the Dirichlet distribution ac-
counts for the evidence of each class. As a single determin-
istic network method, it boasts higher computational effi-
ciency and lower memory cost compared with other uncer-
tainty estimation methods. Recently, evidential deep learn-
ing has shown great potential in real-world applications, e.g.,
(Bao, Yu, and Kong 2021) incorporated the evidential the-
ory with video action recognition tasks and achieved im-
pressive results. However, EDL faces challenges related to
sensitivity to initialization and training process parameters
(Gawlikowski et al. 2021), which are rarely addressed. In
contrast, we have meticulously designed a customized ev-
idential framework specifically for OSOD, mitigating this
phenomenon from the perspective of loss design.

Open Set Object Detection. Open Set Object Detection
(OSOD) can be viewed as an extension of Open Set Recog-
nition (OSR). (Miller et al. 2018) proposed Dropout Sam-
pling to approximate Bayesian neural network by keeping
the Dropout layers activated during testing, to produce dif-
ferent prediction results and extract label uncertainty to im-
prove the robustness of object detectors in open set con-
dition. (Dhamija et al. 2020) first formalized the problem
of open set object detection and proposed open set evalu-
ation protocol Average Wilderness Impact (AWI) to quan-
tify the sensitivity of an algorithm to open set. (Joseph et al.
2021) proposed ORE, leveraging contrastive clustering, Un-
known Aware RPN and Energy Based Unknown Identifier,
to address the challenges of unknown detection and incre-
mental learning. (Han et al. 2022) proposed OpenDet with
Contrastive Feature Learner (CFL) and Unknown Probabil-
ity Learner (UPL) to separate high/low-density regions in
the latent space to detect unknown classes. Compared with
the prior works, we are the first to introduce Evidential deep
learning (EDL) theory in OSOD tasks. Our approach explic-
itly formulates the open set problem from the perspective of
Bayesian Prior and achieves state-of-the-art results.

Methodology

Without loss of generality and to ensure fair comparison
with existing algorithms, we use Faster R-CNN with Fea-
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Figure 2: Overview of our proposed method. EDL head predicts evidence e to model the Dirichlet distribution of class proba-
bility. ACL head encourages class separation in the latent space. The expected probability p and uncertainty « derived from the
Dirichlet distribution are used for known classification and unknown identification.

ture Pyramid Network (FPN) (Lin et al. 2017) as the base
detector. The proposed Evidential Object Detector (EOD) is
illustrated in Figure 2.

Customized Evidential Framework

Evidence Formation Evidenital deep learning is essen-
tially a K-way classification system based on the Dirich-
let hypothesis, where class probability follows the Dirichlet
Prior. It utilizes deep neural network to directly learn the
parameters & = [ay, - -+, ak] € R of the Dirichlet poste-
rior distribution Dir(p|a). The class probability of K cat-
egories p = [p1, - ,pK| € Rk is regarded as sampling
from Dir(p|a). It provides a heuristic way to quantify clas-
sification uncertainty without using Softmax to model the
class probability.

In our proposed method, the traditional Faster R-CNN’s
Softmax-based classification head is replaced with a novel
Evidential Deep Learning (EDL) head. For the plug-and-
play purpose, the EDL head shares the same Multilayer Per-
ceptron (MLP) structure as the previous classification head.

Following the theoretical framework in (Sensoy, Ka-
plan, and Kandemir 2018), for each proposal feature x,
we use the neural network to directly learn evidence e =
[e1, - ,ex] > 0 for each class k. We employ exponent on
the neural network output to ensure tractable training and
non-negative evidence, which has been demonstrated to be
more efficient than using ReLU or Softplus:

e = exp(NN(x)) ()

The corresponding Dirichlet distribution parameters ¢ and
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Dirichlet strength S can be calculated as:

K
a:e+1,S:Zai

=1

2

The uncertainty u and expected probability p for class k are
computed as:

K

S

. 8%

u apkzg

3)

By introducing evidential theory and contrastive learning,
the loss function in Evidenital Object Detector (EOD) is de-
fined as:

Etotal = Erpn + ‘Creg +Lepr + L:CL
= Lrpn + ‘C'reg + (EHybm'd + 'Vthr) +Lcr B

where L,,, denotes the total loss of RPN; L., is the
smooth L1 loss for box regression; L¢y stands for con-
trastive learning loss; £Lgpy, for evidence formation is com-
posed of the proposed hybrid evidential loss Lprypriq and
weak regularization term L,,-; and 7; serves as annealing
coefficient, which is increased gradually with iteration ¢.

