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Deep Reinforcement Learning for Weak
Human Activity Localization

Wanru Xu , Zhenjiang Miao, Member, IEEE, Jian Yu, and Qiang Ji , Fellow, IEEE

Abstract— Human activity localization aims at recognizing
contents and detecting locations of activities in video sequences.
With an increasing number of untrimmed video data, traditional
activity localization methods always suffer from two major
limitations. First, detailed annotations are needed in most existing
methods, i.e., bounding-box annotations in every frame, which
are both expensive and time consuming. Second, the search space
is too large for 3D activity localization, which requires generating
a large number of proposals. In this paper, we propose a unified
deep Q-network with weak reward and weak loss (DWRLQN)
to address the two problems. Certain weak knowledge and weak
constraints involving the temporal dynamics of human activity
are incorporated into a deep reinforcement learning framework
under sparse spatial supervision, where we assume that only
a portion of frames are annotated in each video sequence.
Experiments on UCF-Sports, UCF-101 and sub-JHMDB demon-
strate that our proposed model achieves promising performance
by only utilizing a very small number of proposals. More
importantly, our DWRLQN trained with partial annotations and
weak information even outperforms fully supervised methods.

Index Terms— Activity localization, deep reinforcement
learning, weak constraint, weak supervision.

I. INTRODUCTION

LOCATING human activity in untrimmed videos is an
important and challenging task, whose goal is to recog-

nize what activity the video contains and detect where the
activity happens. In the recent years, a number of human activ-
ity localization methods have been proposed [36], [45], [52].
Most of these existing methods are fully supervised and have
two limitations. 1) A vast number of detailed framewise
annotations are necessary in the training process to retain
model’s generalization capability. However, it is expensive
and time consuming to obtain these annotations manually.
2) A large number of proposals are extracted by exhaustively
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Fig. 1. Comparison of full supervision and sparse spatial supervision for
activity localization. (Left) Full supervision: detailed bounding-box anno-
tations in every frame are available for training. (Right) Sparse spatial
supervision: only a portion of bounding boxes or even only one bounding box
per video sequence is provided. To complement these incomplete annotations,
some weak knowledge and weak constraints are mined and integrated.

searching through entire videos to improve the model’s dis-
criminating ability. It is inefficient to complete such search
in videos and to extract such a mass of proposals, and it
significantly increases computation costs as well. Therefore,
current localization methods cannot be used for large datasets
and real-time applications.

In this paper, we propose a unified deep Q-network with
weak reward and weak loss (DWRLQN) to locate human activ-
ities effectively and efficiently, which appropriately addresses
the above limitations. First, to reduce the requirement for
annotations, we integrate some intrinsic dynamic information
of activity videos and train the DWRLQN under weak super-
vision rather than full supervision. Second, to reduce both the
search space and the number of proposals, we learn an optimal
search strategy by deep reinforcement learning instead of
exhaustive search. Different from the weakly supervised object
localization, with only the image-level labels and without
the bounding-box annotations, the weakly supervised activity
localization task means that besides the activity category, only
a portion of bounding boxes or even only one bounding
box per video sequence is available for training as shown
in Fig.1 (Right). Superior to fully supervised methods, which
require detailed bounding-box annotations in every frame for
training as shown in Fig.1 (Left), we utilize a kind of weakly
supervised method for activity localization, called sparse spa-
tial supervision. In addition to these incomplete annotations,
we make full use of some prior knowledge and underlying
constraints in the human activity sequence to improve training
performance.
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Inspired by the success of DeepMind [25], [27] in playing
Atari games and Chinese Go [33], [43], we find that deep
reinforcement learning is a good framework for activity local-
ization under sparse spatial supervision. First, reinforcement
learning is one of the typical weakly supervised learning
methods, where some prior knowledge can be used to define
its reward function instead of employing accurate annotations.
For example, the reward for Chinese Go play [43] is the final
win, not the judgement of each move; thus, it is not necessary
to evaluate each move by experts. Second, a localization
agent optimized by a deep Q-network can successively detect
activities by exploring a small number of potential space
regions. Following a human perception procedure, the agent
focuses attention on those regions with rich information and
gradually searches the target activity. Therefore, we pro-
pose a unified DWRLQN to train the agent and incorporate
some prior knowledge to complement the limited annotations.
In this paper, the activity localization problem is formulated
as a Markov decision process and solved by the reinforcement
learning methodology. In the proposed DWRLQN, the state is
extracted from the current visible region; the reward is defined
as the improvement of localization accuracy for annotated
frames and calculated by weak knowledge for unannotated
frames; the loss function is composed of the Bellman equation
and some weak constraints. Specifically, we train a localization
agent that starts from the whole region of each frame and
is capable of deciding where to focus next to search for
a better location via predefined actions. To the best of our
knowledge, this is the first deep reinforcement learning model
for human activity localization with minimal supervision
effort.

Overall, the contributions of this paper can be concluded
as follows: 1) Complete human activity localization task by a
unified deep Q-network, which proposes an effective and effi-
cient way to extract proposals following an optimized search
strategy instead of an exhaustive search. 2) Sparse spatial
supervision is employed to train DWRLQN, which integrates
some weak knowledge and weak constraints involved in the
temporal dynamics of the human activity sequence to enhance
the model’s description capability and discriminating ability.
3) Experiments on three public datasets (i.e. UCF-Sports,
UCF-101 and sub-JHMDB) show that our proposed DWR-
LQN trained with partial annotations and weak information
even outperforms fully supervised approaches.

II. RELATED WORK

In this section, we review related works on human activity
localization under full supervision and weak supervision.
We also introduce some deep reinforcement learning methods
used in the computer vision area.

