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Operation Candidates

Abstract
Interaction modeling is important for video action analysis. Recently, several works design specific structures to
model interactions in videos. However, their structures are
manually designed and non-adaptive, which require structures design efforts and more importantly could not model
interactions adaptively. In this paper, we automate the process of structures design to learn adaptive structures for
interaction modeling. We propose to search the network
structures with differentiable architecture search mechanism, which learns to construct adaptive structures for different videos to facilitate adaptive interaction modeling. To
this end, we first design the search space with several basic
graph operations that explicitly capture different relations
in videos. We experimentally demonstrate that our architecture search framework learns to construct adaptive interaction modeling structures, which provides more understanding about the relations between the structures and some interaction characteristics, and also releases the requirement
of structures design efforts. Additionally, we show that the
designed basic graph operations in the search space are
able to model different interactions in videos. The experiments on two interaction datasets show that our method
achieves competitive performance with state-of-the-arts.

1. Introduction
Video classification is one of the basic research topics in computer vision. Existing video classification solutions can be mainly divided into two groups. The first
one is the two-stream network based methods [28, 33, 8],
which model appearance and motion features with RGB
and optical flow streams respectively; the second type is
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Figure 1. Illustration of our method. We search adaptive network
structures to model the interactions in different videos, in which
the candidate basic operations (dashed arrows) are selected (solid
arrows) to construct adaptive structures for different videos.

the 3D convolution neural networks (CNN) based methods
[29, 4, 32, 26, 31, 23], which model spatiotemporal features
with stacked 3D convolutions or the decomposed variants.
While these methods work well on scene-based action classification, most of them obtain unsatisfactory performance
on recognizing interactions, since they haven’t effectively
or explicitly modeled the relations.
To model the interactions in videos, some methods employ specific structures [40, 14, 16] to capture temporal relations. Others model the relations between entities. Nonlocal network [34] and GloRe [7] design networks with
self-attention and graph convolution to reason about the relations between semantic entities. CPNet [22] aggregates
features from potential correspondences for representation
learning. Space-time region graphs [35] are developed to
model the interactions between detected objects with graph
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convolution network (GCN).
However, existing methods have to manually design network structures for interaction modeling, which requires
considerable architecture engineering efforts. More importantly, the designed structures are fixed so that they could
not adaptively model different interactions. For example,
the two videos in Figure 1 contain the interactions with
greatly different complexities and properties, i.e. the upper
one mainly concerns the motions of the background while
the lower one involves complicated relations among objects,
where which kind of structures should be used to adequately
model the interactions is not completely known in advance,
so that it requires to construct adaptive structures for more
effective interactions modeling.
Instead of designing fixed network structures manually,
we propose to automatically search adaptive network structures directly from training data, which not only reduces
structures design efforts but also enables adaptive interaction modeling for different videos. As briefly illustrated in
Figure 1, different operations are adaptively selected to construct the network structures for adaptive interaction modeling for different videos, which is implemented by differentiable architecture search. To construct the architecture
search space, we first design several basic graph operations
which explicitly capture different relations in videos, such
as the temporal changes of objects and relations with the
background. Our experiments show that the architecture
search framework automatically constructs adaptive network structures for different videos according to some interaction characteristics, and the designed graph operations
in the search space explicitly model different relations in
videos. Our method obtains competitive performance with
state-of-the-arts in two interaction recognition datasets.
In summary, the contribution of this paper is two-fold.
(1) We propose to automatically search adaptive network
structures for different videos for interaction modeling,
which enables adaptive interaction modeling for different
videos and reduces structures design efforts. (2) We design
the search space with several basic graph operations, which
explicitly model different relations in videos.

tures, which achieve high performance and efficiency. As
for temporal-based actions, TRN [40] and Timeception [14]
design specific structures to model the temporal relations.
To model interactions, Gupta et al. [11] apply spatial
and functional constraints with several integrated tasks to
recognize interactions. InteractNet [9] and Dual Attention
Network [37] are proposed to model the interactions between human and objects. Some other works model the
relations between entities for interaction recognition. Nonlocal network [34] models the relations between features
with self-attention. CPNet [22] aggregates correspondences
for representation learning. GCNs are employed to model
the interactions between nodes [35, 7]. These specific structures in the above methods are non-adaptive. In practice,
however, we do not know what kinds of interactions are
contained in videos, and the non-adaptive structures could
not sufficiently model various interactions, which requires
adaptive structures for effective modeling.
In this work, we propose to automatically search adaptive network structures with differentiable architecture
search mechanism for interaction recognition.

