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Abstract—Out-of-distribution (OOD) detection targets to de-
tect and reject test samples with semantic shifts, to prevent
models trained on in-distribution (ID) dataset from producing
unreliable predictions. Existing works only extract the appear-
ance features on image datasets, and cannot handle dynamic mul-
timedia scenarios with much motion information. Therefore, we
target a more realistic and challenging OOD detection task: OOD
action detection (ODAD). Given an untrimmed video, ODAD first
classifies the ID actions and recognizes the OOD actions, and
then localizes ID and OOD actions. To this end, in this paper, we
propose a novel Uncertainty-Guided Appearance-Motion Associ-
ation Network (UAAN), which explores both appearance features
and motion contexts to reason spatial-temporal inter-object
interaction for ODAD. Firstly, we design separate appearance and
motion branches to extract corresponding appearance-oriented
and motion-aspect object representations. In each branch, we
construct a spatial-temporal graph to reason appearance-guided
and motion-driven inter-object interaction. Then, we design an
appearance-motion attention module to fuse the appearance and
motion features for final action detection. Experimental results
on two challenging datasets show that UAAN beats state-of-the-
art methods by a significant margin, illustrating its effectiveness.

Index Terms—uncertainty-guided appearance-motion associa-
tion, out-of-distribution action detection

I. INTRODUCTION

Deep neural networks (DNNs) [1|-[|10] have achieved im-
pressive success on the multimedia sample detection task
under a closed-set assumption [11]-[17], where all the classes
experienced during the test have been seen during training
[18]-[25]]. However, vanilla DNN-based methods compulsorily
classify each sample into some of the known classes [26]—
[35]. It will lead to irrecoverable losses when classifying some
outliers into wrong classes in some high-risk scenarios, such
as autonomous driving [36]]-[42]. Thus, the out-of-distribution
(OOD) detection task [43[]-[46] is proposed to accurately de-
tect these outliers from OOD classes and correctly classify the
samples from in-distribution (ID) classes during testing. Al-
though most OOD detection methods [47]-[52] have achieved
remarkable performance, they only focus on static images
shown in Fig. [I| which limits their multimedia applications,
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(c) Overview of OOD action detection on video datasets.

Fig. 1: (a) Nlustration of out-of-distribution (OOD) detection that
only detects static images. (b) Previous temporal action detection
models only classify/localize the ID actions and cannot detect OOD
actions. (c) Our target task: OOD action detection that can not only
classify and localize ID actions, but also detect and localize OOD
actions. For the boxes and text, we color ID actions as blue and OOD
actions as red, and background is not colored. The output labels on
OOD actions are only for illustration, and they are not the actual
output of the model. Best viewed in color.

where multimedia data is dynamically varying and not static.
For example, in the autonomous driving scenario, we have to
respond when an unknown object appears or moves on the
road. These autonomous driving videos are dynamic, while
previous OOD detection works focus on image datasets under
the static assumption. It is unrealistic to first divide each video
into multiple images and then detect unknown objects/actions
[53]-[57]. This dynamic OOD detection problem based on
videos is largely unexplored in the studies.

To handle dynamic OOD detection, we consider a challeng-
ing task: out-of-distribution action detection (ODAD) shown
in Fig. [T] Given an untrimmed video, ODAD aims to classify
ID actions, recognize OOD actions, and localize both ID
and OOD actions. Although many action detection methods
have been proposed to classify ID actions in an untrimmed
video, few methods can correctly recognize OOD actions. An
intuitive idea is to combine the OOD detection task and the
action detection task to solve the more challenging ODAD
task. We observe that there are some gaps between the two



topics: 1) data gap, the OOD detection task focuses on images,
while the action detection task targets videos; 2) feature gap,
the OOD detection task extracts appearance features, while the
action detection mainly extracts motion features; 3) output gap,
the OOD detection task does not conduct localization, while
the action detection task needs to localize the target action.