A. Fully Supervised Activity Localization

In fully supervised learning, human activity localization
is commonly approached by spatio-temporal proposal match-
ing [13], [32], namely, the classical proposal + classification
framework [36], [45], [52]. The main idea is first to generate
a large number of spatio-temporal candidates and then score

them by a pre-trained classifier to determine the final detection
result. Traditionally, proposals are generated by a multi-scale
sliding window [8], [20], which is effective but not efficient.
In [44], a temporal sliding window is used to generate several
candidates and then train an SVM to rank them by com-
bining motion and appearance features. Meanwhile, several
efforts aim at reducing the computational cost, such as the
spatio-temporal branch-and-bound algorithm [54]. The activity
proposal extraction model would be another alternative to
reduce the search space significantly. The 2D deformable part
model is extended to a 3D spatio-temporal DPM for activity
localization in [41], where the most discriminative 3D sub-
volumes are selected as individual parts and their spatio-
temporal relations are also learned. The naive Bayes-based
mutual information maximization (NBMIM) approach [53] is
introduced to find the optimal sub-volume in video space for
efficiently detecting activity. In addition to these sub-volumes,
which cannot handle moving activities, spatio-temporal activ-
ity tubes [42] are extracted as detection candidates by a struc-
tured output regression with a max-path search. Analogously,
a series of spatio-temporal video tubes [52] are considered as
activity candidates that are generated via a greedy method by
computing an actionness score. Activity proposals are defined
as 2D+t sequences of bounding boxes called tubelets in [15],
which are generated by hierarchically merging super-voxels.
A multi-region two-stream R-CNN model [28] is introduced
to locate activity in realistic videos, which starts from frame-
level detection based on an R-CNN [10] and then links
frame-level detections to obtain the final video-level detection.
Although these proposal extraction models achieve promising
performance, they are still time consuming and conflict with
the human perception procedure.

B. Weakly Supervised Activity Localization

Although annotating each frame in a video sequence with
bounding boxes is unrealistic for a large-scale dataset, the con-
cept of reducing spatial supervision for activity localization has
so far received little attention. A novel method for learning a
discriminative sub-window classifier from weakly annotated
data is proposed in [14]. In [35], the weakly supervised learn-
ing task is formulated as a multiple instance learning problem,
which optimizes both inter-class and intra-class distance glob-
ally. In [48], they first extract human tubes by a state-of-the-
art human detector trained with a large number of annotated
human images, and then select positive and negative tubes
under very sparse spatial supervision. A matrix completion
method is proposed in [26] for human activity recognition
and localization using weakly supervised multi-label learning,
where non-rectangular spatio-temporal discriminative regions
are extracted as activity proposals by clustering with texture
and motion features. An effective method [39] is introduced
for temporal activity localization using cross-domain transfer
between web frames and video images, whose inputs are noisy
image labels and weak video labels. In summary, although
above methods [50] are proposed for weak activity localiza-
tion, they also require a large quantity of annotated data from
other sources.
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Fig. 2. Illustration of our proposed deep Q-network with weak reward and weak loss (DWRLQN) for human activity localization under sparse spatial
supervision. Two cases exist: 1) frame with annotations: the reward function is measured by the ground truth, and the loss function is calculated by the
Bellman equation; 2) frame without annotations: the weak reward and weak loss are adopted to train the DWRLQN model, which are only defined by some
weak knowledge and weak constraints.

C. Deep Reinforcement Learning in Computer Vision

To address the above problems, we draw inspiration from
recent deep reinforcement learning, which attempts to imple-
ment attentional processing in a deep learning framework.
Currently, increasingly more problems of computer vision
have been formulated in the deep reinforcement learning
framework, such as object detection [1], [3], [17], recog-
nition [4] and tracking [6], [55], [56]. A fully end-to-end
approach for temporal activity localization is presented in [51]
and a searching agent is trained by reinforcement learning,
which directly learns to predict the temporal bounds of activi-
ties. An active model for object localization is proposed in [3],
where an agent is allowed to focus attention on candidate
regions to find the location of target object accurately and
rapidly. An effective tree-structured reinforcement learning
(Tree-RL) method [17] is introduced to sequentially locate
objects by fully exploiting both historical search paths and
current observations. Similarly, a hierarchical object detection
method guided by a deep reinforcement learning agent is
proposed in [1], whose procedure is iterated, providing a hier-
archical image analysis. A collaborative deep reinforcement
learning method [19] is proposed for multiple objects detection
jointly by treating each detector as an agent. Meanwhile,
a novel multi-agent deep Q-learning algorithm is utilized to
learn inter-agent communication, which effectively exploits
such beneficial contextual information. A novel neural network
tracking model is proposed in [56], which comprises three
sub-models: a CNN extracting features from each frame,
an RNN constructing temporal states, and a reinforcement
learning agent making decisions for locating target object.
A template selection strategy constructed by deep reinforce-
ment learning for visual tracking is introduced in [6], which is
adopted to automatically select the best template for tracking a
certain frame in video sequences. An action-decision network
(ADNet) [55] is applied to control a novel tracker by sequen-
tially pursuing actions, which is trained by supervised learning
as well as deep reinforcement learning. Instead of exhaustively

training individual detectors for all possible relationships,
a deep variation-structured reinforcement learning (VRL)
framework [21] is proposed to sequentially discover object
relationships and attributes in 2D images. An attention-aware
deep reinforcement learning (ADRL) method [4] is introduced
for video-based face recognition, which aims to discard some
misleading frames and select the most informative frames to
represent face videos. Such a deep reinforcement learning
method follows the human perception procedure and actually
is a coarse-to-fine search process, where observation and
refinement are performed iteratively.

Compared to these fully supervised models, we take full
advantage of the weakly supervised property in reinforcement
learning and propose a unified DWRLQN for human activity
localization under sparse spatial supervision. In this paper, our
aim is to refine hypotheses about where an activity occurs
by incorporating incomplete annotations with some weak
knowledge and weak constraints.