2.2. Graph-based Reasoning
Graph-based methods are widely used for relation reasoning in many computer vision tasks. For example, in
image segmentation, CRFs and random walk networks are
used to model the relations between pixels [5, 3, 18]. GCNs
[12, 17] are proposed to collectively aggregate information
from graph structures and applied in many tasks including
neural machine translation, relation extraction and image
classification [1, 2, 25, 36]. Recently, GCNs are used to
model the relations between objects or regions for interaction recognition. For example, Chen et al. [7] adopt GCN to
build a reasoning module to model the relations between semantic nodes, and Wang et al. [35] employ GCN to capture
the relations between detected objects.
In this paper, we design the search space with basic operations based on graph. We propose several new graph operations that explicitly model different relations in videos.

2.3. Network Architecture Search

2. Related Work
2.1. Action and Interaction Recognition
In the deep learning era, action recognition obtains impressive improvements with 2D [28, 33, 8] or 3D [15, 29,
26, 4, 32, 31, 23] CNNs. 2D CNNs use RGB frames and
optical flows as separate streams to learn appearance and
motion representations respectively, while 3D CNNs learn
spatiotemporal features with 3D convolutions or the decomposed counterparts. Some other works [19, 16] learn spatiotemporal representations by shifting feature channels or
encoding motion features together with spatiotemporal fea-

Network architecture search aims to discover optimal architectures automatically. The automatically searched architectures obtain competitive performance in many tasks
[42, 20, 43]. Due to the computational demanding of the
discrete domain optimization [43, 27], Liu et al. [21] propose DARTS which relaxes the search space to be continuous and optimizes the architecture by gradient descent.
Inspired by DARTS, we employ differentiable architecture search mechanism to automatically search adaptive structures directly from training data, which facilitates
adaptive interaction modeling for different videos and releases the requirement of structures design efforts.
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Figure 2. Overall framework. Some frames are sampled from a video as the input to our model. We extract basic features of the sampled
frames with a backbone CNN, and extract class-agnostic bounding box proposals with RPN model. Then we apply RoIAlign to obtain the
features of proposals and regard them as node features. In the graph operations search stage, we search for a computation cell, where the
supernodes are transformed by the selected graph operations on the superedges (see Section 3.2 and 3.3 for details), to construct adaptive
structures. The searched structures are used to model the interactions in the corresponding videos. Finally, the node features are pooled
into a video representation for interaction recognition.

3. Proposed Method
In order to learn adaptive interaction modeling structure
for each video, we elaborate the graph operations search
method in this section. We design the architecture search
space with several basic graph operations, where the candidate operations are enriched in addition to graph convolution by several proposed new graph operations modeling
different relations, e.g. the temporal changes and relations
with background. We further develop the search framework
based on differentiable architecture search to search adaptive structure for each video, which enables adaptive interaction modeling for different videos.

3.1. Overall Framework
We first present our overall framework for interaction
recognition in Figure 2. Given a video, we sample some
frames as the input to our model. We extract basic features of the sampled frames with a backbone CNN. At the
same time, we extract class-agnostic RoIs for each frame
with Region Proposal Network (RPN) [13]. Then we apply RoIAlign [13] to obtain features for each RoI. All the
RoIs construct the graph for relation modeling. The nodes
are exactly the RoIs, and edges are defined depending on
the specific graph operations introduced in Section 3.2, in
which different graph operations would indicate different
connections and result in different edge weights. To obtain
adaptive network structures, we employ differentiable architecture search mechanism to search adaptive structures
in which graph operations are combined hierarchically. The
interactions are modeled with the searched structures by
transforming the node features with the selected graph operations. Finally, the output node features are pooled into a
video representation for interaction classification.