Hybrid Evidential Loss EDL uses Type II Maximum
Likelihood or Bayes risk as evidential loss function to max-
imize the collection of evidence to support accurate classi-
fication. For the cross-entropy loss, the Bayes risk Lcop,,. is



The Thirty-Eighth AAAI Conference on Artificial Intelligence (AAAI-24)

defined as:
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where y is the ground truth label; ¢ (-) is the digamma func-
tion; S and « are the Dirichlet strength and parameters.

For the Mean Square Error (MSE), the Bayes risk
Lursk,, is defined as:
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where y is the ground truth label; S and p are the Dirichlet
strength and expected probability.

Due to the increased difficulty in approximating the
Dirichlet Prior compared to the categorical distribution, se-
lecting an appropriate loss function becomes crucial in effec-
tively training the model. However, both above losses have
deficiencies. Lyrsg,, is more likely to fall into local min-
ima, and suffers from slow weight update during early train-
ing. Lcg,, is hard to optimize and exhibits relatively less
stable performance in practical applications (Sensoy, Ka-
plan, and Kandemir 2018).

To solve such problem, we propose a novel Hybrid Evi-
dential Loss £ gybriq, Which is formulated as:

Lrybria = (1 — Af)CCEbT + MLySE,,

=(1-X) Z?JJ ¥ (o)) +

K
p] (1—p5)

- ;) ) @)
; (S+1)
Inspired by the fact that Lo, tends to generate exces-
sively high expected probability for classes compared with
LrsE,, (Sensoy, Kaplan, and Kandemir 2018), we leverage
Lcg,, to accelerate the early evidence learning and gradu-
ally increase the proportion of £sgg,, with annealing coef-
ficient \; as a means to prevent overfitting and ensure stable
OSOD performance.

Weak Regularization Term EDL introduced a Kullback-
Leibler (KL) divergence term L, to regularize the predic-
tive distribution by penalizing evidence for the incorrect la-
bels. However, this regularization term often leads to perfor-
mance degradation in real-world applications. Especially in
the detection tasks, the number of background proposals far

exceeds each foreground class. Penalizing all non-ground-
truth labels hinders the learning of foreground objects. To
solve the above problem, we introduce a novel weak regu-
larization term L,,,-, which selectively penalizes excessively
high evidence for incorrect labels:

Lur=BKLID(p|a)|D(p|1)] ®)

where 1 represents K ones vector; 3 serves as weighting fac-
tor; and & can be calculated from the following equations:

a=y+(l-y)oa €))

+(1-1lag<r(@) 0 (10)

where T is the pre-defined threshold; 14« is the indicator
function to filter excessive evidence for the incorrect labels
with threshold 7.

Further, the KL divergence term can be calculated as:

r (25:1 @k)
D(K) [They T (As)

K K
+> (@ —1) (v (a) -y [ Y4y
k=1 j=1

(11

where I'(-) and 1 (-) refer to the gamma function and the
digamma function, respectively.

& = lacr (&)

KL[D(p | &)[[D(p|1)] = log

Auxiliary Contrastive Learning

Learning more discriminative features for each category
would further help in the open set object detection task. In-
spired by (Joseph et al. 2021; Han et al. 2022), we model
it as a contrastive clustering problem, where the characteris-
tic of inter-class separation and intra-class aggregation is en-
couraged. Moreover, contrastive learning can also be viewed
as an implicit regularization method for eliminating shared
evidence, aligning with the same objective of the weak reg-
ularization term.

The adopted Auxiliary Contrastive Learning (ACL) mod-
ule consists of an ACL head (Multilayer Perceptron struc-
tured network) and a dynamic memory bank. In each iter-
ation, a batch of proposal feature maps is compressed into
low-dimensional embeddings by the ACL head. A queue-
based memory bank performs an enqueue/dequeue opera-
tion and updates the model based on the following con-
trastive learning loss L1, (Han et al. 2022):

N
1
Lor = i ZECL (2;) (12)
=1
Ler (2i) Y > log exp (55) o
| Me, 2, €M, ZZkEM\JVI eXP( - )
(13)

where N denotes the batch size, v and 7 serve as weight-
ing factor and temperature hyperparameter, c; is the class
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label of i-th proposal, M is the memory bank and M., is the
memory queue of class c;.

By optimizing Lc 1, the network is trained to maximize
the similarity within the same class while minimizing the
similarity across different classes.

Unknown Identification Procedure

Compared with other uncertainty-based OSOD methods
(Miller et al. 2018) that exclusively model the uncertainty of
foreground objects, we observe that the background propos-
als with higher uncertainty are likely to contain unknown ob-
jects. The joint modeling of uncertainty for both foreground
objects and background proposals has greatly enhanced the
unknown discovery ability.