III. DEEP Q-NETWORK WITH WEAK REWARD AND

WEAK LOSS FOR ACTIVITY LOCALIZATION

The goal of weak activity localization is to quickly detect
the activity location with minimal supervision effort, which is
defined as a series of bounding boxes {xt

1
, yt

1
, xt

2, yt
2}T

1 , and
each of them is represented by the coordinates of its two
corners. As depicted in Fig.2, a video sequence is considered
as the environment, where an optimized localization agent
finds a sequence of actions to progressively transform the
detected bounding box using a set of pre-defined actions in the
spatial domain until reaching the target activity. At each search
step, according to the predicted action, the state is updated,
and then the agent decides how to choose the next action
in terms of the new state. The search procedure iteratively
continues until the target activity is localized. In this paper,
we develop a DWRLQN to train the localization agent, whose
input is the current observation and output is the probability
of each action. In particular, the DWRLQN leverages some
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Fig. 3. The illustration of the Markov decision process in activity localization task, including the tuple (S, A, R), policy π and the optimal search trajectory.

Fig. 4. Illustration of the actions adopted in DWRLQN, which are utilized to transform bounding boxes. The first five are scaling actions and the last one
is a terminate action to stop the search process.

weak information for human activity localization under sparse
spatial supervision, where the ground truth is used to train the
model for annotated frames and the weak information are used
to define the reward and loss function for unannotated frames.

A. Activity Localization as a Markov Decision Process

In this paper, we cast the problem of weak activity local-
ization as a Markov decision process (MDP). Typically,
an MDP [40] is defined as a tuple (S, A, R) that is decided
by a policy π , and the interpretation of each item in activity
localization task is shown in Fig.3(a).

- S represents a finite set of states, and s(k) ∈ S is the
state representation at search step k, which encodes the
RGB information of the currently visible region and is
composed of the features extracted inside the bounding
box. We introduce a deep model to capture the appearance
and extract the visual state for each bounding box bb,
which is denoted as fs(I (bb)), where I (bb) denotes the
image patch inside the bounding box. As shown in the
state extractor part of Fig.2, the current region is first
warped to 224*224 pixels and then processed by a pre-
trained CNN following the VGG-16 architecture [34].

- A represents a finite set of actions allowing the agent
to interact with the environment, namely, the way to
change the bounding box, where a(k) ∈ A is the action
the agent performs at search step k. We define 6 spatial
actions illustrated in Fig.4, aiming to change the detected
bounding boxes. The action set is composed of 5 scaling
actions (top left scaling, top right scaling, bottom left
scaling, bottom right scaling, centre scaling), and one
terminate action to stop the search process. For example,
the centre scaling with a scaling factor α is described in
Eq.(1), which changes {x1, y1, x2, y2} to {x ′

1
, y ′

1
, x ′

2, y ′
2}:

x ′
1 = x1 + 0.5 × α × (x2 − x1),

y ′
1 = y1 + 0.5 × α × (y2 − y1),

x ′
2 = x2 − 0.5 × α × (x2 − x1),

y ′
2 = y2 − 0.5 × α × (y2 − y1). (1)

Actually, the scaling factor α and the action type influence
the precision and the speed of localization, which is
evaluated in the experimental section.

- R(s, a) is a function of state-action pairs, where r (k) =
R(s(k), a(k)) indicates the feedback from the environment
after taking action a(k) at current state s(k), reflecting how
well the next detected bounding box covers the target
activity.

- π is a distribution over actions given states, where
π(a(k)|s(k)) ∼ p(a(k)|s(k)) denotes the probability of
choosing action a(k) at state s(k). The policy fully defines
the behavior of the localization agent.

As shown in Fig.3(b), starting from the initial state (e.g., the
whole region of each frame), a search trajectory s(1), a(1),
r (1), . . . , s(K ), a(K ), r (K ) is obtained according to the pol-
icy π , namely, the Markov decision process 〈S, A, R; π 〉.
Specifically, given the current state s(k), the agent chooses
the action a(k) with the maximal probability of π(a(k)|s(k));
then, the agent correspondingly updates the next state s(k+1)

and thus receives a scalar reward r (k). The goal is to learn an
optimal policy to maximize the total reward of the search tra-
jectory r (1)+r (2)+. . .+r (K ) during the whole search procedure
with K steps. This problem can be simplified as choosing an
optimal action at each search step to maximize the associated
cumulative future reward, which reflects a long-term effect
of the current choice. To achieve this aim, the action-value
function (Q-function) is defined as the expected total future
discounted reward under policy π in Eq.(2), which measures
how performing action a at state s is beneficial in the long
term.

Qπ (s, a)= E[
K∑

k=d

γ k−d R(s(k), a(k))|s =s(d), a =a(d), π] (2)

where γ is a discount factor that gradually decreases the
influence of the latter state on the current state. In practice,
the Q-function is approximated by the proposed DWRLQN
with the capacity of mapping the state set to the action set.
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By maximizing the Q-function, it provides us with the optimal
policy,

a∗ = arg max
a∈A

π(a|s) = arg max
a∈A

Qπ (s, a) (3)

In the following sections, we will detail the reward functions
and training strategies for frames with and without annotations
in DWRLQN, respectively.

B. Reward Function With Weak Knowledge

In the deep reinforcement learning, the reward function
directly guides the optimization procedure of the agent, since
the model is adjusted according to the feedback of each search
step and the model’s objective function is defined depend-
ing on the reward function. For the frames with detailed
annotation of the bounding box, we utilize the ground truth
to define DWRLQN’s reward. Meanwhile, for those frames
without annotation, the reward is calculated to evaluate each
move depending on weak knowledge, which is treated as a
weak reward.

1) Reward for the Frame With Annotations: The reward
function R(st , at ) is defined as the improvement of the local-
ization accuracy after a state transition. The intersection-over-
union (IoU) between the detected bounding box bbt and the
ground truth bgt of the current frame is employed to measure
the localization accuracy. The reward function can be divided
into two groups: terminate reward RT in Eq.(4) and non-
terminate reward RN in Eq.(5):

RT (st , at ) = λ2sign(IoU(bbt , bgt ) − τ ) (4)

RN (st , at ) = λ1sign(IoU(bb′
t , bgt)− IoU(bbt, bgt )) (5)

where RT : S × A → R and RN : S × A → R are both scalar
reward functions. Intuitively, the non-terminate reward repre-
sents that there will be a positive feedback λ1 = 1 if the IoU
improves when the agent performs action at at state st , which
correspondingly changes the bounding box from bbt to bb′

t to
move closer to the target activity; otherwise, the feedback is
negative. Since the bounding box is not changed anymore at
terminate state, the terminate reward has a different definition,
where the agent will obtain a positive feedback λ2 = 3 when
the IoU is above the given threshold τ at the terminate state st ,
which means that the agent successfully locates the target
activity.