In the following subsections, we describe the search
space with basic graph operations and the architecture
search framework in details.

3.2. Search Space with Graph Operations
To search the network structures, we firstly need to construct a search space. We search for a computation cell to
construct the network structures, as illustrated in Figure 2.
A computation cell is a directed acyclic computation graph
with N ordered supernodes (“supernode” is renamed from
“node” to avoid confusion with the nodes in the graphs constructed from RoIs). Each supernode contains all the nodes
and each superedge indicates the candidate graph operations
transforming the node features. In the computation cell, the
input supernode is the output of the previous one, and the
output is the channel-wise concatenated node features of all
the intermediate supernodes.
Each intermediate supernode can be obtained by summing all the transformed predecessors (the ordering is denoted as “N-1”, “N-2”, “N-3” in Figure 2) as follows,
X
oij (X (i) ),
(1)
X (j) =
i<j

where X (i) , X (j) are the node features of the i-th and jth supernode, and oij is the operation on superedge (i, j).
Thus the learning of cell structure reduces to learning the
operations on each superedge, so that we design the candidate operations in the following.
We design the basic operations based on graph for explicit relation modeling. In addition to graph convolution,
we propose several new operations, i.e. difference propagation, temporal convolution, background incorporation and
node attention, which explicitly model different relations in
videos and serve as basic operations in the search space.
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3.2.1

Feature Aggregation

Graph convolution network (GCN) [17] is commonly used
to model relations. It employs feature aggregation for relation reasoning, in which each node aggregates features from
its neighboring nodes as follows,


X f
(2)
zi = δ 
aij · W f xj  ,

(a) Difference Propagation

(b) Temporal Convolution

j

where xj ∈ RCin is the feature of node-j with Cin dimensions, W f ∈ RCout ×Cin is the feature transform matrix
applied to each node, afij = xT
i U f xj is the affinity between node-i and node-j with learnable weights U f , δ is
a nonlinear activation function and the z i ∈ RCout is the
updated feature of node-i with Cout dimensions. Through
information aggregation on the graph, each node enhances
its features by modeling the dependencies between nodes.
3.2.2

Difference Propagation

In videos, the differences between objects are important for
recognizing interactions. But GCN may only aggregate features with weighted sum, which is hard to explicitly capture
the differences. Therefore, we design an operation difference propagation to explicitly model the differences.
By slightly modifying Equation (2), the differences can
be explicitly modeled as follows,


X
zi = δ 
adij · W d (xi − xj ) ,
(3)
j,j6=i

where the symbols share similar meanings of those in Equation (2). The item (xi − xj ) in Equation (3) explicitly models the differences between node-i and node-j, and then the
differences are propagated on the graph, as shown in Figure 3(a). Difference propagation focuses on the differences
between nodes to model the changes or differences of objects, which benefits recognizing interactions relevant to the
changes or differences.
3.2.3

Temporal Convolution

Nodes in videos are inherently in temporal orders. However, both feature aggregation and difference propagation
model the features in unordered manners and ignore the
temporal relations. Here we employ temporal convolution
to explicitly learn temporal representations.
In temporal convolutions, we firstly obtain node sequences in temporal order. Given node-i in the t-th frame,
we find its nearest node (not required to represent the same
object) in each frame measured by the inner product of node
features and arrange them in temporal order for a sequence,
X i = [x0i , · · · , xti , · · · , xTi −1 ],

background
RoI
node
relation

(c) Background Incorporation

(d) Node Attention

Figure 3. Illustration of proposed graph operations. (a) Difference
Propagation, each node propagates the differences to its neighboring nodes. (b) Temporal Convolution, each node learns temporal
features with convolution over node sequences along the video.
(c) Background Incorporation, each node aggregates the relations
with the background. (d) Node Attention, each node learns attention weights to indicate its importance.

where x0i , · · · , xiT −1 denote the nearest nodes in frame
0, · · · , T − 1 with reference to the given node xti .
Then we conduct temporal convolutions over the node
sequence as shown in Figure 3(b),
z i = δ(W t ∗ X i ),

