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Abstract. This work addresses the problem of Social Activity Recogni-
tion (SAR), a critical component in real-world tasks like surveillance and
assistive robotics. Unlike traditional event understanding approaches,
SAR necessitates modeling individual actors’ appearance and motions
and contextualizing them within their social interactions. Traditional
action localization methods fall short due to their single-actor, single-
action assumption. Previous SAR research has relied heavily on densely
annotated data, but privacy concerns limit their applicability in real-
world settings. In this work, we propose a self-supervised approach based
on multi-actor predictive learning for SAR in streaming videos. Using a
visual-semantic graph structure, we model social interactions, enabling
relational reasoning for robust performance with minimal labeled data.
The proposed framework achieves competitive performance on standard
group activity recognition benchmarks. Evaluation on three publicly
available action localization benchmarks demonstrates its generalizabil-
ity to arbitrary action localization.

Keywords: Group Activity Recognition - Action Localization

1 Introduction

Social activity recognition (SAR) is a key part of computer vision applications
in the real world, such as surveillance and assistive robotic systems. It differs
from traditional event understanding approaches [30J29I2/1l[7] since it requires
the modeling of individual actor’s appearance and their motions, and contextu-
alizing them within the scope of their social interactions. SAR brings a unique
set of challenges. First, there is a need for actor localization, social relationship
modeling, and social activity recognition. Second, the number of actors in each
frame can change due to occlusion, camera range, or notice due to missed/false
detection. Finally, a scene can have an arbitrary number of social groups. Tradi-
tional action localization approaches [1[2]29] cannot be directly extended to this
problem since they assume a single action performed by a single actor.

The dominant approach has been to learn the social dynamics of a scene using
attention-based or graph-based relational reasoning in a supervised learning set-
ting. The key assumption has been the availability of densely annotated data for
training and near-perfect actor localization. Hence, the literature has focused
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Fig. 1. Overall architecture. Using multi-actor predictive learning, we can localize
actors and model their interactions as an action graph, which can be used for down-
stream event understanding tasks such as action and social activity detection.

on feature aggregation across time and social groups. While this has yielded
tremendous progress, it is not always possible to expect densely annotated data
for training, primarily due to the privacy concerns involved in collecting, stor-
ing, and annotating visual data in a social setting. There is a need to move away
from over-reliance on labeled training data and towards self-supervised learning
approaches that can learn in an open world, i.e., unconstrained training and test
semantics, and in a streaming fashion, i.e., learning with a single pass through
the data without storing it without loss of generalization.

In this work, we focus on addressing social activity understanding in stream-
ing videos without labeled data. We propose the idea of multi-actor predic-
tive learning for jointly modeling actor-level actions and contextual, group-level
activities. We move away from the single-actor, single-action assumption from
prior approaches [3[112J35] and propose to represent visual scenes in a social-
contextualized action graph that provides an elegant, end-to-end trainable frame-
work for social event understanding. The contributions of our approach are
four-fold: (i) we are the first to tackle the problem of self-supervised social ac-
tivity detection in streaming videos, (ii) we introduce a visual-semantic graph
structure called an action graph to model the social interaction between actors in
a group setting, (iii) we show that relational reasoning over this graph structure
by spatial and temporal graph smoothing can help learn the social structure of
cluttered scenes in a self-supervised manner requiring only a single pass through
the training data to achieve robust performance, and (iv) we show that the frame-
work can generalize to arbitrary action localization without bells and whistles
to achieve competitive performance on publicly available benchmarks.

2 Related Work

Group activity recognition has been a widely studied area of social event un-
derstanding. The typical pipeline starts with actor detection, individual feature
extraction, and social interaction modeling. Action features are extracted for
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each actor using pre-trained action recognition models [7]. The primary mech-
anism has been to model the social interaction of actors within a group set-
ting using attention-based mechanisms to generate social group features [31],
model individual actor dynamics [10], to model the spatial and temporal depen-
dencies [18] jointly, or for multi-view representation learning [27]. Others use
transformers [36] to bypass object detection requirements [14], model keypoint
dynamics [43], social relation modeling [9], and spatiotemporal multiscale feature
aggregation [46] to reduce training requirements.