Therefore, we need to close the above gaps for the ODAD
task shown in Fig.[I] An emerging issue is how to effectively
integrate action and appearance knowledge for ODAD. To
this end, we propose a novel Uncertainty-guided Appearance-
motion Association Network (UAAN), which cleverly incor-
porates motion contexts into appearance-based object features
for better detecting the actions among objects. Specifically,
we first utilize the Faster R-CNN network [58] to extract
the appearance-aware object features, and obtain the motion-
aware object features by employing RolAlign [59]] on the I3D
network [[60], which fully mines the object visual information.
Then, we design two separate branches with the same archi-
tecture to reason the appearance-guided and motion-guided
object relations by graph convolutional networks (GCNs),
respectively, so as to reason the inter-object interaction. Be-
sides, we represent frame-level features by aggregating object
features inside the frame. Finally, we design an appearance-
motion association attention module to integrate appearance-
aware object features and motion-aware object features for
final detection.

In summary, our contributions are as follows: 1) We explore
both appearance- and motion-aware object information for
OOD action detection. Besides, we creatively propose a novel
uncertainty-guided appearance-motion association network to
reason inter-object interaction. 2) With the appearance and mo-
tion branch, we capture action-oriented and appearance-guided
object relations via GCNs. By designing an appearance-motion
association attention module, we integrate appearance and
motion features from two branches for obtaining inter-object
interaction. 3) Extensive experimental results on two chal-
lenging datasets show that our proposed model outperforms
existing state-of-the-art approaches by a significant margin.

II. RELATED WORKS

Temporal action detection. Temporal action detection (TAD)
focuses on localizing action instances and classifying their
categories in untrimmed videos. Although these TAD methods
have achieved decent success, they regard all the actions in
this video as belonging to some of the pre-defined classes.
Besides, they only rely on the motion feature, which captures
the redundant background information and fails to perceive
the fine-grained differences among video frames with high
similarity. For example, two real-world actions “HighJump”
and “LongJump” belong to different action classes. As shown
in Fig. Pa), the main difference between “HighJump” and
“LongJump” is the appearance information: ‘“high jump bar”
in “HighJump” and “sandpit” in “LongJump”. Since they only
model the motion features to capture the same motion “jump”,
they cannot correctly distinguish the local details of different
objects (“high jump bar” and “sandpit”) in these frames,
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(a) Inter-object interaction for action detection
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Fig. 2: Our motivation. (a) Example of inter-object interaction for
action detection. (b) Existing action detection works only extracts
frame-level motion information, and fails to distinguish similar mo-
tions “HighJump” and “LongJump”. (c) We construct an object-aware
graph to reason the inter-object interaction from the appearance and
motion perspectives.

which will lead to wrong action detection results. Although
some TAD methods utilize the object detection technologies
for action detection, these methods focus on single-object
detection setting so that they only detect one object “human”
and ignore other relevant objects. Thus, these methods cannot
achieve satisfactory performance, where supplementary file
illustrates two qualitative results. Different from them, we
creatively explore both appearance and motion features among
different objects (e.g., “high jump bar” and “sandpit”) for ac-
tion detection. By integrating appearance and motion features,
we can correctly distinguish “HighJump” and “LongJump” via
inter-object interaction.

Out-of-distribution detection. As a challenging multimedia
task, out-of-distribution (OOD) detection targets to detect
test samples from distributions that do not overlap with the
training distribution. Different from previous OOD detection
works that cannot handle video datasets, our proposed method
can detect OOD actions in the challenging video dataset.
Therefore, our method can be applied to more challenging
scenarios than these image-based OOD detection methods.
More details of related works are in supplementary file.

III. OUR PROPOSED UAAN

Given an untrimmed video, the ODAD task aims to first
localize all actions with temporal boundary (ts,t.), then
recognize OOD actions, and ﬁnally classify all ID actions.
Given a training set {V;,y;,t.,t2}Y |, where N denotes the
video number, V; denotes the ¢-th untrimmed video, y; € RE
is its multi-shot label denoting the action class that the action
samples in V; belong to, and K denotes the number of ID
action classes. During training, the video data and the ID
action labels are provided, while we cannot obtain the OOD
action labels. During testing, for any untrimmed video V¥, we
first distinguish if OOD actions are in V', then classify each
ID action in V* to one of the K classes, and finally localize
the boundaries of all the actions.
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Fig. 3: Overview of the proposed model for the challenging ODAD task. We first utilize video encoder (Faster R-CNN and I3D) to extract
appearance- and motion-aware object features. Then, we design separate appearance and motion branches to reason the spatial-temporal
interaction between different objects. Besides, we design an appearance-motion attention module to fully integrate the appearance and

motion features for final detection. Best viewed in color.