(5)

where ∗ denotes temporal convolution and W t is the convolution kernel. The temporal convolution explicitly learns the
temporal representations to model the significant appearance changes of the node sequence, which is essential for
identifying interactions with temporal relations.
3.2.4

Background Incorporation

The node features derived from RoIAlign exclude the background information. However, background is useful since
the objects probably interact with the background. This inspires us to design the background incorporation operation.
In each frame, the detected objects have different affinities with different regions in the background, as illustrated
in Figure 3(c). Denote the feature of node-i in the t-th frame
as xti ∈ RCin and the background feature map corresponding to the t-th frame as y t ∈ Rh×w×Cin . The affinity between xti and y tj (j = 1, · · · , h × w) can be calculated as
T

abij = xti U b y tj with learnable U b . The abij indicates the
relations between the node and the background with spatial
structure, which could be transformed into node features,
z ri = V b abi ,

(4)
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(6)

where abi = [abi1 ; abi2 ; · · · ; abi(h·w) ] ∈ Rh·w is the affinity
vector, and V b ∈ RCout ×(h·w) is the transform matrix transforming the affinity vector into node features.
In addition, the background features can be aggregated
according to the affinity abij to model the dependencies between detected objects and the background,
X
z ai =
abij · W b y j .
(7)

differentiable architecture search mechanism in DARTS
[21] to develop our search framework, and revise the learning of operation weights to facilitate search of adaptive interaction modeling structures.
DARTS. DARTS utilizes continuous relaxation to learn
specific operations (oij in Equation (1)) on the superedges.
The softmax combination of all the candidate operations are
calculated as the representation of each supernode,

j=1,··· ,h×w

ōij (X (i) ) =

Finally, the updated node features are the combination of
the two features above followed by a nonlinear activation,
z i = δ(z ri + z ai ).
3.2.5

(8)

Node Attention

The graph contains hundreds of nodes but they contribute
differently to recognizing interactions. Some nodes irrelevant to the interaction serve as outliers that interfere the
interaction modeling, so it is reasonable to weaken the outliers with attention scheme.
The outliers are often the nodes wrongly detected by
RPN, which usually have few similar nodes and their similar nodes do not locate regularly at specific regions or along
the videos, as briefly illustrated in Figure 3(d). So that we
calculate the attention weights according to the similarities
and relative positions to the top-M similar nodes.
z i = wi · xi ,
wi = σ(W n [ani ; ∆si ]),


ani = anij1 ; anij2 ; · · · ; anijM ,


si − sj 1
 si − sj 2 
,
∆si = 


···
si − sj M

X

o∈O

exp(αoij )
P

o′ ∈O

exp(αoij′ )

where wi is the attention weight of xi , which is calculated
from similarity vector ani and relative positions ∆si , σ is
the sigmoid nonlinear function, jm is the node index of
node-i’s m-th similar nodes measured by inner product, and
anijm is the inner product of node features between node-i
and node-jm , and si = [xi ; yi ; ti ] is the normalized spatial and temporal positions of node-i. With the attention
weights, we are able to focus on informative nodes and neglect the outliers.
The graph operations above explicitly capture different
relations in videos and serve as the basic operations in the
architecture search space, which facilitates structure search
in Section 3.3.

3.3. Searching Adaptive Structures
With the constructed search space, we are able to search
adaptive structures for interaction modeling. We employ

(10)

where O is the set of candidate operations, o represents a
specific operation, αoij is the operation weight of operation
o on superedge (i, j), and the ōij (X (i) ) is the mixed output. In this way, the cell structure learning reduces to the
learning of operation weights αoij .
To derive the discrete structure after the search procedure
converges, the operation with strongest weight is selected as
the final operation on superedge (i, j),
oij = arg max αoij .