Relational reasoning is another line of work that focuses on aggregating
actor-actor interactions for group activity understanding. These approaches aim
to model the spatiotemporal dependencies by considering the spatial relation-
ships between objects using a variety of mechanisms such as aggregating the
relational contexts and scene information using transformers [24], using graph
convolutional networks (GCNs) to capture the appearance and position relation
between actors [38], or capture spatial coherence using recurrent neural networks
(RNNs) [26/37], convolutional neural networks (CNNs) [4], graph-LSTMs [32],
graph attention [22], factor graphs [40], knowledge distillation [33], tokeniza-
tion [39], tracking [34], and contrastive learning [11], to name a few. The preva-
lent paradigm in the above approaches has been supervised learning to establish
and learn social interactions, with varying levels of supervision, i.e., bounding
box locations and labels of individual actors, group activity labels, and social
group memberships, which requires immense human effort for annotations and
may reduce their generalizability. Some works [42J14146/43] have attempted to
reduce the training requirements by relaxing assumptions about the availability
of annotations but still require a large amount of labeled data.

Our work is one of the first to tackle this problem from a self-supervised learn-
ing perspective by modeling the actor dynamics from a multi-actor predictive
learning perspective. Predictive learning has emerged as a powerful paradigm
for visual event understanding. Proposed in cognitive science literature [44], the
goal of predictive learning is to learn representations by anticipating the future
and use the residuals for downstream tasks such as event segmentation [3], action
localization [112], active object tracking [35], future frame generation [21], and
hierarchical event perception 23|, among others. All prior works have focused
on single-actor settings, where only one global action is expected to be present.
We offer a unique perspective on predictive learning by extending the idea to
multi-actor predictions for group activity detection. We do not require any an-
notations and aim to learn robust representations at both the actor level and
group level, while feature aggregation allows us to model social interactions.

3 Proposed Framework

Overview. We propose to tackle the problem of multi-actor, multi-action lo-
calization in streaming videos. The overall framework is illustrated in Figure
Given a sequence (stream) of video frames {Iy, I1,. .., I;+}, we aim to localize ac-
tors of interests, characterized by their location (represented as bounding boxes)
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B and visual features F;*. We then construct a graph structure called an action
graph (G’?) whose nodes are actors and edges are social interactions, along with
an event node. A composite spatiotemporal graph is fed through a temporal
smoothing layer that contextualizes event and action level features to construct
a final action graph that can be used for various downstream tasks such as group
activity understanding and social activity understanding and can be extended
to arbitrary action localization. We present each module in detail below.

3.1 Visual Perception and ROI Prediction

Our framework begins with a visual perception module, aiming to extract vi-
sual features at both scene and object levels. Our primary visual perception
module uses a DETR [6] model. For every frame I;, we extract (i) global scene
features, F;, (i) object regions of interests (ROI), B, and (iii) object-level fea-
tures, F}P. The ResNet backbone provides a lower-resolution, global feature map
F, € R2M48XHXW 'where W and H are the spatial resolution of the global feature
map. DETR’s detection heads are used to generate initial object ROI propos-
als By, i.e., the search space for actor localization. and the decoder outputs for
each ROI prediction are used for object-level features (F?). Note that at this
stage, we only generate actor candidates that will be refined using the actor
selection module described in Section B.2l We do not fine-tune DETR on the
video datasets and use a model pre-trained on MS-COCO [20]. During train-
ing, all objects are considered as candidate actors in a class-agnostic manner,
following prior works [12], while we filter out only “human” predictions during
inference. This allows us to learn the dynamics between human and non-human
actors during training while allowing us to focus only on social dynamics during
inference.