A. Video Representation

Unlike previous action detection methods that only utilize
the I3D network to extract motion-aware features, we addi-
tionally consider extracting appearance-aware object features
to explore inter-object interaction.

Appearance representation. For a video with 7' frames,
we utilize Faster R-CNN applying RolAlign to extract the
region of interest from a ResNet backbone [61] and obtain
S objects. Thus, we can obtain S x T' objects in each video.
These object-aware appearance features are represented as
Videar = {08 s e b=t o=y~ where of, € R? and by, € R
indicate the local appearance feature and bounding box loca-
tion of k-th object in the t¢-th frame, respectively. However,
only the object-aware appearance features are not enough to
fully understand the entire video. For example, we cannot
distinguish “HighJump” and “LongJump” only based on a
jumper. Thus, by another ResNet model with a linear layer,
we utilize another ResNet network to extract the frame-wise
appearance representation Vj ., € RT>4,

Motion representation. We extract the features of video clips
by the last convolutional layer in an I3D network. For local
motion features, we also utilize RolAlign to extract object-
aware motion features: V7% , = {Ol?kvbt,k}zz{,]f::f , where
o, €R% and by , € R*. For global motion features, we extract
the clip-aware features V7, € RT*4 by utilizing average
pooling in the feature map and linear projection on the local
motion features.

Position representation. In the challenging ODAD task, we
consider both spatial and temporal positions of each ob-
ject for reasoning about object-wise action relations. There-
fore, a position encoding is added to object-level local fea-
tures in both appearance and motion representations: vy, =
FFN([of ;€% e']) and v, = FFN([o};€"; €']), where e’

is obtained by position encoding according to each frame’s
index, e® = FFN(b.x), and FFN(-) is the feed-forward
network. After the above process we denote Vlocal =
{v oy and Vigey = {073 Hi2T0s

Similarly, we add the position encodlng e? into global ap-
pearance and motion features: V', = FFEN([Vyiopaii €'1)
and Vglobal FFEN([V} globali € e']). Thus, we expand the above
two global features from size 7' x d to (T x S) x d. To
explore the context in objects, we concatenate object features
with global features: F* = FFN (Va3 Viiopall)s F™ =
FFN([V,Z’ZCal;V:lLObCLZ])’ where F* = {ft k}i {kils €
R(T*x8)xd are the final encoded object-level appearance fea-
tures, and F™ = {7 121377 € RT*9X4 are the final
encoded object-level motion features.

global —

B. Spatial-temporal Object Graph for Inter-object interaction

We observe that utilizing inter-object interaction can
distinguish motion-similar actions (e.g., “HighJump” and
“LongJump”). As shown in Fig. 2] “HighJump” is the in-
teraction between “human” and “high jump bar”, while
“LongJump” is the interaction between “human” and “sand-
pit”. If we only use the common appearance information
“human” and similar motion information “jump”, we cannot
correctly distinguish “HighJump” and “LongJump”.

To explore the interaction between different objects
for ODAD, we develop two separate branches based on
appearance- and motion-aware object features to fully un-
derstand the video. In each branch, we reason about object
relations by constructing a spatial-temporal graph.

Object graph construction. Since the detected objects have
both spatial interactivity and temporal continuity, we capture
spatial-temporal relations by constructing object graphs in
each branch, respectively. Since the two branches share the



same architecture, we only describe the appearance branch’s
components as an example to avoid redundancy.

In the appearance branch, we define the object-wise appear-
ance features F'* = { ftak}iif,fjls including all objects in the
whole video as nodes and build a fully-connected graph. Then,
we adopt the graph convolution network (GCN) to extract
the relation-aware object features via message propagation.
In the object graph, we can obtain the adjacency matrix
A ¢ R(TxS)x(T%5) to indicate the pairwise affinity between
object features: A* = o((FCW2)(F*W4)T), where W{ and
W are learnable parameters, and o (-) is the softmax function.