(11)

o∈O

Adaptive Structures. Since the interactions differ from
video to video, we attempt to learn adaptive structures for
automatical interaction modeling. However, the operation
weights αoij in Equation (10) is non-adaptive. So that we
modify the αoij to be adaptive by connecting them with the
input video through a fully-connected (FC) layer,
αoij = Aij
o X,

(9)

o(X (i) ),

(12)

in which X is the global feature of input video (global
average pooling of the backbone feature) and Aij
o is the
learnable structure weights corresponding to operation o on
superedge (i, j). In this way, adaptive structures are constructed for different videos to model the interactions.
Unlike alternatively optimizing the model in training and
validation set to approximate the architecture gradients in
DARTS, we jointly optimize the structure weights and the
weights in all graph operations in training set to learn adaptive structures.
Fixing Substructures. It is time consuming to search stable
structures with too many candidate operations. We attempt
to reduce the number of basic operations by combining several operations into fixed substructures and regarding the
fixed substructures as basic operations in the search space.
For example, we connect feature aggregation and node attention sequentially into a fixed combination, and put it after
the other 3 graph operations to construct 3 fixed substructures for search (as shown on the superedges in Figure 4).
By this means, we accelerate search by simplifying the
search space and also deepen the structures because each
superedge contains multiple graph operations.
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Diversity Regularization. We find that the search framework easily selects only one or two operations to construct
structures, because these operations are easier to optimize.
However, other operations are also effective on interaction
modeling, so we hope to keep more operations activated in
the searched structures. We introduce the variance of operation weights as an auxiliary loss to constraint that all the
operations would be selected equally,
X
1
(αo − ᾱ)2 ,
(13)
Lvar =
|O| − 1

Search schemes
global pooling
pooling over RoIs
non-adaptive (only testing)2
non-adaptive (training and testing)3
adaptive

V2 Val1Acc
60.3
60.3
62.4
63.1
63.5

1 Something-Something-V1 validation set and Something-Something-V2 validation set
2 Only one searched structure (corresponding to most training videos) is used for testing.
3 The structure are non-adaptive both in training and testing.

Table 1. Interaction recognition accuracy (%) comparison of different search schemes.

o∈O

P

V1 Val1Acc
48.1
48.3
50.2
50.8
51.4

N-2

N-input

concat

case1

ij
(i,j) αo ,

where αo =
ᾱ is the mean of αo . The variance
loss is added to the classification loss for optimization.

N-output

N-1

feat_aggr
diff_prop

N-3

temp_conv

4. Experiments
4.1. Datasets

case2

N-2

N-input

N-output

back_incor

concat
N-1

node_att

We conduct experiments on two large interaction datasets, Something-Something-V1(Sth-V1) and
Something-Something-V2(Sth-V2) [10] (see Figure 7 and
8 for some example frames). Sth-V1 contains 108,499
short videos across 174 categories. The recognition of
them requires interaction reasoning and common sense
understanding. Sth-V2 is an extended version of Sth-V1
which reduces the label noises.

Figure 4. Two example videos and their corresponding structures.
In the figure, “feat aggr”, “diff prop”, “temp conv”, “back incor”,
“node att” represent feature aggregation, difference propagation,
temporal convolution, background incorporation and node attention, respectively.

4.2. Implementation Details

4.3.1

In the training, we employ stagewise training of the
backbone and the graph operations search for easier convergence. And we optimize the weights in all graph operations
and the structure weights (Aij
o in Equation (12)) alternately
to search adaptive structures.
In the structures search stage, we include the zero and
identity as additional candidate operations. Following [6],
we add dropout after identity to avoid its domination in the
searched structures. We use 3 intermediate supernodes in
each computation cell. The weight for auxiliary variance
loss Lvar (Equation (13)) is set to 0.1.
More details about the model, training procedure and
data augmentation are included in supplementary materials.

Figure 4 shows two examples of the input videos and
the corresponding searched structures. From the searched
structures we observe that our architecture search framework learns adaptive structures for different input videos.
The main differences between the two structures are the superedges entering “N-3”, where case1 learns simple structure but case2 selects complicated structure with more
graph operations. Perhaps case2 is confusing with other
interactions and requires complicated structures to capture
some detailed relations for effective interaction modeling.
Mismatch of videos and structures. To validate the specificity of adaptive structures, we swap the two searched
structures in Figure 4 to mismatch the input videos, and use
them to recognize the interactions. The results are compared in Figure 5. We observe that the mismatch of videos
and structures leads to misclassification, which reveals that
different videos require different structures for effective interaction modeling, since different interactions of different
complexities are involved.