2) Weak Reward for the Frame Without Annotations: For
those frames without annotations, we do not have the ground
truth to evaluate the improvement at each search step.
However, some prior knowledge and underlying constraints
exist between neighboring frames, which can be considered
as weak annotations. In order to complement incomplete
annotations, we take advantage of several weak constraints
to calculate the weak reward as follows:

Smoothness constraint: It requires the activity proposals to
be a smooth path, since human activity is a relatively gradual
process. Therefore, the location in the previous frame can be
treated as a weak annotation for the current frame. The IoU
between the optimal detection of current frame bb∗

t and the

detection of previous frame bbt−1 should be higher than other
detections bbt as shown in Eq.(6).

IoU(bb∗
t , bbt−1) > IoU(bbt, bbt−1) (6)

Consistent-appearance constraint: It requires the activity
proposal to correspond to a path with a consistent appearance;
thus, it is more likely to track the same actor, where the
appearance is represented by the state in our framework.
As shown in Eq.(7), the appearance of the optimal detection
of current frame fs(I (bb∗

t )) should be more similar to that of
previous detections than others. Since activity is a dynamic
process and its appearance is constantly changing, we use the
average appearance of previous detections f̄s(I(bb1:t−1)) by
averaging the states of detections from 1 to t − 1 frames.

|| fs(I (bb∗
t ))− f̄s(I(bb1:t−1))||22<|| fs(I (bbt))− f̄s(I(bb1:t−1))||22

(7)

Increasing classification-confidence constraint: It sug-
gests that the classification confidence could be improved by
precise localization and detection-aware features. Intuitively,
we are more confident about the activity category if a more
accurate activity location is detected. When employing the
observation of the optimal current detection bb∗

t instead of
other inaccurate detections bbt , the classification confidence
score of the video from 1 to t frames should increase as shown
in Eq.(8). The classification confidence score can be obtained
by any activity recognition model fc(), whose input is the
observation of the detections I(bb1, bb2, . . . , bbt) and output
is the probability of activity, and a pre-trained Two-Stream
Inflated 3D ConvNet [5] is used in this paper.

fc(I(bb1, bb2, . . . , bb∗
t )) > fc(I(bb1, bb2, . . . , bbt )) (8)

Thus, the weak reward function is defined by Eq.(9),
which is a sum of smoothness reward Rsmo(st , at ) in Eq.(10),
consistent-appearance reward Rapp(st , at ) in Eq.(12) and
increasing classification-confidence reward Rclass(st , at ) in
Eq.(11). This combination can make the weak constraint
stronger and provide more supervised information to guide
the training of the model, since each weak constraint is too
weak to independently and accurately locate human activity.

R(st ,at )=Rsmo(st ,at )+ Rapp(st ,at )+ Rclass(st ,at ) (9)

where these individual rewards based on the corresponding
weak constraints are calculated by:

Rsmo

=
{

λ1sign(IoU(bb′
t , bbt−1) − IoU(bbt , bbt−1))

λ2sign(IoU(bbt , bbt−1) − τsmo)
(10)

Rclass

=
{

λ1sign( fc(I(bb1, . . . , bb′
t)) − fc(I(bb1, . . . , bbt )))

λ2sign( fc(I(bb1, . . . , bbt)) − τclass)
(11)

Rapp

=

⎧⎪⎨
⎪⎩

λ1sign(|| fs(I (bbt )) − f̄s(I(bb1:t−1))||22
−|| fs(I (bb′

t)) − f̄s(I(bb1:t−1))||22)
λ2sign(τapp − || fs(I (bbt)) − f̄s(I(bb1:t−1))||22)

(12)
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Similar to the reward for annotated frames, each individual
reward contains the non-terminate reward and the terminate
reward. In short, if the detected bounding box satisfies these
weak constraints, the localization agent will receive a positive
feedback, and vice versa. In turn, the localization agent encour-
ages achieving the positive increasing classification-confidence
reward, consistent-appearance reward and smoothness reward
between the consecutive moves from bbt to bb′

t in order
to fully satisfy these weak constraints. In addition, such a
definition involves an underlying ordinal constraint, which
guarantees the search moves to the target activity step-by-step.

C. Training the Agent With Weak Constraints

We utilize reinforcement learning to learn the optimal
decision policy that maximizes the Q-function at each search
step and finds the next better location until accurately locat-
ing the target activity. However, it is difficult to solve by
the traditional reinforcement learning method, due to the
high-dimensional continuous state space and the model-free
environment. Therefore, a deep Q-network is applied as the
Q-function approximator to estimate the optimal value for
each state-action pair, i.e., Q(s, a; θ), which is parameterized
by θ . This Q-network consists of two fully connected layers
of 1024 neurons each and an output layer with 6 action
decisions as shown in Fig. 2.