3.2 Spatiotemporal Prediction for Actor Localization

We model the spatial-temporal dynamics of the scene using a spatiotemporal
predictor module. The goal is to learn an event-level representation (FtE ) that
captures how each object, represented by their location B; and visual features
FP, change over time. We use a simple L-layer LSTM stack as our spatiotem-
poral predictor, which takes as the global scene-level feature F; as input and
anticipates the future global representation F; ;. The goal is not to predict the
future frame by pixel-level regression, but rather model how the scene changes
over time. This event representation FtE is continuously updated at every time
instant ¢ as new frames (I;) are observed in a streaming fashion using a predictive
loss function given by

1 ~
Lytovat = 777 D MO [|Fr = Frallo (1)
H

)

where M; is the motion difference between frames I; and I computed as the
first-order hold between F; and Fyy1; Fi4+1 is the anticipated global feature at
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time t+1, obtained by projecting the event feature FtE back to the 2-D feature
space. Hence, the predictive loss attempts to force the LSTM stack to learn a
robust event representation (FtE ) that can anticipate the future scene’s spatial
features Fyy1. The overall prediction errors are summed and normalized based
on the number of spatial features regressed.

Actor Selection The unnormalized prediction errors (P.=M; ® ||Fi41 —
Ft+1||2) from Equation [1| are proportional to the predictability of each spatial
location. Hence, higher prediction errors indicate the presence of a less pre-
dictable, foreground action(s), while lower prediction errors indicate a more pre-
dictable, background action. We formulate a prediction-driven attention mask
a¢ by passing P; through a softmax activation function to increase focus on
foreground actions while suppressing background actions. The top K attention
“slots” are used to filter object ROIs By and select the actor ROIs Ef Note that
actor ROIs Bf are predicted only if the prediction-based attention slots o’ fall
within any ROI b¥ € B;. Hence, the number of actors chosen from the list of
candidate ROIs is much lower, allowing us to model actor-level dynamics better
using action graphs, as described next.

Building an Action Graph To model actor-level interaction dynamics, we
construct a graph G? for every observed frame I;, with actors as nodes V;. Each
node N; € G¢ is described by a feature vector ;F0=[; FP;;B¢] that captures
its geometry and visual features. The edges in this graph structure, &, are de-
fined by the spatial structure of the actors selected using the prediction-based
attention ay. Unlike previous graph-based approaches [9/38], we do not use a
fully connected structure. Instead, we model their social connectivity using a
distance-based formulation. An adjacency matrix A; is constructed by comput-
ing the spatial proximity between each pair of nodes, given by the Euclidean
distance ¢ between their locations and spatial geometry, and centering it by

subtracting the mean distance between all nodes. The adjacency for each node

N; is normalized as Aizo(i), to ensure that the distances are scaled propor-

Y
tionally and o is the Sigm‘c‘)idt”fimction. The adjacency matrix is thresholded to
get the final social structure by discarding all edges less than the average normal-
ized distance in the adjacency. This formulation allows us to model the social
interactions between the actors detected in the scene without the underlying
assumption that all actors interact with each other, regardless of their social ac-
tivity. Finally, an “action node”, instantiated by the event features F’tE, is added
to the graph and is connected to all actor nodes. This additional node allows
us to propagate action features to relevant actors and the connections between
actor nodes will enable us to capture contextual cues for modeling actions with
interacting actors, as described in the next section. Empirically, in Section
we see that adding the action node and the subsequent contextualization using
graph and temporal smoothing plays a big role in improving the performance
of both group activity recognition and individual activity detection. The action
graph formulation distinguishes us from prior unsupervised event understanding
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approaches [3[12] since it allows us to model each actor individually without
any prior assumptions about their role or interactions in a social group setting.

3.3 Contextualizing Cues with Graph and Temporal Smoothing

Recognizing social activity and individual actions in a group setting requires
reasoning over the spatial interaction between actors at every instant and its
evolution over time. To this end, given our action graph G?, the next step is
contextualizing each person’s action using a two-step spatial-temporal graph
smoothing process. First, we use a message passing layer, as introduced in Graph
Convolutional Networks (GCNs) [38], for spatial reasoning over the social inter-
action between actors as captured in G’? Formally, this is defined as

Fo = 0(AFSW) (2)

where A; is the adjacency matrix for G¢, Ft“ is the feature representation for
each node of the action graph, W is the learnable parameter matrix for the
GCN layer, and o is the ReLU activation function. The resulting features F}
are contextualized across actors, conditioned on their social structure (specified
by weighted edges &), and the event-level features FtE represented by the action
node in Gf. While this reasoning layer can be repeated, additional layers harm
the model’s performance (see Section [4)) due to the homogenization of features.