If two objects have strong semantic relationships, they will
be highly correlated in the video, and they will have an edge
with a high-affinity score in A®. For deeper semantic reason-
ing, we introduce two-layer graph convolution with residual
connection: F'* = Layer Norm(F*+7(A%T(A*F*Ws)W,)),
where 7(-) denotes the Relu function, W5 and W, are weight
matrices of the GCN layers, and F* € R(T*5)xd jg the
appearance-aware object features. Similarly, we can obtain the
motion-aware object features F™ € R(T*5)xd,

Appearance and motion features association. After ob-
taining the object-wise features (Fe and F'™), we integrate
these features to model inter-objecE interaction. Thus, we first

U= Ifa , U € RATxS)xd 1
effectively integrate different types of visual features, we first

introduce the dot-product attention: Att(Wo, Wi, Wy) =
(WQWK

concatenate ¢ and F™:

YWy, where Wq, Wk and Wy, are the query, key,

and value matrices in the dot-product attention, respectively.
To enhance different features for inferring action con-
texts, we introduce the attention function Atft(-): X =

Layer Norm(U + Att(U, Fa Fa)), X™ = Layer Norm(U +
Att(U, Fm, Fm)), Xioint — LayerNorm(U—i—Att(U U,U)),
where X € R(I'*9)xd jg the enhanced features. Then, we
integrate these enhanced features by:

X = Ave(X*, X™, X701, 6))

where Ave(:) denotes the average pooling operation with
L2—normalization, and X = {x;}7_, is the fused feature.

C. Uncertainty-guided OOD Action Detection

Action-background segmentation. Real-world multimedia
videos naturally mix background and actions (ID and OOD
actions), which makes it insufficient to distinguish them only
through classification and uncertainty. Therefore, we design an
action detection module to indicate the likelihood of an frame
belonging to an action. For convenience, we treat the action-
background segmentation as a binary classification task.
To distinguish class-agnostic actions from backgrounds, we
follow [62]] to introduce the frame-aware actionness score:
€ [0,1]. For any two frames z;, and x;, (t; # t2 and
Xy, Ty, € {1,---,T}), they have three relationships: 1) both
x¢, and z¢, belong to the action; 2) both x;, and xz, are from
the background; 3) one belongs to the action, while the other
is from the background. Therefore, we introduce the cosine
similarity cos(zy,,,) and three thresholds (Tpp, Taq, Taif) tO

evaluate their relationship. Based on the annotated background
frames and potential action frames, we can calculate the affin-
ity loss £ 4pg from three terms, i.e., between two background
frames £P8, between two action frames £2°* and between the
action-background pair £4f,

Particularly, we use the online hard example mining strat-
egy [63] to constrain the training frame pair. We align two
background frames into the same class by the following loss:

bg _
L% = Zazl ca. ZatzSaT max|[Tpp — cos(Tt,, t,),0],  (2)

where a, is an actionness threshold; 7, is the similarity
threshold between two frames from the background class.
Also, we utilize a similar loss to align two action frames:

LU= a2

where 7,, is the similarity threshold between two frames from
the action class. When z;, and x;, belong to action and
background respectively, we can obtain the following loss:

rdit _ Z -, Zat . [cos(@t,, Tey) — Tai, 0],  (4)
- y>ar

at) <
where 74,7 is the threshold to constrain the similarity between
actions and backgrounds. The affinity loss jointly considers
the above three terms and can be calculated as:

max|Taq — cos(Tt,, Tty ),0],  (3)

at) >ar Aty >ar

l:ABS — %(ﬁbg +£act +£diﬁ'). (5)

Action classification. Different from previous OOD detec-
tion methods, we are required to detect OOD actions in
an untrimmed video. In real-world multimedia scenario, the
predicted likelihood for each action class follows a binomial
distribution whose conjugate prior is a Beta distribution.
We introduce evidential neural networks [[64] based on Beta
distribution to jointly formulate the multi-class classification
and uncertainty modeling. We assume a Beta distribution
Beta(p;|ay, B;) over the action categorical probability p; €
[0,1], where «; and 3; are parameters indicating the positive
and negative evidence of the i-th action, respectively. The
evidence evaluates actions closest to the predicted ones in
the feature space and is used to support the decision-making.
Predicted labels should be the same as positive evidence, but
different from negative evidence.