4.3. Analysis of Architecture Search Framework
In this section, we analyze our architecture search framework. First we compare the interaction recognition accuracy of our searched structures with our baselines, and
the results are shown in Table 1. It is observed that our
searched structures obtain about 3% improvements over the
baselines, i.e. global pooling (global average pooling of the
backbone feature) and pooling over RoIs (average pooling
over all the RoI features), indicating that the searched structures are effective to model interactions and improve recognition performance. In the following, we show the searched
structures and analyze the effects of adaptive structures.

N-3

4.3.2

operations

Searched Structures

Analysis of Adaptive Structures

To understand the relations between the adaptive structures
and the interaction categories, we statistically analyze the
proportion of videos per class corresponding to different
searched structures in validation set. Figure 6 compares the
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(a) Match and mismatch classification comparison of case 1.
Match of video and structure.

Operations
global pooling
pooling over RoIs
feature aggregation
difference propagation
temporal convolution
background incorporation
node attention

0.438

0.793

1.0

Mismatch of video and structure.

V1 Val Acc
48.1
48.3
49.9
49.5
48.7
49.7
49.8

V2 Val Acc
60.3
60.3
62.0
61.8
61.0
62.4
61.8

Table 2. Interaction recognition accuracy (%) comparison of different graph operations.
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(b) Match and mismatch classification comparison of case 2.

Figure 5. Top 5 classification score comparison of match and mismatch of videos and structures. (a) and (b) show the results of
the two cases in Figure 4. The red bars indicate the groundtruth
categories.
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Figure 6. The proportion of videos per class corresponding to different structures. (a) and (b) show the results on the two datasets.
The bars with different colors indicate different structures.

results of two searched structures indicated with different
colors. We observe that the searched structures are strongly
correlated to the interaction categories, where each structure corresponds to some specific interaction categories. For
examples, in Something-Something-V1 dataset, the structure indicated with orange bars mainly corresponds to the
interactions of indexes {2, 4, 6, 12, 15, et al.}, which are
about the motions of the camera. While the structure indicated with blue bars includes the interactions about moving/pushing objects (of indexes {8, 26, 29, 30, 41, et al.}).
This reveals that our architecture search framework learns
to roughly divide the videos into several groups according
to some characteristics in the interactions, and search specialized structures for different groups for adaptive interaction modeling. In other words, the adaptive structures automatically model interactions in a coarse (groups) to fine
(specialized structure for each group) manner.
We further quantitatively compare the interaction recognition accuracy of non-adaptive and adaptive search
schemes in Table 1. We make the following observations:
On the one hand, adaptive scheme gains better performance
than non-adaptive schemes. On the other hand, using only
one searched structure for testing leads to obvious performance degradation, since different structures are searched
to match different groups during training but only one struc-

ture is used for testing, which is insufficient to model the interactions in all groups. These observations further indicate
the effectiveness of the adaptive structures.
We also validate that learning with fixed substructures
gains slight improvements, diversity regularization helps to
learn structures with multiple operations, and the adaptive
structures can transfer across datasets. For more details,
please refer to our supplementary materials.