For temporal contextualization, we construct a composite spatial-temporal
graph by establishing temporal edges between actor nodes in G¢ with their corre-
sponding nodes in the subsequent graph G¢,,. While straightforward in theory,
we must address two critical challenges for implementation. First, we do not have
the ground truth tracking annotations that would enable us to establish actor-
actor correspondences across frames. Second, the number of detected actors is
not constant across time, requiring comparing graphs of different sizes. Hence,
registering nodes across actor graphs between consecutive frames requires us (i)
to establish a permutation matrix P to account for varying node ordering across
graphs and (ii) to add null nodes (representing missed/false detections) to the
graph with fewer nodes to ensure every node is registered to one node across
time. The optimal permutation matrix P is obtained by computing a one-to-one
match between two graphs G¢ and G¢,, using the Hungarian matching algo-
rithm to minimize the distance between the two graphs. Formally, this is the
optimization for

N

a;geginz:leiFf = PGFga)ll2 + weo(:BY — P(iBi}1)) (3)
noog=1

where N is the total number of nodes in the graphs G¢ and G¢, |, P, is the space
over all permutation matrices, ¢ is the Intersection over Union (IoU) distance
between two bounding boxes, the function P(-) results in the transformation of
a given set of nodes after applying a permutation matrix, i.e., v — Puv, and w;
and wy are scaling factors to balance the two difference distances (i.e., between
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feature distance and IoU distance across nodes, respectively). Finally, based on
this learned permutation matrix, we establish temporal edges between the nodes
registered across time. The composite adjacency matrix Ag and the correspond-
ing action feature matrix F¢g are used to construct the spatial-temporal graph
(Ga), representing the entire video V=Iy,Is,...Ir. A temporal smoothing is
performed on G, to get the final actor-level features, as defined by

]:-G = U(.Ag]:(;Wt) (4)

where W; is the set of learnable parameters for a GCN layer. Similar to the
spatial smoothing process, this process can be repeated, but empirically, we find
one layer is ideal for our experiments. As seen in Section [4] temporal smoothing
provides substantial gains in group activity recognition and action detection.

3.4 Social Modeling with Multi-actor Predictive Learning

In addition to the global, event-level predictive learning introduced in Equa-
tion [I} we introduce the notion of multi-actor predictive learning. This allows us
to model the spatial-temporal dynamics of all actors, conditioned on their social
interactions and the overall event dynamics of the scene. We model this using a
multi-actor prediction loss given by

N
1 a [a a a
»Cactor = NZ”th +P(1Ft )||2 + ||’LBt +P(l t+1)|‘2 (5)
=0

where the first term minimizes the differences between the anticipated actor-level
features and the actual actor-level features between consecutive frames, and the
second minimizes their respective geometry. We anticipate the future feature
and geometry of each actor using two fully connected neural networks defined
by i 1 =Waet x; Ff and (B | =Wy, *; I, respectively. This allows us to train
our overall spatial-temporal prediction stack (defined in Equations|l] and [5|) and
the smoothing layers (Equations |2 and 4)) by minimizing the overall prediction
errors given by

Etotal = A1£global + )\2£actor (6)

where A\; and Ao allow us to balance the global event-level prediction loss and
the actor-level multi-actor prediction loss.

Inferring Labels. For group activity recognition, we do mean average pool-
ing over all actor-level features F¢ defined in the composite spatial-temporal
action graph G,. K-means clustering is performed on the mean-pooled features
to obtain the final labels. K-means clustering over actor-level features F¢ pro-
vides actor-level action labels. Following prior work [3[12] Hungarian matching
is performed between the predicted labels and groundtruth labels to compute
the quantitative metrics, as defined in Section 4] A Spectral Clustering model
is fit on the adjacency matrix Ag to find social communities for social activity
recognition, following the protocol from the prior work [9].
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Table 1. Group Activity Recognition results evaluated on the Collective Activities
dataset. Accuracy is reported for group activity recognition and mAP for individual
action detection. Note: “-” indicates the model does not detect individual actions.