Based on «; and (3;, we can design a subjective opinion
w; = (b;, d;,u;,a;) for action i € {1,2,--- , K}, where belief
b; € [0,1], disbelief d; € [0, 1], uncertainty score u; € [0,1],
and b; + d; + u; = 1. For action ¢, the opinion w; is obtained
by «; and (;: b; = a'+ﬂ2, d; = f;;l, (O +ﬂ The
expected belief probability p; = b; + a; - u;, where a; refers to
a base rate representing prior knowledge without commitment,
such as neither agree nor disagree.

For an object j, its positive and negative evidence are
estimated as a; = s(h(x;;0)) + 1 and B; = s(h(x;;0)) + 1,
where a; = [y, ,ak;]T and B; = [Bij,---,Br;]"
x; denotes the input video, h(x;; @) represents the evidence
vector predicted by the network for the classification and, 6
represents parameters for modeling. Here s(-) is the evidence
function (e.g., ReLU) to keep a;,B; > 1.

To learn the above opinions, we define the Beta loss function
by computing its Bayes risk for the action predictor. For the




binary cross-entropy loss for each action ¢ over a batch of
actors, we introduce the following loss:

LBeta =% Zf; 25:1 /Bc(yijvpij)Beta(pij;aijvﬁij)dpij
:% ZZI [yij (¢(Oéij + Bij) — w(%‘))
+ (1 —wij) (w(aij + Bij) — w(ﬁm)] ; (6)

where K is the number of actions, and BC(:) is the binary
cross-entropy loss, and v(+) is the digamma function. The log
expectation of Beta distribution derives the last equality. y; =
(Y17, ,yr;) € {0,1} is the K-dimensional ground-truth
action label for x;.

Action localization. As shown in Fig. [3] we can predict each
action proposal [; = (€%, e%) and a refined stage to predict
the temporal offset §; = (és,é.) by our model. Since the
boundaries of pre-defined proposals are coarse, we employ
a boundary regression loss for calibrating the boundary. We
calculate a regression loss for every positive sample:

1 T Al 1 Al
L"reg = Wzi‘cl(esves)+£1(eevee)a (7)
p

where £; denotes the smooth [y loss, N, is the number of
positive samples, e, and e, represent the truth error of proposal
boundary, and é, and é. are the predicted errors.

To handle more complex scenarios, we additionally intro-

duce the following Distance Intersection-over-Union (DIoU)
loss [65]):

1 K
Lprou = N Zizl(l — DIoU(l;, 67)). ®)

Therefore, we can obtain the final localization loss:
»CLocal = £reg + 'YOﬁDIoU7 (9)

where g is a parameter to balance two losses.
Training and inference. We train the proposed model by
minimizing the following loss:

ﬂfinal = rylﬁABS + ’72£Beta + ’YSﬁLocah (]O)

where 1, 72 and 73 are hyper-parameters to balance the

importance between different losses.

During inference, we feed an untrimmed video into our
proposed model, which generates proposals comprising of a
classification label c¢;, an uncertainty score u;, an actionness
score a; and a predicted action location I; = (df,ds).
Therefore, by predefining an uncertainty threshold u, and an
actionness threshold a., we can directly determine whether
the i-th action is an OOD action by the following process:

OOD action, if ug > ur & a; > ar,
P(xz;) = { ID action(y;), ifu; <ur & a; > ar, (11)
Background, otherwise.

IV. EXPERIMENTS

Datasets: For a fair comparison with existing works, we utilize
two challenging and popular video datasets: THUMOS14 [70]
and ActivityNet1.3 [[71]]. THUMOS 14 contains 200 validation
videos and 212 testing videos from 20 labeled classes. Activ-
ityNet1.3 has 19,994 videos with 200 action classes.

Evaluation metrics: To comprehensively evaluate the model
performance, we follow [68] to utilize the following evaluation

metrics: mAP, AUROC, AUPR, OSDR, FAR@95, where a
smaller FAR @95 value means better performance, while larger
values for the other metrics denote better performance.