To avoid redundant computation, we first follow the stan-
dard post-processing protocol of the closed set object detec-
tor, i.e., Non-Maximum Suppression (NMS), to get the re-
served foreground box B = {b1, -+ , by} and the predicted
class C = {cy,--- ,cn }. We then calculate the uncertainty
U = {u, - ,un,uf, -~ ,u},} for each reserved fore-
ground box and background proposal P = {p1,--- ,pap}-
Recognizing that object detectors typically assign higher
confidence scores to background proposals, we apply dis-
tinct uncertainty thresholds for foreground objects and back-
ground proposals. Details of the unknown identification pro-
cedure are summarized in Algorithm 1.

Algorithm 1: Testing procedure of EOD
Require: B = {b1,--- ,bn}; C = {c1, - ,enp; P =

{p1,--- pu}ys U = {us, - ,unyam}; Uncertainty
threshold 7, 73, for foreground objects and background
proposals;

fori=1,---,N do
if u; > 77 then
modify ¢; as unknown;
else
continue;
end if
end for
forj=1,--- ,Mdo
if uj > 13 then
predict p; as unknown;
else
continue;
end if
: end for
. filter with NMS in the unknown class;

A A ol e

—_
A

Experiments and Results
Datasets

Following the OSOD benchmark in (Han et al. 2022), the
trainval set and the test set of PASCAL VOC (Ever-
ingham et al. 2010) are used for training and closed set
evaluation. VOC-COCO-{20,40,60} and VOC-COCO-
{2500, 5000,20000} are used to evaluate the performance
under different open set settings.
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VOC-COCO0O-{20,40,60} consist of 5000 PASCAL
VOC testing images and {5000, 10000, 15000} MS
COCO images containing {20, 40, 60} non-VOC classes.
This setting is more similar to the real-world applications
where objects of non-VOC classes and VOC classes could
both appear in the COCO images.

VOC-COCO-{2500,5000,20000} consist of 5000 PAS-
CAL VOC testing images and {2500, 5000, 20000} MS
COCO (Lin et al. 2014) images disjointing with VOC
classes. This setting aims to evaluate the model under ex-
treme open set condition, where only objects of non-VOC
classes appear in the COCO images.

Evaluation Metrics

1) Wilderness Impact (WI) (Dhamija et al. 2020) measures
the open set impact on precision.

Precision in closed set
WI =

Precision in open set
FP,

=% 14
TP, + FP. (14)

where F'P, is the number of false positive open set de-
tections, i.e., unknown objects are misclassified to one of
known classes; T'P. and F'P, are the number of true posi-
tive and false positive closed set detections.

2) Absolute Open Set Error (AOSE) (Miller et al. 2018)
measures the total number of unknown objects misclassified
into known classes.

3) Mean Average Precision of known classes (mAPyx).
An ideal open set object detector is expected to identify
unknown classes without compromising performance on
mAPK.

4) Average Precision of unknown class (AP, ) (Han et al.
2022) measures the unknown discovery ability.

Implementation Details

For the fair comparison, we follow the settings in (Han
et al. 2022). ResNet-50 with Feature Pyramid Network is
used as the backbone of the detector. We adopt the de-
fault learning rate schedule of Detectron2 (Wu et al. 2019),
and use the SGD optimizer with an initial learning rate of
0.02, momentum of 0.9, and weight decay of 0.0001. The
max iteration is set to 35000. All models are trained on
8 GPUs with a batch size of 16. Annealing coefficients
e, A¢ are set as min (1.0, max (0.0, (¢t—20000)/10000)) and
min(1.0,¢/25000), where ¢ is the index of the current iter-
ation. Weighting factors v for contrastive learning is set to
0.4 and § for regularization term is set to 0.05. The uncer-
tainty threshold 7, for unknown identification is set to 0.02
by default.