Approach Training Requirements Bbox Group Activity Indiv.Action
Bboxes Actor Labels Grp.Labels for eval (Acc.) (mAP)
HDTMIIH] v v v v 81.5 -
HANs+HCNs|I7] v v v v 84.3 -
CCGL[32] v v v v 90.0 -
CERN [28] v v v v 87.2 -
stagNet [25] v v v v 89.1 -
GAIM [16] v v v v 90.6 -
AT [I0] v v v v 90.8 -
GroupFormer [18] v v v v 93.6 -
HICCIN [41] v X v v 92.5 -
CRM [4] v v v X 83.4 -
SBGAR [19] X v v X 83.7 -
Zhang et al [45] v X v X 83.7 -
ARG [38] v v v X 86.10 49.60
Ehsanpour et. al.[9] v v v X 89.40 55.90
HGC-Former[31] v v v X 96.50 64.90
PredLearn(K = Kgr) X X X X 62.83 2.82
AC-HPL(K = Kegr) X X X X 72.20 10.68
Ours (K = Ker) X X X X 75.95 26.75
Ours (K = Kopr) X X X X 90.41 33.02

4 Experimental Evaluation

Data. We use the Collective Activities Dataset (CAD) [8] and its annotations-
augmented version, SocialCAD [9], to evaluate our framework. CAD consists
of 44 videos taken in unconstrained real-world scenarios of people performing 6
individual actions across 5 group activities. Social CAD augmented CAD with ad-
ditional information, such as social group identification of each person and their
collective social activity. We follow prior work [9] and use 31 videos for training
and 11 for evaluation. To evaluate the generalization capabilities of our frame-
work to arbitrary action localization, we use three publicly available benchmarks
- UCF Sports [30], JHMDB [12], and THUMOS’13 [13]. Each dataset contains
a varying number of actions (10 in UCF Sports, 21 in JHMDB, and 24 in THU-
MOS’13) across different domains (sports and daily activities). Each dataset
offers a unique challenge for action localization, such as cluttered scenes, highly
similar action classes, large camera motion, and object occlusion. We follow prior
work [2I29] and use official train-test splits for all datasets.

Metrics. We use different metrics for evaluating the performance on each
task. We use the mean multi-class classification accuracy (MCA) for group ac-
tivity recognition. For individual action detection, we follow prior work [9] and
use the mean average precision (mAP) as the evaluation metric to account for
missed and false detections. To evaluate social activity understanding, we use
two different metrics - membership accuracy and social activity recognition, as
defined in Social CAD. The former measures the accuracy of recognizing a per-
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son’s social group in the video. The latter measures the ability to jointly predict
a person’s membership and the social activity label. We report the video-level
mAP at 0.5 IOU threshold for arbitrary action localization, i.e., the bounding
box predictions must have 0.5 spatial IOU in at least 50% of the frames.

Baselines. We compare against a variety of supervised, weakly supervised,
and unsupervised learning approaches for both group activity understanding and
action localization. The supervised [L5I17I32I28/25I16I10I18] and weakly super-
vised learning baselines [41J4I19I38/9I31] provide solid baselines for comparing
the representation learning capabilities of our framework. Unsupervised learn-
ing approaches, particularly closely related approaches such as AC-HPL [2] and
PredLearn [I], allow us to benchmark our approach with others trained under
the same settings. We use Hungarian matching for all unsupervised learning
baselines to align their predictions with the ground truth labels, following prior
work [1J2]. Note that all baselines, except AC-HPL and PredLearn are not trained
in a streaming fashion and require strong visual encoders pre-trained on large
amounts of video data (e.g., I3D [7] on Kinetics [7]) and fine-tuned for a large
number of epochs (> 50). We do not require either and only use DETR [6]
pre-trained on MS-COCO for person detection and train in a streaming fashion,
requiring only one pass through all the videos.