Implementation details are available in supplementary file.

A. Comparison with State-of-the-Art

Compared methods. Following [68], we only compare the
following state-of-the-art open-source methods for repro-
ducibility: SoftMax, OpenMax [66], DEAR [67], OpenTAL
[68] and TFE-DCN [69]. Since TFE-DCN cannot be directly
used for the ODAD task, we embed TFE-DCN into OpenTAL
by replacing the action detection module in OpenTAL. To
distinguish it from the original model, we denote the embed
model as TFE-DCN(+). Different from them, we explore the
inter-object interaction for better understanding video actions.
Performance comparison. Tables [[| and [[I] report performance
comparison, where all the methods are tested using both the
THUMOS14 unknown splits and the ActivityNetl.3 disjoint
subset. For fair evaluation, we report all performance compar-
isons by averaging the results of each evaluation metric over
the three THUMOS14 splits. The best results are in bold.
Obviously, our UAAN surpasses all the compared methods by
significant margins on all the metrics. Especially, our UAAN
outperforms the best compared method TFE-DCN(+) over all
the metrics. Specially, on THUMOS 14 as the OOD set, UAAN
achieves 4.55% absolute improvement over “OSDR” with
“tIoU=0.6". For ActivityNetl.3 as the OOD set, our UAAN
outperforms these compared methods by 3.90% over “AUPR”
with “tloU=0.75". The main reason is that most videos in both
THUMOS14 and ActivityNetl.3 contain multiple significant
objects, which includes inter-object interaction. However, pre-
vious methods ignore the interaction. Our UAAN can construct
the spatial-temporal graph to model objects in videos, and then
fully grasp the appearance and motion information to mine
inter-object interaction. Another reason is that our utilized
Beta-distribution assumption is more suitable for multi-object
videos than the Dirichlet-distribution assumption.

ID action classification and ODAD. We further compare
the performance of both ID action classification and OOD
action detection in Fig. ] Obviously, our UAAN significantly
outperforms all compared methods over two evaluation metrics
(AUROC and Accuracy), showing the effectiveness of our
UAAN for both ID action classification and ODAD. More
results and analysis are in supplementary file.

B. Ablation Study on THUMOS14

Main ablation study. We perform exhaustive ablation studies
to analyze the effectiveness of each individual component. Ta-
ble M| shows the main ablation results on THUMOS14. Specif-
ically, we remove each module to evaluate its significance. The
result shows that our full model has precision improvement
compared with each ablation model, which manifests that each
above component provides a positive contribution. Compared
with the first ablation model, our full model improves perfor-
mance by 7.04% in terms of “FAR@95”. It is because our



TABLE I: Performance comparison (%) vs. Different tloU Thresholds. Models trained on the THUMOS14 closed set are tested by
including the OOD action classes from THUMOS14 and ActivityNetl.3, respectively. Results are averaged over the two dataset splits.

Metrics Methods THUMOS14 as the OOD set ActivityNet1.3 as the OOD set
tloU=0.3 tloU=0.4 tloU=0.5 tloU=0.6 tloU=0.7 Mean | tloU=0.5 tloU=0.75 tloU=0.95 Mean
SoftMax 54.70 55.46 56.41 57.12 57.11 56.16| 56.97 58.41 55.97 57.77
OpenMax [66] 53.26 52.10 52.13 51.89 52.53 52.38| 51.24 52.39 49.13 51.59
AUROC(1) DEAR [67] 64.05 64.27 65.13 66.21 66.81 6529 | 62.82 66.23 67.92  65.69
OpenTAL [68] 78.33 79.04 79.30 79.40 79.82  79.18| 8297 83.21 83.38 83.22
TFE-DCN(+) [[69] | 79.12 79.56 79.69 80.34 80.41 79.85| 79.82 83.73 84.02 83.13
Our UAAN 81.25 81.47 81.72 82.13 82.68 81.85| 84.86 85.73 8594  85.51
SoftMax 31.85 31.81 31.11 29.78 2799 30.51| 53.54 44.15 3454 4477
OpenMax [66] 33.17 31.61 30.59 29.15 2845 30.60| 54.88 48.37 40.07 48.48
AUPR(1) DEAR [67] 40.05 39.45 38.05 37.58 36.35 38.30| 53.97 47.22 45.59 48.46
OpenTAL [68] 58.62 59.40 58.78 57.54 55.88 58.04 | 80.41 74.20 7392  75.54
TFE-DCN(+) [[69] | 58.86 60.72 58.84 57.35 5822 58.80| 80.74 76.28 7422  77.08
Our UAAN 61.34 61.28 61.71 60.56 60.39 61.06| 81.90 80.18 77.82  79.97
SoftMax 23.40 25.19 27.43 29.97 32.08 27.61| 27.63 33.73 31.59 32.01
OpenMax [66] 13.66 14.58 1591 17.71 2041 16.45| 15.73 21.49 18.07 19.35
OSDR(1) DEAR [67] 36.26 37.58 39.16 41.18 4299 3943 | 38.56 43.72 4220  42.18
OpenTAL [68] 4291 46.19 49.50 52.50 56.78 49.57| 50.49 59.87 62.17 57.89
TFE-DCN(+) [69] | 43.65 46.30 48.72 52.87 57.02 50.11| 50.83 60.24 63.71 58.26
Our UAAN 45.50 48.83 53.61 57.42 60.38 53.14| 5247 61.34 6593 5991