State-of-the-art Comparison

In this subsection, we compare EOD with state-of-the-art
methods under different open set settings. We reproduce
OpenDet with the official code and report results of other
methods directly from (Han et al. 2022).
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Method vOC VOC-COCO-20 VOC-COCO-40 VOC-COCO-60
mAPm WI¢ AOSEi mAPm APuT WI‘L AOSE‘L IHAP}(T APU,T WIL AOSEl IllAP}CT APuT
Faster R-CNN | 80.10 | 18.39 15118 5845 0.00 |22.74 23391 5526 0.00 | 18.49 25472 5583 0.00
Faster R-CNN* | 80.01 | 18.83 11941 57.91 0.00 | 23.24 18257  54.77 0.00 | 18.72 19566  55.34  0.00
PROSER 79.68 | 19.16 13035 57.66 10.92 | 24.15 19831 54.66  7.62 | 19.64 21322 5520 3.25
ORE 79.80 | 18.18 12811 58.25 2.60 | 2240 19752  55.30 1.70 | 18.35 21415 5547 053
DS 80.04 | 16.98 12868  58.35 5.13 | 20.86 19775 55.31 339 | 17.22 21921 55.77 1.25
OpenDet 79.23 | 11.85 11737 57.72 14.07 | 1458 17754 5450 1046 | 12.25 21892  55.18 4.32
EOD (Ours) 79.96 | 11.57 8989 58.97 16.55 | 14.05 13292 55.71 11.53 | 12.08 16914 56.29 4.75

Table 1: Comparison with State-of-the-Art Methods on VOC and VOC-COCO-{20,40, 60} datasets. * means a higher score

threshold (i.e., 0.1) for testing.

Method VOC-COCO-2500 VOC-COCO-5000 VOC-COCO-20000
WI‘L AOSEi mAP;q APuT WIJ{ AOSE\L mAP;CT APuT WIJ, AOSEL mAPKT APuT
Faster R-CNN | 9.25 6015 7197  0.00 | 16.14 12409 74,52  0.00 | 32.89 48618 6392  0.00
Faster R-CNN* | 9.01 4599 7766  0.00 | 16.00 9477 74.17  0.00 | 33.11 37012  63.80  0.00
PROSER 9.32 5105 77.35 7.48 | 16.65 10601 73.55 8.88 | 34.60 41569 63.09 11.15
ORE 839 4945 77.84 1.75 | 15.36 10568 74.34 1.81 | 32.40 40865 64.59 2.14
DS 8.30 4862 77778 289 | 1543 10136  73.67  4.11 | 31.79 39388  63.12  5.64
OpenDet 6.10 4233 77.38 891 | 11.10 8735 7386  12.03 | 24.28 34111 63.43  16.54
EOD (Ours) | 6.10 3547 7744  11.50 | 10.81 7357 7438  14.06 | 23.06 28653 64.29 16.76

Table 2: Comparison with State-of-the-Art Methods on VOC-COCO-{2500, 5000, 20000} datasets.

Table 1 presents the results on the test set of PAS-
CAL VOC and VOC-COCO-{20,40,60}. We first com-
pare the closed set mAP ) performance of different meth-
ods. Although our proposed method is applied to open set
condition, its mAPy on closed VOC test set can achieve
comparable results to the most advanced closed detector
Faster R-CNN (79.96 vs. 80.10). Furthermore, on the more
real-world-like VOC-COCO-{20,40,60} test sets, EOD
achieves significant performance improvements compared
with existing open set methods. Taking VOC-COCO-20 as
an example, the WI, AOSE, mAPy and AP, of EOD reach
11.57, 8989, 58.97, 16.55, respectively, which are remark-
ably superior to the previous best OpenDet. We also note that
although EOD deals with the open set problem, it reaches
the highest mAP . on VOC-COCO-{20, 40,60} even com-
pared with the closed detector Faster R-CNN by eliminat-
ing open set errors. Methods are also evaluated under the
extreme wilderness condition. Table 2 presents the results
on VOC-COCO-{2500,5000,20000}. On the lower open-
ness test sets VOC-COCO-{2500,5000}, closed detector
Faster-RCNN shows the highest mA P, reaching 77.97 and
74.52, respectively. In comparison, EOD achieves the sec-
ond highest mAPc on VOC-COCO-{5000,20000} (74.38
vs. 74.52 and 64.29 vs. 64.59). Furthermore, EOD exhibits
the best open set performance, measured by WI, AOSE, and
AP, outperforming all other methods on VOC-COCO-
{2500, 5000,20000}. Taking VOC-COCO-5000 as an ex-
ample, the WI, AOSE and AP, of EOD reach 10.81, 7357
and 14.06, respectively, which are remarkably superior to
the previous best OpenDet. The experimental results demon-
strate that even in extreme situations, EOD can also achieve
comparable mAPx with the state-of-the-art methods while
having the optimal open set performance.
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Ablation Studies

In this subsection, We perform ablation stuides on VOC-
COCO-20 to analyze each part’s contribution of the pro-
posed framework.