4.1 Group Activity Recognition

We first evaluate our approach on the group activity recognition task, where the
goal is to identify the activity in which the majority of the people are involved.
Table [I] summarizes the results. As can be seen, we perform competitively with
supervised learning approaches and significantly outperform prior unsupervised
learning approaches such as PredLearn [1] (by 13.12%) and AC-HPL [2] (by
3.75%). We observe that some activity classes, such as “walking” and “crossing”,
exhibit high intra-class variation in the clustering. Hence, we increase the num-
ber of clusters for recognition to its optimal number (using the elbow method
with intra-cluster variation as the metric) and devise a baseline indicated by
K = Kopr. We observe that the accuracy increases significantly to 90.41%, out-
performing many of the supervised and weakly supervised approaches. It is to
be noted that the supervised learning approaches (at the top of Table 1) require
ground truth bounding boxes during inference for efficient recognition. Weakly
supervised approaches [38/3119] do not require bounding boxes during inference
but require supervision from dense annotations. Interestingly, we observe that
the mean per-class accuracy (MPCA) is 81.25%, with the class “Waiting” being
the worst-performing one at 35.51%. We attribute it to the predictive learning
paradigm, which naturally focuses on actors with the least predictive motions.
It has actors with highly predictable motion, which reduces the model’s atten-
tion on them and leads to poorer recognition accuracy. However, other classes
have a recognition accuracy above 90%, indicating the model’s effectiveness in
recognizing actions that involve reasoning over actor appearance and motion.
In addition to group activity recognition, we also report the mAP score for
individual action detection (last column of Table[I]), where the goal is to localize
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Table 2. Social Activity Understanding results on the Social CAD dataset [9].
Note: All results are in the detection setting, i.e., without GT bounding boxes.

Training Requirements Membership Social Activity

Approach o s
Bboxes Labels Member Recognition Recognition

GT [Group| (Upper Bound) - - - 54.4 51.6
HGC-Former [31] v v v - 46.0
ARG [Group] [38] v v v 49.0 34.8
Ehsanpour et al [Group| [9] v v X 49.0 35.6
Ours X X X 32.33 25.07

and recognize every actor’s actions. As can be seen, we once again outperform
prior unsupervised learning approaches significantly while offering competitive
performance to supervised learning approaches [38/9I31]. We do not finetune our
ROI prediction (DETR) on the CAD dataset as with the supervised learning
approaches. This significantly increases the number of actors detected in the
scene, which is not always reflected in the ground truth. One such instance is
highlighted in Figure [2| where it can be seen that we correctly localize and rec-
ognize the individual actions of all actors in the scene and not just those in
the ground truth. Note that prior unsupervised learning approaches (PredLearn
and AC-HPL) do not predict distinct actions for each actor, but rather, a col-
lective group activity is assigned to each person. This reduces their utility in
action detection and stems from their inherent assumption that there is one ac-
tion per video and that all actors participate in this global action. We do not
make such assumptions and hence can effectively recognize and localize multiple,
simultaneous actions performed by multiple actors.

4.2 Social Activity Understanding

In addition to group activity recognition and individual action detection, we
also evaluate the representation learning capabilities of our framework to social
activity understanding tasks such as membership recognition and social activ-
ity recognition. For membership recognition, we follow Ehsanpour et al. [9] and
use graph spectral clustering to segment the individual actors into social groups
to compute the membership recognition accuracy. Table |2 summarizes the re-
sults. We perform competitively with supervised learning approaches such as
HGC-Former [31] and ARG [38], which require prior knowledge of memberships
during training. We also perform competitively with Ehsanpour et al. [9], which
does not require membership labels during training but does require other an-
notations, such as individual and group labels, along with their bounding box
annotations during training. The baselines GT[Group|, taken from Ehsanpour et
al. [9], provides the upper bound for detection-based models when the member
locations and actions are provided, and an I3D model [7] is used for labeling
the membership and social activity of the person. On inspecting the results, we
find that much of the reduction in membership recognition accuracy is because
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Table 3. Generalization to arbitrary action localization. We report the video-
mAP and compare it with unsupervised action localization baselines. OOD refers to
the evaluation on data other than the training domain (CAD).