The training procedure is demonstrated in Algorithm 1.
We need to run the agent N episodes for each video clip and
for each frame to learn the model’s parameters. At each search
step, we choose the next better location until reaching the ter-
minate action or maximum search step. Specifically, the agent
starts from the whole image {1, 1, W, H } for each frame and
then takes a sequence of pre-defined actions to update the
detected bounding box and optimize the DWRLQN. In the
Q-learning algorithm, we adopt ε-greedy for the behaviour
of the agent during training. That is, the agent will select a
random action with probability ε and take the action depending
on the already learned policy with probability 1 − ε. It is
actually an exploration and exploitation process, where the
exploration helps the agent avoid becoming stuck in a local
optimum and the exploitation makes the best decision given
the current model. The replay memory is also incorporated
to store experiences and then randomly sample a mini-batch
{(si , ai , ri , s′

i )} to update the DWRLQN. Each (si , ai , ri , s′
i ) is

a transition sample from state si to s′
i after taking action ai

and obtaining reward ri .
During DWRLQN training, two cases exist: 1) For a frame

with annotations, the agent will terminate search when the
IoU between the detected bounding box and the ground truth
is above the threshold τ . The reward is calculated depending
on the ground truth and the loss is defined by the Bellman
equation [24], [25], as shown in Eq.(13):

L =
∑

i

(R(si , ai )+γ max
a′ Q(s′

i , a′
i ; θ))−Q(si , ai ; θ). (13)

2) For a frame without annotations, the agent will reach the
terminate state when all the IoU scores, appearance scores and
classification scores are above their corresponding thresholds

Algorithm 1 Training Procedure for the DWRLQN

τsmo, τapp, τclass , respectively. Instead of the ground truth,
the weak reward defined in Eq.(9) for unannotated frames
depends on the smoothness constraint in Eq.(6), consistent-
appearance constraint in Eq.(7) and increasing classification-
confidence constraint in Eq.(8). The weak loss defined in
Eq.(16) for unannotated frames is calculated based on the
action-consistency constraint and minimum entropy constraint:

Action-consistency constraint: The localization agent
tends to select similar actions for similar states. If states of
bbi and bb j are more similar than those of bbi and bbk, it is
more likely to select the same action for bbi and bb j , as shown
in Eq.(14).

i f || fs(I (bbi ))− fs(I (bb j ))||22 < || fs(I (bbi ))− fs(I (bbk))||22,
p(ai = a j |si ) > p(ai = ak|si ) (14)

Minimum entropy constraint: It is a common constraint
for unsupervised learning, which requires the model’s output
probability to be less uncertain by minimizing the entropy
H (a), as shown in Eq.(15).

minH (a) = min(−
∑

k

p(ai = k|si ) log p(ai = k|si )) (15)

L =
∑

i

(R(si , ai )+γ max
a′ Q(s′

i , a′
i ; θ))−Q(si , ai ; θ)

+
∑

i, j 	=i

||Q(si , ai ; θ)−Q(s j , a j ; θ)||22
||si − s j ||22

−
∑
i,k

pi(ak) log pi (ak), (16)
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Fig. 5. Illustration of the locating process by DWRLQN, where the red bounding box is the ground truth and the green one is the detected bounding box.
A sequence of actions is taken by the optimized agent to detect ‘IceDancing’ step-by-step. The algorithm attends regions and decides how to transform the
bounding box to progressively locate the target activity. At the first search step, the agent starts from the whole frame and reaches the target activity by
successively taking ‘centre scaling’, ‘centre scaling’, ‘top left scaling’, ‘bottom left scaling’, ‘bottom right scaling’, and ‘terminate action’. It can be found
that at each search step, the agent changes the detected bounding box to gradually approach the target activity until locating it at the sixth step.

In addition to the first Bellman equation term, the last two
terms are derived from the action-consistency constraint and
minimum entropy constraint. In the minimum entropy con-
straint term, the output probability of the i − th sample for
the k−th action pi(ak) = p(ai = k|si ) is computed by adding
a softmax layer.

D. Locating Activity With the Optimized Agent

Once the agent is trained using the procedure described
above, the testing is set up in a similar manner to that of
the training runs, with the exception that the agent does not
receive rewards and the model is not updated. During testing,
the localization agent takes a sequence of actions to transform
the bounding box following the optimal policy, where the
action with the highest predicted Q-value is selected at each
search step. Thus, it forms a search path from the whole frame
to the region of the target activity. After reaching the terminate
action, we stop the search process and consider the last region
in the optimal search path as the final detection proposal. Fix-
ing the number of search steps is an alternative to terminating
the search. Consider the ‘IceDancing’ as an example in Fig.5.
Starting from the whole frame, the agent reaches the target
by successively taking ‘centre scaling’, ‘centre scaling’, ‘top
left scaling’, ‘bottom left scaling’, ‘bottom right scaling’, and
‘terminate action’. At each search step, the agent changes the
detected bounding box so that it gradually approaches the
target activity until locating it at the sixth step. In addition to
efficiency, the policy is appealing in that it mimics the human
attention mechanism and follows human perception procedure.

The Q-value is designed for proposal extraction rather than
for activity classification because it just estimates the improve-
ment of each change instead of the discriminative score;
thus, we train an external classification network to recognize
these activity proposals. The state-of-the-art human recogni-
tion model is adopted [5], namely Two-Stream Inflated 3D
ConvNet (I3D), which is pre-trained on Kinetics. We replace
its last layer by a new classification FC layer of 24 neurons,
10 neurons or 12 neurons (consisting of 24 UCF-101 detection
classes, 10 UCF-Sports detection classes or 12 sub-JHMDB
detection classes) during fine-tuning. Note that we do not focus

on the recognition task and any other recognition models can
be utilized here.

IV. EXPERIMENTS

We evaluate the localization performance of our DWRLQN
on the UCF-Sports [29], sub-JHMDB [16], [45], Activi-
tyNet [2] and UCF-101 [37]. In this section, we first introduce
the datasets, evaluation metrics and implementation details.
Then, we analyse our method comprehensively, consisting
of evaluating each weak constraint, evaluating DWRLQN
under sparse spatial supervision and evaluating different action
selections. Finally, we compare DWRLQN with the state-of-
the-art methods and show some qualitative results.

A. Datasets and Evaluation

UCF-Sports [29]: This dataset is used for activity localiza-
tion to detect spatial locations of activities in realistic scenes.
Videos in UCF-Sports are already segmented into short clips
and bounding-box annotations are provided for all frames as
well. It includes 150 clips from various sport events with
10 categories of sport activities: diving, golf, kicking, lifting,
horse riding, running, skate boarding, swing bench, swing side
and walking.