TABLE II: ODAD performance (%), where we set the tloU thresh-
old as 0.3 on THUMOS14 and as 0.5 on the ActivityNetl.3. Models
trained on THUMOS14 closed set are tested on the OOD sets by
including the OOD classes from THUMOSI14 and ActivityNetl.3,
respectively. mAP is provided as the reference of the localization
results on THUMOS14 ID set.

FAR@95(]) on different OOD sets

Methods THUMOSI4 — ActviyNeti 3 | ™AP(D
OpenMax [66] 90.34 91.36 36.36
SoftMax 85.58 85.05 55.81
DEAR [67] 81.42 84.01 5224
OpenTAL [68] 70.96 63.11 55.02
TFE-DCN(4) [69] |  68.80 62.54 5327
Our UAAN 66.43 58.35 57.63

TABLE III: Main ablation study on THUMOS 14, where we remove
each key individual component to investigate its effectiveness. “OSG”
is “object-aware spatial-temporal graph”, “MAFA” is “motion and ap-
pearance features association”, and “UOAD” is “uncertainty-guided
OOD action detection”.

0SG MAFA UOAD [FAR@95(]) AUROC(T) AUPR(}) OSDR(T)
X v v 73.47 75.88 57.12 39.80
v X v 71.75 74.08 55.93 40.02
v v X 72.82 74.43 5620 4138
v v v 66.43 81.25 6134  45.50

object-aware spatial-temporal graph can fully mine the inter-
object interaction for action reasoning. For the second ablation
model, our full model beats it by 7.17% over “AUROC”. The
main reason is that we can integrate both appearance and
motion visual information of each object for action detection.
Besides, our full model outperforms the third ablation model
by 6.39%. The significant improvement is because we can
segment action and background by £4ps and leverage inter-
object interaction for action classification by Lpeq.
Hyper-parameters analysis. We conduct the ablation studies
on the hyper-parameters a,ur,%o,%v1,%2,7vs in Fig. | For
each ablation study, we change one hyper-parameter by fixing
the others. We can obtain the best performance when a,
0.5,ur =0.6,7 = 0.8,71 =0.15,72 = 0.3,v3 = 0.2.
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where “ODAD(AUROC)” means “AUROC for ODAD” and
“AC(Accuracy)” means ‘“Classification accuracy for ID action clas-
sification”. (a) is SoftMax, (b) is OpenMax [66], (c) is DEAR [67],
(d) is OpenTAL [68]], and (e) is TFE-DCN(+) [69]. Best viewed in

color.
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Fig. 5: Analysis on hyper-parameters. Best viewed in color.
V. CONCLUSION

In this paper, we target a challenging task: ODAD, which is
an extension of OOD detection and action detection. To this
end, we propose the novel UAAN method to explores both
appearance features and motion contexts to reason spatial-
temporal inter-object interaction. Experimental results confirm
the effectiveness of our proposed UAAN.
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