Hybrid Evidential Loss. We first conduct ablation ex-
periments on different evidential losses. As shown in Table
3, LcE,, exhibits less stable performance and proves chal-
lenging to optimize as mentioned before. It is also found
that L¢ g, is more sensitive to the random initialization and
training process. By comparison, £y/sg,, has similar WI
(11.36 vs. 11.57) with L gypria, but its other open set perfor-
mance is considerably worse than Lgyprid, €.g., AOSE in-
creases from 8989 to 13064 and AP, decreases from 16.55
to 15.57. Conversely, mAPx of £ gypria reach 58.97, which
is remarkably superior to Lyr5g,, (MAP=57.88).

Loss VOC-COCO0-20
‘ WI, AOSE, mADPy; AP,
Lcm, | 1514 14157 4872 3.64
Lism, | 1136 13064  57.88  15.57
Liypria | 1157 8989 5897  16.55

Table 3: Comparison results on VOC-COCO-20 with differ-
ent evidential loss functions.

Weak Regularization Term. We then perform ablation
studies to explore different regularization strategies. As
demonstrated in Table 4, the introduction of the original reg-
ularization term £, (Sensoy, Kaplan, and Kandemir 2018)
results in performance degradation for EOD. Specifically,
mAP decreases from 58.45 to 56.90, and AOSE increases
from 11072 to 14999. As a comparison, the proposed weak
regularization term L, further increases mAPx and AP,
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Figure 3: Visualization of the detection results with comparison between the baseline (top) and EOD (bottom). Both models
are trained on PASCAL VOC dataset and tested on MS COCO dataset. EOD can detect the objects of interest correctly and

recognize the unknown objects during testing.

to 58.97 and 16.55, respectively, while reducing AOSE to
8989.

r r VOC-COCO-20
" wr WI¢ AOSEJ[ I’IlAP)CT APuT
X X 1258 11072 58.45 14.55
v X 13.79 14999 56.90 15.49
X v 11.57 8989 58.97 16.55

Table 4: Comparison results on VOC-COCO-20 with differ-
ent regularization strategies.

Contrastive Learning Module. The effectiveness of the
Auxiliary Contrastive Learning (ACL) module is also ver-
ified, as presented in Table 5, the performance of all eval-
uation metrics is significantly improved after adopting the
ACL module, e.g., AOSE decreases from 10515 to 8989 and
mAP increases from 58.84 to 58.97. The experimental re-
sults demonstrate that the ACL module can help EOD to
learn better feature representation by implicitly regularizing
evidential learning and encouraging class separation in the
latent space.

VOC-COCO-20
ACL Module g —3G5E — mAP.;, AP
wio 2.15 10515 5884 1597
wi 1157 8989 5897 1655

Table 5: Comparison results on VOC-COCO-20 with/with-
out auxiliary contrastive learning module.

Background Uncertainty Modeling. We further analyze
the design of background uncertainty modeling in Table 6.
The first row exclusively models uncertainty on foreground
objects. The second row identifies unknown objects in the
background class using the same threshold as that for the
foreground classes 7y, while the third row uses a lower back-
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ground threshold 7;, which is set to half of 7; by default.
As demonstrated in Table 6, the unknown discovery ability
can be further improved by modeling the background uncer-
tainty without affecting WI, AOSE and mAPj, which only
focus on the foreground detection performance. After set-
ting the same background uncertainty threshold as the fore-
ground classes 7y, the AP, significantly rises from 12.68
to 14.40. Conversely, since the background class tends to
have higher evidence than foreground objects, the AP, can
be further increased from 14.40 to 16.55 by using a lower
uncertainty threshold 7.

o |- VOC-COCO-20
I | "™ [TWI, AOSE, mAPx; AP,
X [ X [ 1157 8989 5897  12.68
V| X | 1157 8989 58.97 1440
X | v | 11,57 8989 5897  16.55

Table 6: Comparison results on VOC-COCO-20 with differ-
ent uncertainty modeling procedures.

Conclusions

In this paper, we propose Evidential Object Detector (EOD)
for the challenging Open Set Object Detection task. Our
method leverages Evidential Deep Learning theory to ap-
proximate the Bayesian Prior of the classification distribu-
tion parameters, utilizing a task-specific customized frame-
work to enhance real-world performance. Moreover, the
auxiliary contrastive learning module implicitly regularizes
the evidence acquisition and promotes class separation in the
feature space. By modeling the background uncertainty, we
further improve the unknown discovery capability. Exten-
sive experiments on benchmark datasets demonstrate that
the proposed method exhibits a substantial improvement
over existing ones and achieves new state-of-the-art results.
Codes are available at https://github.com/roywang021/EOD.
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