Sub-JHMDB [16], [45]: The JHMDB is fully annotated
with body joints. Its aim is to evaluate activity recognition
performance with thoroughly human annotated data. The sub-
JHMDB is a subset of JHMDB where all the joints are inside
the frame, and it contains 316 clips with 12 activity categories:
Catch, ClimbStairs, Golf, Jump, Kick, Pick, Pullup, Push, Run,
ShootBall, Swing and Walk. It shows that this subset is much
more challenging than the complete dataset [16] for activity
recognition.

UCF-101 [37]: This large dataset is collected from
YouTube for activity recognition with more than 13000 videos
and 101 categories. For the activity localization task, there are
detailed spatial location annotations for a subset that contains
3207 video sequences with 24 categories of activities: Bas-
ketball, BasketballDunk, Biking, CliffDiving, CricketBowling,
Diving, Fencing, FloorGymnastics, GolfSwing, HorseRiding,
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TABLE I

ACTIVITY LOCALIZATION RESULTS UTILIZING DIFFERENT WEAK CONSTRAINTS ON UCF-SPORTS AND SUB-JHMDB WHEN ONLY ANNOTATING THE
FIRST FRAME PER VIDEO, WHERE ‘CONSTRAINT A’ REFERS TO THE SMOOTHNESS CONSTRAINT; ‘CONSTRAINT B’ MEANS THE INCREASING

CLASSIFICATION-CONFIDENCE CONSTRAINT; ‘CONSTRAINT C’ DENOTES THE CONSISTENT-APPEARANCE CONSTRAINT; ‘CONSTRAINT

D’ REPRESENTS THE ACTION-CONSISTENCY CONSTRAINT; AND ‘CONSTRAINT E’ IS THE MINIMUM ENTROPY CONSTRAINT

IceDancing, LongJump, PoleVault, RopeClimbing, SalsaSpin,
SkateBoarding, Skiing, Skijet, SoccerJuggling, Surfing, Ten-
nisSwing, TrampolineJumping, VolleyballSpiking and Walk-
ingWithDog. In contrast to UCF-Sports and Sub-JHMDB,
videos in UCF-101 are relatively untrimmed, which makes it
more realistic and challenging for both the spatial and temporal
localization tasks.

ActivityNet-1.3 [2]: is a large dataset for activity temporal
localization, including more than 648 hours of untrimmed
videos. There are 19228 videos a total from 200 activity
categories. The distribution among training, validation and
testing is approximately 50%, 25%, and 25% respectively.

Evaluation Metrics: A localization is considered as correct
if its intersection over union (IoU) with the ground truth is
above a threshold δ. In this paper, a detection is accepted cor-
rect if both the predicted activity label and the predicted loca-
tion match the ground truth. To fully evaluate our DWRLQN,
we consider the IoU threshold of [0.05,0.1,0.2,0.3] for spatial
localization on UCF-Sports, sub-JHMDB and UCF-101, and
[0.5,0.75] for temporal localization on ActivityNet and UCF-
101. By default, the reported metric is the mean average
precision (mAP) at the IoU threshold δ = 0.2, which
comprehensively represents the relationship between recall
and precision. In addition, we report the receiver operating
characteristic curve (ROC) as calculated in previous works,
which is created by plotting the true positive rate (TPR) against
the false positive rate (FPR) at various threshold settings.
Compared with the ROC [7], the mAP is a more suitable
metric for localization task, since it is not impacted by the
set of negative detections. For instance, if we add many
easy negative samples, i.e., negatives that are ranked after all
positives, the ROC will change significantly while the mAP
remains the same.

Implementation Details: For the UCF-Sports, Sub-JHMDB,
UCF-101 and ActivityNet, we employ the standard training
and test split given in [16], [29], [37], [45] and [2]. We
train the DWRLQN using reinforcement learning with a
ε-greedy policy for 15 epochs, each completed after perform-
ing an episode for all training video sequences. During the
ε-greedy training, ε is annealed linearly from 1 to 0.1 over
the first 10 epochs, which is called the exploration process
and allows the agent to utilize its own learned search policy
progressively. Then, ε is fixed to 0.1 in the last 5 epochs,
and the agent updates the DWRLQN parameters from

experiences produced by its own decisions, which is consid-
ered an exploitation process. The parameters are optimized by
the Adam optimizer [18] with a learning rate of 1e-6, and
we also use dropout regularization [38] to avoid overfitting.
For the training process, the discount factor γ in Eq.(13)
is set to 0.9, and we run each episode with a maximum
of 100 search steps. We utilize an experience pool with size
|D| = 1000, and the mini-batch size is set to 64. By default,
the scaling factor α of the action in Eq.(1) is set to 1/8, which
will be evaluated further. Meanwhile, the threshold τ of the
terminate reward in Eq.(4) is set to 0.5, and τsmo, τapp, τclass in
Eq.(10)(11)(12) are auto-adapted and are equal to their corre-
sponding scores calculated on the whole region of the current
frame.

B. Evaluation of DWRLQN for Activity Localization

The main strength of our approach lies in integrating some
weak constraints into DQN for weak activity localization.
To comprehensively verify this advantage, we evaluate
DWRLQN for localization task with respect to three aspects:
effectiveness of each weak constraint, performance of sparse
spatial supervision and impact of action selection.

1) Evaluation of Each Weak Constraint for Activity Local-
ization: To evaluate the effectiveness of each weak con-
straint for activity localization, we compare their mAPs on
UCF-Sports and sub-JHMDB. As shown in Table I, only
the annotation of the first frame is available, and then dif-
ferent weak constraints are gradually added. Our DWRLQN
combines all five weak constraints together, namely, ‘First
frame + Constraint A,B,C,D,E’ is equivalent to ‘First frame +
DWRLQN’. For the default IoU = 0.2, we also analyse the
ROC curves and precision recall curves for models trained
with different weak constraints, as shown in Fig.6(a)-6(d).
These two kinds of curves are both plotted by ranking all
proposals generated by the localization agent.