4.4. Analysis of Graph Operations
In this section, we analyze the role of each graph operation in interaction modeling. Firstly, we compare the recognition accuracy of different operations by placing them on
top of the backbone, and the results are shown in Table 2.
It is seen that all the operations improve the performance
over baselines, indicating that explicitly modeling the relations with graph operations benefits interaction recognition. Different graph operations gain different improvements, which depends on the significance of different relations in the datasets. In the following, we visualize some
nodes and cases to demonstrate the different effects of different graph operations in interaction modeling.
Top activated nodes. We visualize the nodes with top affinity values of some operations for the same video in Figure
7. The feature aggregation focuses on the apparently similar nodes to model the dependencies among them as shown
in Figure 7(a). On the contrary, the difference propagation
models the significant changes of some obviously different
nodes in Figure 7(b). In Figure 7(c), the nodes with high attention weights are the hand or the bag, and the nodes with
low attention weights are some outliers, which indicates that
the node attention helps to concentrate on important nodes
and eliminate the interference of outliers.
Successful and failed cases. We show some successful and
failed cases to indicate the effects of different operations in
Figure 8. In Figure 8(a), the feature aggregation successfully recognizes the interaction due to the obvious dependencies between the paper and the mug. However, it fails
when detailed relations in Figure 8(b) and 8(c) are present.
In Figure 8(b), the difference propagation and the temporal convolution could capture that the lid is rotating so that
they correctly recognize the interaction. In Figure 8(c), the
background incorporation is able to capture the relations
between the towel and the water in the background so that
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Methods
I3D+GCN [35] (ECCV’18)
NonLocalI3D+GCN [35] (ECCV’18)
CPNet [22] (CVPR’19)
TSM [19] (ICCV’19)
ECO [41] (ECCV’18)
TrajectoryNet [39] (NeurIPS’18)
S3D [38] (ECCV’18)
ir-CSN-152 [30] (ICCV’19)
GST [23] (ICCV’19)
discriminative filters [24] (ICCV’19)
STM [16] (ICCV’19)
adaptive structures search (Ours)

(a) Feature Aggregation

(b) Different Propagation

1
2

(c) Node Attention

Figure 7. Top activated nodes of different operations on the same interaction “Pulling something out of something”. In (a) and (b), the red node is
the reference node and the blue nodes are the top activated nodes. In (c),
The red nodes have the highest attention weights while the blue ones have
the lowest attention weights.

(a) Stuffing something into something

(b) Twisting something

V1 Val Acc
43.3
46.1
44.81
46.4
47.8
48.2
48.4
48.6
50.12
50.7
51.4

V2 Val Acc
57.6
58.71
62.6
64.2
63.5

Only RGB results are reported for fair comparison.
Only the results with the same backbone (ResNet50) as ours are reported.

Table 3. Interaction recognition accuracy (%) comparison with
state-of-the-arts.

and our adaptive structures with multiple graph operations
learn better interaction representations.
STM [16] proposes a block to encode spatiotemporal and
motion features, and stacks it into a deep network, which
obtains better performance on Something-something-V2
dataset than ours. However, we adaptively model interactions with different structures, which provides more understanding about the relations between the interactions and
the corresponding structures, instead of only feature encoding in STM. In addition, our structures are automatically
searched, which releases the structures design efforts.

5. Conclusion
(c) Twisting something wet until water comes out

Figure 8. Successful and failed cases of different graph operations. The
green bounding boxes are RoIs extracted from RPN.

it makes correct prediction, but other operations ignoring
the background information are hard to recognize such an
interaction with the background.
More case study and analysis about graph operations are
included in supplementary materials.

4.5. Comparison with State-of-the-arts
We compare the interaction recognition accuracy with
recent state-of-the-art methods, and the results are show
in Table 3. Except for STM [16], our method outperforms other methods, which indicates the effectiveness of
our method. We model the interactions with adaptive structures, which enhances the ability of interaction modeling
and boosts the performance.
Among the recent state-of-the-arts, I3D+GCN [35] also
uses graph operation over object proposals to recognize interactions. Our method surpasses it with a margin about 7%,
perhaps because we have trained a better backbone with our
data augmentation techniques (see Section 4.2 for details),

In this paper, we propose to automatically search adaptive network structures for interaction recognition, which
enables adaptive interaction modeling and reduces structures design efforts. We design the search space with several
proposed graph operations, and employ differentiable architecture search mechanism to search adaptive interaction
modeling structures. Our experiments show that the architecture search framework learns adaptive structures for different videos, helping us understand the relations between
structures and interactions. In addition, the designed basic
graph operations model different relations in videos. The
searched adaptive structures obtain competitive interaction
recognition performance with state-of-the-arts.
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