OOD UCF
Approach Eval Sport JHMDB THUMOS13
Ours v 040 0.22 0.15
AC-HPLE] X 0.59 0.15 0.20
PredLearn|I] X 0.32 0.10 0.10
Soomro|29] X 030 0.22 0.06
Ours X 049 0.25 0.21

we predict and localize more actions than provided in the ground truth and,
hence, make more predictions per frame. For example, in Figure [2| we detect
the membership and actions of all people, not just those in the annotations. We
anticipate that fine-tuning DETR on the ground truth annotations and reduc-
ing the number of detected people will reduce the false alarms and improve the
performance of our approach on these metrics at the cost of generalization.
Generalization to Arbitrary Action Localization Since our approach
does not make any assumptions on the number of actions or type of action, we
evaluate its capability to generalize to arbitrary action localization in videos. We
evaluate on the UCF Sports [30], JHMDB [12], and THUMOS’13 [13] datasets,
where there is a single action in the scene with a varying number of actors.
Table [3| summarizes the results, comparing our approach against other unsuper-
vised learning baselines. We outperform the baselines on all benchmarks, except
UCF Sports, when trained on videos from the same domain. The most interest-
ing result is the top row, which shows the performance of our model, trained on
CAD and evaluated on out-of-domain videos. We perform well in arbitrary action
localization without explicit training, showcasing its generalization capabilities.

4.3 Ablation Studies

We systematically analyze the contributions of each part of our framework and
quantify their effects in Table [4. We examine the presence and absence of graph
smoothing, temporal smoothing, and the use of action nodes in our action graphs.
We see that removing action graphs causes a dramatic decrease in group activity
recognition while having minimal effect on individual action recognition. Tempo-
ral smoothing has the most impact on both metrics, which could be attributed
to the fact that information from the entire video is propagated through the
temporal edges and enables better contextualization of group dynamics. Graph
smoothing, which enables nodes within the same frame to share information, is
essential in propagating information from the action node to each person node.
Adding additional layers of temporal and graph smoothing reduces the perfor-
mance of the approach since it makes the node representations uniform and,
hence, loses information about the changes in actor appearances and locations.
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Table 4. Ablation study results on the collective activities dataset. We report accu-
racy for group activity recognition and the mAP for individual action detection tasks.

Approach Group Activity Indiv. Action
Ours (full model) 75.95 26.75
w/ 2 layers of temporal smoothing 72.79 23.15
w/ 2 layers of graph smoothing 73.28 22.84
w/o temporal smoothing 59.13 14.27
w /o graph smoothing 68.39 11.56
w/o action nodes 63.46 18.28

4.4 Qualitative Evaluation

Figure [2| presents some qualitative visualization of the output from our frame-
work. The top half presents successful social activity detection results. The first
row is the ground truth annotations, while the second row shows our correspond-
ing predictions. As can be seen, we can localize and recognize both the social
membership (indicated by the color of the shaded region) and the social action
(indicated by the bounding box color) of each actor in the scene. Interestingly,
we see that we detect and recognize the social activities of people not in the
groundtruth (bottom left) and consistently maintain prediction throughout the
sequence. The bottom half of Figure [2]shows some unsuccessful results where the
membership was misclassified, although the social action is correct. We attribute
this to our framework’s additional action detections that provide “distractors”
for the membership classification. This effect is also reflected in the individual
action mAP score (26.75), where the number of false alarms (due to detections
not in the groundtruth annotations) plays a major role. We see that the average
recall (across classes) of the groundtruth bounding boxes is 67%), indicating that
we can recover and label many of the actors correctly.

5 Discussion, Limitations, and Future Work

In this paper, we presented a framework for unsupervised multi-actor, multi-
action localization in streaming videos. We showed that it can be adapted to
perform group activity recognition, action detection, social membership identifi-
cation, and social action detection tasks in multi-actor settings. We also demon-
strated its potential for localizing an arbitrary number of actions in streaming
videos and showed its generalization capabilities by evaluating on out-of-domain
data. While it outperformed unsupervised baselines and was competitive with
supervised learning approaches, we observe some limitations that offer poten-
tial for future work. First, the actor selector module focuses on actions with
unpredictable motion. Hence, it fails to consistently localize those with limited
predictability, such as “waiting.” Similarly, it is sensitive to missed detections. It
relies heavily on the ROI detector to provide quality region proposals. Finally,
imposing constraints on group formations in frame-level action graphs will likely
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Successful Social Activity Detection

Fig. 2. Qualitative visualization successful (top) and unsuccessful (bottom) activity
detection on the Collective Activities dataset. People from the same social group are
highlighted in the same color, and the bounding box color indicates their social activity.

yield more robust social membership recognition performance. Our future work
is focused on improving social action detection by dynamic graph modeling [5].
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