From these comparisons, the following points are indicated:
1. These weak constraints are indeed helpful for localization
and can complement incomplete annotations and improve per-
formance. By integrating these weak constraints, we achieve
a significant improvement on both UCF-Sports and sub-
JHMDB. It can be seen that at IoU=0.3, the mAP increases
from 26.84% to 51.12% on UCF-Sports and from 24.82%
to 37.74% on sub-JHMDB. Additionally, it is worth noting
that the results increase significantly at high IoU, but increase
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Fig. 6. The ROC curves and precision recall curves for activity localization on UCF-Sports, sub-JHMDB and UCF-101. The first four curves compare
models trained with different constraints, while the last three compare models trained with different percentages of annotations.

slightly at low IoU. In more detail, the values of mAPs are
almost constant in all cases at IoU=0.05, with a variation
of less than 8%, while the improvement is almost 25% at
IoU=0.3 on the UCF-Sports dataset. That is, the annotation
of the first frame only provides a coarse region of position
for the target activity, and these weak constraints contribute
to refine it to obtain a more accurate spatial boundary. 2. The
smoothness constraint is the fundamental one and other con-
straints are utilized to fine-tune its result, where the previous
detection can be considered a weak annotation for the current
frame. In addition to the smoothness constraint, the consistent-
appearance constraint also provides strong evidence, which
helps the localization agent track the same actor. Overall,
after adding the smoothness constraint, we obtain 18.04% and
5.44% improvements on the two datasets, as well as 2.79%
and 2.61% improvements with the consistent-appearance con-
straint. Meanwhile, other three constraints are also beneficial
for improving the performance with approximately 1% gains.
Specifically, the increasing classification-confidence constraint
makes the extracted proposals more discriminative, and the
action-consistency constraint and minimum entropy constraint
help the localization agent make decisions with more confi-
dence and consistency. In addition to ‘First frame + Con-
straint A’, we evaluate ‘First frame + Constraint B’ and ‘First
frame + Constraint C’ for activity localization. Experimental
results show that the two constraints lead to termination very
quickly, since they are too weak to independently locate
human activity. In addition, the action-consistency constraint
and minimum entropy constraint cannot be used individually
for frames without annotations because they only provide
a way to redefine the loss function instead of the reward
function. 3. The model’s performance steadily increases by

integrating more weak constrains and combining all of the
weak constrains achieves the highest precision. The reason is
that integrating more weak constraints can provide more super-
vised information for training, and different weak constraints
can complement each other, which makes the weak constraint
stronger.

2) Evaluation of DWRLQN Under Sparse Spatial Super-
vision: To measure the effectiveness of DWRLQN under
sparse spatial supervision, we evaluate the model with different
percentages of annotations in Table II. We measure the impact
of varying the number of annotated frames from only 1 to all
per video. Furthermore, we also give a comparison between
the model with and without weak constraints. Among them,
‘100% annotation’ is treated as a baseline, which means that
the model trained under full supervision, where the reward is
computed by Eq.(5) and Eq.(4), and the loss is computed by
Eq.(13). The ‘50% annotation + DWRLQN’ denotes that the
model is trained by half of the data with the ground truth and
half of the data only with weak constraints, where the reward
and loss are calculated by Eq.(5), Eq.(4) and Eq.(13) for
frames with annotations and by Eq.(9) and Eq.(16) for frames
without annotations. The ‘100% annotation + DWRLQN’
denotes that the model is trained by complete annotations and
weak constraints, which integrates the reward and loss with
the weak reward and weak loss. For a more fair comparison,
we utilize two sampling strategies to annotate frames: random
sampling and uniform sampling, which is less sensitive to the
change of the frame rate.

In summary, it is beneficial to combine weak constraints for
activity localization under sparse spatial supervision, which
improves performance significantly, e.g., the results of ‘First
frame + DWRLQN’ are nearly 24.28%, 12.92% and 5.09%
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TABLE II

ACTIVITY LOCALIZATION RESULTS UTILIZING DIFFERENT PERCENTAGES OF ANNOTATIONS ON UCF-SPORTS, SUB-JHMDB AND UCF-101

higher than those of ‘First frame’. Similarly, ‘100% annota-
tion + DWRLQN’ outperforms ‘100% annotation’ by 3.96%,
7.32% and 1.92% on UCF-Sports, sub-JHMDB and UCF-101,
respectively. Furthermore, compared with the full supervision,
the drop of mAP is very small even for the worst case
where only 1 frame is annotated per video by complementing
these weak constraints. It can be seen that the difference
between the performance of ‘First frame + DWRLQN’ and
‘100% annotation’ is only 6.69% and 4.11% on sub-JHMDB
and UCF-101, respectively. In another instance, the mAP
of ‘50% annotation + DWRLQN’ is very close to that of
DWRLQN with complete annotations. That is, we can achieve
an acceptable or a comparable localization performance only
requiring annotation of the first frame or half of the frames for
a video sequence. Obviously, when implemented without weak
constraints, the localization precision increases as more data
frames are annotated, e.g., the precision of ‘100% annotation’
is significantly higher than that of ‘First frame’. It is worth
noting that combining weak constraints increases the result
significantly only for the case with sparse spatial annotations
and increases slightly for that with complete annotations.
This effect occurs mainly because the complete annotations
already potentially contain this prior knowledge and weak
constraints. More interestingly, the result demonstrates that
DWRLQN trained with half annotations and weak constraints
even outperforms the model with full supervision by an
average of 1.20%, 5.85% and 1.77% on the three datasets.
Last, since the uniform sampling can preserve the maximum
temporal relationship, its localization precision is better than
that of random sampling’s. To illustrate this result further,
we plot the PR curves in Figs.6(e)-6(g), which also confirm
above conclusions.

3) Impact of Action Selection: The scaling factor α and
the action type have an influence on both the precision and
speed of localization. Therefore, we measure the impact of
these factors on the final localization performance by running
DWRLQN with different action selections on UCF-Sports.
As illustrated in Fig.7, the mAP measures the model’s local-
ization performance, while the average number of search
steps decides the speed of localization. Specifically, utilizing
6 actions is the simplest way to transform the bounding box to
cover any location of an image, while the following additional
8 actions result in a total of 14 actions: moving left/right,
moving up/down, becoming shorter/longer horizontally and
becoming shorter/longer vertically.

The results show the following: 1. With a decreasing value
of the scaling factor, the mAP increases and the number
of required search steps also increases. 2. Compared with
6 actions, utilizing 14 actions achieves a more accurate
localization boundary but requires many more steps to locate
the target activity. In Fig.7(b), we just show the distribution
ranging from 1 to 30 steps. Actually, the distribution of
‘14 actions with α = 1/8’ has a long tail, with 82.24% of
detections requiring fewer than 30 steps, because utilizing
14 actions or a small scaling factor makes the search process
slower and more refined. To balance the localization precision
with the convergence speed, we adopt 6 actions (with α = 1/8)
by default in this paper, which results in satisfactory localiza-
tion performance with fewer search steps.

C. Comparison With the State-of-the-Art Methods

We continue the evaluation for localization task in a
comparison with the state-of-the-art methods in Table III.
We report our results with two settings: one for training on
sparse spatial annotations (last two lines), and another for
training on complete annotations (third row from the bottom).
We first compare our approach with [23] and [48], which are
both sparse spatial supervised methods for activity localiza-
tion. In the case where there is only one annotated frame for
each video, we obtain a 4.71% performance gain over [48]
by integrating prior knowledge and weak constraints. With
weaker supervision, our model substantially outperforms [23]
by 27.31%, i.e., annotation of 1 point per frame vs annotation
of 1 bounding box (2 points) per video. Then, we compare
our model with some fully supervised approaches, including
the currently best detection methods based on faster R-CNN
[28], [30]. Both in full supervision and sparse supervision, our
DWRLQN already outperforms the state-of-the-art methods
on UCF-Sports and sub-JHMDB, and it is on par with [30]
on UCF-101. More remarkable, the localization mAP of
DWRLQN trained with incomplete annotations is even higher
than that of most fully supervised methods [28], [36], [45].
In particular, we achieve better performance with much fewer
proposals, e.g. approximately 10 (ours) vs 10K [52], and
approximately 10 (ours) vs 256 [28], [30]. The results clearly
demonstrate the superior ability of DWRLQN in extracting
proposals both effectively and efficiently as well as the benefit
of explicitly integrating weak constraints for sparse spatial
supervised learning.
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Fig. 7. The precision recall curve and the distribution of the required number of steps for DWRLQN with different action selections on UCF-Sports. The
action selection is in terms of the scaling factor and the action type.

TABLE III

COMPARISON WITH THE STATE-OF-THE-ART METHODS FOR ACTIVITY LOCALIZATION

D. Temporal Localization Evaluation

Our model can also be used for temporal localization to find
the time interval of an activity that consists of the start frame
and the end frame by simply replacing the spatial tuple with
the temporal tuple (s, a, r). Specifically, a temporal pooling
layer is used to generate the temporal state by averaging the
feature of each frame within the time interval; the action set
for temporal localization is composed of 3 scaling actions (left
scaling, right scaling, and centre scaling), 2 translation actions
(right shifting and left shifting ) and one terminate action; and
the temporal reward is calculated in a similar manner to that
of the spatial reward by replacing the bounding box with the
time interval in Eq.(4) and Eq.(5).

In Table IV, we report the mAP of the temporal localization
obtained by our method on UCF-101 and ActivityNet. For
temporal localization, our method outperforms [12], [31], [49]
on ActivityNet at both IoU = 0.5 and IoU = 0.75. Compared
with [22], which is a typical two-stream model, we obtain a
higher mAP at IoU = 0.5 and comparable performance with
a similar proposal number at IoU = 0.75.

E. Qualitative Analysis

We illustrate some qualitative results to show how the
DWRLQN model refines the bounding boxes in Fig.8. It is

TABLE IV

TEMPORAL LOCALIZATION RESULTS OF OUR METHOD

observed that for most cases (as seen in the top five rows),
the agent successfully zooms towards the target activity and
completes the search process in a few steps. For example, even
for small instances of targets (as shown in the first and third
rows), the agent also accurately transforms the bounding boxes
to approach the target activities with just five or six steps.
However, for some cases, where the target has a small size as
well as a similar appearance to the background, the agent can
be confused and terminate at a wrong location (as seen in the
last row). Furthermore, we illustrate the distributions of the
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Fig. 8. Visualizations of the search process by the localization agent. Except for the last line, the agent locates all the target activities successfully. The red
bounding box is the ground truth and the green one is our detection by DWRLQN.

Fig. 9. The distributions of step numbers necessary to locate target activity on
UCF-Sports, sub-JHMDB and UCF-101. Almost all detections require fewer
than 20 steps to be obtained, with an average of approximately 10 steps.

TABLE V

THE DISTRIBUTIONS OF SELECTED ACTIONS DURING THE LOCATING

PROCESS ON UCF-SPORTS, SUB-JHMDB AND UCF-101

required step numbers and selected actions during the locating
process in Fig.9 and Table V. It is worth noting that almost
all detections require fewer than 20 steps to be obtained, with
an average of 10.69, 10.31 and 10.71 for UCF-Sports, sub-
JHMDB and UCF-101, respectively.

V. CONCLUSION

In this paper, we propose a unified deep Q-network with
weak reward and weak loss (DWRLQN) for human activity
localization under sparse spatial supervision. This approach
integrates some weak knowledge and weak constraints into the
reward function and the loss function to complement incom-
plete annotations. Following the human perception procedure,
we learn a coarse-to-fine searching strategy. More specifically,
a localization agent is trained to locate activities gradually
and progressively, with the ability to decide where to focus
the attention next via pre-defined actions. By casting the
activity localization problem as a Markov decision process
and searching for the target activity in terms of the learned
policy, we obtain a more accurate spatial boundary without
significantly increasing the number of proposals. By taking
full advantage of the weak information involved in an activ-
ity video sequence, we achieve comparable and even better
performance than fully supervised methods.
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